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Preface

Pedometrics, not in name, but in action, arguably began in the nineteenth century
and grew into the twentieth century where we can see early attempts at quantitative
expression of spatial and temporal soil variation. The information age which began
with the advent of digital computers in the late 1950s saw a second phase of
development largely in relation to numerical soil classification and multi-attribute
description of soil objects. Geostatistics and information systems brought a large
expansion of work in the 1980s and 1990s and also formal recognition and a label —
pedometrics. The new millennium has seen pedometrics grow from strength to
strength expanding the basic science and developing many new areas of application.
This book attempts to cover (almost) all the topics that pedometrics comprises in a
didactic way. We write in the hope that this text will lead to improved understanding
of soil variation and its place in earth system functioning and society.

Sydney, Australia Alex. B. McBratney
March 31, 2017 Budiman Minasny
Uta Stockmann
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Part 1
Introduction: What Is Pedometrics?

s a science grows, its u ing concepts L
“As a science grows, its underlying concepts change

Hans Jenny
— Factors of Soil Formation:
A System of Quantitative Pedology (1941), McGraw-Hill,
New York. p. 1

« Les méthodes sont ce qui caractérise I’état de la science a
chaque époque et qui détermine le plus ses progres »

Augustin Pyrame de Candolle (1778-1841)

The first words of Hans Jenny’s classic book and those of de Candolle presage the
need for this text. Soil science advances, and as a consequence we have to develop
and grapple with new concepts and methods. This book is an attempt to present
some of these concepts and to hang them in appropriate places on some kind of
framework to construct a new body of knowledge. The concepts dealt with here
have arisen largely because of a phenomenon that has been going on in the earth
and biological sciences since the invention of digital computers just a few years
after Jenny’s book first appeared, namely that of quantification.

First a short geological excursion to illustrate this. An article entitled Physicists
Invading Geologists’ Turf by James Glanz appeared in the New York Times on
November 23rd 1999. Here are some excerpts:

Dr. William Dietrich has walked, driven and flown over more natural landscapes than he
can remember. As a veteran geomorphologist, he has studied how everything from the plop
of a raindrop to mighty landslides and geologic uplift have shaped the face of the planet.

So when he admits to the growing influence on his field of an insurgent group of
physicists, mathematicians and engineers with all-encompassing mathematical theories but
hardly any field experience, the earth almost begins to rumble.

Geology, a field that has always gloried in descriptive detail but has had less luck
deriving mathematical generalizations, is changing. Invigorated by satellite maps, super-
computers and fresh ideas from physics, researchers are deriving sweeping theories without
ever having put hammer to rock.

The trend is unsettling to some old-school geologists, but even they concede that the
work has prompted new research in traditional academic circles. While the new researchers
have not yet proved that the shape of every hill and dale can be predicted by simple
equations, they have at least raised the question of whether landscapes are sculptured by
something other than a reductionistic accumulation of forces.
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’

“In some ways, they irritate us,” said Dr. Dietrich, a professor at the University of
California in Berkeley, speaking for university and government geologists.

But Dr. Dietrich added that the new, physics-inspired theories of landscape formation,
which have found success by ignoring the detail-oriented approach of traditional geology
and focusing instead on the earth’s overall patterns, are “a way of discussing some sense of
regularity in what otherwise is a very messy world.”

“I’ve come to appreciate the perspective,” he said.

Inspired by ideas long familiar in physics, and fueled by the recent availability of high-
quality satellite maps of much of the planet’s surface, the new approach turns the earth
sciences on their head, asserting that the most prominent structures on the surface of the
planet are shaped not by just local factors, as had been thought, but by the most general
properties of physics and mathematics.

For all the insights of the new research, geologists are far from abandoning their
worldview. In fact, they too are using satellite data — to perform detailed computer
calculations of how rain and wind erode one particular landscape into another over
time. “But even there”, Dr. Dietrich said, “the physics-oriented researchers have inspired
discoveries of order amid the reductionistic detail.”

“The places where they accomplish that,” Dr. Dietrich said, “will, I think, have a lasting
effect on how we think about the planet”.

This example illustrates the disciplinary and human relationships' between
traditional and mathematical geologists, which is completely akin to that between
conventional pedologists and pedometricians. Pedologists study pedology, and
pedometricans develop pedometrics. (Each group has its contribution to make.)
Pedology and pedometrics are closely related. Flippantly, pedology is about auger-
ing; pedometrics is about auguring.

Pedology (from the Greek pedon, ‘ground’), a term first coined in Saxony in
1862 (Simonson 1999), is the scientific study of the soil. More specifically it is the
study of soil as part of the natural environment. It is concerned with soil description,
spatial distribution, genesis and sustainable use (inter alia Joffe 1949; Buol et al.
1997). Traditionally, it has had a descriptive and field focus (Basher 1997).

Pedometrics generally addresses the same issues as pedology but focuses on
specific kinds of problems, those that can be formulated quantitatively and can be
solved with quantitative mathematical and statistical techniques. The coining of the
term pedometrics and its first definition is by McBratney (1986):

The use of quantitative methods for the study of soil distribution and genesis and as a
sustainable resource.

Pedometrics is a neologism derived from the Greek roots:

yeSov PEDON, the ground, earth, soil
petpov METRON, measurement

Webster (1994) reminds us that pedometrics is used analogously to other words
such as biometrics, psychometrics, econometrics, chemometrics, and the oldest of
all geometrics. Etymologically, the word covers two main ideas. First the ‘pedo’ part
corresponds roughly to that branch of soil science we call pedology and the soil,

!'Science is a human construct and as such shows all the glories and imperfections of human nature.
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and the metric part has been restricted to quantitative mathematical and statistical
methods. If we borrow from the wide definition of biometrics, we get:

The development and application of statistical and mathematical methods applicable to data
analysis problems in soil science.

So it is essentially the application of probability and statistics to soil. Webster
(1994), in addition to McBratney’s earlier definition, suggested an alternative
problem-oriented meaning, which he paraphrased as

Soil science under uncertainty.

In this sense, pedometrics deals with uncertainty in soil models that are due
to deterministic or stochastic variation, vagueness and lack of knowledge of soil
properties and processes. Thus, mathematical, statistical and numerical methods
could be applied to resolve the uncertainty and complexity inherent in the soil sys-
tem, including numerical approaches to classification, which deals with supposedly
deterministic variation.

Pedometrics is not new, although it was first formally recognised as a different
branch of soil science to traditional pedology at the end of the 1980s. Mathematical
and statistical methods have been applied to soil studies generally since at least the
1960s with the availability of digital computers and software. The thread stretches
back much further to precomputer days, however. It appears to have its origins in
agronomy and soil survey, rather than strictly pedology, in the early part of the
twentieth century. Harris’ (1915) study of soil spatial variation in experimental fields
and Robinson and Lloyd’s (1915) concern over soil survey error are early examples.
We suggest that Forbes’ (1846) study of the temporal variation of soil temperature
modelled by Fourier series is indeed a pedometric study, and no doubt there are even
earlier ones.

For several decades of the twentieth century, pedometrics (although unrecognised
and undefined) was a tool for designing experiments and surveys and in advisory
work. In the 1960s, pedometricians were concerned with the difficult problem
of soil classification and applied the methods of numerical taxonomy. In the late
1970s, pedometricians began to treat soil properties as spatially correlated random
processes and to utilise geostatistics for analysis and prediction. Indeed, in a recent
collection of the most important papers in soil science historically (Hartemink et al.
2009), this earlier work from pedometrics was recognised in four papers: Youden
and Mehlich (1937) on efficient soil sampling, Rayner (1966) on numerical soil
classification, Beckett and Webster on soil spatial variation and Burgess and Webster
(1980) on soil spatial prediction. More recently, in addition to these earlier themes,
pedometrics has begun to attempt to elucidate pedogenesis by quantifying relations
between individual soil properties and controlling factors (e.g. Minasny et al. 2008).

Some might argue that Jenny (1941) was the seminal text, especially because of
the title of his book Factors of Soil Formation. A System of Quantitative Pedology.
The text of Webster (1977) and revised a decade or so later by Webster and
Oliver (1990) were clearly milestones. Other important texts such as Burrough
(1986), Goovaerts (1997), Webster and Oliver (2001), Nielsen and Wendroth (2004),
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Qualitative Quantitative

>

1960

Date

“Traditional”

Pedology

Fig. 1 A timeline of the growth of pedology and pedometrics (After McBratney et al. 2000, Fig. 1)

Pedometrics

Grunwald (2005), de Gruijter et al. (2006) and Hengl and Reuter (2009) have a basis
in pedometrics and contribute significantly to its canon. Pedometrics has contributed
to, and gained from, applied statistics, geostatistics, GIS science, environmental
sampling and geomorphometry.

Over time, the use of computers has increased in both pedometrics and in
traditional pedology, and the difference between the two has decreased and in
some cases overlapped (as shown in Fig. 1). Traditional pedology has, of neces-
sity, become more quantitative through the increased use of computerised soil
information systems and field-based measuring devices. Pedometrics has developed
quantitative methods, which attempt to account for conceptual pedological models
of soil variation. Now there is a strong and growing overlap and synthesis between
traditional pedology and pedometrics.

In a bibliometric study of the composition of papers in a leading soil science
journal from its inception in 1967 until 2001, Hartemink et al. (2001) showed that
papers on pedometrics have risen from less than 3% in 1967 to around 18% of all
papers in 2000. It seems, as shown in Fig. 2, that more qualitative soil genesis and
morphological studies decreased to make way for the increase in more quantitative
studies. By 2016, the proportion of papers in Geoderma on pedometrics had risen to
~27%.

From a pedological point of view, Mermut and Eswaran (2001) saw pedometrics
as a research tool with the potential to complement conventional soil surveys and a
crucial technique in precision agriculture. By 2016, Brevik et al. (2016) recognised
the role of pedometrics in soil mapping, classification and pedological modelling. A
great potential has been demonstrated in applications such as digital soil mapping
(Lagacherie et al. 2007; Hartemink et al. 2008; Boettinger et al. 2010) with a
sixfold linear increase in published papers between 2001 and 2015 and proximal
soil sensing (Viscarra Rossel et al. 2010).
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2001. The ordinate is the percentage of papers in Geoderma (After Hartemink et al. 2001, Fig. 16)
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Chapter 1
Scope of Pedometrics

Alex. B. McBratney and R. Murray Lark

“Those are my principles, and if you dont’t like them well, 1
have others.”

Groucho Marx

1.1 The Agenda of Pedometrics

Why do we need pedometrics? What is its agenda? Pedometrics addresses certain
key soil-related questions from a quantitative point of view. The need for the
quantitative approach arises from a general demand for quantitative soil information
for improved economic production and environmental management. Pedomet-
rics addresses four main areas which are akin to the problems of conventional
pedology:

1. Understanding the pattern of soil distribution in character space — soil classifica-
tion

2. Understanding soil spatial and temporal variation

. Evaluating the utility and quality of soil

4. Understanding the genesis of soil

(O8]
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1.1.1 Unravelling the Structure of the Soil Character Space:
Soil Classification

We all search for organising generalisations in the face of complexity. Many soil
properties need to be observed to characterise a soil. The organisation of this
soil complexity through classification has been problematic, probably because
classification is an innate human faculty. Leeper (1956, p. 59) noted “When
scientists discuss methods of analysing a solution for phosphate, they are practical,
reasonable, and unemotional. When the same men discuss the classification of soils,
these virtues are likely to evaporate”. Pedometrics attempts to resolve some of
the polemic of soil classification by a search for insight into the structure of soil
character space. Multivariate and numerical taxonomic methods (Webster 1977a)
attempt to unravel this structure, with a view to better prediction and understanding.
Chapters 4, 8 and 9 explore these issues in more detail.

1.1.2 Understanding Soil Spatial and Temporal Variation

The soil skins the land, and its attributes vary spatially and temporally in a
sometimes continuous, sometimes discrete and sometimes haphazard fashion. Using
current technologies, we can still only measure most attributes of the soil at a finite
number of places and times on relatively small volumes, and therefore statements
concerning the soil at other places or times involve estimation and prediction and
an inevitable uncertainty. Such prediction and estimation are required for inventory,
assessment and monitoring.

One of the tasks of pedometrics is to quantify this inexactitude in order that it can
be known and managed accordingly (Heuvelink and Webster 2001). Pedometrics
also seeks insight into such spatio-temporal patterns using geostatistical and other
spatial and temporal description and prediction tools. Chapters 10, 11 and 12 explore
these issues in more detail.

1.1.3 Evaluating the Utility and Quality of Soil

The importance of knowledge and awareness of soil resources ranging from
individual fields to the global scale is axiomatic. Over and above the problems of
spatial and temporal variation, we must put objective value judgments on the utility
of soil for specified purposes. This may involve encapsulating practical experience
and developing objective rules for management. Conventionally, this has been called
land evaluation, and quantification has been underway since Storie (1933) or earlier
and has been developed further by inter alia Rossiter (1990).

More recently, the focus has moved to the environmental performance of soil
(Adhikari and Hartemink 2016). The somewhat problematic concept of soil quality
includes assessment of soil properties and processes as they relate to the ability of
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soil to function effectively as a component of a healthy ecosystem (Doran and Parkin
1994). The quality of soil as part of an ecosystem may depend on its pedodiversity
(Ibafiez et al. 1995). Soil can provide a number of valuable ecosystem services
(Dominati et al. 2010) that require to be quantified. This is also reflected in the newly
emerging multidimensional concept of soil security where soil plays an integral part
in the global environmental sustainability challenges (McBratney et al. 2014). In
recent years, pedometrics has contributed more and more to these areas, with the
use of pedometric products for land suitability analysis (e.g. Kidd et al. 2015) and
assessment of the change in the soil resource in space and time (e.g. Stockmann
et al. 2015), for example. These and related issues are explored in Chap. 17.

1.1.4 Understanding the Genesis of Soil

Ultimately, pedometrics would attempt to provide quantitative models of soil
formation. This is achieved by encapsulating knowledge of pedological processes
in mathematical forms as an alternative to purely statistical approaches. The success
of such a modelling approach depends, however, on pedological knowledge and the
non-linearity of processes (Phillips 1998). The advantages of a successful modelling
of soil formation are substantial and manifold. The three previously discussed
agenda items of pedometrics, namely, soil classification, spatial and temporal
variation and soil utility and quality, would be predictable from such a model.
Therefore, attempts at such an approach have emerged in recent years. Hoosbeek
and Bryant (1992) perhaps first outlined the problem. Minasny and McBratney
(1999, 2001), Cohen et al. (2010) and Vanwalleghem et al. (2013) have provided
the first substantive, but still rudimentary models, followed by more sophisticated
models on the soil profile scale and soil landscape scale. This intriguing approach is
discussed further in Chaps. 18 and 19.

1.2 Types of Models and Their Evaluation

Models are abstractions of reality. Harvey (1969) gives an early general discussion
of models and quantification. Dijkerman (1974) discusses the kinds of models
used in soil science generally. Because the soil is a complex and variable system,
we represent it with a simpler or more abstract model. Originally, these models
were descriptive mental models, but over time they have become more quantitative
(Dijkerman 1974). In the context of pedometrics, with its quantitative impulse, a
model generally corresponds to one of Webster”s dictionary definitions, i.e. a system
of postulates, data, and inferences presented as a mathematical description of an
entity or state of affairs. Underlying this general statement, there is a variety of
model types which we shall now consider and then go on to discuss how to judge
when models are performing adequately.
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1.2.1 Types of Models

Models can be described in various ways by dividing them into a number of binary
categories.

Models may be qualitative or quantitative. In traditional pedology models tend
to be qualitative, whereas in pedometrics the tendency is for quantification. The
main advantage of quantitative models seems to be that of reproducibility. Some
would argue that quantitative models are more objective, but this is a difficult
area from a philosophical point of view. So qualitative models may be considered
inferior; however, they do contain knowledge and that knowledge may be captured
in some objective way. Qualitative models can be made quantitative. So a qualitative
model may be a good starting point for subsequent quantitative investigation, e.g.
qualitative models expressing the expert knowledge of a group of experienced
scientists and practitioners may be formally written down and used as hypothesis
for quantitative testing.

Models may be static or dynamic. Pedometrics tends to focus on static models,
whereas the models of soil physics are dynamic. In the future, pedometric models
probably will be increasingly dynamic.

Models may be empirical or mechanistic. By empirical models we simply
describe a phenomenon with as few parameters as possible without necessarily
seeking to describe the mechanism underlying the phenomenon, whereas mecha-
nistic models attempt to describe the mechanism (at some scale). For example, we
could model the changes in moisture content at some location as a function of time
using a purely empirical time series or transfer function model. Alternatively, we
could describe the same observations using Richards’ equation (Pachepsky et al.
2003) and various other soil physical mechanisms. The latter requires knowledge of
basic soil properties, whereas the former does not. Whether one uses a mechanistic
or an empirical model will depend on our level of process knowledge and the
relative predictability of the models. Another way of describing empirical versus
mechanistic models is to term them functional and physical models (Addiscott
and Wagenet 1985). Functional is largely synonymous with empirical. Sometimes
the empirical and mechanistic categorisation is confused with static and dynamic.
Mechanistic models are usually dynamic but as an example given above, empirical
models can be dynamic as well as static.

A very important distinction is to consider deterministic or stochastic models.
Underlying Laplace’s (1749-1827) statement, “All the effects of Nature are only
the mathematical consequences of a small number of immutable laws”, is the
origin of determinism described by Laplace and quoted by Addiscott and Mirza
(1998), “An intellect which at any given moment knew all the forces which animate
nature and the mutual positions of all the beings that comprise it, if this intellect
was vast enough to submit its data to analysis, could condense into a single
formula the movement of the greatest bodies of the universe and that of the
lightest atom: for such an intellect nothing could be uncertain, and the future just
like the past would be present before his eyes”. Stochastic models concern some
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phenomenon that has randomness innate to its structure, whereas deterministic
models have not. Many earth scientists do not readily accept that such randomness
is inherent to nature. This unease recalls Einstein’s famous saying “The Lord does
not play with dice”. No one has suggested that any soil process is constitutionally
random unless we consider them at the quantum level. The ensemble averages are
considered to be deterministic. So, for example, at the so-called Darcy scale, soil
water phenomena can be described by a deterministic equation. However, given
the inevitable lack of understanding and particularly lack of knowledge of soil
processes, then randomness in models is a way of incorporating our ignorance.
So in this sense, stochastic models may be seen as pragmatic. Up until the 1980s,
stochastic models were rarely recognised or used in soil science. Dexter (1976) was
one of the first examples. In hydrology on the other hand, stochastic models are
abound (Yevjevich 1987). Pedometrics will probably make an ever-increasing use
of stochastic models.

More recently, scientists have realised that deterministic models may have
outcomes that look for all intents and purposes like stochastic ones — the outcomes
appear random. These models describe processes which have a sensitive dependence
on initial conditions. These are the so-called non-linear dynamic models, the basis
of chaos theory (Gleick 1987). Such chaotic models blur the distinction between
determinism and stochasticity (Addiscott and Mirza 1998). Phillips (1993, 1998)
has suggested this kind of determinism as the basis for soil variability itself, i.e. soil
formation is a chaotic process. Non-wetting phenomena in soil physics (Persson
et al. 2001) are probably chaotic processes that cause soil variation. Minasny and
McBratney (2001) give an example of a chaotic model and suggest how a chaotic
deterministic model may be distinguished from a random one (Sugihara and May
1990).

As described above, models may be (1) qualitative or quantitative, (2) static or
dynamic, (3) empirical or mechanistic (functional or physical) and (4) deterministic
or stochastic. If we consider these four distinctions, then there are 16 combinations.
Not all of them are sensible ones. In pedometrics, it is certainly worth considering
the quantitative combinations and particularly those relating to stochastic and
deterministic and empirical and mechanistic as shown in Table 1.1. So these four
kinds of models are rather important in soil science. Another category has been

Table 1.1 Examples of quantitative models

Deterministic
Certain Uncertain Stochastic
Empirical | Functional leaching model | Pedotransfer functions | Regionalised variables
Fuzzy models geostatistics
Markov chain models
Mechanistic | Richards’ equation Non-wetting phenomena | Molecular-scale

Soil-landscape model diffusion
Soil mechanics
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added to the table, and we distinguish between certain and uncertain deterministic
models. These models lie between purely deterministic and purely stochastic
models. Examples of soil phenomena modelled in the various categories are
given.

Pedometrics deals particularly with uncertain deterministic models and stochas-
tic ones, i.e. models where randomness has to be introduced to deal with uncertainty
(pedotransfer functions, Wosten et al. 2001) and/or randomness is seen as part of
nature itself (soil as a realisation of random field — geostatistics). As such many
pedometric models have a statistical basis. The uncertain deterministic, mechanistic
and the stochastic, mechanistic models (e.g. soil mechanics, Manolis 2002) are not
well developed in soil science or pedometrics.

One class of model that does not readily fit in to this scheme are the fuzzy models.
They can be possibly thought of as uncertain deterministic, empirical models.
They are probably best thought of as another categorisation, that of continuous or
discrete states. Bardossy et al. (1995) modelled soil water movement using the fuzzy
approach as described in McBratney and Odeh (1997). Dou et al. (1999) modelled
solute movement in a similar way. Pedotransfer functions (Wosten et al. 2001)
which are largely linear or non-linear regression equations are empirical determin-
istic uncertain models, which will be discussed further in Chap. 7 of this book.

1.2.2 Critical Evaluation of Models and Their Parameters

Critical evaluatory procedures for models are needed to maintain the integrity of
modelling and to ensure that the increasingly widespread use of models does not
result in the propagation of misleading information. Generally speaking, models
particularly quantitative pedometric ones, should be good predictors, while at the
same time, they should not have too many parameters. The quality of prediction has
to be tested with independent data sets by comparing predicted and observed values
(Van Kuilenburg et al. 1982) or less satisfactorily with some kind of cross-validation
procedure (Solow 1990).

The Franciscan friar, William of Ockham, was concerned about the number of
parameters; he wrote in 1332, “Pluralitas non est ponenda sine necessitate”, which
roughly translates as “Don’t make things more complicated than you have to”. This
is called Ockham’s razor. The two ideas of quality prediction and minimising the
number of parameters quantitatively are reflected in measures such as the Akaike
information criterion (Webster and McBratney 1989).

Addiscott et al. (1995) pointed out that no model can be validated in the sense
that it has been unequivocally justified. All that can be achieved is to show how
small the probability is that the model has been refuted. Whether this probability is
acceptable remains a subjective decision. In general, the further the data used for
parameterisation are removed from the data to be simulated, the better. Problems
can arise in both parameterisation and validation if the model is non-linear with
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respect to its parameters, and the latter have appreciable variances. Parameterisation
and validation become more difficult as the complexity of the model or the scale at
which it is used increases.

1.3 Methods x Problems

The gamut of pedometrics can also be thought of as a two-way table. The rows
are the problems that pedometrics can possibly address, and the columns are
the potential mathematical and statistical methods that could be applied to such
problems. Some cells of the table will be richly endowed, whereas others will
require thought and invention to come up with new approaches. This book, which
is essentially a contribution to soil science, and thereby earth, environmental and
ecological sciences, is arranged with a problem focus rather than on the methods
themselves which would be more appropriate to an applied statistics text.

1.3.1 The Problems of Pedometrics

“Sir Walter Blunt, new lighted from his horse.
Stain’d with the variation of each soil
Betwixt that Holmedon and this seat of ours;”

William Shakespeare, Henry IV Part 1 Act 1 Scene 1.

Pedometrics arises principally from this common observation that the soil is
spatially variable. The soil varies laterally and with depth, and this variation has
implications for its use and management. This is not a new insight. The rabbinical
biblical commentators on the book of Genesis discussed the question of how much
water is needed to sustain plant growth:

“How much rain must descend that it may suffice for fructification?

As much as will fill a vessel of three handbreadths. This is Rabbi Meir’s
opinion. Rabbi Judah said: in hard soil, one handbreadth; in average soil,
two; in humid soil three.”

Midrash Genesis Rabbah XIII, 13.

Later in history, Thomas Tusser, in his One Hundred Points of Good Husbandry
published in England in the sixteenth century, noted pithily that each divers soil
hath divers toile. More recently, the development of agronomy, soil management
and engineering has shown that the spatial variation of the soil means that its
suitability for different purposes will vary in space. This is important for the
planning of infrastructure, the government agencies making planning decisions
about land use and, in recent years, the individual farmer trying to improve the
efficiency of cropping systems by managing inputs in response to fluctuations in
crop requirements at within-field scales.
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We can think of other problems where the spatial variation of the soil will be
of practical significance. Throughout the industrialised world, it is recognised that
the soil is at risk of pollution from unregulated inputs and emissions. If we are to
monitor this problem and focus protection and remediation where the problem is
most severe, or the soil most vulnerable, then we must be able to detect changes in
pollutants, which arise from complex processes of deposition and transport, against
a background of complex intrinsic variation of the soil. A similar problem arises
when we set out to monitor changes in the carbon content of the soil to evaluate its
significance as a source and sink for greenhouse gases.

Soil variation is linked to some pressing problems, but it is also pertinent to
other questions. Faced with variation in the soil cover of any terrain, the natural
response is to ask how and why it arose. Many soil scientists would not have
become interested in their subject if the soil was more or less uniform in space.
To understand the variation of the soil at scales from the aggregate to the continent
and the relationship of this variation to that of the vegetation which it supports is
a basic scientific challenge. The better we understand these basic questions, the
better equipped we will be to address the practical ones. Pedometrics is concerned
both with meeting the practical requirements of soil management and also with
generating insight into how and why the soil material varies as it does.

These, in summary, are the problems of pedometrics. In the remainder of this
section, we want to set them in a general framework, with examples, as a prelude to
introducing the methods which are used in their solution.

1.3.1.1 Prediction

The first type of problem is prediction. The basic question requiring a prediction has
the form:

1. What soil conditions pertain at position X?

Vector x may contain two or three Cartesian coordinates which define a location
in space and possibly a further number which defines a time. This very general
question may be refined in different ways:

1.a What is the value of soil variable s at X, s(X), given a set of observations of the variable
at other locations?

The variable s(x) might be the concentration of available potassium in the topsoil
at a location in space {x,y}. Note that some finite volume of the soil is implicitly of
interest. We call this volume the geometric support of s(x).

This problem arises because very few if any soil properties of direct practical
interest will have been measured exhaustively across a region. The soil is a
continuum, and the constraints of costs and time mean that the soil may only be
sampled and measured at a few sites. Information will inevitably be required about
soil which has not been measured directly.

Reflection on this problem makes it clear that the best answer we can obtain to
our question, short of actually sampling the soil at x, will be an estimate of s(x),
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5(x), a number with attendant uncertainty. The way in which this uncertainty is
quantified and controlled is a critical issue in pedometrics, to which we will return
repeatedly.

A second refinement of the question is possible:

1.b. What is the value of, y(x), a mathematical function of soil property s at xX?

This may seem at first sight like a pedantic variant of question /.a., but it raises
an important issue, and a practical one. We may be able, for example, to obtain a
reasonable estimate of the clay content of the soil at x, but are really interested in
its available water capacity. A reasonable estimate of this latter quantity might be
obtained as a function of the clay content. If y is a linear function of s, then the
transformation of the estimate s (x) to an estimate y (x) is simple. If the relationship
is not linear, then the uncertainty of the estimate s (x) must be accounted for.

Other variants on the simple prediction problem are possible. For example:

1.c. What is the difference between s{x,y, t;} and s{x,y,t;}?

where the third term in the vector denotes a time. This question will arise in
environmental monitoring. If s{x,y,;} is the concentration of a pollutant at x at
time ¢;, then the difference may be a measure of the success of a soil remediation
campaign or the environmental impact of a change in regulations.

This problem will vary in form. A critical question is whether it is possible
in principle to measure both variables — given the support of s{x,y,t;}, does the
disturbance of the initial sampling prevent a meaningful measurement from being
made at {x,y, #;}? This problem presents pedometricians with interesting challenges.
Since politicians are increasingly interested in reliable estimates of the change of
organic carbon in the soil, in response to the Kyoto protocol, the problem is also
timely and topical.

So far, we have considered the soil over a small volume about a notional two-
or three-dimensional location. In practice, we may be concerned more often with
predictions about larger parcels or blocks of land, regularly or irregularly shaped.
Such parcels may constitute management units, for example. The general problem,
then, is

1.d. What is the value of s(X) = fxcxs(x)dx?

The integral implies that the new variable is effectively the average of all the
notional point values, s(x), in the region. Thus, we might be asked, ‘what is the
mean concentration of lead in the soil at this former factory site’ or ‘what is the
mean concentration of available phosphorous in the soil of this field’? Since our
prediction will be based on observations which are effectively point samples on
volumes of soil, very small by comparison to the block X, the problem involves
generalisation from one spatial scale to a coarser scale. This is sometimes called
‘upscaling’ or ‘aggregation’.
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The change of scale can cause problems. Consider the following:

1.e. What is the value of y(X) where y is a mathematical function of soil variables w and z
at the scale of point observations s(x) and w(x)?

Again, y might be the available water capacity of the soil and w and s bulk the
density and clay content, respectively. If w and s are measured at all locations, then
we might evaluate y at all these locations then aggregate these to the coarser unit.
If the two variables have been measured independently, then we can combine two
aggregated values, s(X) and w(X), but only if the functional relationship is linear.
Otherwise, it is necessary to make some inference about the joint variation of
variables s and w at the original point scale; this is sometimes called ‘downscaling’
or ‘disaggregation’.

We have raised the issue of uncertainty already in the context of simple
prediction, but uncertainty may sometimes be addressed directly in a pedometric
problem. Consider the following:

1.f. What is the risk that s(X) exceeds at threshold t?

The variable s might be the concentration of a pollutant and ¢ a regulatory
threshold. For example, the limit for concentration of lead in the soil set by the
ANZECC guidelines is 300 mg/kg.

A type la question requires a simple prediction, 5 (x), but in the context of the
present problem, this is generally not adequate. If we act on the prediction, there
remains the risk that contaminated soil is left untreated (because §(x) < t but
s(x)>1) or that expensive remediation is applied to land unnecessarily (because
S (x) > t but s(x) <r). If our predictions are unbiased, i.e. on average s (x) = s (X),
and the costs of an error in one direction are more or less equal to the costs of an
error in the other direction, then all we can do is try to reduce the uncertainty of our
predictions as far as possible. Often, however, the costs of an error in one direction
are much steeper than the other (e.g. the fines for leaving land unremediated may
be large compared to the costs of remediation). In these circumstances, the best
decision must account for the risk that s(x) > #, given all available knowledge implicit
in the prediction s (x).

This latter problem was expressed in terms of a near-point support at X.
Answering the final prediction-type problem:

1.g. What is the risk that the mean of s over region X exceeds threshold t?
raises further problems for the pedometrician. Since management decisions will

generally be made about a parcel of land, practical questions will often be framed
this way.

1.3.1.2 Inventory and Allied Problems
A second category of pedometric problems can be recognised. If the problems in

category 1 are variants of the question ‘what conditions pertain at x°, then class 2
consists of variants on:
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2. Over what subregion does conditions pertain?

At its simplest, the problem may be one of inventory — enumeration of the sites
over which certain conditions are found. Thus, for example:

2.a. Over what region, X, does the value of soil variable s fall within the range s; <s<sy?

As with questions of type l.a., there is uncertainty attendant on any answer to
this question since the soil properties are not measured exhaustively.

This problem might be posed by the land manager who wants to know where
the depth of the soil over the underlying rock is large enough to permit the growth
of a tree crop. It might also be asked by the farmer who wants to know where soil
pH is likely to limit certain crops. In reality, a more complex problem might be
posed:

2.b. Over what region, X', does some function of soil variablesy = f(s,w) fall within the
range 51 <y<sp?

If we want to identify areas where the likely erosion losses exceed some
threshold, then we may have to compute some non-linear function of soil properties
like the universal soil loss equation (Wischmeir and Smith 1978). This poses similar
problems to the analogous prediction problem 1.b.

Temporal monitoring of the soil may also generate problems with an inventory
flavour such as:

2.c. Over what region, X', does the change in soil property s from time t, to time 1, fall
within the range s; <s<s,?

This problem arises when the policy maker wants to know over what proportion
of a landscape the concentrations of pollutants in the soil are diminishing or where
the organic carbon content is increasing.

1.3.1.3 Decision Support

Prediction and inventory are tools. Managers require that the answers to these basic
questions are integrated in a way which aids decision-making directly. This is the
sphere of decision-support systems, and pedometric problems arise. There are two
general types of problems:

3.a. What is the optimum management strategy over region X' to achieve goals A subject to
constraints B?

So, for example, what is the optimum nitrogen rate to prescribe for a particular
parcel of a field to maximise the economic return to the producer subject to the
constraints that emissions to the environment through leaching and denitrification do
not exceed some threshold? The problem requires process models of an appropriate
level of sophistication to describe the whole system under different scenarios.
Information on soil properties within the parcel of concern will also be required —
subproblems of type 1.c., for example. The optimisation subject to a constraint
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may be done numerically — i.e. by computing several runs of the system model
in an ordered way to find the scenario which best meets the goals subject to the
constraints.

In practice, decisions have to be made under uncertainty about many critical
conditions, e.g. weather in the case of crop management. We then have a problem;

3.b. What is the optimum management strategy over region X' to achieve goals A subject to
constraints B and given that the conditions C have a particular statistical distribution?

1.3.1.4 In Pursuit of Insight

The problems so far have had a strongly practical flavour, but pedometric problems
include basic scientific questions where a quantitative account of the spatial
variation of the soil is required. We can identify such a problem:

4.a. Which factors appear to determine the lateral and horizontal spatial variation of soil

property s?

This question implies a spatial scale — are we concerned with variations at the
scale of microbial activity or geomorphic processes or some range between? This
general problem may be addressed using analytical methods, but these always rest
on assumptions which may not be realistic. An approach to the problem can never
be driven purely by data analysis, however. Our investigation will be most fruitful if
it is structured around a hypothesis. The approach may be statistical:

4.b. Is hypothesis H about the causes of soil variation supported by the given observations
of properties s...?

or structured around a mechanistic model:

4.c. Given a process model linking input variables s, w and output y, can this particular set
of observations of the variables be held to validate the model?

1.3.2 The Methods Pedometrics Uses

These questions are addressed by pedometrics. We now offer an overview of the
pedometric methods that are treated in more detail in later chapters.

1.3.2.1 Statistical Prediction and Modelling
Random Variables
Ideally, soil scientists would like to base pedometric methods on quantitative

understanding of soil processes. The ideal way of predicting the value of a soil
property at location x would be to enumerate factors of soil formation which
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pertain at x, i.e. the climate, the organic influences, the relief and parent material
and the development of these factors over the time in which the soil material
has developed. This information would then be combined with knowledge of the
relevant soil processes in order to predict the soil property of interest. This recalls
the determinism of Laplace, who held that if we know the momentum and position
of all particles in the Universe at a given time, then all future changes are predictable.
But modern physics has had to abandon Laplace’s ideals, and neither is it an option
for pedometrics. First, it is clear that our knowledge of the soil-forming factors
operating over time at any location is very incomplete, and some of these factors will
be unpredictable in principle. For example, a grazing Megaloceros in the Pleistocene
disturbing a patch of metastable soil on a periglacial hillslope might influence the
course of local solifluction events and play a large part in determining the clay
content of the topsoil at positions downslope which a pedometrician later wants
to predict. Second, many soil-forming factors have a complex and non-linear effect
on the development of the soil and will interact. As a result small errors in our
information about critical soil-forming factors may render our predictions quite
inaccurate. This sensitivity to initial conditions recalls chaos theory. The solution
to the problem is usually to replace our notional deterministic model of the soil
with a statistical model. This latter model may have a structure which reflects the
knowledge of soil-forming processes contained in the deterministic model, while
representing the relationship between these factors and soil properties statistically.

At its simplest, we regard the value of a soil property s at location x as the
outcome of a random process s. To do this is to treat the soil property as if it were
the outcome of a process such as a toss of a coin or a roll of a die. At first glance,
this is a deeply paradoxical approach for the scientist. By definition, the outcome of
a random process is uncaused, and yet we know that soil properties are caused by
processes which we can list and of which we have, more or less, a sound scientific
understanding.

Treating a soil property as a random variable is an assumption. That is to say,
we know that the soil property is not strictly the outcome of a random process,
but that certain conditions permit us to treat it as such for certain purposes. More
generally, we do not necessarily treat all the variation of the soil as random, but
rather may limit this assumption to a component of the variation which a simplified
mathematical description of the variation as a whole cannot account for.

When statistical models are used to describe the variation of the soil, there are
broadly two conditions which justify the assumption that data on the variables of
interest are outcomes of a random process. In the first instance, we may treat a set of
measurements of a soil property as random variables if the selection of the sample
has been done in a random way. This is the basis of design-based statistical analysis
where data are obtained in accordance with a design which does not specify where
the soil is sampled to collect a specimen for analysis, but which allows us to state in
advance only the probability that a particular location will be sampled. The second
situation is subtly different. Here, the assumption is that a set of measurements of
the soil in space and/or in time may be regarded as a realisation of an assemblage of
random variables which have a structure in space and/or time which has sufficient
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complexity to encapsulate at least some of the features of the spatial variations of
the real variables. In this case, we assume an underlying random process and that all
observed and unobserved values of the soil within the region of interest constitute
a single realisation of this process. This approach allows us to predict the values
of the soil at unobserved locations from the values which have been observed in
a way which is in some sense optimal. This approach is the basis of the so-called
model-based analysis.

We must review some properties of random variables. A random variable is
characterised by an underlying probability density function, (pdf) p(S), such that
the probability that a given value lies in the interval S; to S, is given by the integral

/ Szp(S)dS.

S1

It follows that the integral over the interval —oo to 400 is exactly 1. From the
pdf, we may also define the distribution function for S, f(S):

s

f(S) =pl[S <] =/ p(S)dS.

—00

If all we know about a particular value of a soil property is that it is a realisation
of a particular random variable, then our best estimate of the value is the statistical
expectation E[S], where

E[S] 2/00 S p(S)dS.

—00

The expectation of a random variable is also known as its mean or first-order
moment. Higher-order moments may also be defined. For example, the variance o

o2 =E [{s —E [S]}Z] - / io S{S — E[S]}3p(S)dS.

If we assume, as is often done, that our soil property is a realisation of a
normally distributed random variable, then these two moments alone are sufficient
to characterise it and may be estimated from data.

The Linear Model

Simple random variables alone are of relatively little use for pedometric purposes.
Ideally, we incorporate them into a statistical model to account for that variation
which a simplified predictive equation cannot explain. Consider as an example the
soil property organic carbon content. Many factors will determine this variable. One
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such factor may be clay content, since the clay fraction of the soil may protect
some of its organic matter. In addition, heavier soils which retain more moisture
may have a larger input of fresh organic material in litter, roots and detritus from
more vigorous vegetation. These and other considerations may lead us to expect
that larger organic carbon contents of the soil may be associated with larger clay
contents, although other factors will also be important and may mean that a good
deal of observed variation in organic carbon content cannot be explained by a
predictive relationship to clay content.
At its simplest, such a relationship might be a linear one of the form

OC =a+ b.Clay + ¢.

Here b is the slope of the linear relationship and a the intercept. The last term is
the error or residual term, which sums up the other factors which determine organic
carbon content of the soil. In statistical modelling, it is this term which we treat
as a random variable. If the variability of this last term is small relative to the
variability of organic carbon overall, then the model may be useful for predictive
purposes. Under certain circumstances, we may estimate the parameters a and b
from observations of the organic carbon and clay content of the soil by finding the
values which minimise the deviations:

OC — (a + b.Clay),

in effect by minimising the variance of the error term.
The reader may have recognised that we have just described the ordinary least-
squares regression model. This is a special case of the general linear model:

y=Xb+ e

where y is a vector of observations of a variable (which we may wish to predict)
and matrix X contains a set of variables on which we assume the variable in y to be
dependent. Vector b contains a set of coefficients, and & contains realisations of a
random variable, the error term.

Each column of matrix X corresponds to a predictor variable. These may be
continuous variables (like clay content) or indicator variables which take the value
0 or 1 indicating whether or not an observation belongs to a particular class.

Consider a case where we wish to model the effect of parent material on soil
properties. If clay content is the variable of interest, then different classes of parent
material may weather to produce material of different textures. If g parent material
classes have been defined, so that any one observation belongs to exactly one of the
g classes, then the solution of the general linear model will be given by a vector
of coefficients equal to the class means. Other variables, continuous or indicator,
may be combined in the model. This general linear model (GLM) (McCullagh and
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Nelder 1989) is equivalent to the familiar analysis of variance on the clay data
testing the differences among the class means. In a similar vein, statisticians have
recognised that nature is often not linear and have developed a class of non-linear
models analogous to the GLM called the general additive models (GAMs) (Hastie
and Tibshirani 1986, 1990).

Random Functions

A random function is an assemblage of random variables and is defined as a function
of the location in space, S(x). This function is assumed to have certain properties
which characterise its behaviour over a set of all possible locations within some
region of interest. A set of observations of a soil property at n locations in this
region, s(x;), ... s(x,), is a sample of one realisation of this random function. We
can only make progress by assuming that there are some restrictions on the joint
distribution of S(x;), ... S(x,) which allows us to make inferences about it from
the assemblage of observations.

We have introduced the concept of a pdf and a df of a random variable. We may
similarly define the joint df of a random function over a set of locations:

vty (8150, 80) = Prob [S (x1) < s1..... 8 (xa) =< sa].

The simplest assumption which we might make about a random function is that
the joint df for a configuration of sample points depends only on their relative
distribution in space and not on their absolute position. Thus,

xn}(sl+h»--~vsn+h):F{x1 ,,,,, x”}(sl»'--,sn),

where h is a vector defining a spatial separation or lag.

This is the assumption of strict stationarity. In practice, we work with less
restrictive assumptions. One is to assume that only first- and second-order moments
of the joint distribution are invariant with a shift in position. Thus, the mean is
assumed to be constant:

E[S (x;)] = u for all x;.
The covariance of any S(x;) and S(x;):
E[RZ (xi) — E[Z xD)[}{Z (x)) — E[Z (x))]}]
is also assumed to depend only on the interval (x; — x;). If the joint df of the random

function is multivariate normal, then strict stationarity is equivalent to this second-
order stationarity since there are no higher-order moments.
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Even this weaker version of stationarity may be too restrictive. In pedometrics,
we often work with the assumption of intrinsic stationarity. This has a first-order
assumption:

E[S(x;) — S (x;)] = 0 for all x; and x;,

and a second-order assumption that

E[{8@) =S ()}] =¥ (s —x).

where y is a function of the separation vector x; — x;. This function is the variogram
and is widely used in pedometrics. It may be estimated from data and modelled
with an appropriate parametric function. It is also possible to model the joint spatial
variation of two or more variables in terms of random functions with variograms
and cross-variograms. This is discussed in more detail in Chaps. 10 and 21. Having
obtained a variogram model, this may be used in determining an optimal estimate of
the value of a soil variable at an unsampled site as a weighted average of the values
at neighbouring sites. This is the technique known as kriging.

State-Space Models

Consider a soil property which evolves over time. We may be able to express this
change quantitatively by a model of the form

.....

This states that the observed value is a function of past values, with an error
term — a random variable which describes other factors which the model cannot
account for. This is the so-called state equation. We recognise that our measurement
of s, which we may make on several occasions, is made with error. The measurement
process is described by a linear measurement relation:

u; =g () + &

where ¢, is an error term. The technique of Kalman filtering combines these two
equations so that s, may be estimated from a series of measurements. The state-space
approach is of particular interest because the state equation can be a process model
which incorporates our best scientific understanding of the processes whereby s
is evolving over time. This state-space model may also be incorporated into a
spatial model. In recent years, this approach is increasingly used by soil scientists
in alliance with computational advances (e.g. Heuvelink et al. 2006; Huang et al.
2017).
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Point Processes

There is another kind of process in the soil which we may usefully describe by
or compare with probabilistic models of spatial variation. This is the distribution
in space of discrete events. Consider, for example, the distribution in the soil of
eggs of a nematode such as Heterodera. Soil scientists and agronomists might
ask the pedometrician how quantitative analysis might illuminate the process by
which the eggs are distributed. Does the distribution appear to be controlled by soil
variation? Is it ‘patchy‘? We may make useful progress by comparing the observed
distribution of eggs with what might be expected if they were scattered at random. In
general terms, two departures from simple spatial randomness (SSR) are possible.
The first is a so-called contagious distribution where occurrences of the event are
more ‘clumped’ than SSR. This might occur if the nematodes grow and reproduce
preferentially in areas of the field where certain soil conditions prevail and so tend
to be aggregated here. The second departure from SSR is called overdispersion
where the events are distributed more evenly than is expected of a random process.
This might occur if competition between the adult nematodes is so intense that
they tend to disperse in search of resources. Distinguishing SSR from contagious
or overdispersed spatial patterns is not always simple. It is necessary to allow for
the fact that we might only observe a fraction of the events in a field by sampling.
Furthermore, the spatial distribution of a process might be complex with features
such as patchiness being observed at particular spatial scales. Walter et al. (2005)
used spatial point-process statistics to model lead contamination in urban soil. More
conventional approaches are discussed in Chaps. 10 and 12. Glasbey et al. (1991)
modelled the three-dimensional pore space within soil aggregates with randomly
positioned overlapping spheres. Pore structure modelling is discussed further in
Chap. 6.

Basis Functions and Decompositions

Any ordered set of n measurements on soil can be written down in a n x 1
array or vector. Two instances are considered here. In the first, the vector contains
measurements of one soil variable at n locations; here we consider regularly spaced
locations on a linear transect. Location determines the order in this vector. In the
second, the vector contains measurements of n soil properties from one location. A
standard, though arbitrary, order of the properties is determined in advance.

It is easy to imagine a 3 x 1 vector as a point in the three-dimensional rectilinear
space of our everyday experience, the three values being Cartesian coordinates
relative to some arbitrary origin at {0,0,0}. In fact this is a special case of a general
class of vector spaces. A vector space is a set of vectors with particular properties, so
the set of all possible vectors of measurements of the volumetric water content, pH
and clay content of the soil constitute one vector space with particular properties.
All these soil variables are real numbers and vary continuously. This vector space
is normed, i.e. we can define a distance between two vectors x and y; in this case, a
natural norm is the Euclidean distance [xy”]"?.
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Vectors of the first kind, where the soil properties vary continuously and with
finite variance, and of the second kind, where the soil properties are continuously
varying real numbers, occupy a subset of Hilbert space. The reader is referred to
mathematical textbooks for a rigorous account of Hilbert space. For our purposes,
the key fact is that Hilbert spaces can be described in terms of basis vectors. If x is
any vector in such a space X and the basis vectors of X are a; ,a;, ... ,a,, then we
may express X by

X =qa; + fay...

If the basis vectors are orthogonal, i.e. a;a;7 = 0 forany i # j, then n such vectors
provide a complete basis for an n-dimensional space X. As an intuitive example,
note that we can characterise the position of any point in the 3D space of daily
experience in terms of any three coordinates from a system where the axes are
mutually perpendicular.

The reason for this mathematical digression is that pedometricians can often
gain insight into data expressed as one or more vectors by expressing them as
combinations of basis vectors. There are two general approaches. First, we may
find the coefficients which express our data in terms of certain predetermined basis
vectors. The analysis of the resulting coefficients may be informative. Second, we
may determine both the basis vectors and the coefficients in our analysis where the
former are chosen to illuminate how the data are distributed in vector space.

The first of these approaches is exemplified by Fourier analysis and wavelet
analysis. The vectors here are of the first type (i.e. one vector represents one soil
property measured at different locations). In Fourier analysis, we decompose a
continuous variable (or its discrete sampling) into additive combinations of sine
functions of different frequencies (where spatial frequency has units of distance™!).
The Fourier coefficients are complex numbers and so can convey two pieces of
information, in this case, the amplitude of the particular component (the height
of a peak over a trough) and the phase (how the peaks are aligned relative to our
sample points). Analysis of these coefficients can show us how the variation of
the soil property is partitioned between spatial frequencies, that is to say, between
fluctuations over short distances in space and longer-range fluctuations. This may
be informative. However, if our data show changes in the nature of their variability
in space, non-stationarity in the sense of our discussion above, or show marked
singular features or discontinuities, then the decomposition of the data on a basis of
uniformly oscillating sine functions is not natural, and the coefficients will not yield
a simple interpretation. For this reason, Fourier analysis has not been widely used in
pedometrics. Where it has been found useful, the soil variation has been dominated
by a more or less uniform periodic component such as the gilgai pattern analysed
by Webster (1977a, b), McBratney (1998) and Milne et al. (2010).

Wavelet analysis is related to Fourier analysis in that data are decomposed
on a basis of oscillating functions which respond to soil variation at different
spatial frequencies. However, wavelets only oscillate locally and damp rapidly
to zero so a single wavelet coefficient only describes the soil variation in a
particular neighbourhood (the size of which depends on the spatial frequency).
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A complete wavelet basis consists of dilations of a basic (mother) wavelet func-
tion which respond to different spatial frequencies and translations (shifts) of
these which describe different neighbourhoods. The wavelet transform is a new
tool in pedometrics, but a very promising one, and we discuss it further in
Chap. 15.

When we have several data vectors of the second kind, observations on several
soil variables at different locations, then we can define an orthogonal basis for the
vector space in which these are distributed. An orthogonal basis is effectively a
new set of coordinates for the vector space obtained by rotating the coordinate
system of the original space. It is possible to find a basis such that the new
variables which are defined are uncorrelated and so that one is the most variable
such transformation of the original data which is possible, the second is the
next most variable transformation orthogonal with the first and so on. These new
variables are called principal components. If some or all of the original variables are
substantially correlated, then it may be found that much of the original variability
in n-dimensional space may be accounted for by fewer than n of the principal
components. This may help the exploration of the multivariate structure of large
and complex data sets and give insight into the joint variation of many soil variables.
This is explored further in Chap. 4.

Classification and Allocation

Faced with many variable objects, the instinctive human response is to group
them together into a manageable number of classes about which meaningful
generalisations are possible. Soil classes may be formed by interpretation of profile
characteristics in terms either of the evidence which they offer of the processes of
soil genesis or the behaviour of the soil for practical purposes (e.g. drainage classes).
This is principally a qualitative activity in which the expertise of the soil surveyor
or pedologist is brought to bear on the problem. Pedometrics can offer two principal
aids to the process:

1. Clustering. Consider again the vector space defined by several soil variables. If
the space which is occupied by observations is more or less evenly populated,
then it is clear that the recognition of classes defined on these properties will be
difficult and somewhat arbitrary. We could, for examples, divide our observations
into a number of more or less similar subvolumes of the vector space, but there
are probably very many possible subdivisions which are of similar compactness
as measured by the internal variability of the classes. A vector space occupied by
data on soil which consists of a few distinct ‘types’ is likely to contain distinct
‘lumps’ or clusters of observations, since observations which are similar will
be near to each other in the vector space. In the basic conceptual model which
underlies classification, observations resemble typical or central members of the
class to which they belong, although not exactly, and so should be clustered in
the vector space defined on important soil properties.
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Finding clusters in a vector space of many dimensions is a task for the computer.
We will discuss the problem in more detail elsewhere. Suffice it to say that the key
to the task is to define a model of within- and between-class variation in terms of
a norm in vector space which is appropriate to the actual multivariate variability of
the data.

2. Allocation. Having formed a classification, we may wish to allocate a new
observation to the appropriate class. This is relatively straightforward where the
classes have been defined (perhaps by clustering) in an n-variate vector space,
and we have a new n-variate vector to allocate. This is often not the case. If we
have measurements of one or more secondary variables which differ between the
classes even though they are not definitive, then it may be possible to allocate an
observation to a class using these. For example, we may have measurements
of the reflectance of the soil surface in several frequency bands obtained by
a remote-sensing device. Using several sites where the reflectances are known
and the soil class, rules may be determined for predicting the soil class at sites
where only the reflectances are known. Discriminant analysis due to Fisher is
one technique for deriving these rules, which are formulated in terms of a norm
in the vector space. In recent years, methods such as neural networks have been
developed to solve the same problem.

Classification and allocation are discussed further in Chaps. 8 and 9.

Modelling

A soil scientist may propose a model of some soil process which describes it
quantitatively. The pedometrician may be interested in using this model to predict
the behaviour of the soil in space and time. This entails four principal tasks:

1. Calibration. A model will often contain parameters — quantities which are
constant in any one instance. Ideally, the values of parameters will be deduced
from first principles, but usually it is necessary to estimate some or all of a set
of parameters, some of which may bear a complex relationship to underlying
soil properties (e.g. the ‘tortuosity’ of pathways for solute movement through
the soil which depends on soil structure at different scales) or are somewhat
artificial, not bearing a simple physical interpretation (e.g. the ‘permeability’
parameter of some functional models of solute leaching (Addiscott and Bailey
1991). Calibration requires that some data are available on the basic soil variables
which are inputs to the model and those which are outputs. The temptation to
estimate parameters by least squares must (generally) be resisted because this
assumes that only the output variable is subject to random error, and this may
often not be the case.

2. Validation. A model which generates quantitative predictions of a soil process
must be measured against reality before it is relied on for practical purposes,
and scientists will be interested in assessing model performance to identify
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gaps in their understanding of the underlying processes. Model validation is
often difficult. The outcome of a modelled process may often be difficult if
not impossible to measure in the field, particularly when the model describes
processes at coarse spatial scales. Where the modelled output can be measured
directly, then ideally, we would wish to measure outputs from several locations
or instances where the values of input variables are all the same. This allows us to
estimate the variability of the output variable which is not explained by the model
(since the model output will be the same in all instances) and so to estimate from
the variability of the deviations between the measured and predicted outcomes
how much of this can be attributed to ‘lack of fit” of the model (Whitmore 1991).

3. Assimilation. Ideally, a model of a soil process, driven by some readily measured
variables, will substitute for direct measurement of the process. In practice, we
may wish to combine a model with limited measurements in order to predict
outcomes or monitor a process. In this way, a purely statistical approach to
estimating values is supplemented with understanding of how the system is likely
to behave. The incorporation of measurements of a process into a model is known
as data assimilation. It is widely used in oceanography and atmospheric science
and has lately become fruitful in soil science. The state-space models described
above are useful to this end; see, for example, Huang et al. (2017).

4. Error propagation. In practice, data with attendant errors are used as input to
models with parameters estimated with error. Often the output of one model
might function as input to another (e.g. modelled production of nitrate by
mineralisation may be part of the input to a leaching model). It is clear that
errors will propagate through such a system. If the models are linear, then the
errors accumulate relatively slowly, and if all the errors have zero mean (i.e. are
unbiased), then so is the final outcome. Neither is true of non-linear models,
which may rapidly magnify the error and where the output may be biased even
if the mean error of the inputs is zero. The error propagation of a set of models
might be investigated by a Taylor series approximation where an analytical form
of the model exists. For example, if an input variable, s, has a mean of § and a
variance of 62, and a model for an output variable y may be described by the non-
linear function y = f(s), then the approximate mean value of the output according
to a second-order Taylor series approximation is

§2s
[+ 03@]”@-

A similar approximation to the variance of the output may be written.

A more generally applicable approach is to use Monte Carlo simulation. This
requires that we have a reasonable knowledge of the variances and correlations of
the input variables. We may then simulate many sets of inputs and obtain the mean
and variance of the modelled outputs.

Heuvelink et al. (1989) used both approaches to study error propagation in the
widely applied universal soil loss equation which combines several input variables
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in a strongly non-linear way. They showed that the propagation of error was
such that quite small uncertainty in the input variables could make the resulting
predictions of little practical use. This is discussed further in Chap. 14.

1.4 Soil Attributes and Objects

It is worth considering the kind of objects that pedometrics studies. Pedometrics
deals mainly with data on attributes observed on soil objects.

1.4.1 Soil Attributes

The attributes can either be direct or indirect (proximally or remotely sensed,
including humanly sensed) measurements of physical, chemical or biological soil
properties in the field or on specimens taken back to the laboratory or multivariate
soil classes derived from them. The word attribute is used because the properties
are attributed to the soil. Attributes are a function of the soil and the measurement
process. The attributes can be discrete or continuous; see Chaps. 2, 3, 4 and 5.

1.4.2 Soil Objects
1.4.2.1 Geometric Objects

The objects on which attributes are observed can take a variety of forms, but most
usually it is from some more-or-less fixed volume such as a soil core or pattern of
soil cores or an auger boring or profile pit. Some workers have recognised the need
for this volume to be of a minimum size in order that a good estimate of particular
properties can be made. The measurement of water content of a saturated uniformly
packed sand is a simple example of the dependence on scale of soil measurements.
Sampling a very small volume gives a variation in the volumetric water content
between zero and unity. Sampling a larger volume reduces the range of results,
until, when a large enough volume is sampled, each measurement gives effectively
the same result. The smallest volume at which this occurs is the representative
elementary volume (REV). Buchter et al. (1994) effectively demonstrated the
concept for stone content in a Swiss soil (Fig. 1.1). The range in percentage
stones decreases exponentially from 100% for small sample lengths (volumes) to
an asymptote of about 10%, which represents some larger-scale or macroscale
variability. Figure 1.1 suggests that in this soil, the representative elementary volume
is about 0.3 * 0.3 * 0.3 = 0.0027 m?® or about 30 1.
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Fig. 1.1 The representative elementary ‘length’ of stone content in a Swiss soil. The range in
percentage stones decreases exponentially from 100% for small sample lengths to an asymptote
of about 10%. The graph suggests the representative elementary volume is about 0.03 m? (30 1)
(Figure 6 from McBratney 1998)

The REV concept does not seem to have been applied to chemical and biological
attributes or to soil classes for that matter. In a related way, geostatisticians (Isaaks
and Srivastava 1989) recognise the need to define the so-called geometric support of
observations. Geostatistics tells us that observations on larger supports or volumes
within a fixed area will have smaller variances. The stabilisation of this variance is
a way of defining the representative elementary volume. So, the REV concept and
the geostatistical concept of geometric support are closely related.

1.4.2.2 ‘Natural’ Objects?

These statistical concepts are not related to natural soil individuals, however. Soil
science has always been troubled by a lack of clear definitions of individuals. When
we study botany, we can almost always define and recognise an individual plant
but in soil science, the definition of an individual soil is problematic. Pedologists
recognise individuals such as the soil horizon (FitzPatrick 1993), the soil profile and
the pedon (Johnson 1963). The problem with these is the lack of clear boundaries
or of a fixed geometry. Russian pedologists recognise larger individuals such as the
elementary soil area, the tessera and the tachet (Fridland 1976). Once again these
are geometrically problematic.
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1.4.2.3 Operational Objects

Holmgren (1988) sees the definition of soil individuals as a difficult problem and
wrong-minded. He says ‘that such distinct entities do not exist in soil is obvious’.
He therefore suggests we should not seek such natural objects and argues for what
he calls a point representation. He proposes a concept of a pedon that comprises
a set of observational procedures which will lead to a set of attributes, including
measurements of spatial and temporal variation, centred on a point. Holmgren’s
(1988) definition is:

A pedon is the possibility for soil observation in respect to a geographic point location.
It can be realised by a set of observational propositions, each spatially and temporally
specified in relation to that location.

This concept seems to be more related to the practice in soil physics, chemistry
and biology. This representation may be aligned with the geostatistical and REV
concept above. The space-time geometric support of this operationally defined
object is not clear, however. The two concepts could be combined, however. This
is discussed further in Chaps. 8, 9, 10 and 21.

Ultimately, pedometrics is more a study of soil information (about given
locations) than a study of natural or unnatural soil bodies and their attributes.

1.5 Scale Hierarchy

The word ‘scale’ is widely used in contemporary soil science, often confusingly.
Conventionally, cartographers use the word ‘scale’ to refer to the ratio of a distance
on a map to the corresponding distance on the ground. This simple descriptor
denotes the detail which a particular map can convey. Thus, a ‘large-scale’ map
(e.g. 1:5,000) is a relatively detailed representation of a relatively small area; a
‘small-scale’ map (e.g. 1:250,000) generalises over a large area. This notion of
generalisation is important in soil science. It is obvious that we can describe the soil
in terms of processes and phenomena across continents and landscapes or within
horizons and aggregates. Confusingly, the former generalisation (which we would
represent on a small scale map) is generally called large scale, and the generalisation
over smaller intervals in space is referred to as small scale. Note that wavelet
analysis also uses the term ‘scale’ in an opposite sense to the cartographers. We
will use the term ‘coarse scale’ to refer to generalisations over large distances,
represented at small cartographic scales, and ‘fine scale’ to refer to generalisations
over short distances. This section aims to identify some of the key issues in current
discussion of spatial and temporal scales in soil science which are relevant to
pedometricians. It draws on an admirable review of the subject by Wagenet (1998).

In soil science, we may generalise over coarse or fine scales in both space and
time. So, we may consider the soil system in terms of variations over a landscape
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(coarse spatial scale) or variations within a profile (fine spatial scale). Similarly,
we may consider coarse temporal scales (e.g. the decarbonation of a soil on an
old land surface) or fine scales (e.g. hourly fluctuations in the water content of
a cropped soil). Scale in space and time becomes of practical importance to soil
scientists in general, and pedometricians in particular, when we find that some
scales of generalisation are relatively rich in terms of our information about the
soil and our ability to describe soil processes with confidence, but these do not
necessarily coincide with the scales at which a manager might require predictions
of soil behaviour under different scenarios.

The notion of a scale hierarchy is useful here and has been developed by
ecologists who have recognised that ecosystems may be characterised as open
systems with self-organising processes and that the flux of energy and matter
through such a system tends to result in organisation over a hierarchy of spatial
scales. This may be seen in soil systems too, where structure can be recognised in
the organisation of clay particles by flocculation, the organisation of this material
into aggregates, the structure of aggregates and macropores in horizons and so on
up to the broad zonal patterns of soil variation at continental scale. Similarly, soil
variation over time is organised in a hierarchy of scales from hourly fluctuations
driven by rainfall events, the diurnal cycles of temperature, annual weather cycles
and coarser scale variations still, associated with long-term cycles of climate and
long-term processes of geomorphological change.

Bergkamp (1995) has identified concepts of scale hierarchy in the ecological
literature which are relevant to soil scientists. Key to this development is the concept
of a hierarchical structure of a complex system with explicit scales in time and
space. The basic stable element of such a hierarchy is called the holon. A holon is
essentially a distinct subsystem defined principally in terms of processes. It may
therefore be defined in line with the concerns of a particular investigation. The
principle interactions within a system take place within holons over particular scales
of time and space. However, there are interactions within the hierarchical system of
holons (holarchy) whereby processes at one scale of time and/or space constrain
processes at other scales. Thus, for example, the process of aggregation at one
scale both constrains and is constrained by the processes at coarser spatial and
temporal scales which cause the differentiation of horizons. In general, however,
holons at coarse temporal/spatial scales are more susceptible to the effects of events
at comparable scale and may only respond to finer scale processes under conditions
which are otherwise stable. Thus, processes of soil development in the profile —
illuviation, development of clay skins and formation of pans — are likely to be
overridden by coarse (temporal and spatial)-scale effects such as isostasy or climate
change.

What are the implications of this analysis for soil research in general and
pedometrics in particular? Wagenet (1998) identified three particular issues for
research on a particular holon or subset of a holarchy at particular spatial and
temporal scale. First, it is important to ensure that the basic unit of soil which
is measured in such a study corresponds to the representative elementary volume
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(REV) for the scale of interest. That is to say, the basic unit must be large enough
to encompass the holons at finer scale which constitute the holon of interest, but not
so large as to embrace the variability which occurs at this scale. The second point
is that this variability must be adequately characterised. These are important issues
for pedometricians and imply the careful choice of sample support and the selection
of an appropriate sampling design. Since, as Wagenet (1998) recognises, the precise
scale of a study may be constrained as much by technical limitations as the problem
of interest, the pedometrician must be involved at all stages in the planning of the
research activity. The third point made by Wagenet is that the process models which
are used in a study must be appropriate to the scale. Thus, Darcy-type models must
give way to two-domain models at some spatial scale.

We have discussed spatial and temporal scale as independent, but in fact they will
generally be correlated, coarse spatial scale factors (topography) being correlated
with coarse temporal scale factors (isostasy), while fine-scale processes (e.g. at
molecular level) may tend to occur over fine temporal scales (Fig. 1.2). This
assumption is implicit in Hoosbeek and Bryant’s (1992) well-known figure linking
scale (explicitly spatial) to appropriate modelling strategies (Fig. 1.3).
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Fig. 1.2 Scales of soil processes (Figure 4 redrawn from Wagenet 1998)
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Fig. 1.3 A hierarchical representation of spatial scales of soil processes. At each scale, there is
a plane of possibilities of research modelling approaches. The front half of each horizontal level
corresponds to Table 1.1 (Redrawn from Hoosbeek and Bryant 1992)

An understanding of this relationship is important, particularly, to return to the
key problem of scale, when we wish to translate knowledge and research findings
between scales. McBratney (1998) discussed some of these issues and Bierkens
et al. (2000) offer a detailed discussion, and we return to this issue in Chap. 15.
For the present, however, it is worth noting that important processes may occur off
the diagonal of Fig. 1.2. For example, non-equilibrium processes of pesticide-soil
interaction occur over short distances (fine spatial scale) but long periods (coarse
temporal scale), and this type of process is poorly modelled (Wagenet 1998).
Similarly, the weathering of rock occurs at fine spatial scales but over long time
periods (McBratney 1998). Rapid (fine temporal scale) processes may also occur
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over relatively long distances, e.g. preferential flow through macropores (Wagenet’s
1998 example) or global scale but rapid processes such as the Chernobyl incident
(McBratney’s 1998 example).

In short, pedometricians must be aware of the issues of spatial and temporal scale
when collecting and analysing data on soil. A good summary of the key issues is due
to Bergkamp (1995) who noted (1) that spatial patterns differ at different scales,
(2) changes of spatial patterns differ at different temporal scales, (3) processes
controlling changes in spatial pattern differ at different scales and (4) at different
scales, different variables are often needed to describe similar processes. These
considerations all pose mathematical and statistical challenges to the pedometrician.
Some of these are met by the techniques which we describe in this book. Others are
challenges for the future.

1.6 Pedometric Principles and Hypotheses

As a summary of this introductory chapter, we outline a few general and specific
ideas that underlie the pedometric approach.

1.6.1 General Principles

All the ‘metric’ disciplines (e.g. biometrics, chemometrics, envirometrics), attempt-
ing a quantification of the natural environment and phenomena, will recognise at
least three principles:

1. A quantification principle
This suggests that wherever possible, observations should be quantitative rather
than qualitative. The main rationale for this is that the difference between two
observations can be calculated. For example, if we say the texture of a soil
horizon is ‘light’ or ‘heavy’, we might not be able to easily understand how
different ‘light’ is from ‘heavy’. If however we describe one horizon as having a
clay content of 10 dag/kg and another as 70 dag/kg, we know immediately that
the difference is 60 dag/kg. This principle implies that vague descriptors should
be quantified.

2. An uncertainty principle
This principle is not the Heisenberg one, but simply further suggests that
wherever possible, a measure of uncertainty should accompany quantitative
observations. This may be a statistical uncertainty. For example, if we have a field
estimate of horizon texture, then the uncertainty might have a standard deviation
of +5 dag/kg, whereas if this was a laboratory measurement, the associated
standard deviation might be +1 dag/kg. Further, if the soil attribute is predicted
rather than measured, then the one which is least uncertain is to be preferred.
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3. A modelling parsimony principle (Ockham’s razor)
This old principle described 700 years ago by William of Ockham states that
when comparing models for describing a phenomenon, choose the simplest one.
For example, if we can describe the particle-size distribution of a soil material
equally well with a two- or a three-parameter distribution, then the model with
two parameters is to be preferred.

We could suggest some principles from other disciplines, e.g. economic or
sociological ones, but they do not seem to be in the domain of quantifying the natural
environment. They may apply when various uses are made of soil information.

1.6.2 Specific Principles

In addition to these general principles, there are some principles or hypotheses
specific to the domain of pedometrics. These may be summarised by a single all-
embracing statement:

Soil is a more-or-less continuous, anisotropic, non-stationary, multivariate phenomenon in
various states of equilibrium with its environment.

Attempts to quantify soil should recognise these features. They lead to various
hypotheses that may be tested or to assumptions commonly underlying pedometric
analysis. Therefore, various null hypotheses that could or should be tested by
empirical observation at any location include:

Soil is a spatially discontinuous phenomenon.

Soil variation is constant with direction.

The mean of a soil property is independent of position in space or time.
The soil can be adequately described by a single property, e.g., pH.
Soil is a function of its current environment.

Finally, it is a difficult philosophical point to contend that these principles
and hypotheses lead to a more objective treatment of reality. They are all human
constructions. Commonsensically, it would seem that they probably lead to a
legitimate empirical testing of humanity’s hypotheses about the nature of soil.
Nevertheless, as the famous biologist J.B.S. Haldane once wrote, ‘If you are faced
by a difficulty or a controversy in science, an ounce of algebra is worth a ton of
verbal argument’.
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Part I1
Statistical Footings

“A certain elementary training in statistical method is becoming
as necessary for everyone living in this world of today as
reading and writing.”

H.G. Wells

Statistical methods are needed to model the natural variation of soil across space
and time and its multiple attributes. This section gently introduces some basic
and exploratory statistical concepts in the context of soil observation to give an
underpinning to any pedometric analysis.

Chapter 2 reminds us about the various kinds of scale on which soil attributes
are measured, which in turn lead to various statistical analyses. Chapter 3 deals
with the very interesting and under-researched topic of statistical distributions
of nominal and continuously scaled soil attributes. A large variety of statistical
distributions have been observed for soil properties. Chapter 4 gives an introduction
to exploratory methods for looking at multiple soil attributes observed on the same
soil object and at the special case when the sum of the variables is constant.
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Chapter 2
Soil Statistical Description and Measurement
Scales

Thomas F. A. Bishop and Alex. B. McBratney

“Without data, you are just another person with an opinion.”

W. Edwards Deming American Engineer (1900-1993)

2.1 Why Statistical Description?

A soil scientist in most instances can only measure and describe soil at a few points
in a landscape; at each location, he has ways to describe and measure soil features.
These may be based on field observations, e.g. presence of mottling in the subsoil,
or a sample may be collected for subsequent laboratory analysis, e.g. clay content.
Many different measurements of soil properties can be made, and each of these has
what we call a measurement scale which in simplistic terms tells us whether it is
measured as numbers, e.g. clay content, or categories, e.g. texture class.

A dataset could be collected for many purposes; it could be for mapping or
modelling or testing the impact of management practices. Whatever the ultimate
purpose, once measurements have been made, our next step is to describe the
dataset, and the approaches we take are largely determined by the measurement
scale. We describe the dataset initially to summarise its key features, but also it
is useful for looking at outliers which may be errors or unusual values. In many
cases, the unusual values, for example, hotspots of soil contamination, are of most
interest. From this summary of the data, and how we intend to use the data, we can
then decide on which of the wealth of methods presented in this book to use.

Therefore, in this chapter, we focus on:

— The measurement scale
— Summaries of data used to describe a dataset, both numerical and graphical
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2.2 Scales of Measurements

Random variables may be discrete meaning that they have a countable number of
possible values or continuous having an almost infinite number of possible values.
Observation of a soil class, say the soil order in soil taxonomy (Staff 1999), would be
a discrete random variable having 12 possible states, whereas the pH of the topsoil
would be a continuous random variable, although in reality pH as measured in the
field would lie somewhere in between.

Soil properties differ in “how well” they can be measured, i.e. in how much
measurable information their measurement scale can provide. There is obviously
some measurement error involved in every measurement, which determines the
“amount of information” that we can obtain. Another factor that determines the
amount of information that can be provided by a variable is its “type of measurement
scale”. Different soil attributes or soil properties are measured on different scales.
These kinds of scales are widely recognised in the statistical literature, and different
statistical methods pertain to the different types of scale. There are a number
of different scales, and we now present them in order of quantitativeness. There
are typically four levels of measurement that are defined in order of increasing
quantitativeness: nominal, ordinal, interval and ratio. The first two, nominal and
ordinal, correspond to discrete random variables, and interval and ratio correspond
to continuous random variables. Different kinds of statistical procedures pertain to
discrete and continuous random variables. These terms are also synonymous with
categorical and numerical variables.

Let us elaborate the four measurement scales a little further.

2.2.1 Measurement Scales
2.2.1.1 Nominal

Nominal (or sometimes unranked multistate) variables allow for only qualitative
classification. That is, they can be measured only in terms of whether the individual
items belong to some distinctively different categories, but we cannot quantify or
even rank order those categories. For example, all we can say is that two soil samples
are different in terms of variable A (e.g., they have a different pedality), but we
cannot say which one “has more” of the quality represented by the variable. Typical
examples of nominal variables are soil class or type of ped. This is the simplest type
of scale and refers to different classes.

2.2.1.2 Ordinal

Ordinal variables allow us to rank order the items we measure in terms of which has
less and which has more of the quality represented by the variable, but still they do
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not allow us to say “how much more.” A typical example of an ordinal variable is
small, medium or large peds. For example, we know that medium peds are larger
than small ones, but we cannot say that it is, for example, 20% larger. Also this
very distinction between nominal, ordinal and interval scales itself represents a good
example of an ordinal variable. For example, we can say that nominal measurement
provides less information than ordinal measurement, but we cannot say “how much
less” or how this difference compares to the difference between ordinal and interval
scales.

2.2.1.3 Interval

On interval measurement scales, one unit on the scale represents the same magnitude
on the attribute being measured across the whole range of the scale. For example,
temperature in Celsius is measured on an interval scale, and then a difference
between 10 and 11°C would represent the same difference in temperature as would
a difference between 40 and 41°C. Interval scales do not have a “true” zero point,
however, and therefore it is not possible to make statements about how many times
higher one score is than another; 40°C is not four times as hot as 10°C. Another
example of an interval scale attribute is pH.

2.2.14 Ratio

Ratio-scaled variables have a fixed interval between values and also an absolute
zero. For example, a soil temperature of 303 K is 303/273 times a soil temperature
of 273 K (which is not the case if we describe them as 30°C and 0°C). Statistically,
in most situations, interval- and ratio-scaled variables are treated much the same
way. Most laboratory-derived attributes and some field ones such as soil depth are
on the ratio scale.

It is important to recognise that there is a hierarchy implied in the level of
measurement scale (Fig. 2.1). At lower levels of measurement, assumptions tend
to be less restrictive, and data analyses tend to be less sensitive. At each level up the
hierarchy, the current level includes all of the qualities of the one below it and adds
something new. In general, it is desirable to have a higher level of measurement (e.g.
interval or ratio) rather than a lower one (nominal or ordinal). A common problem
with conventional soil description systems is that variables are recorded as ordinal-

‘ Ratio Has an absolute zero

‘ Interval Differences between values are meaningful
| Ordinal Attributes can be ordered
| Nominal Attributes have no order, only names

Fig. 2.1 Staircase of measurement scales
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scaled variables when they could be interval or ratio. For example, the size of peds
is measured and then allocated to a class or category removing some information
from the description.

We should also realise that this scheme is a simplification. Because as we shall
see later — tools such as fuzzy sets or multivariate methods allow us to put apparently
unranked variables onto continuous scales by calculating taxonomic distance.

2.3 Numerical Summaries of Soil Data

Given a dataset of soil measurements, we need statistics to summarise its key
features. The statistics we use depend on the type of the measurement scale of the
data we have.

2.3.1 Summaries of Categorical Data

Categorical data have been measured on the ordinal and nominal measurement
scales. Categorical data is best summarised in terms of the frequency, f, of
observations found within each class. It is usually presented in the form of a table,
a frequency table. The example dataset we will use in this chapter is from the
catchment of Muttama Creek which is located in Southeastern Australia (Fig. 2.2).
Further details about the catchment are given in Orton et al. (2016). One hundred
seventy-four sites were sampled to a depth varying between 1 and 2 m, and various
soil properties were measured at a subset of sites (Fig. 2.2).

In our first analysis, we wish to see how many sites are located within each
geological unit which we have classified based on silica content. Gray et al.
(2016) found that classifying geological classes on the silica content improved
the usefulness of geological maps as predictors. Therefore we wish to make sure
we have adequately sampled each of the silica classes. In Table 2.1 we present
a frequency table for each of the classes; we also present the results in terms of
the percentage of sites that fall within each class. The advantage of scaling the
frequencies to a % is that it makes the results scale independent, or independent
of n, the number of samples, enabling us to compare results to other datasets if
needed. We also include another column, the % of area in the catchment covered by
each class. This is based on the geological map (Warren et al. 1996) on which the
silica classes were extracted. By using the % frequency we can easily see how well
the sampling matches the areal proportions in the geological map. As can be seen by
the results, the sample design does include any sites within the siliceous upper class,
but it only covers 0.1% area so it is not a great concern. The other silica classes have
at least four observations in each class so they have some representation for use in
further modelling. In terms of being proportional to the area of each silica class in
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Fig. 2.2 Map of Australia with solid circle showing the location of the study area (left) and soil
survey locations within Muttama Creek catchment (right)

Table 2.1 Frequency table for soil survey locations within each silica class

Silica class Frequency | % frequency samples | % area of geology map
Mafic (Mafc) 36 20.7 244
Siliceous mid (SlcM) 42 24.1 13.7
Siliceous upper (SlcU 0 0 0.1
Siliceous lower (SlcL. 80 46.0 55.6
Intermediate lower (IntL) 4 2.3 1.0
Intermediate upper (IntU) 12 6.9 5.2
Total 174 100.0 100.0

the geology map, we can see that the mafic, intermediate upper and intermediate
lower classes are very close while the other classes are over- or under-sampled.

2.3.2 Summaries of Continuous Variables

Continuous data has been measured on the ratio and interval scales. In the case
of continuous variables, we need to consider three types of statistics. This is best
illustrated with an example. The figure below presents the histograms for electrical
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conductivity (EC) measured using a 1:5 soil/water extract for the 0-30 cm and 60—
90 cm layers for 55 soil sites in Muttama Creek catchment. While 174 sites have
been sampled in Muttama Creek, only 55 had EC measured on them.

We can see that visually the distributions are quite different and we wish to use
some metrics to summarise this. The first is one that describes a typical value for the
dataset; or a measure of centre of the distribution, a simple estimate would be the
value that corresponds to the highest bar in the histograms. This would be ~0.05 dS
m~! for the 0-30 cm layer and ~0.03 dS m™! for the 60-90 cm layer. Of equal
interest is the variation in the dataset or a measure of spread. A simple estimate
would be the difference between largest and smallest values in the histogram. This
would be ~0.18 dS m™! for the 0-30 cm layer and ~0.4 dS m™' for the 60-90 cm
layer. Finally, the shapes of the histograms are quite different, and a statistic that
describes this can be quite useful; key issues to consider are how symmetrical
the distribution is or are there any unusual values. For example, there is one large
observation at ~0.4 dS m™" for the 60-90 cm layer.

In the next section we present summary statistics that relate to these three
features. Another concept to consider when presenting data is to distinguish between
statistics we calculate from samples and those from populations. Continuing with
our example, we may wish to know a statistic that represents the typical value for
EC across the catchment or perhaps for each silica class in the Muttama Creek
catchment. The true value is the population statistic which we would obtain if we
could measure all of the soil in the catchment. In reality, we only have a subset of
samples from which to estimate the statistics; this is our sample statistic. A large part
of statistics is about using our limited samples to make an inference about the true
population statistics. For the purposes of this chapter, we present sample statistics
but make mention of differences in notation and equations that exist for population
statistics.

2.3.2.1 Measures of Centre

The most common measure of centre is the mean which is for the samples we denote
as y and for populations we denote as w. For the sample mean, the equation is:

n
y= M 2.1
n
where y; is the ith observation and # is the number of observations.

We now introduce another property in our case study, clay content which was
measured at 77 sites in Muttama Creek catchment. The mean values for EC and
clay in the 0-30 cm and 60-90 cm layers are presented in Table 2.2 below. There
is not much difference in the mean EC between the two layers, but there is a large
increase in the mean clay content with depth as would be expected as many of the
soils in Muttama Creek have duplex profiles (i.e. an abrupt increase of clay content
between the topsoil and subsoil). One issue with the mean is that it is susceptible
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Table 2.2 Measures of Property EC dSm™") |Clay (%)

centre
Depth (cm) | 0-30 | 60-90 | 0-30 |60-90
Mean 0.071 |0.061 |22.66 |47.26
Median 0.066 |0.039 |21.43 |48.16
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Fig. 2.3 Histogram of EC 1:5 soil/water extract for 0-30 cm layer (left) and 60-90 cm layer (right)

to a small number of outliers; these may be erroneous measurements or actually
real observations that relate to unusual areas, and in case of EC, this could be a
small hotspot where saline groundwater is close to the surface. In these situations
the mean does not give a very good estimate of the typical value in a dataset as it can
be inflated or deflated by a small number of outliers. This will be elaborated further
in the coming sections.

Another option is the median which is the middle value in the dataset and is
calculated by ordering the observations from smallest to largest. The sample median,
y, and population median, M, is calculated by ordering the observations and using
the equation below to work out the location of the middle value:

(n+1)th

median = ordered value. 2.2)

Unlike the mean, a few large or small values do not affect its value. Examining
the data in Table 2.2 for the clay values, we can see that the mean and medians
are quite similar, meaning that the distribution is symmetrical. The EC 0-30 cm
layer also has a similar mean and median; however, they are quite different for the
30-60 cm layer. The median is much smaller than the mean which makes sense if
we examine the histogram (Fig. 2.3) which shows that there are a few large values
of EC which inflate the mean value, so much so that the mean value is located at a
larger value past the peak in the histogram.
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2.3.2.2 Measures of Variation

Equally important to the mean and median are measures that describe how much
variation there is in a dataset. The most commonly used is the variance as shown by
the formula below:

2o i 0=

= 1 (2.3)

One can see it is calculated simply by the average squared difference of each
observation from the mean. In the formula above we calculate the sample variance,
s2, and for the population variance we use 62, and the denominator has N rather than
n-1, where N is population size and 7 is the sample size. The difference ensures that
the sample variance gives an unbiased estimate of population variance. One issue
with the variance is the units are squared of the variable being measured; in our
EC example, this would be (dS m™")2. This does make it difficult to interpret; so
by taking the square root of the variance we get the standard deviation which is
presented in Table 2.3. The advantage is that it is on the scale of the measurements.
Based on the standard deviation, we can say that EC is more variable than clay
content in our data, but as shown by the minimum and maximum values, the range
of possible values is much greater for EC than clay (Table 2.3); the means are also
quite different between depths and soil properties.

Due to this, when comparing variables with different magnitudes, a useful
statistic is the coefficient of variation (CV) which is a measure of the variation as
estimated by the standard deviation relative to the sample mean; it is calculated by

CV = (2.4)

<l

Strictly, the coefficient of variation does apply to ratio-scaled variables but not
to interval-scaled ones. For example, if we take five soil temperature observations
measured in Celsius (5, 10, 11, 7, 13), the apparent CV is 0.35, whereas the same
set of observations measured in Kelvin (278, 283, 280, 284, 286) has a CV of 0.011.

Tal')le. 2.3 Measures of Property EC (dS m™") Clay (%)

variation
Depth (cm) | 0-30 |60-90 |0-30 |60-90
S 0.033 /0.077 |10.76 |17.19
0 0.046 |0.029 |16.54 |31.42
03 0.089 |0.060 |27.86 |59.61
IQOR 0.043 |/0.031 |11.32 |28.19
cv 0.468 |1.268 |0.471 |0.371

Minimum 0.013 | 0.016 |4.52 10.38
Maximum | 0.177 |0.447 |54.34 | 78.73
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As shown in Table 2.3, using the coefficient of variation, both EC and clay in
the 0-30 cm layer have the same amount of variability rather than EC being three
times as variable as clay if we use standard deviation to assess variation. The EC
60-90 cm layer is still the most variable but one issue with using the standard
deviation, and also the coefficient of variation is that for asymmetrical distributions
these may not be useful measures. This is because the variation is calculated by the
squared difference from the mean meaning that large values as shown in Fig. 2.3
will inflate the estimate of standard deviation.

This is where measures based on the order are useful; analogous to the median
is the interquartile range (/QR) which describes the difference between the 1st (Q)
and 3rd quartile (Q3) or the middle 50% of the distribution. This means the values
outside this range (the lower and upper quarter of the distribution) do not impact
on the estimate of the variation. Examining the /QR alone we can see that for EC
the 0-30 cm layer is more variable than the 60-90 cm layer. This is a very different
result than what is obtained by standard deviation and CV.

2.3.3 Other Statistics

Until now we have qualitatively assessed the datasets for symmetry and discussed
the effect of a small number of larger (though could be small values) on measures of
centre and variation. This is an important characteristic as the normal distribution is
symmetric and many of the statistical methods presented in this book are based
on the assumption that the data follows a normal distribution. One estimate of
the asymmetry of the distribution is the skewness. A positive value means the
distribution is skewed or there are a small number of observations at the larger
end of the distribution, creating a pointy or skewed distribution; a negative skew
means the mirror image of this but the pointy end is towards small values. There is
evidence of skewness in the EC 30-60 cm layer both by its histogram (Fig. 2.3) and
the skewness value of 4.04 (Table 2.4). A heuristic rule proposed by Webster and
Oliver (2001) for considering whether to transform a variable is when the skewness
is outside the interval of [—1, 1]. In the case of the soil properties presented in Table
2.4, using this rule we would only consider transforming EC for the 30-60 cm layer.

One issue to consider is the effect of outliers; as noted previously, the mean
and standard deviation are sensitive to outliers. The skewness is no different and
analogous to the median, and IQR is the octile skew which was compared by Brys
et al. (2003) with other measures of skew and as far as we are aware first applied to

Table 2.4 Measures of

Property EC (dS cm™!) | Clay (%)
symmetry

Depth (cm) |0-30 |30-60 |0-30 |30-60
Skewness 0.86 |4.04 0.77 | —0.03
Octile skew | 0.20 | 0.43 0.11 |0.07
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Table 2.5 To transform or not to transform

Octile skew
Skewness Interval Inside [—0.2, 0.2] Outside [—0.2, 0.2]
Inside [—1, 1] No transform Possibly transform
Outside [1, 1] Possibly transform Transform

soil data by Lark et al. (2006). It is less sensitive to outliers than the skewness,
and Lark et al. (2006) proposed an equivalent heuristic of rule 0.20 for octile
skew where we should consider transformation if the value is outside the range
[—0.2, 0.2]. The value of the octile skew is evident in situations where a small
number of observations result in a skewness greater than 1.0, but the issue here will
be that the decision to transform the entire distribution is based on a few outliers.
The same dataset may have an octile skew less than 0.2 which would mean the
small number of larger values is insufficient to ruin the symmetry of the overall
distribution so a transformation may not be recommended. In this situation the
decision to transform depends on what part of the distribution is being modelled or
of interest, the overall distribution or a few outliers. A decision matrix on whether
to transform or not is presented in Table 2.5 based on the values of the skewness and
octile skew.

2.4 Graphical Summaries of Soil Data

Like numerical summaries, how we graphically summarise data depends on the
measurement scale. The advantage of graphical summaries is that we can view the
shape of the entire distribution unlike summary statistics which describe one feature
only, i.e. the typical value or the variation in the data.

2.4.1 Categorical Data

The figure below presents the frequency table from Table 2.1 as a bar plot where the
y-axis is the frequency and the x-axis is the different silica classes. We clearly see
the range of classes and their associated frequencies, and identify the most sampled
class, Siliceous Lower (SicL) (Fig. 2.4).
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Fig. 2.4 Bar plot of
frequencies within each silica
class

40-

30-

Frequency

IntL Intu Mafc slcL SicM
Silica Class

2.4.2 Numerical Data

The most common type of graphical summaries for numerical data is boxplots and
histograms which have advantages and disadvantages depending on the situation
which will be elaborated on further in the following sections.

2.4.2.1 Histogram

A histogram is essentially a bar plot of frequencies where frequencies are the
number of observations within a range of values, called bins. In the figures below
(Fig. 2.5), we present histograms of clay content where the bin size was 6%.
Considering the histograms in terms of the summary statistics, we can see that the O—
30 cm layer is positively skewed which is supported by the skewness value of 0.77
(Table 2.4), whereas the distribution for the 60-90 cm layer is quite symmetrical
(skewness = —0.03 from Table 2.4). When comparing the distribution for EC
(Fig. 2.3) and clay for the 0-30 cm layer, it can be seen that the positive skew
for clay is weak compared to the EC which has a skewness of 4.04 (Table 2.4).

An issue with using histograms is the size of the dataset which is best illustrated
by examining histograms for each silica class (Fig. 2.6). The number of observations
within each silica class where clay content was measured ranged between 3 and
29. As shown by the histograms, when the number of observations is small, they
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Fig. 2.5 Histograms of clay content (%) for 0-30 cm layer (left) and 60-90 cm layer (right)

are not particularly useful; this is especially clear for the intermediate lower and
intermediate upper silica classes. Clearly, alternative approaches are needed when
the dataset size is small.

2.4.2.2 Boxplots

Below boxplots are presented for the clay content (Fig. 2.7). They have a number of
key features:

— The width of the box is determined by the 1st (Q;) and 3rd quartiles (Q3).

— The line down the middle is the median.

— The length of the whiskers is determined by the largest or smallest observation
that falls within the bounds determined by [Q;—1.5IQR] and [Q3 + 1.5IQR)].

— Observations outside the bounds of [Q;—1.5IQR] and [Q3 + 1.5IQR] are
identified as outliers and plotted individually.

Boxplots do provide less information about the distribution of a variable than
histograms. For example, the boxplot for the 60-90 cm layer does show approxi-
mately equal whisker lengths which indicates a symmetrical distribution but not the
actual shape as shown by the histogram (Fig. 2.5). One useful feature is that boxplots
automatically identify outliers which can be examined more closely. However, since
a boxplot provides less information than a histogram, it is recommended that when
sufficient data is available, a histogram is used. For smaller datasets, a boxplot
should be used which is illustrated by comparing the histograms of clay for each
class (Fig. 2.6) with boxplots of clay for each silica class (Fig. 2.8). Key features
of the distribution such as symmetry are easier to determine for the boxplots as
compared to the histograms.
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Fig. 2.8 Boxplots of clay content (%) for 0-30 cm layer and (left) 60-90 cm layer (right) for each
silica class

It should be noted that for the intermediate lower and intermediate upper silica
classes the number of observations is three or less, and in these cases, it would
probably be wisest to plot the raw data if a graphical summary was required.

As we have discussed, the wisest choice of graphical summary is largely
determined by the dataset size. While these are only guidelines, some heuristic rules
could be:

— 1-5 observations: Plot raw data.
— 6-20 observations: Use a boxplot.
— 20+ observations: Use a histogram.

2.5 Concluding Remarks

We have presented different measurement scales of observations and focused on
statistics and graphical methods to describe such data with a focus on categorical
and continuous data. In the case of categorical data the choices are limited but this
is not the case for continuous data. In this case, the type of numerical summary of the
data depends on how skewed the data is; for symmetrical distributions, the classical
measures, mean and variance, are best, but when the data is skewed, other measures
are more useful such as the median and interquartile range. A decision matrix was
presented based on the skewness and octile skew to determine whether the data
should be transformed to make the distribution symmetrical (Table 2.5). Finally, we
presented two common graphical summaries, the boxplot and histogram, the choice
of which to use is largely determined by the dataset size.
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Chapter 3
Statistical Distributions of Soil Properties

Alex. B. McBratney, Budiman Minasny, Irina Mikheeva, Melissa Moyce,
and Thomas F. A. Bishop

“The true logic of this world is in the calculus of probabilities.”

James Clerk Maxwell

3.1 Statistical Distributions

A basic idea concerning collections of soil observations is to obtain statistical
parameters from the data distribution. In soil, we recognise two kinds of statistical
distributions relating to discrete or continuous random variables.

3.1.1 Discrete Distributions

To understand distributions of discrete random variables, we consider the Bernoulli
trials process, named after the Swiss mathematician James Bernoulli. It is one of
the simplest yet most important random processes in probability. Essentially, the
process is the mathematical abstraction of coin tossing, but because of its wide
applicability, it is usually stated in terms of a sequence of generic trials that satisfy
the following assumptions:
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. Each trial has two possible outcomes, generically called success and failure.

. The trials are independent. Intuitively, the outcome of one trial has no influence
over the outcome of another trial.

3. On each trial, the probability of success is p and the probability of failure is 1 — p.

N —

Mathematically, we can describe the Bernoulli trials process with a sequence of
indicator random variables:

I, I, ...

An indicator variable is a random variable that takes only the values 1 and O,
which in this setting denote success and failure, respectively. The jth indicator
variable simply records the outcome of trial j. Thus, the indicator variables are
independent and have the same density function:

P(;=1)=p.P(;=0)=(1-p)

Thus, the Bernoulli trials process is characterised by a single parameter p.
The mean and variance of a generic indicator variable I with P(I = 1) = p are

E(l)=p
var(l) = p (1 —p)

Putting this now in a soil science context, we are interested in surveying an area
at random to discover the proportion of a certain important soil class, for say wine
production, the Terra Rossa, or the sites of soil contamination, say where total Pb
>300 mg/kg, or some other particular soil feature. We do this by taking points at
random within the region of interest by generating uniformly distributed random co-
ordinates (X,y) in northings and eastings. (Alternatively we could make observations
systematically, if we really believe the soil is distributed randomly.) If we observe
the soil of interest, we can call this a successful soil observation and we record 1;
if not we record 0. In this case the total number of soil observations is equal to the
number of trials.

Recalling that the number of subsets of size k from a set of size n is given by the
binomial coefficient:

C(n, k) =n!/[k! (n—k)!]

The discrete random variable X,,, the number of successful soil observations in
the first n observations, has the binomial distribution:

P(X, =k) = C(n, k) p*(1 —p)"Mork=0,1,....n.


http://www.math.uah.edu/stat/prob/prob3.html
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with parameters n and p and mean and variance

E(I)=np
var(l) = np (1 —p)

The discrete random variable Yj, the number of observations needed for k
successful soil observations, has the negative binomial distribution:

PYi=n=Ch—-1k=1)p1=p) " forn=kk+1,k+2,...

with two parameters, the number of successful soil observations k and the success
probability p. Its mean and variance are

E(Yy) =k/p
var (Y;) = k(1 —p) /p*

The binomial and negative binomial sequences are inverse to each other in the
sense that

X, > k if and only if ¥, < n.

The discrete random variable Y, is the number of observations needed to get the
first success, which has the geometric distribution:

P(Y=n)=p(l—p)" orn=1,2,...,
with parameter p and with mean and variance

E(Y)=1/p.
var(Y) = k(1 —p) /p*.

So we can see that this is a special case of the negative binomial distribution with
k=1.

So, for example, if the conditions of a Bernoulli trial are met and if, in reality,
the proportion p of an area being Terra Rossa is 0.1 (10 %) and we make 100 soil
observations, then we can expect that the number of successful of soil observations
will be 10 with a variance of 11.1. The number of observations expected to find the
first successful soil observation is 1/0.1 = 10 with variance of 90. If we need to find
20 successful soil observations, then we can expect to make 200 observations with
a variance of 1,800.

In soil survey we would generally be interested in all the classes observed. Let us
say for any soil observation there are k possible classes, then we have a multinomial
trials process, a sequence of independent, identically distributed random variables:
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U17U2,~-'a

each taking k possible values. Thus, the multinomial trials process is a simple
generalisation of the Bernoulli trials process (which corresponds to k = 2). For
simplicity, we will denote the outcomes by the integers 1, 2, ..., k, (N.B. this is a
form of coding only and no metric is associated with these integers). Thus, we will
denote the common density function of the observation variables by

pi=P(U; =) fori=1,2,....k (and for any j).

Of course p; >0 foreachiand py +p, + -+ pr = 1.

As with our discussion of the binomial distribution, we are interested in the
variables that count the number of times each outcome occurred. Thus, let Z; as
the number of times in which outcome 1 occurs, Z, as the number of times in which
outcome 2 occurs, etc.

Note that

L+Z2y+ -+ 2 =n,
so if we know the values of k — 1 of the counting variables, we can find the value of

the remaining counting variable. As with any counting variable, we can express Z;
as a sum of indicator variables:

Zi =1y +1p+---+ 1, where I = 1if U; =i and I;; = 0 otherwise.
Recalling the definition of the multinomial coefficient

C (n;j1,j2, - 5Jx) = n!/ (1Y2!---ji!) for positive integers ji, jz, . . ., jiwith
Jitp+t-+ji=n

For positive integers ji, jz, ..., jx Withji + j» + - +jr =n

. . . .. N 22 i
P(Zi=j1.Zo=jo.... 2 =jx) = C(ij1jos- - JO) DL P> - D

The distribution of (Z;, Z,, ..., Z;) is called the multinomial distribution with
parameters n and py, pa, ..., px and mean and variance

E(Z;) = np;
var (Z;) = np; (1 — p))

which we can see is a generalisation of the binomial result. Even though the events
are independent, there is a correlation between the number of observed classes
because the sum is constrained to be n, thus the covariance and correlation for
distinct i and j
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cov (Z:,Z) = —n pip;.

1/2
cor (Z.2) = —{pipy/ [(1 —p) (1 — )]}

These kinds of results are not extensively used in the soil science literature,
perhaps because we are more interested in how good our estimates of the various p;
are.

Discrete distributions such as the negative binomial (also known as the Pascal
or Polya distributions) and the Poisson distribution have been used to describe the
spatial pattern of viable weed seeds in soil (Mulugeta and Stoltenberg 1997), root
contact points on horizontal plane sections (Wulfsohn et al. 1996) and the degree
of clumping of calcium phosphate particles (Kirk and Nye 1986). These are really
examples of spatial point processes.

3.1.2 Continuous Distributions

Collections of interval and ratio-scaled variables can be described by various
continuous probability distributions; the most commonly known is the normal
or Gaussian distribution. Whether this is the most common for soil variables is
questionable. Many soil variables show distinctly long-tailed or positively skewed
distributions. These are often modelled by the lognormal distribution, but there is
a range of other possibilities that are rarely investigated. So it is worthwhile here
to elaborate some of the more common continuous distributions, realising that we
cannot be exhaustive because there are hundreds of them. The main ones are given
in Evans et al. (2000), and we only present a small subset of those here.

3.1.2.1 Normal or Gaussian Distribution

The normal distribution was originally developed as an approximation to the
binomial distribution when the number of trials is large and the Bernoulli probability
pisnotclose to O or 1 (Evans et al. 2000). Parameters are estimated either using the
maximum likelihood method or using an unbiased estimator. Just as in the case
of discrete distributions, a nonnegative function can often be scaled to produce a
probability density function (PDF).

The normal PDF is (Fig. 3.1)

2
o(20)"/ exp (—_(ngzﬂ) )

The normal distribution has been used in soil science to describe many soil prop-
erties, including penetrometer resistance and spatial bulk density variability (Utset
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Fig. 3.1 The probability density function of the normal distribution

and Cid 2001). These examples represent the tendency of the spatial variability of
static soil physical properties to follow normal probability distributions. However,
non-normality is also encountered in soil properties. One strategy to make non-
normal data resemble normal data is by using a transformation. There is no dearth
of transformations in statistics; the issue is which one to select for the situation at
hand. Unfortunately, the choice of the ‘best’ transformation is generally not obvious.

This was recognised in 1964 by G.E.P. Box and D.R. Cox, who proposed a useful
family of power transformations. These transformations are defined only for positive
data values. This should not pose any problem because a constant can always be
added if the set of observations contains one or more negative values.

The Box-Cox power transformations are given by

2y =20 520
x(A)=Inx) A=0

Given the vector of data observations X = xy, x3, ...X,, one way to select the power
A is to find the A that maximises the logarithm of the likelihood function:

n — 2 x
f(x,A) = —gln [ZM} + (A - I)Zlnxi

n
i—1 i=1
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where
_ 1<
*(H) ==Y 5 ()
i=1

is the arithmetic mean of the transformed data.

Another type of transformation includes the Johnson system, which involves
three main transformations: LN, lognormal; SB, log ratio; and SU, hyperbolic
arcsine (Carsel and Parrish 1988). Examples of properties where a log transform
produced normally distributed data include studies of soil hydraulic properties
(Russo and Bouton 1992), soil nutrient content (Wade et al. 1996) and trace metal
soil concentrations (Markus and McBratney 1996).

3.1.2.2 Logistic Distribution

The logistic distribution is used as a model for growth and can also be used in
a certain type of regression known as logistic regression. This distribution has a
similar shape to the normal distribution but has heavier tails.

The PDF of the standard logistic distribution (Fig. 3.2) is given by

co[2]

b(1 + exp {£52})°

, —00 <X <00

Parameters of this distribution can be estimated using the maximum likelihood
method.

The logistic distribution can sometimes be used as a substitute for a normal
distribution. The logistic distribution has been used to predict the soil water retention
based on the particle-size distribution of Swedish soil (Rajkai et al. 1996).

3.1.2.3 Uniform (Rectangular) Continuous Distribution

Although the continuous uniform distribution is one of the simplest of all probability
distributions, it is very important because of its role in simulating other probability
distributions. This is the distribution taken by uniform random numbers. Every value
in the range of the distribution is equally likely to occur (Evans et al. 2000). It is
appropriate for representing the distribution of round-off errors in values tabulated
to a particular number of decimal places (Siergist 2001).
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Fig. 3.2 Probability density function of the standard logistic distribution

The PDF for a continuous uniform distribution on the interval [a, b] is

0 forx <a
bLforafxfb
—d

0 forx > b

Since the density function is constant, the mode is not meaningful.

The uniform distribution has been used in soil science as a basic tool for simu-
lating other probability distributions because the uniform distribution corresponds
to picking a point at random from an interval, for example, selection of random
locations when designing sampling schemes.

3.1.2.4 Lognormal Distribution

The lognormal distribution is applicable to random variables that are constrained by
zero but have a few very large values. The resulting distribution is asymmetrical and
positively skewed.

Parameters are estimated by transformation to the maximum likelihood estima-
tors of the normal distribution. A random variable x has the lognormal distribution
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Fig. 3.3 The probability density function of the lognormal distribution

with the location parameter u € R and scale parameter ¢ > 0. The PDF of the
lognormal distribution (Fig. 3.3) is given by

exp —(log (x/ 1))
xo (27)'/? 202

Soils frequently show a lognormal distribution of particle sizes so that a graph
of a function versus the logarithm of particle diameters appears to be normally
distributed. The lognormal distribution has been used to develop soil water retention
models, which assume a lognormal pore-size distribution (Kosugi 1996).

The lognormal distribution has also been used to describe soil organic carbon
concentrations in topsoil (McGrath and Zhang 2003; Van Meirvenne et al. 1996).

Mikheeva (2001, 2005b) considered the PDFs of several soil properties of
chestnut soils (Russian classification) of Kulunda steppe in Western Siberia. The
lognormal distribution was used to model the humus content of nondeflated
(unaffected by wind erosion), cohesive sand in the A, horizon of chestnut soils.
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Fig. 3.4 The proability density function of the inverse Gaussian distribution

3.1.2.5 Inverse Gaussian (Wald) Distribution

The inverse Gaussian distribution has applications in the study of diffusion pro-

cesses and as a lifetime distribution model (Evans et al. 2000). This distribution

may be appropriate when one wishes to admit some extreme values to the data.
The inverse Gaussian distribution has a PDF (Fig. 3.4) given by

(1) () exp (M)

2u2x

The inverse Gaussian distribution is used in transfer function modelling of solute
transport (Jury 1982; Jury and Sposito 1985; Jury et al. 1986). Jury (1982) measured
the distribution of solute travel times from the soil surface to a reference depth. Jury
demonstrated that this distribution function can be used to simulate the average
solute concentrations at any depth and time for arbitrary solute inputs or water
application variability and that the model can be used to predict the probability of
extremely long or short travel times for a mobile chemical.
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Fig. 3.5 The probability density function of the gamma distribution

3.1.2.6 Gamma Distribution

Before we can study the gamma distribution, we need to introduce the gamma
function, a special function whose values play the role of the normalising constants
(Siergist 2001). The gamma function is defined as follows:

I'(c) = /oo exp (—u) u'du

0

The function is well defined, that is, the integral converges for any ¢ > 0. On the
other hand, the integral diverges to oo for ¢ < 0.
The PDF (Fig. 3.5) is given by

(x/b) " [exp (—x/b)] /T (c)

where I'(c) is the gamma function with argument c.

The gamma distribution includes the chi-squared, Erlang and exponential distri-
butions as special cases, but the shape parameter of the gamma is not confined to
integer values. The gamma distribution starts at the origin and has a flexible shape.
The gamma distribution is commonly used to model continuous variables that are
always positive and have skewed distributions. The parameters are easy to estimate
by matching moments (Evans et al. 2000).
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Russell (19764, b, c) studied particle-size distribution characterisation and tested
the incomplete gamma function as a descriptor for granite disintegration. He found
that the function was able to describe the size distribution of the disintegration
products from a hot semiarid environment reasonably well. Some consider the
gamma distribution to be the most general mathematically convenient model for
size distributions of particle types (Petty and Huang 2011).

3.1.2.7 Exponential Distribution

The exponential distribution is a distribution of the time to an event when the
probability of the event occurring in the next small time interval does not vary
through time. It is also the distribution of the time between events when the number
of events in any time interval has a Poisson distribution (Forbes et al. 2010). It is a
particular case of the gamma distribution.

The PDF of an exponential distribution (Fig. 3.6) is

(1/b) exp (—x/b) = Aexp (—Ax)

Mikheeva (2005b) identified the PDFs of several soil properties of chestnut soils
(Russian classification) of Kulunda steppe in Western Siberia to be exponential. A
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Fig. 3.6 The probability density function of the exponential distribution
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variation of the exponential distribution (double exponential distribution) reflected
the contents of soil organic matter in fine-loamy sandy chestnut soils.

3.1.2.8 Weibull Distribution

The Weibull distribution is commonly used as a lifetime distribution in reliability
applications. It is a versatile distribution and can take on the characteristics of
other statistical distributions. The two-parameter Weibull distribution can represent
decreasing, constant or increasing failure rates. These correspond to the three
sections of the ‘bathtub curve’ of reliability, referred to also as ‘burn-in’, ‘random’
and ‘wearout’ phases of life (Forbes et al. 2010). The bi-Weibull distribution can
represent combinations of two such phases of life (Evans et al. 2000). Parameters
are estimated by the method of maximum likelihood.

For strictly positive values of the shape parameter § and the scale parameter 7,
the PDF (Fig. 3.7) is given by

(B /) exp [—(x/n) |
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Fig. 3.7 The probability density function of the Weibull distribution
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The Weibull distribution can be used to model the distribution of soil moisture
deficit and critical soil moisture deficit (Mukherjee and Kottegoda 1992). The
Weibull distribution has also been used to study the distribution of radioactive
pollutants in soil (Dahm et al. 2002). This is due to its ability to describe a ‘snapshot’
of the distribution to describe and explain the depth profiles in relatively simple
empirical terms. Dahm et al. (2002) used the Weibull distribution to extrapolate the
total amount of a radioactive pollutant and then used this data to describe its vertical
distribution.

The Weibull cumulative distribution function has also been used to describe
soil texture and airborne dust particle-size distributions (Zobeck et al. 1999). The
function has a physical basis and is able to describe fragmentation distributions.
Weibull distribution is appropriate to describe the airborne soil grains because ‘the
breakup of a single particle into finer particles’, is the physical basis of the Weibull,
as described by Brown and Wohletz (1995).

3.1.2.9 Extreme-Value (Gumbel) Distribution

The Gumbel distribution is used to model extreme events. It is also known as
the log-Weibull distribution because its variates correspond to the logarithmic
transformations of Weibull extreme-value variates.

The Gumbel distribution is appropriate for modelling strength. It may also be
appropriate for modelling the life of products that experience very quick wear-out
after reaching a certain age. The distribution of logarithms of times can often be
modelled with the Gumbel distribution (in addition to the more common lognormal
distribution) (Meeker and Escobar 1998).

It has a PDF

(1/b) exp [— (x —a) /b] xexp {—exp [= (x — a) /b]}

The extreme-value distribution can be used when seeking the extreme values of
a variable that may occur within a given probability or return period. The extreme-
value distribution has been used to model the drainage arising from excess winter
precipitation (Rose 1991). In this study, the distribution was used to describe the
variability of winter leaching, likely because it can be used successfully as an
empirical climatological summary (Rose 1991). It has also been used to estimate
rainfall event recurrence, because of its ability to capture the non-normality of
recurrence frequencies of hydrologic and associated surface erosion phenomena
encountered in semiarid areas (Mannaerts and Gabriels 2000).

In the Mikheeva (2001, 2005a, b) studies, the maximum value distribution was
used to model organic matter content in protected coarse-loamy sand and protected
sandy loam in the A horizon of chestnut soils.
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Pareto Distribution PDF

2.0

1.5

Probability
5
|

o
()]
|

0.0

T T T T T
1 2 3 4 5

Possible values of x

Fig. 3.8 The probability density function of the Pareto distribution

3.1.2.10 Pareto Distribution

The Pareto distribution is often used to model the tails of another distribution
because it provides a good fit to extremes of complicated data. It is a power-law
probability distribution, meaning that it represents a functional relationship between
two quantities where a relative change in one quantity results in a proportional
relative change in the other quantity, independent of the initial size of those
quantities (Clauset et al. 2009). It can occur in an extraordinarily diverse range of
phenomena.
Maximum likelihood estimates of the parameters are

A = minux;

1/C = (1/n) i log (xi/A)
The PDF (Fig. 3.8) is given by

Cac/x6'+1

Because it is a power-law relationship, it is related to much of the work on fractal
soil geometry (Pachepsky et al. 1999). Perfect et al. (1993) fitted the tensile strength
of soil aggregates by a Pareto distribution, the parameters of which determined
the probability of failure of the largest aggregate and the rate of change in scale
dependency.
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The high-value tails of the sizes and size-grade distributions for sets of mineral
deposits often can be modelled as Pareto distributions plotting as straight lines
on log-log paper suggesting a multifractal model for size-grade distributions
(Agterberg 1995). Because of the relationship between soil and underlying rocks,
we might speculate that the distribution of areas of polygons of a particular soil
class on soil maps might also show Pareto distributions.

3.1.2.11 Su-Johnson Distribution

The Su-Johnson distribution represents one of the four types of Johnson distri-
butions. ‘Su’ refers to the unbounded Johnson distribution. It is a four-parameter
family of probability distributions, proposed as a transformation of the normal
distribution.

Overall, the PDF of a Johnson distribution is unimodal with a single ‘peak’
(i.e. a global maximum), though its overall shape (its height, its spread and
its concentration near the y-axis) is completely determined by the values of its
arguments. Additionally, the tails of the PDF are ‘thin’ in the sense that the PDF
decreases exponentially rather than decreasing algebraically for large values of x
(Wolfram 2010).

The PDF (Fig. 3.9) is given by

) 1
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Fig. 3.9 The probability density function of the Su-Johnson distribution
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Johnson distributions can be applied to a wide range of possibly non-normal
probability distributions via a series of simple transformations that are all easily
computable. Because of its flexibility, the family of Johnson distributions has been
used to analyse real-world datasets across a number of fields including atmospheric
chemistry, biomedical engineering and material science.

In the Mikheeva (2001, 2005a, b) study, the Su-Johnson distribution was used
to accurately describe the contents of humus (soil organic matter) in a number of
chestnut soil varieties including coarse-loamy sandy, sandy loamy, loamy, coherent
sandy and coarse-loamy sandy.

3.1.2.12 Cauchy Distribution

The Cauchy distribution, also called the Lorentzian distribution or Lorentz distribu-
tion, is a continuous distribution describing resonance behaviour. It also describes
the distribution of horizontal distances at which a line segment tilted at a random
angle cuts the x-axis (Weisstein 1995).

The Cauchy distribution is unimodal and symmetric, with much heavier tails than
the normal. The PDF is symmetric about a, with upper and lower quartiles a & b
(Forbes et al. 2010). Additionally, the tails of the PDF are ‘fat’ in the sense that the
PDF decreases algebraically rather than decreasing exponentially for large values
of x.

The probability density function (Fig. 3.10) is given by

Kl

The Cauchy distribution has a number of applications across a variety of fields
of study. It has been used to model a number of phenomena in areas such as risk
analysis, mechanical and electrical theory and physical anthropology.

3.1.2.13 Nakagami Distribution

The Nakagami distribution represents a continuous statistical distribution supported
on the interval (0, oo) and parameterised by positive real numbers, a ‘shape
parameter’ and a ‘spread parameter’, which together determine the overall behavior
of its PDF. Depending on the values of its two parameters, the PDF of a Nakagami
distribution may have any number of shapes, including unimodal with a single
‘peak’ (i.e. a global maximum) or monotone decreasing with potential singularities
approaching the lower boundary of its domain. In addition, the tails of the PDF
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Fig. 3.10 The probability density function of the Cauchy distribution
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Fig. 3.11 The probability density function of the Nakagami distribution

are ‘thin’ in the sense that the PDF decreases exponentially rather than decreasing

algebraically for large values of x (Wolfram 2010).
The PDF (Fig. 3.11) is given by
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The Nakagami distribution was first proposed as a mathematical model for
small-scale fading in long-distance high-frequency radio wave propagation. Many
applications of the distribution have been wave related, and it has been used to model
phenomena related to meteorology, hydrology and seismology (Wolfram 2010).

In the Mikheeva (2001, 2005a, b) studies, the Nakagami distribution was used
to model organic matter content in protected fine-loamy sand in the A, horizon of
chestnut soils.

3.1.3 Directional Variables

When considering data distributions, one may encounter observations based on
angular displacements and orientations. Their analyses, however, require special
attention since the methods advocated for usual linear data are not only often
misleading but also not applicable to such directional data. Data of this kind are
called directional data (Mardia 1972).

The directions are regarded as points on the circumference of a circle in two
dimensions or on the surface of a sphere in three dimensions. In general, directions
may be visualised as points on the surface of a hypersphere, but observed directions
are obviously angular measurements (Mardia 1972).

Describing and analysing such data statistically present interesting problems. The
problem is that there is no natural ‘starting point’ for measuring directions; any
direction can be chosen, arbitrarily, as the ‘baseline’. It is also completely arbitrary
as to whether to work clockwise or anticlockwise, up or down. However, this can be
overcome by representing the directions as vectors (Fisher 1993).

3.1.3.1 Circular Distributions

The von Mises distribution is a ‘natural’ distribution for circular attributes such
as angles, time of day, day of year, phase of the moon, etc. It has certain
characterisations analogous to those of the linear normal distribution (Evans et al.
2000). The von Mises distribution M(a, b) has a mean direction a and concentration
parameter b. For small b it tends to a uniform distribution, and for large b it tends to
a normal distribution with variance 1/b.

A continuous distribution defined on the range x € [0, 277) with PDF

eb cos(x—a)

P(X)ZTO(I))’

(3.1

where Iy(x) is a modified Bessel function of the first kind of order 0 and distribution
function
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>, Li(b) sin[j (x — a)] a2
! , .

1

which cannot be done in closed form. Here, a € [0, 27) is the mean direction and
b > 0 is a concentration parameter. The von Mises distribution is the circular
analogue of the normal distribution on a line.

The mean is

n=a 3.3)
and the circular variance is
L,(b
ot=1- (). (3.4
Iy(D)

The von Mises distribution (Fig. 3.12) has been described as a natural choice of
model in theory and, at the same time, a difficult model to handle in practice.

The von Mises distribution is most commonly seen in soil science to describe
soil fabric patterns. When analysing any complex, multicomponent fabric pattern,
one must be able to recognise the multicomponent individuals and their geometrical
relationships towards adjacent individuals. Those relationships can then be consid-
ered as directional data. Murphy et al. (1977) studied voids in soil thin sections
and modelled the orientation of components and their discrimination according to
shape. Crack segments, analysed by their length and direction, are an example of
a naturally directional distribution. The von Mises distribution can then be used to
test for isotoropy or uniformity of direction.

Density of vonMises Distribution (mu= =, k=10)

Fig. 3.12 Density of the von Mises distribution
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Directional data which follows a circular distribution can be presented in a rose
diagram, which can be thought of as a ‘circular histogram’. This technique was
used by FitzPatrick (1975) to describe stone orientation patterns in soils of north-
east Scotland. It was concluded that the pattern of the orientation suggested frost
heaving. In this particular study, FitzPatrick considered the data in two dimensions —
the orientation of the stones in relation to slope. However, if the author had
wanted to incorporate the dipping angle, this data could also be considered in three
dimensions. To incorporate the additional dimension, one would have to consider a
spherical distribution.

3.1.3.2 Spherical Distributions

The two most commonly described vector distributions are exact analogues of the
scalar uniform and normal distributions. On the unit sphere, a uniform distribution
can be viewed as a completely random shotgun pattern over the entire sphere
surface. Any single vector direction has an equal likelihood of occurrence. The
spherical analogue of the normal distribution is called Fisher’s distribution (Bing-
ham 1974).

Any vector can be represented by a point P on the surface of a unit sphere of

centre O, (i)) being the directed line; any axis can be represented by a pair of points,
Q, P at opposite ends of a diameter QOP of the sphere, or equivalently by a point P
on a unit hemisphere. Two quantities are required to define a point P on the sphere
or hemisphere and hence a spherical measurement, whether vectorial or axial.

If we assume that the distribution is symmetrically distributed about its mean
direction, the direction of the resultant of the sample unit vectors is a natural estimate
of the mean direction, and, provided that the sample size is not too small, we can get
an adequate estimate of the error of the sample mean direction by a simple procedure
(Fisher et al. 1987). On the other hand, if a probability distribution such as the
Fisher distribution can be fitted satisfactorily to the data, we are in effect assuming
additional information and so can get an improved estimate of the error in the sample
mean direction. The principal exploratory tool is to look at the eigenvalues of the
orientation matrix.

Three-dimensional directional data relate particularly to soil mechanical pro-
cesses. For example, Lafeber (1965) described the spatial orientation of planar pore
patterns in soils, explaining that these patterns were an expression of the deposi-
tional and/or stress-strain history of the particular soil. Another example related
to soil mechanical processes was described by Knight (1979) who studied gilgai
mircrorelief in the Australian state of Victoria. Knight studied both two-dimensional
crack patterns on vertical sections and three-dimensional measurements on mono-
liths. The author used these measurements to propose that differences between
lateral and vertical stresses due to swelling pressures and overburden loads are
sufficient to cause small, inclined shear displacements, which cause the gilgai
microrelief.
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There is not extensive formal analysis of such data, but recent work by van
Dusschoten et al. (2016) has analysed the three-dimensional directional data of plant
root growth in soil using magnetic resonance imaging. In order to do this, the authors
developed a data analysis tool that computed root traits from MRI-acquired images.
The study found that the angular projection maps of root mass densities, root length
densities and root tip densities showed similar distribution patterns for those traits
and that the depth distribution of root mass, root length and number of root tips also
matched rather well.

3.2 Displaying Distributions

It needs to be recognised that pedometrics studies two kinds of distribution:

» Distribution of a soil property over an area, e.g. distribution of organic matter
content of a farm

¢ Distribution of a property within an individual soil sample, e.g. the particle-size
distribution of a soil sample taken from a field

There are various ways of displaying distributions; the most basic is a histogram.
A kernel density plot is a non-parametric estimate of the PDF of a variable. Figure
3.13 shows the soil production rate (Chap. 19) from a global dataset as measured by
two different methods.

Figure 3.14 shows some alternative of displaying the distribution, including the
box plot and violin plot. A violin plot is a box plot with a rotated kernel density plot
on each side.
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Fig. 3.13 Global soil production rates determined from chemical weathering studies and from
terrestrial cosmogenic nuclides (TCN), displayed using a histogram and probability density plot.
Note that the values are in logarithmic scale
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Fig. 3.14 Global soil production rates determined from chemical weathering studies and from
terrestrial cosmogenic nuclides (TCN), displayed using the box plot and violin plot. Note that the
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3.3 Statistical Distributions of Continuous Soil Properties
for Soil Genesis

In Russian studies of soil geography, statistical distributions have been used as a
tool for modelling temporal change and soil evolution. In this section, we illustrate
the use of statistical distribution as a tool to characterise evolutionary change in soil
properties.

3.3.1 Changes in Spatial Variability of Soil Properties Under
Anthropogenic Impact

Statistical distributions of soil properties under anthropogenic and natural processes
have long been discussed in Russian literature. Vauclin reasoned that the normal
distribution is inherent to static soil properties, while the lognormal distribution
is typical for dynamic properties. Kozlovskii noted that the spatial differentiation
of the soil evolution processes gives rise to the asymmetry of empirical statistical
distributions for dynamic parameters of soil, in particular, causing the normal
distribution to be lognormal. The authors note that the change in the dispersion
parameter with time can serve as a reliable indicator of soil change.

The statistical analysis of a great body of soil data allowed the development
of a model for the variations of the shape of statistical distribution (Fig. 3.15).
Consider soil process Y which is caused by environmental conditions which are
either natural or anthropogenic and results in the quantitative increase of soil
property X, whose initial distribution had a small dispersion (Fig. 3.15a). Over
time, the notable increase in dispersion and right asymmetry for variable X(X;, X,
...+X;;) in space (Fig. 3.15b) indicate that several values which substantially exceed
the mode correspond to the areas that are susceptible to the given environmental
change. At the same time, most of variable X retain moderate values; hence, the
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Fig. 3.15 Stages of changes
in the statistical distribution
of soil properties; (inf) is the
least possible limit of the
variability of a property in a
specific soil; (sup) is the
highest possible limit of the
variability of a property in a
specific soil; (M) is the mean
value of a property; for (a—e)
explanations in text

inf M  sup

corresponding areas are tolerant to the environmental influence. Thus, the right
asymmetry of statistical distribution suggests a weak dispersion or the beginning
stages of process Y on the area. Under constant environmental conditions responsi-
ble for the development of the process Y, the asymmetry of statistical distribution of
X decreases, and the distribution becomes more symmetrical with higher dispersion
(Fig. 3.15¢).

A large decrease in the distribution tail can result in the split of the distribution
curve (dotted line, Fig. 3.15¢), which indicates heterogenisation. In other cases,
further development of the process Y can result in the left asymmetry of statistical
distribution of parameter X (Fig. 3.15d), which suggests the approaching of the
limiting spatial distribution of the process. Here, the upper boundary of variability
reaches its limit, which is determined by the nature of soil properties, and most
of values are grouped around the mode in the upper part of the variation interval.
Further development of the process results in decreasing scattering of values, and
the shape of distribution becomes more symmetrical (Fig. 3.15e), which suggests
the completion of the process on the area and its homogenisation in relation to a
given property. Considering the process resulting in the quantitative decrease of a
property, one can observe the reverse sequence of changes in statistical distribution
(Fig. 3.15e-3.15a). Certain ratios of conditions, factors and internal properties of
soil systems, the existence of straight lines and feedback create quasi-equilibrium
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Fig. 3.16 Theoretical stages of changes in the statistical distribution of soil properties; inf is the
least possible limit of the variability of a property in a specific soil; sup is the highest possible limit
of the variability of a property in a specific soil; M is the mean value of the property

states which define the real limits of variation of soil properties (min — max) which
do not coincide with their potential limits (inf — sup).

Stages of transformations of soil probability density functions during soil
evolution are shown in Fig. 3.15 in the case where the potential limits of variation of
a soil property are close to their real limits. In the case where the potential limits of
variation are far from the real limits, the stages of change of the shape of statistical
distribution can go on several paths (Fig. 3.16a—i) according to the recurrence of
environmental change.

The actual statistical distributions of soil properties can correspond to any of
the patterns presented in Fig. 3.15 or an intermediate one, depending on the devel-
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opment of the processes responsible for these properties and on the soil-forming
factors governing these processes. The multiplicity of statistical distributions of soil
properties possesses some regular trends, which can be used for the diagnostics of
the development of natural and anthropogenic processes.

The analysis of the shape of statistical distribution of properties is promising
for characterisation and evaluation of soil transformation, because the shape of
distribution reflects the degree of manifestation of processes responsible for these
properties and can serve as an indicator of the stages of their development and spatial
distribution of soil properties in an area.

3.4 Conclusions

Probability distributions should be studied carefully to gain insight:

. To the correct stastical treatment

. To sampling and measurement methods

. To suggest or explain processes

. To environmental and evolutionary sequences

AW N =

A suite of possible distributions should be considered. It is an area of pedometrics
that requires more detailed attention.
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Chapter 4
Effective Multivariate Description of Soil
and Its Environment

Alex. B. McBratney, Mario Fajardo, Brendan P. Malone,
Thomas F. A. Bishop, Uta Stockmann, and Inakwu O. A. Odeh

«

. nature’s laws are causal; they reveal themselves by
comparison and difference, and they operate at every
multivariate space/time point”.

Edward Tufte

4.1 Introduction

When we wish to characterize soil, it soon becomes very clear that one or two
properties of soil materials, horizons, profiles or pedons will not suffice to give
an adequate description. Soil classification, land capability, soil quality, condition
and health assessments often involve the observation of tens or scores of soil
properties on a single soil entity; e.g. the new soil microbial DNA descriptions
involve hundreds or thousands of attributes. For analysis of such high-dimensional
data, multivariate statistical techniques are most appropriate, particularly ordination
techniques which help to reduce the dimensionality down to a few (typically 2
or 3) which can be graphed simply and the relationships between soil entities, and
between observed soil attributes on those entities, displayed.

Additionally, we are interested in understanding the relationship between the
attributes of soil entities and the environment in which they exist. Univariate
statistical techniques, such as ANOVA, have commonly been used to study the
impact of environmental effects on soil properties (Islam and Weil 2000; Braimoh
2004; Crave and Gascuel-Odoux 1997; McGrath et al. 2001; Latty et al. 2004); they
may not be suitable when a large number of variables is involved. This is because
a separate analysis will be required for different factors. It may therefore be more
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informative and economical to handle the different sets of data all simultaneously
using multivariate ordination techniques (Shaw 2003) to explore the complex
interrelationships among different sets of variables. These multivariate techniques
are powerful tools for investigating and summarizing the underlying trends in
complex data structures (Kenkel et al. 2002) and have been widely, and successfully,
applied in species-environment relationships (Ter Braak 1986, 1987, 1995; Palmer
1993; Graffelman and Tuft 2004; Zhang and Oxley 1994; Dray et al. 2008).
Moreover, these techniques in many cases do not require Gaussian distribution of
data.

There are different ordination techniques, among them are principal compo-
nent analysis (PCA), correspondence analysis (CA), canonical correlation analysis
(COR), canonical correspondence analysis (CCA) and redundancy analysis (RDA).
These techniques are widely used in environmental sciences. While PCA is used for
continuous data, CA is preferred for categorical data. The canonical counterparts of
them (from Greek kavwv pronounced ‘kanon’: rule) are COR and CCA commonly
used when the direct interrelations (the ordination of one set of variables intervenes
in the calculation of the final ordination of the second set) between two sets of
variables are meant to be explored, e.g. environment variables vs soil variables.
RDA can be compared with COR as it differs in the way of relating both sets; RDA
uses linear regressions and COR uses linear correlations (Legendre and Legendre
2012).

In this chapter we will briefly describe each of these methods in terms of the data
they can be used on (e.g. categorical versus continuous) and the information they
can provide. We will illustrate the methods with a soil and environmental dataset
from Australia. Finally, we discuss approaches to analyse compositional data, in
particular particle-size fractions of soil, as when analysing multivariate soil data,
we need to account for its compositional nature.

4.2 Transformations into Multivariate Spaces

4.2.1 Principal Component Analysis

Principal component analysis (PCA) is a procedure for identifying a smaller
number of uncorrelated variables, called ‘principal components’, from a large set
of data. The goal of PCA is to explain the maximum amount of variance with
the fewest number of principal components. Thus, PCA is commonly used in the
earth, ecological and environmental sciences that use large datasets, including soil
science.

PCA has been used as a step to a series of complex analysis that involves
continuous data only. PCA is used to reduce the number of continuous variables
and avoid multicollinearity or when there are too many predictors relative to the
number of observations. Given the wealth of easily accessible data, it is becoming
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more commonly used as preprocessing step for reducing the number of predictors
before performing variable selection in statistical modeling of soil. For example,
Karunaratne et al. (2014) used PCA to reduce the number of potential predictor
variables from 31 to the first 6 principal components in a soil carbon mapping study.
In the case of more complex datasets that could involve a mixture of continuous,
categorical and nominal data, principal coordinate analysis could be used (Rayner
1966). A more detailed description of this type of analysis and similar other
ordination techniques can be found in Sect. 9.3.1.1.

PCA involves some form of linear combinations such that the first component
accounts for as much of the variance as possible and the next component accounts
for as much as of the variance as possible, etc., while the components are
uncorrelated with each other. PCA is a linear method that is appropriate to use when
the data is continuous (Ter Braak and Prentice 1988). As an ordination technique, it
constructs the theoretical variable that minimizes the total residual sum of squares
after fitting straight lines to the sample data (Ter Braak 1995).

PCA relates site data to environmental variables in two steps: (i) a few ordination
axes that summarize the overall variation are extracted, and then (ii) the weighted
sums of the environmental variables that most closely fit each of these ordination
axes are calculated (Ter Braak and Prentice 1988). This two-step approach (ordi-
nation followed by environmental gradient identification) is termed as an indirect
gradient analysis (Ter Braak 1986; Ter Braak and Prentice 1988). A joint analysis
of all environmental variables can be carried out by multiple regression of each
ordination axis on the environmental variables (Eq. 4.1):

q
X =co+ ZC_;'Zij 4.1)
j=1

in which x; is the score of site i on that one ordination axis, z;; denotes the value at
site i of the jth out of g actual environmental variables and c; is the corresponding
regression coefficient.

4.2.2 Correspondence Analysis

Correspondence analysis (CA) is a non-linear counterpart to PCA. As unimodal
response models are more general than monotonic, it is usually appropriate to
start analysing the data using CA and its canonical version (CCA) (Ter Braak and
Prentice 1988; Odeh et al. 1991). As PCA, CA is also an indirect gradient analysis.
CA extracts continuous axes of variation from contingency tables (categorical data)
or continuous data (using discretization), typically interpreted with the help of
external knowledge and data on environmental variables (Ter Braak 1986; Ter Braak
and Prentice 1988). CA is a popular ordination technique in environmental sciences
and especially in ecology (Ter Braak 1986; Kenkel 2006); it uses an efficient
reciprocal weighted averaging algorithm as shown in Eq. 4.2:
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U = Z}’kixi/ Z}’ki 4.2)
i=1 i=1

where yy; is abundance of category k (e.g. species in ecology terms, soil or soil type
in pedology) at site i, x; is the score of site i and ju is the score of category k.

If the gradient length is reduced to less than about 3 SD (standard deviation),
the approximations involved in weighted averaging become worse, and ultimately
the methods yield poor results because most species or soil types are behaving
monotonically over the observed range. In these situations (variation within a
narrow range), the linear ordination methods — PCA or RDA — may be more
appropriate. However, if the community variation is over a wider range, the non-
linear methods such as CA and CCA are better (Ter Braak and Prentice 1988).

4.2.3 Canonical Correlation Analysis

COR is probably the first statistical methodology (Hotelling 1936) that offered a
way to measure the relations between two sets of multiple variables. In pedology,
Webster (1977) used COR to illustrate the well-known interactions between soil and
environment. Intuitively, the method relies on two steps: (1) a principal component
analysis performed to each of the sets of variables (e.g. soil and environment
variables) and (2) a rotation of the principal axes making sure that their correlation
is maximized. Briefly, let p and g be variables that have been measured on every
observation site; thus X are the n x p observed variables (e.g. soil data) and Y
are the nx g observed co-variables (e.g. environmental data), with both being
centred so that their values are deviations from their means. Then S is the variance
covariance matrix partitioned into S;; (p X p), S22 (¢ X q), S12 (p X ¢) and Sy (g X p)

submatrices (with S1; = var-cov(X) and S5, = var-cov(Y) and so on) as follows:
NTR 12:|
4.3)
[521 S

As explained in Legendre and Legendre (2012), canonical correlations are then
obtained by solving the characteristic equation:

|5128%,' S12 = MeSii| = 0 4.4)
and

92187712 — kS| = 0 4.5)
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Then, canonical correlations r; are the square roots of the eigenvalues (Ag = r%).
Once the eigenvalues are obtained, the eigenvectors can be calculated as follows:

(51285 S12 — AiS11) g = 0 (4.6)
and
(Szlsl_llslg — AkSzz) Vi = 0 (47)

Canonical variates (or the new coordinates) are then obtained by multiplying the
respective eigenvectors with the original coordinates:

¢ = Xuy (4.8)
and
d,' = YVk (49)

Finally, we obtain two matrices (n X p for soil variables and n x q for environ-
mental variables) of canonical ordination scores. A more detailed description of this
method can be found in Legendre and Legendre (2012), Webster (1977) and Kendall
and Stuart (1977).

4.2.4 Canonical Correspondence Analysis

Canonical correspondence analysis (CCA) is designed to detect the patterns of
variation in the categorical (or continuous) data that can be explained ‘best’ by
the observed environmental variables. The resulting ordination diagram expresses
not only a pattern of variation in categories composition (species in ecology or soil
types in soil science) but also the main relations between the species and each of
the environmental variables. CCA thus combines aspects of regular ordination with
aspect of regression (Ter Braak 1986, 1995). The difference between CCA and CA
is analogous to the difference between RDA and PCA. CCA is therefore a ‘restricted
correspondence analyses’ in the sense that the site scores are restricted to be linear
combinations of measured environmental variables and thereby maximizes the
dispersion of the categories scores. By incorporating this restriction in the two-way
weighted averaging algorithm of CA, we obtain an algorithm for CCA. The fitted
values of this regression are by definition a linear combination of environmental
variables (Eq. 4.3) (Ter Braak 1995). The eigenvalues in CCA are usually smaller
than those in CA because of the restrictions imposed on the site scores in CCA:

Xi = co + c1z21;i + ¢220i + ...."'+Ciji 4.10)
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where zj; is the value of an environmental variable j at site 7, c; is the weight (not
necessarily positive) belonging to that variable and x; is the value of the resulting
compound environmental variable at site i.

The parameters of the final regression in the iteration process are the best weights,
also called canonical coefficients. The multiple correlations of this regression are
called category-environment correlations (originally species-environment correla-
tions in ecological terms) (Ter Braak 1995).

Each of these correlations is between the site scores that are weighted averages
of the categories scores and the site scores that are a linear combination of the
environmental variables. Thus, the species-environment correlation is a measure of
association between categories and the environment. However, this correlation may
not be the ideal one; an axis with small eigenvalue may have misleadingly high
category-environment correlations. The importance of the association is expressed
well by the eigenvalue, because the eigenvalue measures how much variation in
the categories data is explained by the axis and, hence, by the environmental
variables.

The restriction of CCA becomes less with increasing number of environmental
variables. Ter Braak and Prentice (1988) found CCA to be extremely robust
even when the assumption of unimodal response does not hold. CCA can also
accommodate nominal explanatory variables by defining dummy variables.

In general, the choice between a linear and a non-linear ordination method is
not a matter of personal preferences. Where the gradient is short, there are sound
statistical reasons to use linear methods like PCA and RDA. As the gradient length
increases, linear methods become ineffective; Gaussian methods such as CA and
CCA become more suitable (Ter Braak and Prentice 1988).

4.2.5 Redundancy Analysis

As mentioned previously, RDA is comparable with COR and also can be seen as a
constrained canonical form of PCA because the site scores are linear combinations
of environmental attributes (Ter Braak and Prentice 1988; Odeh et al. 1991; Ter
Braak 1995). In other words, RDA is the technique selecting the linear combinations
of environmental variables that gives the smallest total residual sum of squares.
RDA is thus an intermediate between PCA and separate multiple regression models
for each of the soils, i.e. it is a constrained ordination, but it is also a constrained
form of multiple regression (Ter Braak and Prentice 1988). One of the attractive
features of RDA is that it leads to an ordination diagram that simultaneously displays
(1) the main pattern of soil variation as far as this variation can be explained by
the environmental variables and (2) the main pattern in the correlation coefficients
between the soils and each of the environmental variables.
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4.3 Biplots

4.3.1 Linear Biplots

A useful product of multivariate ordination analysis is the biplot, sometimes referred
to as an ordination diagram. In simple terms, a biplot is characterized by a data
matrix X, a method of ordination or multidimensional scaling or approximation (e.g.
previously mentioned PCA, COR or RDA) and a choice of inter-sample distance
representation (e.g. Euclidean distance and its special case of Pythagorean distance,
Mahalanobis distance, % 2 distance) (Gower and Hand 1996).

The term biplot was first introduced by Gabriel (1971). He originated the PCA
biplots, canonical biplots, and (together with Bradu) the biadditive model diagnostic
biplots (Gower and Hand 1996).

Let us assume that X is a n X p matrix containing numerical information on p
variables for each of n samples. Then, in a classical biplot, the samples are shown
as n points and the variables are shown as p vectors relative to the same axes and
origin. Underlying the classical biplot is the singular value decomposition (SVD)
which is expressed as follows (Gower and Harding 1988):

X = URV @.11)

where U of size n x n and V of size p X p are orthogonal matrices and R is a matrix
with non-negative entries with R; ; =7y, and if i = j, otherwise R;; = 0; further
y1>--- >v,andy; = 0 when > r. Here, r is the rank of X, so usually r = min (n, p).
As discussed in Gower and Harding (1988), the algebraic result of this expression
has been known from about 1880, but its statistical importance resulted from the
work of Eckart and Young (1936). Eckart and Young (1936) showed that the best
least-squares fit of rank s to X can be obtained by replacing R in (Eq. 4.11) by R
in which y; is set to zero for all i > s. Readers are referred to Gower and Harding
(1988) for further details on biplots.

4.3.1.1 Case Study

Let us use the Edgeroi dataset described in McGarry et al. (1989) to illustrate
some of the most common linear biplots. The Edgeroi dataset contains 210 sampled
sites on a systematic, equilateral triangular grid with a spacing of 2.8 km between
sites, plus 131 samples obtained through a different sampling design as shown
in Fig. 4.1. A comprehensive suite of soil properties was obtained for each
of the samples, including exchangeable cations (Ca’t, Mg?*, Na®™ and KT in
mmol kg’l); pH; soil colour (CIElab); sand, slit and clay content (%); carbon
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Fig. 4.1 210 Sampling points obtained for the Edgeroi dataset, employing two different sampling
designs

content (%); and calcium carbonates (%). In addition, a comprehensive suite of
environmental variables is available, including gamma radiometrics (>*2Th, 23U
and “°K), a digital elevation model and its derivatives such as MRVBF (multires-
olution valley bottom flatness), slope, curvature and TWI (terrain wetness index)
and products from satellite imagery (e.g. NDVI (normalized difference vegetation
index)).

The most common dimensional reduction approach is the PCA which is a form
of metric scaling that approximates the distance d;; between the ith and jth samples
defined by

r
dzij = Z (xik - Xjk)z (4.12)
k=1

This is known as Pythagorean distance or often, somewhat misleadingly, as
Euclidean distance.

Figure 4.2 shows a common biplot picturing known linear relations between soil
attributes (e.g. carbon content vs colour lightness and clay vs sand content in bold
arrows).

On the other hand, it is possible to ‘constrain’ these relations between one set
of attributes to another dataset as described in Sect. 4.2.2 (canonical correlation
analysis). Figures 4.3 and 4.4 show examples of how these two sets of variables can
be related.

The immediate effect of the ‘conditioning’ of this new multidimensional space
is evident when comparing Fig. 4.3 with Fig. 4.2, as the linear relations presented
previously even though still present are now somehow modified by the constraining
relations of the landscape dataset.
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Fig. 4.2 PCA biplot. Note that the colour scale represents carbon content, where carbon content
is increasing in the direction of the vector carbon. Note: The reader is referred to Sect. 5.2 of this
book for explanations of the colour space used in this example (CIELab)

If a direct comparison is desired, a word of caution needs to be issued first, since
the different canonical axes (from the soil attributes and landscape dataset) represent
a different ordination; hence, the observed samples will have a different projection
in both spaces (Fig. 4.4).

An intuitive way of visualizing this phenomenon can be observed in Fig. 4.5
where both first canonical axes of the soil and landscape ordinations are plotted
together.

It is evident that both axes are conditioned to best fit the linear relations
between the two datasets, by doing so, revealing the known connections between
landscape and soil attributes; however, a compound plot may be misleading if these
relations are meant to be represented in a single figure and their ordinations are not
sufficiently significant (which is not the case for our dataset) (Fig. 4.6).

4.3.1.2 Categorical Data

A different approach is needed when the input information comes in categorical
form; however, the practical meaning is similar to the previous section. A soil
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Fig. 4.3 COR biplot where samples are projected in a matrix ordinated by soil attributes. See Sect.
4.2.2 of this chapter. Note: The reader is referred to Sect. 5.2 of this book for explanations of the
colour space used in this example (CIELab)

science example of constrained forms of categorical ordination (i.e. CCA and
RDA) can be found in the work of Odeh et al. (1991). Odeh et al. (1991)
attempted to elucidate the relations between a set of soil attributes usually presented
as categories or frequencies (e.g. soil structure grade or mottle abundance) and
landscape attributes (e.g. curvature, upslope distance, etc.) that may or may not
explain the soil variation present.

Figure 4.7 shows the CCA analysis performed for their dataset. As observed in
previous sections, similar relations are found by using this analysis, e.g. the known
relations between clay and sand content (as seen in Fig. 4.7, with acla, topsoil clay
content, and asan, topsoil sand content).

The usefulness of this kind of ordination is that it permits, for example, to relate
structure grade (presented as a value ranking between 0 and 5) with continuous
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Fig. 4.4 COR biplot where samples are projected in a matrix ordinated by landscape attributes.
Note the different projection of the sample points

data such as clay content (compositional data; see Sect. 4.4 regarding compositional
data) allowing at the same time to constrain the linear relations to those found in
external environmental information such as rock depth or aspect and visualizing all
of these in only two dimensions.

A different approach (also constrained to environment attributes) is presented in
Fig. 4.8, where an RDA analysis was performed on the same dataset.

Considering that only a few of the measured soil variables had unimodal
relationships among themselves or with the environmental attributes used, the
authors considered it as advantageous to use linear relations (smallest total residual
sum of squares in RDA) when constraining the soil matrix with the environment
matrix instead of using their correlations (CCA), thus recommending RDA over
CCA under the studied conditions.



98 A.B. McBratney et al.

First Canonical Axes for Land and SOIL
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Fig. 4.5 COR plot where both the first canonical axes of the soil and landscape ordinations
are plotted together. Colour scale represents easting, showing the same E-W pattern in both
multidimensional vectors, i.e. soil and landscape

4.3.2 Non-linear Biplots

The previous section has interpreted the classical biplot as a component analysis
augmented by information on the variables obtained by projecting notional sample
units with values concentrated in a single variable. In general, there are many other
ways of defining dj; in terms of the sample values. Gower and Legendre (1986)
discuss some of the more commonly used definitions.

Gower and Harding (1988) give an example for a classical, non-linear biplot with
d;; defined as in Eq. 4.12 (Fig. 4.9). The data used to populate this example were
sourced from a soil survey conducted in Pembrokeshire, Wales (Glamorganshire
soils). The concentration of 12 trace elements in parts per million (variables shown
as integers in Fig. 4.9) was determined at 15 sampling sites (shown as lower-
case letters in Fig. 4.9), and their logs taken to calculate the values x; which are
plotted as deviations from the mean. In the example, we can see that the trajectories
which represent the range of the different variables clearly differ in length which
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Fig. 4.6 COR plot where two sets of variables (soil and landscape attributes) are presented in the
same two dimensional space

reflects their contribution to the ordination Y. Here, the variables 5, 7 and 9 are
best represented, and consequently the other variables have little weight. Sample g
(as well as e and k), for example, is shown as an outlier and lies well beyond the
range of variable 9; other variables therefore contribute to g. Here, g could only be
interpolated by using extreme values of 5 (negative), 7 (negative) and 9 (positive).
On the other hand, even if a sample lies well within the range of a variable, this
does not necessarily mean that the variable is a major contributor. This is the case
for sample d which is close to 5 but also includes large contributions from variables
7 and 9.

A subset of the above described dataset was used to create the non-linear biplot
shown in Fig. 4.10. Here, only 4 of the originally 12 trace elements (variables 5, 7,
9 and 12) were used, i.e. only effective trajectories were chosen, and all trajectories
were scaled from the common point O by a factor of 4, which provides a less diffuse
and more balanced interpretation of the biplot. General trends of the dataset remain,
with sampling site g still being identified as an obvious outlier.
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Fig. 4.7 CCA biplot where both soil attributes and environmental attributes are plotted together.
Note: The nomenclature is described in Table 4.1 (Source: Odeh et al. 1991)

4.4 Compositional Data

4.4.1 Background

Often we describe a volume of soil with a set of properties that are related to
each other that sums to that soil volume or to its mass. Such sets of properties
are called compositional variables or compositions. The most common example
in soil science would be describing the particle size of the mineral fraction of the
soil with the variables sand, silt and clay. The relative proportions of the individual
particle-size fraction (PSF) are what constitute the soil texture. The importance of
soil texture cannot be overemphasized. The soil texture, and indeed the particle-
size distribution, determines, in part, water, heat and nutrient fluxes, water and
nutrient holding capacity and soil structural form and stability. In particular the
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Table 4.1 Soil variables and environmental variables used

Variable Symbol | Variable Symbol | Env. attribute Symbol
Colour L lc Soil pH ph Solum depth SLDEP
Colour a ac Structure grade | grd Bedrock depth RKDEP
Colour b bc Structure hon Slope gradient GRAD
horizontality
Mottle colour L | ml Structure ver Profile convexity PROFC
verticality
Mottle colour a ma Structure face fla Plan convexity PLANC
flatness
Mottle colourb | mb Structure com Upslope distance UPDIS
accommodation
Cutan abundance | cab Gravel grav Upslope area UPA
Soil strength str Clay cla Square root of a UPSQ
Soil plasticity pla Silt sil Sine aspect in deg (6) SIN(6)
Soil stickiness sti Sand san Cosine aspect in deg (6) | COS(6)
Organic carbon om Electric ec
Conductivity
Prefix
Topsoil a Subsoil b Parent material c

Adapted from Odeh et al. (1991). Note: The reader is also referred to Sect. 5.3 of this book for
further explanations of the variables in relation to soil structure

clay fraction, as the active constituent of the composition, could be incorporated
in pedotransfer functions to predict material fluxes (e.g. Arya et al. 1999) and
other soil properties (Sinowski et al. 1997) (refer to Chap. 7 of this book). Other
types of compositional soil data could include soil cations that contribute to
effective cation exchange capacity, e.g. the relative proportions of calcium Ca?™",
magnesium (Mg”™), potassium (K*), sodium (Na™) and aluminium (AI**). Soil
class memberships are further examples of what are considered to be forms of
compositional data in that all the memberships will sum to 1 or 100, etc. (McBratney
et al. 1992; de Gruijter et al. 1997).

Compositional data have important and particular properties that preclude the
application of standard statistical techniques on such data in raw form — although
this does this not preclude people from using standard techniques to analyse compo-
sitional data, however. Compositional data are vectors of non-negative components
showing the relative weight or importance of a set of parts in a total, meaning that
the total sum of a compositional vector is considered irrelevant. Another property is
that when analysing compositional data, no individual component can be interpreted
isolated from the other. For compositional data, the sample space (or set of possible
values) is called the simplex, which is the set of vectors of positive (or zero)
components which could be described as a proportion, percentage or any other
closed-form expression such as parts per million (ppm) or similar. Staying with
the soil texture example, mapping the simplex can be illustrated with a ternary plot
as shown in Fig. 4.11.
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Fig. 4.8 RDA biplot where both soil attributes, environmental attributes and projected site scores,

are plotted together (different to Fig. 4.7, this graphic shows standardized data, resulting in higher
variance explained on each axis) (Source: Odeh et al. 1991)

9+

e

Fig. 4.9 Non-linear biplot using Pythagorean distance. Lower-case letters refer to samples (15
Glamorganshire soils, Wales); numbers which label linear trajectories refer to variables. The
positive end of each trajectory is indicated (Redrawn after Gower and Harding (1988))
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-1.0 912

Fig. 4.10 Non-linear biplot using the square root of Minkowski L1 distance. Lower-case letters
refer to samples (15 Glamorganshire soils, Wales); numbers which label linear trajectories refer to
variables. The centroid G of the ordination and the common point O, unlabelled, of the trajectories
differ (Redrawn after Gower and Hand 1996)

Because of these specific properties, compositional data are not amenable to
analysis by common statistical methods designed for use with unconstrained data
(Chayes 1960; Aitchison 1986). For example, standard techniques are designed
to be used with data that are free to range from —oo to +o00. A consequence
of not treating compositional data in an appropriate manner is likely to result in
misleading outcomes. Figure 4.12 shows biplots of soil texture from the Edgeroi
dataset (McGarry et al. 1989). The biplot on the left shows the principal components
of the soil texture data without recognition of its compositional nature. The biplot
on the right is the same data, but they have been transformed using a centre log-
ratio (clr) transform for compositional data (more information about this transform
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Fig. 4.11 Ternary diagram plotted as an equilateral triangle, with X, Y and Z components defining
the compositional system placed at the apices of the triangle. Note that each apex is 100% of that
component and 0% of the other two
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Fig. 4.12 Biplots of untransformed (/eft) and clr-transformed (right) compositional soil texture
data



4  Effective Multivariate Description of Soil and Its Environment 105

is described further on). Despite being the same data, what is clear from these
biplots is that the angles of the variable rays are different between them, implying
different correlation relationships between the variables when it is and is not
transformed. Consequently, analyses performed on untransformed data are likely
to reveal outcomes that could be potentially misleading.

4.4.2 Historical Perspective Behind Compositional Data
Analysis

Historically, the starting point for compositional data analysis is arguably the
paper of Pearson (1897), which first identified the problem of spurious correlation
between ratios of variables. Pearson used the example that if X, Y and Z are
uncorrelated, then X/Z and Y/Z will not be uncorrelated. Pearson then looked at
how to adjust the correlations to take into account the spurious correlation caused
by the scaling. However, this ignores the implicit constraint that scaling only makes
sense if the scaling variable is either strictly positive or strictly negative. In short,
this approach ignores the range of the data and does not assist in understanding the
process by which the data are generated. Tanner (1949) made the essential point
that a log transform of the data may avoid the problem and that checking whether
the original or log-transformed data follow a normal distribution may provide some
guidance as to whether a transform is needed.

Chayes (1960) later made the explicit connection between Pearson’s work and
compositional data and showed that some of the correlations between components
of the composition must be negative because of the unit sum constraint. However,
he was unable to propose a means to model such data in a way that removed the
effect of the constraint.

The difficulty of interpreting compositional data is well illustrated by the
following trivial example: ‘...If one analyses the contents of a jar half-filled with
sand and finds, by a random sample, that it contained (by volume) about 20% quartz,
30% feldspar, 40% rock fragments, and 10% miscellaneous constituents, then, if
the volume of the jar were doubled by addition of grains of pure quartz, a second
random sample would reveal that the jar contains 60% quartz, 15% feldspar, 20%
rock fragments, and 5% miscellaneous. Feldspar, rock fragments, and miscellaneous
constituents appear pair-wise positively correlated and all three appear negatively
correlated with the quartz abundance. Also, all four components have shifted mean
values despite the fact that only the quartz content of the jar changed...” (Woronow
1990).

Although the interdependency of compositional variables has been recognized
for over a century (Pearson 1897), appropriate statistical methods for analysing
such data have been extremely slow to emerge. Researchers who recognized the
problems associated with statistical analysis of compositions were unable to provide
feasible solutions. Many scientists therefore decided to abandon statistical analysis
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of compositions altogether. Others wished away or ignored the awkward constraints
on compositions to justify the use of standard statistical methods for compositional
data analysis (Aitchison 1986). A naive solution and one commonly practised in
the analysis of compositional data is to use standard statistical data analysis on D-
1 components (which is of size D) and then evaluate the remaining component by
difference at the end of the analysis.

4.4.3 A Recent Approach: Log Ratios

John Aitchison is probably recognized as the person to have laid the foundations of
a new approach to the statistical analysis of compositional data. The seminal work
that is described in Aitchison (1986) is a culmination of all the efforts on this topic
and obviously an invaluable resource for those wanting to appreciate it more at the
granular level.

It has been found that an appropriate analysis of compositional data is based
on a log-ratio representation of the data — and several are available. For example,
Aitchison (1982) introduced the additive log-ratio (alr) and centred log-ratio (clr)
transformations and Egozcue et al. (2003) the isometric log-ratio (ilr) transfor-
mation. Using these transformations, a composition is represented as real vectors,
which are often referred to as coordinates, or sometimes coefficients (Pawlowsky-
Glahn and Egozcue 2001).

Numerically, coordinates or coefficients are easy to compute. If we consider
a sandy clay soil which we will say has 55% sand, 15% silt and 30% clay,
this represents a three-part (D = 3) composition x = [55,15,30]. The three
representations would be written as a vector with two components for the alr and ilr
coordinates, and with three components for the clr coefficients, as follows (note that
numbers are limited to two decimal places throughout):

Additive log ratio

alr(x) = alr[55,15,30] = [ln E,ln 1—5:|
30 30

= [In(1.83), In(0.5) ]=[0.60, —0.69]

The inverse of alr(x) is

_ [exp(0.60); exp (—0.69) ; 1]
~ exp(0.60) 4 exp (—0.69) + 1

1.82 0.50 1
3.3273.3273.32
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= [0.55,0.15,0.30]
Centred log ratio

clr(x) = clr[55, 15, 30]

[ 55 15 30
= |[Iln -, In -, In -
(55-15-30)3  (55-15-30)F  (55-15-30)3
i 55 15 30
=|In -, In -, In -
| (24750)3 (24750)3 (24750)3
T 55 15 30
= |In ,In ,In
2014 29.14° 29.14

[In(1.89), In(0.51),1n(1.03) ]

= [0.64, —0.66, 0.03]

The inverse of clr(x) is

_ [exp(0.64); exp (—0.66) ; exp(0.03)]
"~ exp(0.64) + exp (—0.66) + exp(0.03)

_ [1.90 0.52 1.03
"1 3.447 3.44° 3.44

= [0.55,0.15,0.30]
Isometric log ratio
ilr(x) = £ (V) - clr[55, 15, 30]

V is a matrix of D rows and D-1 columns such that V.#(V)=1Ip_(identity
matrix of D-1 elements and V-#(V) =Ip + al, where a may be any value and 1 is
a matrix full of ones). From Egozcue et al. (2003), the matrix elements of V are the
basis elements for the canonical basis of the clr-plane needed for the ilr transform:

—0.71 —0.41
V [55,15,30] = | 0.71 —0.41
0 0.82
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—0.71 —0.41
ilr(x) = 7| 0.71 —0.41 | -[0.64,—0.66,0.03]
0 0.2
= [—0.92,0.04]

The inverse of ilr(x) is performed by converting ilr to clr and then performing the
inverse as for clr:

ilr(x) — clr(x) = ilr(x) - £ (V)

—0.71 —0.41
clr(x) = [0.92,0.04] - 7| 0.71 —0.41
0 082

_ [exp(0.64); exp (—0.66) ; exp(0.03)]
~ exp(0.64) + exp (—0.66) + exp(0.03)

_ [1.90 0.52 1.03
T 3.44° 3.44° 3.44

= [0.55,0.15,0.30]

The general equations for alr and clr can be found in Aitchison (1986) and those
for the ilr are in Egozcue et al. (2003). The three representations have different
properties. As described in Pawlowsky-Glahn and Egozcue (2001) from Aitchison
(1986), the alr coordinates are D-1 components which are divided by the remaining
component and logarithms taken. In the above example, the last component is used
as the denominator, but it could be any of the components. The resulting log ratios
are real variables that can be analysed using standard statistical techniques. The clr
coefficients are obtained by dividing the components by the geometric mean of the
parts and then taking logarithms. While clr coefficients are useful in the computation
of biplots, their one major drawback is that they necessarily sum to zero. This
means that clr-transformed observations lie on a plane in D-dimensional real space.
Consequently, care should be taken in ensuing analysis because covariance and
correlation matrices are singular (their determinant is necessarily zero) (Pawlowsky-
Glahn and Egozcue 2001). Expressions for the calculation of ilr coordinates are
more complex, and there are different rules on how to generate those (Egozcue
et al. 2003). Their advantage lies in the fact that they are coordinates in an
orthogonal system, and thus, any classical multivariate statistical technique can be
used straightway to study them. In summary, log-ratio coordinates and coefficients
of random compositions are real random variables, as they are free to range from
—00 to +00, and thus it is possible to undertake multivariate statistical analysis
using them.
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4.4.4 Analysing Compositional Data as Regionalized Variables

Some of the statistical techniques of interest when working with compositional
data involve those related to geospatial prediction, i.e. the creation of digital soil
maps. Detailed discussion on digital soil mapping and geostatistics can be found
in Chaps. 12 and 11, respectively. When working with compositional data, most
mapping studies are those involving the mapping of soil texture components.
Compositional treatment of soil class memberships has also been investigated, e.g.
McBratney et al. (1992). The work by McBratney et al. (1992) considered the
‘symmetric’ or clr transform as a prior step to mapping soil membership classes
using ordinary kriging. Also, interested in soil class memberships, de Gruijter
et al. (1997) proposed a compositional data kriging algorithm which is for all
intents and purposes is an extension of ordinary kriging, but with constraints. The
method of de Gruijter et al. (1997) does not actually use a log-ratio transformation
as a prior step, rather it imposes conditions, in addition to the unbiasedness
conditions upon the ordinary kriging system. The issue with this approach is that
it is computationally laborious as the constrained kriging equations must be solved
numerically.

With regard to soil texture analysis, Odeh et al. (2003), Lark and Bishop
(2007) and Huang et al. (2014) interestingly all used the alr transformation prior
to geostatistical analysis. Ordinary kriging was used in Odeh et al. (2003), co-
kriging in Lark and Bishop (2007), while Huang et al. (2014) used a regression
model, relating the transformed coordinates to a suite of environmental covariates.
As described by Lark and Bishop (2007), the preference to use alr is helped by
the fact that in the case of co-kriging, the mapped estimates are not affected
if the order of the elements in the composition is changed (i.e. changing the
denominator to another element that is not the last). This property is called
permutation invariance (Pawlowsky-Glahn and Olea 2004). Also beneficial for
geostatistical purposes is that the cross-covariance structure of an alr-transformed
variable contains all the information on the spatial dependence of the untransformed
variable. This is also provided by other transforms, and unlike the clr transform,
the covariance matrices of alr-transformed data are not singular. Data transformed
with ilr would also have the same ideal properties as for alr, and this has the added
advantage of not having to determine if the data exhibits permutation invariance
or not.

Considerations about back-transformation of transformed variables are also
necessary. The inverse back-transforms as detailed above may be used, but as
Pawlowsky-Glahn and Olea (2004) show, this back-transform is necessarily biased,
and the unbiased transform is unknown. As Lark and Bishop (2007) point out, this
quality of bias was one of the reasons why de Gruijter et al. (1997) developed
compositional kriging. Pawlowsky-Glahn and Olea (2004) do indicate that a
back-transform can be obtained numerically. Yet Lark and Bishop (2007) were
unable to determine any consistent advantage in doing so when comparing results
obtained via unbiased back-transformation with those that were obtained using
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the simple alr back-transform equation listed above. Other studies such as Huang
et al. (2014) did not consider the relative advantages of biased and unbiased
back-transformations.

4.5 Conclusions

In this chapter we have described and discussed multivariate methods that have been
used in soil science. For some properties, i.e. particle-size fractions, we have shown
that we must account for their compositional nature (with a log-ratio transform) as
otherwise we may find spurious relationships in our analysis. Another subtlety for
multivariate analysis is that in many situations, our data has an associated spatial
location, and therefore there may be an implicit spatial autocorrelation between
our observations. The concept of spatial autocorrelation will be discussed in later
chapters, but in terms of multivariate analysis, future work should consider this.
Jombart et al. (2008) in a genetics study modified PCA based on the Moran’s I
spatial correlation measure. There is potential to adapt this to geographic space
encountered in soil science.

Finally, we live in the age of readily accessible data about soil, be it from sensors
measuring parts of the electromagnetic spectrum or from DNA sequencing of soil
biota. Such datasets can be vast for even just one soil sample, and multivariate
methods are crucial for understanding such datasets. Proficiency in there use will
be a necessary skill for all soil scientists.
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Part 111
Soil Measurements and Properties

“Is complexity randomness or is randomness complexity?”

David van der Linden

Soil is described by observing its properties at suitably located places in the
landscape. For any hand specimen of soil material, thousands, if not millions, of
biological, chemical and physical soil properties can be observed. This number
increases with the march of technology. Most countries have developed standard
techniques for field description, sampling and laboratory analyses (e.g. in Australia
The National Committee on Soil Terrain 2009; Rayment and Higginson 1992).
Field description tends to be qualitative, whereas laboratory analyses are largely
quantitative. New technology for making observations and the increasing demand
for quantitative soil data are agents of change for soil description.

In this book section, we consider the description and improved quantification of
key soil properties. We then look at how soil properties can be inferred from others.

Recalling a point from the introduction to this book, it can be argued that what
we deal with in pedometrics are called soil attributes. The reason for this being
that we deal with numbers or codes that are attributed to soil, they are not intrinsic
properties of the soil themselves. So description implies attribution. This might be
explained with reference to pH: there are many ways of trying to quantify the pH of
a soil by changing the soil:solute ratio and the nature of the electrolyte — these give
varying values — so the pH 1:5 in water and pH 1:2.5 in KCl are different attributes
of the soil, but they try to measure an intrinsic soil property, its pH. This might be
regarded as too pedantic, so the phrases soil attribute and soil property will be used
synonymously.

References
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Chapter 5
Pedometric Treatment of Soil Attributes

Uta Stockmann, Edward J. Jones, Inakwu O. A. Odeh,
and Alex. B. McBratney

“The soil itself must be the object of observation and experiment
and the facts obtained must be soil facts before they can be
incorporated into soil science. The science of zoology was
developed through the study of animals, that of botany through
the study of plants, and soil science must be developed through
the study of the soil”.

C. F. Marbut 1920

5.1 Introduction

There are some universally described soil attributes that are worthy of more detailed
pedometric description. Here, we largely concentrate on field properties which have
particular issues associated with them. We are not attempting to be exhaustive.

As outlined in the Introduction of Part III of this book, over the years most
countries have performed field descriptions and laboratory analysis of soil based
on some kind of standard technique. The methods that can be utilized for in-situ
field description were already developed in the 1950s and refined and standardized
by most countries in the 1970s and 1980s. These efforts have resulted in what is
referred to as soil legacy data. The aim of this chapter is to illustrate how these soil
legacy data can be modified for pedometric, quantitative and in general terms more
objective soil analysis. Here, we will also discuss how we can use these quantitative
descriptions to perform a more quantitative analysis of soil attributes, utilizing
mathematical descriptors, or how we can achieve a more quantitative measurement
and assessment of soil attributes utilizing new technology and computational
advances.
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5.2 Soil Colour

Soil colour is perhaps the most commonly observed field attribute. Prior to the
1950s, colour was described in common terms such as red, grey and brown
without reference to any standards. From then onwards, colour designation has
been achieved through standardized colour systems in which an individual colour is
represented by a point in a three-dimensional space (Melville and Atkinson 1985).
This move from a solely subjective to a more objective description of soil colour
was driven by the intention of being able to compare and classify soils.

Colour has been largely described by the three-dimensional Munsell colour
system by comparison with chips in the Munsell soil colour book (Munsell Color
2009). The colour designated can be interpolated between the chips and pages of the
book. It consists of three axes: the hue (H), value (V) and chroma (C) which describe
a cylindrical coordinate system (Fig. 5.1a). The hue characterizes the similarity to
a dominant colour (red, yellow and blue) or a combination of any two, the value
describes the colour intensity or lightness and the chroma refers to the saturation in
colour or relative purity of the dominant wavelength. The Munsell colour chart is the

(@) (b)
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255 A MAGENTA
CYa WHITE
° RED
BLACK 255
255
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(c) (d)
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b +a*
780 w +u*
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0 08 v

Fig. 5.1 (a) The Munsell colour model represented by a cylindrical coordinate system. (b) The
RGB model, (c) the CIE xy chromaticity diagram (d) the CIELu*v* and CIELa*b* colour space
model (Sourced from Viscarra Rossel et al. (2006a), used with permission)
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standard reference for pedologists for describing soil colour in the field. However, a
study conducted by Sanchez-Maraiién et al. (2005) found that Munsell colour books
are subject to variation in themselves due to manufacture differences or effects of
colour fading due to prolonged use and that variation is also introduced by subjective
colour perception of the individuals describing soil colour in the field. In addition,
such a cylindrical coordinate system, sometimes, causes difficulties when it is used
for statistical analysis as the Munsell colour space is presented as non-contiguous
slices representing each page of the colour book. For quantitative data analysis,
further transformations of the Munsell colour notations are therefore required. For
such quantitative, numerical or predictive analysis, a three-dimensional Cartesian
coordinate system is preferred (Melville and Atkinson 1985; Viscarra Rossel
et al. 2006a). Examples of Cartesian colour coordinate systems are CIELab,
CIELuv and RGB systems (Fig. 5.1b—d). All have slightly different properties but
generally are similar. The Commission Internationale de 1’Eclairage (CIE 1931)
standardized colour space systems by specifying the light source, the observer and
the methodology used to derive the values for describing soil colour. The CIE colour
system defines how to map a spectral power distribution to a set of tristimulus
coordinates which describe a XYZ coordinate colour space, with Y representing the
luminance or brightness component and X and Z representing virtual or ‘imaginary’
components of the primary spectra (Wyszecki and Stiles 1982). These XYZ
tristimulus coordinates can then be transformed to xy coordinates of chromaticity:
x = ()(—!—XTZ) andy = where xy values lie between 0 and 1 (Melville and
Atkinson 1985).

Following on, the CIE proposed additional transformation systems to overcome
the perceptual non-linearity of the XYZ system, the CIELuv (L*, u*, v¥) and
CIELab (L*, a*, b*) colour spaces (refer to Fig. 5.1), which represent colour on
a continuous numeric colour space that is more suitable for pedometric analysis
(Viscarra Rossel et al. 2006a). In these opponent-type colour spaces, u* and a*
represent opponent red/green scales (with +-u* and +a* representing reds and —
u* and —a* representing greens), and similarly v* and b* are opponent yellow/blue
scales. The value L* is used in both systems and is representative of the ‘metric
lightness function’ which ranges from O (black) to 100 (white) (Melville and
Atkinson 1985). For more details on these colour space systems and the derivation
of their coordinates, please refer to the books by Wyszecki and Stiles (1982) and
Billmeyer and Saltzman (1981).

Another advantage of Cartesian systems is the ability to calculate a colour
contrast, for example, for measuring the difference in colour between the A and
B horizons or the contrast between soil mottles and the background matrix (Gobin
et al. 2000). A colour difference or contrast is simply the Euclidian distance between
the two colours (Melville and Atkinson 1985). If p and ¢ are two points in the
Euclidean n-space, then the distance (d) between them can be calculated using the
Pythagorean formula:

_Y
X+7+2)
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For example, the overall colour difference between two points in the CIELab
colour space (refer to Fig. 5.1) can be calculated using this Euclidean relationship
(Melville and Atkinson 1985):

1
2

AEL = [ (A1) + (Ad*) + (A0%)’] (5.2)

Viscarra Rossel et al. (2006a) present algorithms (ColoSol) for the conversion
between colour space models. Recently, however, commercial and open-source
coding software has become available that includes packages for transforming
colours between different colour spaces. MATLAB, for example, provides the
‘colour space transformation’ package (Getreuer 2011), whereas the open-source
software R provides the ‘aqp’ package which compiles algorithms for quantitative
pedology (Beaudette and Roudier 2016). The latter includes the ‘colour space’
package which provides colour space manipulations including the mapping between
various colour space models including RGB, HSV, HLS, CIE xy, CIELuv, HCL
(polar CIELuv), CIELab and polar CIELab (Thaka et al. 2015). In addition, the R
package ‘Munsell’ (Wickham 2016) provides conversion between the RGB colour
space and the Munsell HVC system and also converts a Munsell colour to a hue,
chroma and value triplet. Lately, soil colour can also be determined using a (mobile)
smartphone as these devices have all the requirements now to capture and process
digital images (Gémez-Robledo et al. 2013). Android- or apple-specific application
software has been developed that allows transformations between colour spaces on
the go.

Soil colour has been used to determine types of soil, and a number of soil
properties can also be related to soil colour. In general, dark soil colours, especially
of surface soil, have been associated with high organic carbon content and thus
good soil fertility, whereas light, pale or bleached colours are associated with a loss
of base cations and nutrients and in general poor fertility. Light soil colours are also
related to the presence of carbonates and calcium sulphates (gypsum), whereas the
yellowish and reddish colour of soil can be related to iron oxides such as goethite
and hematite, respectively. Over the years, soil colour has therefore been used to
infer other soil constituents. Some of these studies used soil colour measurements
to first calculate colour indices and then employed those to quantitatively describe
and assess their occurrence (see Table 5.1).

More explicitly, soil colour was successfully used to quantify iron content and
in particular hematite and goethite contents in soils (Madeira et al. 1997). Torrent
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et al. (1983) and later Barron and Torrent (1986) found a strong relationship
between hematite content and colour indices (rating of the degree of redness) that
were calculated employing the Munsell notation or CIE chromatic coordinates.
Torrent et al. (1983), for example, established a quantitative relationship between
soil colour (i.e. redness ratings sourced from visual and spectrophotometric colour
measurements) and hematite content. The authors found that the pigmenting power
of hematite differed between the geographic regions studied and, for predictive
purposes, recommended region-unique calibration models. In addition, soil colour
has also been used to infer soil water content. Bedidi et al. (1992) found that
hue increased with moisture content and colour purity (saturation) decreased with
increasing moisture content. Furthermore, other soil hydrological properties have
also been related to soil colour. He et al. (2003), for example, estimated the
frequency and duration of soil saturation based on soil colour. They determined
the percentage of redoximorphic features at a given soil depth and found that low
chroma colours increased the longer the soil studied was saturated and chemically
reduced. A difference in colour indices was used by Evans and Franzmeier (1988)
to estimate wetness and soil aeration, by Thompson and Bell (1996) to classify
seasonal soil saturation and by Gobin et al. (2000), for example, to infer soil
drainage. Soil colour has also been used to predict soil (organic) carbon content.
Ivey and McBride (1999) related moist soil colour to topsoil organic carbon
contents, with the chromaticity coordinate a* (CIELab colour space notation)
showing good estimates for medium- to fine-textured soils. Gobin et al. (2000)
and Chaplot et al. (2001) used colour indices to quantify differences in soil organic
carbon content. Viscarra Rossel et al. (2006a) predicted soil organic carbon content
using various colour space models and concluded that the CIELuv and CIELCh
models were the most suitable. Following on, Viscarra Rossel et al. (2008) used
the CIE colour system as a proxy to measure soil organic carbon and iron contents.
More recently, Baumann et al. (2016) used soil colour (CIELab system) to rapidly
assess soil organic matter content and found that soil lightness (L* value, refer to
Fig. 5.1) was significantly negatively correlated with soil organic matter content.
The authors also found that soil colour (L* , a* and b* values) was affected by
geographic region and land use, with in general higher L* values for forest soils
when compared to grassland soils. In an earlier publication, Spielvogel et al. (2004)
established a relationship between soil lightness and soil organic carbon content
and the chemical composition of soil organic matter and found that soil lightness
decreased with increasing organic carbon content. More recently, Sdnchez-Marafién
et al. (2011) also used colour to assess aggregate stability, including the effects of
fabric on this relationship. An increase in stability was related to increased soil
redness, darkness and chromaticity due to an increase in binding agents such as
clay, organic C and free forms coating the surfaces of the aggregates successfully
used to quantify iron content

Technologies that provide a quantitative measure rather than only a visual
matching of colour are available. Soil colour measurements have been made using
digital cameras where RGB colour values can be directly estimated from the images
made or chromameters, for example (Roudier et al. 2016). Lately, these have also
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benefited immensely from advances in hand-held spectroradiometry devices (spec-
trophotometry technology). The visible spectrum of the electromagnetic spectrum
(refer to Fig. 5.11 in part 5.4) which lies between 380 nm (violet) and 780 nm (red)
can be used to calculate soil colour from reflectance spectra (Fernandez and Schulze
1987). Shields et al. (1966) first investigated the capability of measuring soil colour
via spectroreflectance. However, this approach only received increased popularity
in the 2000s. For example, Barrett (2002) used in-field reflectance spectra from the
soil pit face to measure soil colour and found strong correlations between those
spectroradiometer measurements and visual estimates of Munsell colours. Viscarra
Rossel et al. (2009) estimated soil colour from the visible part of the vis-NIR
spectra and also investigated its use for in-field application. The continuum removal
technique was used to select characteristic absorption features corresponding to
blue (450-520 nm), green (520—600 nm) and red (600-690 nm). The selected RGB
values were multiplied by 255 to arrive at an 8 bit pixel colour encoding value that
was transformed to the Munsell HVC and CIELab colour models. Comparison of
vis-NIR measurements to visual Munsell book estimates was promising, but it was
found that those had the tendency to be darker and more yellow in hue. Figure 5.2
exemplifies the use of vis-NIR spectrometry to predict colour of a Red Chromosol,
Brown Sodosol and Black Vertosol (Australian Soil Classification) using the R
‘Munsell’ package (Wickham 2016) and the technique described in Viscarra Rossel
et al. (2009). Furthermore, Table 5.2 shows an example of converting the B horizon
soil colour values from the RGB to Munsell and CIELab codes using the R colour
space package (Thaka et al. 2015).

As discussed, proximal soil sensors capable of readily taking quantitative soil
colour measurements in the field (e.g. new ASD configuration, spectral evolution,
in-field vis-NIR profiler) are now available. Such measurements are affected by
soil moisture variation. However, correcting algorithms such as external parameter
orthogonalization (EPO) are available that can be used to eliminate the moisture
effect on scanning soil samples directly in the field as soil moisture generally
increases soil darkness (Minasny et al. 2011). This will be discussed further in Sect.
5.5 of this chapter.

Soil colour estimates have not only been made using proximal soil sensors
but also by employing remote sensing satellite data as there is also a significant
correlation of chromaticity coordinates with reflectance values in the visible bands
of remote sensing data (Escadafal et al. 1989). Over the years this relationship has
been applied to study the spatial variation of the surface soil colour in remote
sensing applications. Different soil types can be mapped based on variations in
surface brightness and colour saturation, and soil processes that affect the surface
soil may also be inferred using colour differences. For example, topsoil removal can
be identified as it results in a colour change because the exposed subsurface soil will
have a different colour than the non-eroded soil (Escadafal 1993).

How to use remote sensing data for the measurement of a range of soil attributes
will be explained in more detail in the applications of pedometrics on vis-NIR-SWIR
remote sensing products as new soil data for digital soil mapping (Chap. 13). Here,
we only provide a few examples that are related to soil colour inference. Escadafal


http://dx.doi.org/10.1007/978-3-319-63439-5_13

5 Pedometric Treatment of Soil Attributes 123

(a)
0 1.0 1.0
10
20 084 iBIG:R 084 iBIGIR
30
= g 8
5 40 g 0.6 - £ 0.6 -
g 0 % | &
o 60 - E
70
80
90 i
100 0.0 JEPEESE—— - 0.0 JEFIE—.,
400 500 600 700 400 500 600 700
Wavelength (nm) Wavelength (nm)

(c

)
0 1.0
10
20 084 BIGIR
_ 30 o
E 40 g 0.6 -
£ 50 g
g. 60 E 0.4 -
70
80 0.2 -
a0 S
100 0.0 /S
400 500 600 700
Wavelength (nm)

Fig. 5.2 Use of a vis-NIR spectrometer to predict colour of (a) Red Chromosol, (b) Brown
Sodosol and (c¢) Black Vertosol in situ. Each plot contains a digital photograph of the profile,
vis-NIR-derived colours in 2.5 cm increments to a depth of 1 m and vis-NIR reflectance plot
indicating wavelength bands of red (R = 600-690 nm), green (G = 520-600 nm) and blue
(B = 450-520 nm). Colours were predicted in R using the ‘Munsell’ package (Wickham 2016)
after extracting the mean reflectance within each band and scaling appropriately
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Table 5.2 Conversion of modal B horizon values (Fig. 5.2) from RGB to Munsell and CIELab
through the use of the colour space package (Ihaka et al. 2015)

Red Chromosol Brown Sodosol Black Vertosol
RGB 0.655, 0.402, 0.281 0.934, 0.768, 0.526 0.279, 0.250, 0.229
Munsell 2.5YR 5/6 10 YR 8/6 N 3/0
CIELab 49.822.728.2 81.57.136.6 27.62.144

and Huete (1991) used a redness index from red and green spectral bands to correct
vegetation indices (NDVI and SAVI) for ‘soil noise’ apparent in remote sensing
images of low vegetation cover in arid regions. Later, Leone and Escadafal (2001)
used the visible bands of the multispectral infrared and visible imaging spectrometer
(MIVIS) hyperspectral sensor and the Landsat thematic mapper (TM) to infer soil
surface colour. Madeira et al. (1997) performed soil mapping of lateritic soils
employing visible spectrometric indices of hematite and goethite content (Landsat
TM). Mathieu et al. (1998) studied the relationship between radiometric indices
calculated from the visible bands (blue, green and red) of remote sensing data
and soil colour (Munsell and Helmholtz data). They found that radiometric indices
were good predictors of the soil colour components. Following on, Mathieu et al.
(2007) applied radiometric indices (redness index and brightness index) from SPOT
imagery for soil erosion mapping in a Mediterranean environment.

5.3 Soil Texture and Particle Size

Particle-size distributions are compositions of solid particles, the building blocks of
soils. We commonly describe soils in terms of the mass proportion of sand-, silt-
and clay-sized particles, which can be plotted on simplexes or texture triangles.
Particle-size distribution is usually measured in the laboratory using mechanical
analysis (Gee and Or 2002). In the field, particle size can be estimated using
the ‘hand feel’ method. It is questionable whether texture estimated by hand and
in the laboratory measures the same intrinsic soil property. There is little doubt,
however, that the two can be calibrated with each other. Hodgson et al. (1976), for
example, compared field texture estimates to those derived by the pipette method of
particle-size analysis and found that surveyors were able to confidently estimate the
particle-size distribution of the soils, although there was a tendency throughout for
underestimation of clay content.

Particle-size distribution is useful in pedology to study the development of
soil through examining the changes in clay fractions with soil age (Walker and
Chittleborough 1986). The distribution of sand, silt and clay in a soil profile can
also be used to elucidate soil-forming processes (Legros and Pedro 1985). Particle-
size distribution is also a key predictor in pedotransfer functions, especially for soil
hydraulic properties. It is surprising then that there is no universal agreement on the
size ranges of particle-size distributions. Each country adopted a different system
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Fig. 5.3 Particle-size limits used in the international and USDA/FAO system and used by
Australian and various European countries (Adapted from Minasny and McBratney 2001)

to represent the particle sizes; this resulted in various size ranges used as fraction
boundaries (Fig. 5.3).

In addition to the country-specific particle-size systems, there are two systems
that are used as international standards, the International system proposed by the
Swedish scientist Atterberg (1905) which was endorsed by the IUSS during the
first International Congress of Soil Science held in Washington, D.C., 13-22 June,
1927 (Minasny and McBratney 2001), and the USDA system which was adopted
by the FAO and whose current particle-size limits were established in 1938 (Knight
1938). It is interesting to note here that not many countries adopted the so-called
International system (refer to Fig. 5.3 which shows the international and USDA/FAO
system in comparison to Australia and various European countries).

Differing particle-size classification systems can cause particular problems when
data from different countries are merged into a single database or when texture
estimates are required in continuous pedotransfer functions (refer to Chap. 7),
for example, the soil database for Europe (ESDB — European Soil Database,
European Commission, Joint Research Centre). In such cases empirical equations
are required to relate the fractions in one system to the fractions in another. Lack
of standardization also creates difficulties when comparing textural classes between
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Fig. 5.4 Texture triangles with density contours (red) displaying 490 samples (grey dots) from
69 Australian soil profiles (Geeves et al. 1995) plotted under the (a) international and (b) USDA
systems. The silt and sand fraction boundary was increased from 20 to 50 pm via a pedotransfer
function (Padarian et al. 2012). Texture triangles were created using the soil texture wizard package
in R (Moeys 2015). Selected points are indicated with coloured shapes

systems. This incongruity can be demonstrated by plotting texture data under both,
the International and USDA systems (Fig. 5.4).

In Fig. 5.4 we can see that increasing the silt-sand fraction boundary from 20 um
(International system) to 50 um (USDA system) shifts samples to the right of the
texture triangle along the fixed clay plane. This results in a more uniform dispersion
of points within the texture triangle. However, only 41% of the samples, 202 of
490, remain in their corresponding textural class following conversion to the USDA
system. For many texture classes, differing clay content requirements mean that they
will never be assigned to the corresponding class. The USDA system generally has
a higher clay requirement. For example, the clay loam (ClLo) class requires 27—
40% clay in the USDA system versus 15-25% clay in the international system.
Clearly these requirements are incompatible, and there are dangers in assuming
texture classes in the differing systems correspond to similar soil samples. These
issues highlight the need for unifying techniques to facilitate the sharing of data and
techniques between countries.

Shirazi and Boersma (1984) proposed a bell-shaped texture triangle representing
the mean and variance of an assumed lognormal distribution (Fig. 5.5). The model
was later refined using piecewise lognormal curves for each size fraction (Shirazi
et al. 1988). This approach is useful for unifying textural classification of differing
particle-size systems as it integrates some quantitative statistical information, i.e.
any combination of sand, silt and clay can be represented by a geometric mean
particle diameter and a standard deviation.

Shirazi et al. (1988) also established relationships between various texture
classification schemes adopted by the USDA, the International Union of Soil
Science and the American Society of Civil Engineers, based on geometric mean and
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Fig. 5.5 The USDA texture triangle represented as geometric mean diameter and standard
deviation (Adapted from Shirazi and Boersma 1984)

standard deviation of the clay, silt and sand fraction size ranges (lognormal particle-
size distribution). However, the approach has received criticism for its unrealistic
discontinuities at fraction boundaries (Buchan 1989).

The representation of particle-size distribution by a small number of fractions
is an oversimplification of reality. Continuous measurements may be made using
laser diffraction or Coulter counters, or we may simply isolate a larger number of
fractions. This will undoubtedly give us greater insight. Walker and Chittleborough
(1986) isolated 18 particle sizes from the fine fraction of Alfisols in south-eastern
Australia. The large number of fractions isolated revealed unimodal distributions in
A horizons and bimodal particle-size distributions in B horizons (Fig. 5.6). The level
of detail allowed the authors to conclude that development of Bt horizons progresses
from an initial translocation of the clay followed by intensive weathering and size
reduction of clay particles.

Ideally, soil texture should be described by a large number of particle-size
fractions and statistical distributions fitted to model cumulative particle-size distri-
butions. Such a mathematical representation of particle size is particularly important
for converting between systems. For example, particle-size standardization in
accordance with the USDA/FAO system for the European database of hydrologic
properties of European soils (HYPRES) required the estimation of data at 50 pm
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Fig. 5.6 Particle-size histograms for key soil horizons in an Alfisol profile, showing the distinct
change in particle-size distributions down the soil profile from the A to the B horizons (Redrawn
after Walker and Chittleborough 1986)

from data where soil texture fractions were measured at limits of 60, 63, 200 and
2000 pwm above the 20 wm limit (Nemes et al. 1999).

No general statistical distribution has been found to fit all soil particle-size
distributions, as they can be of symmetric or nonsymmetric nature as exemplified
in Chap. 3. It is also clear that in some symmetric cases, double or even triple
lognormal distributions have to be fitted. The amount of model parameters required
to describe a cumulative particle-size distribution depends on its complexity; the
more complex, the greater the number of model parameters needed.

There are a number of (comparative) studies which addressed this particular
subject (Table 5.3). Berezin and Voronin (1981), for example, used probability
distribution functions for describing the particle-size distribution of Russian soils
where the total weight percentage of particles of a certain diameter was taken as
a characteristic of the probability of occurrence of particles of this diameter in the
soil. Barndorff-Nielsen (1977) proposed the log-hyperbolic distribution to describe
textural characteristics, based on findings of Bagnold (1954) who demonstrated
its applicability to describe aeolian sand deposits in his research on sand dune
formation. This probability distribution was used to distinguish between dune sides,
dune crests and interdunal corridor (Wyrwoll and Smyth 1985) and in a later study
to discriminate between coastal sub-environments (Sutherland and Lee 1994).

Buchan et al. (1993) on the other hand compared five lognormal models of
particle-size distributions (i.e. Jaky (1944) one-parameter model, simple lognormal
model, two adjusted lognormal models, offset-renormalized lognormal model,
offset-nonrenormalized lognormal model, bimodal lognormal model) and found that
all models accounted for over 90% of the variance in particle-size distribution of
most of the New Zealand soils studied. In a different comparative study, Rous-
seva (1997) found that model suitability was influenced by texture. Closed-form
exponential functions represented well the cumulative particle-size distributions
of fine-textured soils, whereas closed-form power functions better represented the
cumulative particle-size distributions of coarse-textured soils. Following on, Hwang
et al. (2002) compared symmetric and asymmetric models for estimating soil
particle-size distributions of a range of Korean soils (i.e. five lognormal models,
the Gompertz model, the Fredlund model). They identified an effect of texture on
model performance, with increased performance of some models with increasing
clay content. This dependency of model performance on texture was also found
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in a later study that compared a total of nine soil particle-size distribution models
(Hwang 2004).

5.4 Soil Structure

Soil structure or pedality is often described in the field, but even with new
technological developments, it is still a difficult property to readily quantify. For
example, in 1941 Nikiforoff (1941) established a morphological ‘standardized’
classification of soil structure. In the field soil structure is often described in
somewhat vague grades of ‘massive’, ‘weak’, ‘moderate’ or ‘strong’ (Terrain 2009).
These structure grades, however, can be converted into an ordinal system, e.g. ‘0’,
‘1°, 2’ and ‘3’, so that they can be used in a more quantitative analysis.

Normally, the soil’s structure in relation to the shape of peds present in the soil
is also described with respect to a number of classes, e.g. ‘blocky’, ‘prismatic’,
‘angular’, ‘subangular’, ‘columnar’, etc. which in essence describe the three-
dimensional shape of an individual ped and how the peds relate to each other.

One way of quantifying the pedality of a soil is to consider the individual
descriptors or the ped shape as separate variables. When this is done, four variables
emerge, i.e. horizontality, verticality, roundness and accommodation. The advantage
of describing these four variables as opposed to a single class is that differences
between the structures of volumes of soil can be more subtly detected or measured.
Table 5.4 shows an example of this method. Here, fuzzy coding was used to describe
the structural types of ped shapes. The fuzzy codes show the degree of similarity
with respect to the ped face characteristics and account for uncertainty or a lack of
a clear boundary between descriptors (Odeh et al. 1991).

Another approach is to characterize soil structure via aggregate shape and surface
roughness. Holden (1993), for example, used three indicators (1) circularity or
sphericity, (2) angularity or roundness and (3) surface roughness to quantify soil
ped shape. Cox’s R-statistic was used to quantify circularity or gross shape (R) with

Table 5.4 Fuzzy coding of structural type

Type Horizontality Verticality Flatness Accommodation
Platy 1.0 0.1 1.0 1.0
Lenticular 1.0 0.3 0.3 1.0
Prismatic 0.2 1.0 1.0 1.0
Columnar 0.2 1.0 0.9 0.9
Angular blocky 1.0 1.0 1.0 1.0
Subangular blocky 0.7 0.7 0.5 0.5
Granular 0.2 0.2 0.0 0.1
Massive 0.0 0.0 0.0 1.0
Single grain 0.0 0.0 0.0 0.0

After Odeh et al. (1991)
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Fig. 5.7 A modified version of Pettijohn’s (1957) standard shape chart. Main boxes indicate
surface roughness classes, columns indicate circularity classes, and rows indicate angularity classes
(Redrawn after Holden 1993)

R= — (5.3)

with A defining the projected area of the particle and P the perimeter of the particle.
This measure gives the ratio of the projected area of the particle to the area of a circle
that has the same perimeter, and therefore R = 1 for a perfect circle and R = 0
for a line. The Steinhaus paradox was employed to quantify surface roughness.
Accordingly, the length of a perimeter, L, is estimated by the number of steps, F, it
takes to measure out the perimeter and their individual length ¢:

L(g) ~ Fe'™P (5.4)

where D is the fractal dimension, i.e. the degree to which a one dimension extends
into a two dimension such as a line and its potential to becoming a filled area.
Angularity was described according to two classes, angular (0) or rounded (1).
Image analysis was used to calculate these measures, and results were compared
to six criteria (Clark 1981) that can be used to assess shape measurement (i.e.
uniqueness, parsimony, independence, rotation invariance, scale invariance, reflec-
tion invariance) and calibrated against Pettijohn’s (1957) standard shape chart (Fig.
5.7). This study found that Cox’s R-statistic is a powerful measure of circularity and
gross shape.

The mathematical technique of fractal geometry which was introduced by
Mandelbrot (1989) has also been used to describe soil structure qualitatively, as
fractal geometry has the ability to describe rugged or irregular geometries by
estimating their fractal dimension (McBratney et al. 2002). In addition, fractal soil
models are also capable of relating structure to soil physical processes. Essentially,
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fractal objects have no characteristic scale dimension, as it is assumed that their
morphological appearance stays the same. Mandelbrot (1989) describes a fractal as
‘shapes whose roughness and fragmentation neither tend to vanish, nor fluctuate
up and down, but remain essentially unchanged as one zooms in continually and
examination is refined’.

McBratney et al. (2002) provide an extensive review about the theory behind
fractal geometry and how it can be applied to directly quantify soil structure from
soil images, and we will only provide a short summary here. As outlined in this
review, fractal objects can be described through fractal dimensions in various ways.
One option is to use the mass fractal dimension, D,,, which is less than the Euclidean
dimension that a fractal is part of (the embedding dimension, d,), with d, equal to 2
in a two-dimensional space (e.g. an image of soil from a thin section) and equal to 3
in a three-dimensional space (e.g. a soil aggregate). The mass, M, of a mass fractal
inside a radius, , is scaled according to

M o rPm (5.5)

Furthermore, the spectral dimension, d, can be used as a measure of the
connectivity of fractal pathways, with a large value of d equal to a more continuous
less winding pathway. The surface fractal dimension, Dy, is used to describe the
irregularity or ruggedness of a perimeter or surface. For example, in the case of a
perimeter, a straight line is non-fractal and has an Euclidean dimension equal to
1, whereas an irregular line that is subject to fractal scaling has a value of D, that
reaches 2 depending on its ruggedness (space filling). Similarly, a flat surface has
an Euclidean dimension equal to 2, whereas a fractal surface has a value of D; that
is approaching a value of 3 depending on how volume filling the surface becomes.
The fragmentation fractal dimension, Dy, is also used which is estimated from a
particle-size or aggregate-size distribution and mathematically allows a value range
of 0 < Dy > 3 (refer to Anderson and McBratney (1995) for detailed discussions).
This measure of size distribution has been employed, for example, as an indicator of
soil fragmentation caused by different agricultural management practices (Anderson
and McBratney 1995).

Efforts in directly measuring and quantifying structure are focused on image
analysis of two-dimensional images of soil and more recently also on three-
dimensional images owing to technological improvements (e.g. Eck et al. 2013).
Common practice is to convert the (black and white) digitized images into a binary
and to assign each pixel either to the solid soil matrix or the pore space, using,
for example, the box-counting method, where each binary soil image is overlain by
a grid of square boxes (McBratney et al. 2002). Mathematical techniques such as
the discussed fractal geometry are then employed to estimate quantitative measures
relevant for soil structure.

Over the years, a concentrated effort, for example, has been the description of
soil structure utilizing thin sections and the attempt of a quantitative stereological
and topological measurement of the pore phase and solid structure, e.g. Ringrose-
Voase (1987). Another approach is to digitize an intact soil cylinder prepared with
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resin, section by section using a camera. Vogel et al. (2002), for example, used this
multiple-layer approach and were able to reconstruct the soil’s architecture in an
almost 3D nature making use of image segmentation into pores and the solid phase
based on a grey-scale threshold. Models such as this one can subsequently be used
for the quantification of pore geometry and the simulation of gas diffusion. Three-
dimensional imaging analysis using sophisticated tomographic techniques can now
be utilized to study the soil’s physical architecture such as pore-space relations as
well as biotic interactions from intact soil cores (Young et al. 2001; Vogel et al.
2010). A detailed description of these techniques and methods of image analysis is
beyond the scope of this chapter, and the reader is referred to Chap. 6 of this book.

5.5 Improved (Field) Description

In the previous sections, we discussed how soil (legacy) data can be quantified
and applied in pedometric studies. In this section we explore further how field
descriptions of soil properties can be improved towards a more quantitative assess-
ment. Here, two main approaches are discussed. The first one entails improving
conventional description techniques using fuzzy descriptors. The second one is
the technologo-statistico approach using field spectrometry and calibration. Over
the years, with both technology and computational methods beckoning rapid
developments, this area has gained immense popularity and is lately also referred
to as the field of digital soil morphometrics which is defined as the ‘application of
tools and techniques for measuring, mapping and quantifying soil profile attributes
and deriving continuous depth functions’ (Hartemink and Minasny 2014).

5.5.1 Improved Field Description Using Fuzzy Descriptors

In the example of structure given in Sect. 5.4, an attempt was made to improve
the traditional description by firstly defining the variables that are actually being
observed and secondly putting those variables on a continuous scale. This seems to
be a general approach to improving conventional field descriptors. The benefit of
this approach is that we will carry more information about the soil description than
is done conventionally.

5.5.1.1 Fuzzy Sets and Numbers

Fuzzy sets and fuzzy logic (Zadeh 1965; Kosko 1994) are a generalization of hard
sets. The field of fuzzy logic can thus be used to improve soil morphological
descriptions as it was developed to model, classify or categorize something whose
membership may be inherently variable or uncertain. Fuzzy logic also allows for
a quantitative assessment through numerical coding. In conventional classification
systems, an element either has membership (1) or does not have membership to
a class (0). In a fuzzy set, membership is fuzzy and not binary, with a point —
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Fig. 5.8 Representation of different fuzzy numbers (After Liu and Samal 2002b)

an element, object or property, for example — having membership to a class A
but to a differing degree of belonging (Liu and Samal 2002b). This degree of
belongingness of an object to a class can then be formalized by a membership
characteristic function, pa(x), with the value of pa(x) at x representative of the
degree of membership of x in class A, with x having a value between and including
0 (not belonging) and 1 (completely belonging) (Liu and Samal 2002a).

A formalization of a fuzzy set can be represented as follows (McBratney and
Odeh 1997); if we assume that X = {x} is a finite set of points, a fuzzy subset A of
X is represented by a function p4(x), in the ordered pairs:

A= {x, usa(x)} foreachx € X

A = xq, g (xp) + X2, pa (62) + -+ 4 X, s () (5.6)

where 11 4(x) is the membership function that defines the belongingness of a point x
in A and xeX expresses that x is an element of X.

Fuzzy numbers are fuzzy subsets of a set of regular, real numbers that describe
a set of possible values through a possibility distribution, with each value having
its own membership function. A fuzzy number is a convex and normalized fuzzy
set. Fuzzy numbers can be of various types and shapes, for example, the most
common are triangular-shaped, trapezoidal-shaped or Gaussian fuzzy numbers. Liu
and Samal (2002b) give an example of these three types of fuzzy numbers (Fig.
5.8). In this example each number shows a central value of 20, but the variability
around this central value differs. The graphs also show the membership function for
different values in the fuzzy set, i.e. here the number 20 has a membership of 1,
whereas the number 10 has a membership of 0.1 in each case; however, the type
of fuzzy numbers and their parameters are determined by the actual distribution of
observations.

Liu and Samal (2002a) give an example of a Gaussian membership function
which represents the amount of rainfall (Fig. 5.9). Here, it is exemplified that the
occurrence of 30 in. of rain is most likely but that 25 and 35 in. of rainfall are about
half likely.
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McBratney and Odeh (1997) review the application of fuzzy sets in soil science
and provide examples of how fuzzy logic could be used for improving field soil
descriptions that are somewhat vague. One of these examples is to put a quantitative
measure behind the classification of soil thickness which is often described as
‘shallow’, ‘deep’ or ‘very deep’. In this example Gaussian membership functions
were fitted to three assumed fuzzy subsets with a total range of soil depths between
0 and 200 cm (Fig. 5.10). Here, the fuzzy subset ‘B’ of ‘deep soil’ is represented
by soil depths of 100 cm. Soils of 100 cm depth therefore fully belong to set B and
have a membership of 1, whereas other depths of 0 < x < 100 cm or 100 cm < x <
200 cm have only partial membership. The fuzzy membership function, pp(x), for
the subset of ‘deep soil’ is then defined as

(x—o0)
1.4402

pp(x) = e~ ( ) 0 < x <200 cm (5.7)

where ¢ = 100 cm represents the centroid of fuzzy subset B and o is the lower
crossover point (50 cm), the point at which x has a membership of 0.50. In this case,
the higher crossover point is where x = 150 cm (Fig. 5.10).

5.5.2 Field Electromagnetic Spectra

As already discussed in Sect. 5.2, the whole electromagnetic spectrum intrinsically
holds information about a wide range of biological, chemical and physical soil prop-
erties, for example, it contains information about the mineral organic components
of the soil (Huete and Escadafal 1991). Several portions of the electromagnetic
spectrum are now readily measurable in the field. Conventionally, we use our eyes
to ‘measure’ the visible part of the electromagnetic spectrum, but as discussed in
Sects. 5.2, 5.3 and 5.4, this is associated with a degree of subjectiveness. More
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Fig. 5.10 Gaussian membership functions fitted to fuzzy subsets of ‘shallow soil’ (a) (asym-
metrical), ‘deep soil’ (b) (symmetrical) and ‘very deep soil’ (c¢) (asymmetrical). The Gaussian
(fuzzy) membership fitted to the subset of ‘deep soil’ (b) is also shown (Redrawn and changed
after McBratney and Odeh (1997))

and more, these measurements have thus been replaced by sensors, for example,
by digital colour CCD cameras which measure the red, green and blue parts of
the spectrum. In the language of remote sensing, this can be called multispectral.
Furthermore, portable field spectrometers are now readily available that can measure
the electromagnetic spectrum (1) in the visible and near-infrared (vis-NIR) range,
i.e. from 400-700 to 2500 nm; (2) in the mid-infrared (MIR) range, i.e. from 2500
to 25,000 nm which is still in its infancy; and (3) in the X-ray range in the 0.02-
45 KEV region of the electromagnetic spectrum (Fig. 5.11). In the language of
remote sensing, this is called hyperspectral.

Table 5.5 shows a range of soil chemical and physical properties that can be
directly measured or inferred from these spectrometers (also refer to McBratney
et al. 2006; Stenberg et al. 2010; Viscarra Rossel et al. 2011; Soriano-Disla et al.
2014; Horta et al. 2015). Good estimates for soil attributes have been achieved from
scanning soils in field condition, and formal methods have also been developed that
can correct for environmental effects (Horta et al. 2015). At the moment, vis-NIR
and pXRF have the most prospect for in-field quantitative soil description, and in the
following we will therefore focus on how these sensors can be used to do so. Vis-
NIR is known to estimate well the soil’s organic component and mineralogy suites
(also refer to Table 5.3, Chap. 13), whereas XRF is known to accurately measure the
soil’s inorganic elemental concentration. The advantage is that these soil properties,
some not previously measurable in the field, can be measured simultaneously from
the relatively quick, cheap and reproducible observation systems. The disadvantage
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Fig. 5.11 Electromagnetic spectrum showing the regions of interest for field spectroscopy. It is
also illustrated how radiation affects molecules and atoms (Redrawn after Harris D (2007))

is that each individual soil property will be measured less precisely than laboratory
analysis; however, on the other hand, more measurements can be taken which may
compensate for the less accurate in situ predictions (Horta et al. 2015)).

5.5.2.1 Handheld, Portable Sensors
Visible Near-Infrared Spectrometry (vis-NIR)

How are field observations of the visible NIR spectrum that consists of about
2000 different wavelengths (at 2 nm of resolution) used for improved in-field soil
description? There are several possibilities. The first approach that comes to mind
is to compare the spectra at each of the wavelengths; however this entails a huge
amount of data storage. A more feasible approach is to perform a multivariate
analysis and measure the spectra and a suite of soil properties at a number of
sites and to develop calibration models for those soil properties with respect to
the spectra. Principal component regression (PCR) analysis is one method that
can be used here. First, a principal component analysis (PCA) is conducted which
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Table 5.5 Electromagnetic sensors that can be utilized for quantitative soil field description

Proximal soil sensor Sensed data Soil information
Vis-NIR Soil reflectance Soil morphological (colour), chemical
spectrometer™” (SOC, SOM, TC, pH, CEC, nutrients) and

physical properties (clay and sand content,
soil mineralogy)

MIR spectrometer® Soil reflectance Soil chemical and physical properties

pXRF spectrometer? X-ray fluorescence Soil’s elemental concentration (Z > 11)
(used to identify concentrations of soil
contaminants and soil nutrients and to
populate soil profile development indices),
soil chemical (pH, CEC, soil organic
carbon, total carbon) and physical
properties (clay and sand content)

Ground-penetrating Radiance energy Soil conductivity, soil layers, soil structure
radar®

Gamma radiometer®? Gamma radiation K, Th and U radioisotopes
Electromagnetic Apparent conductivity | Soil moisture, salinity, clay content
induction®®

2Portable/handheld
°On the go

plots the spectra in a low-dimensional space followed by a regression analysis
(Leone and Sommer 2000). As a rule of thumb, the first few principal components
usually explain about 99% of the entire spectral variance. Islam et al. (2003) used
this method of reducing the amount of predictor variables and then employing
stepwise multiple linear regression to estimate a suite of soil chemical and physical
properties.

Another well-established chemometric method that can deal with a large amount
of spectral data is partial least squares regression (PLSR) which combines the
reduction of predictor variables and multiple regression in one single step (Viscarra
Rossel et al. 2006b). Furthermore, PLSR can handle multicollinearity, data noise
and missing values and is more robust than PCR as it explains predictor as well as
response variation (Wold et al. 2001). More recently, data mining techniques have
been used for establishing a calibration model as they also allow for non-linear
relationships between the spectra and soil attributes of interest. One such technique
is Cubist (Quinlan 1993; Kuhn et al. 2013), a rule-based regression tree model which
builds a set of rules with each rule representing a linear model of the predictor. These
rules then relate the independent variables (soil spectra) to a dependent variable (soil
attribute of interest). Minasny and McBratney (2008) tested the accuracy of Cubist
compared to PLSR for predicting a range of soil properties and found that Cubist
gives higher accuracy, is parsimonious and considers the upper and lower boundary
values of the predictant which avoids the prediction of negative values and that the
resulting calibration model is easier to interpret.
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Related to chemometric methods is the rapid assessment of soil properties via
vis-NIR spectrometry in the field, which requires spectral libraries (Shepherd and
Walsh 2002) that are representative of the soils. Studies have shown that the geo-
graphical range of spectral libraries has an impact on the calibration performance;
a reduction of prediction accuracy was observed when spectral libraries are not
representative of the soils of the region studied (Sudduth and Hummel 1996). One
way of dealing with this problem is to ‘spike’ the spectral libraries used with
some regional spectra with known properties (Viscarra Rossel et al. 2009) or to
compile a global vis-NIR spectral library representative of a variety of soil types and
environments (Viscarra Rossel et al. 2016). Here, PCA can be used to assess whether
the obtained spectra are similar to the spectral library used to predict soil attributes.
By fitting a convex hull around the first two principal components which describes
the spectral domain of the library used, it can be assessed where the obtained spectra
lie within the library domain.

In the early 1990s, Sudduth and Hummel (1993) described a prototype of
a portable near-infrared spectrometer for rapid soil analysis, designed for rapid
estimation of soil organic matter. However, using vis-NIR to estimate soil attributes
(in the field) only received increased popularity in the mid-2000s, with a noticeable,
constant increase of published papers on that topic (Bellon-Maurel and McBratney
2011). For example, Ben-Dor et al. (2008) modified an ASD vis-NIR field spectrom-
eter to perform in-field soil profile measurements. They developed an accessory to
fit the spectral head of the instrument that was able to penetrate the subsoil for in
situ measurements after the drilling of a soil core. As discussed in Sect. 5.2 of this
chapter, Viscarra Rossel et al. (2009) reported good estimates of soil colour, mineral
composition and clay content from in situ vis-NIR measurements along the pit face
of ten soil profiles. Furthermore, Kusumo et al. (2010) achieved good calibrations
(RPD = 2.90-5.80) for C and N for scanning intact soil cores.

When scanning the soil in its field condition, we are however dealing with a
range of environmental factors influencing the spectra, e.g. soil moisture, surface
roughness or smearing (Stenberg et al. 2010). There is a selection of studies
that compared predictions from laboratory and field spectra for a variety of soil
properties, and the majority of studies found that in general predictions improved for
the air-dried spectra (e.g. Chang et al. 2005; Mouazen et al. 2006; Waiser et al. 2007,
Fontan et al. 2010). Correcting for the effect of environmental factors, especially
soil moisture, is particularly important for in-field estimation of soil attributes using
vis-NIR because most spectral libraries used for predictions were established under
laboratory conditions, using ground and dried soil.

Several ways have been tested and used to correct for soil moisture as it seems to
affect the behaviour of the spectra the most. Soil moisture effects in general result
in a higher absorbance of the spectra with increased moisture content. Viscarra
Rossel et al. (2009) used the approach of augmenting or ‘spiking’ a large spectral
library containing laboratory-collected spectra with a small proportion of field-
collected spectra to improve the prediction performance by introducing spectral
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variation to the calibration model. This method is similar to the approach of global
moisture modelling (GMM) where variation is also created in the spectral library
by including ‘differently behaving spectra’ (spectra at different soil water content)
(Wijewardane et al. 2016). A so-called selective wavelength modelling approach on
the other hand was trialled by Wu et al. (2009). Essentially, in this case, certain
bands of the spectra that are highly influenced by moisture are not considered
in the calibration models. In addition, formal chemometric techniques have been
introduced to correct for moisture effects. These usually require a set of soils
scanned in field and in standardized air-dried condition from which correction
matrixes can be produced. One of the most common approaches is external
parameter orthogonalization (EPO) which was developed in the food industry to
perform temperature-independent measurement of the sugar content of intact fruits
(Roger et al. 2003). Minasny et al. (2011) successfully applied this technique to
remove the moisture effect on soil spectra. The algorithm separates a vis-NIR
spectrum into two orthogonal components: a useful one that has a direct relationship
with the response variable and an unuseful one that is affected by an external
variable (soil moisture). A transformation matrix P is then utilized to project spectra
into a space less affected by moisture content (Fig. 5.12). Ackerson et al. (2015)
tested the capability of the EPO method on field-moist analysis of intact soil spectra
for the prediction of clay content, employing a dried and ground vis-NIR spectral
library, and found that predicted clay content improved after EPO transformation of
the spectra. Another approach is direct standardization (DS) which has been used to
standardize spectra acquired from multiple spectrometers (Ge et al. 2011) and was
also applied by Ji et al. (2015) to remove the effect of soil moisture from the spectra.
The DS method establishes a relationship between the set of laboratory spectra
and their corresponding field spectra, employing a transfer set which accounts for
in this case the effect of water. Recently, Wijewardane et al. (2016) performed
a comparative study including the methods discussed above and tested their
effectiveness for correcting the effect of soil moisture on spectral data, concluding
that EPO, DS and GMM are all viable approaches for moisture correction of
vis-NIR data.

Portable X-Ray Fluorescence Spectrometry (pXRF)

Different to vis-NIR, handheld pXRF field spectrometers directly and simulta-
neously measure the total concentration of a range of elements in the soil (in
mg kg~! and %). This approach is based on factory-installed internal calibration
methods. In addition, the EM spectrum resulting from pXRF can also be used in
similar ways as described above for the case of vis-NIR spectra, as the spectrum
itself might also contain some inherent information of soil chemical and physical
properties. O’Rourke et al. (2016) tested this approach and found that using the
XREF spectra was more effective to predict total carbon, soil organic carbon and pH
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Fig. 5.12 Spectral transformation using the external parameter orthogonalization (EPO) method

when compared to the more conventional use of XRF in soil analysis so far which
uses the elemental concentrations directly measured by XRF to predict other soil
properties, generally applying multiple linear regression models. For example, the
latter approach has been applied to infer a suite of soil properties from laboratory-
treated soil data in air-dried and ground condition (soil pH, total C and N, CEC and
gypsum content, clay and sand content) (Weindorf et al. 2013, 2014a; Sharma et al.
2014, 2015; Wang et al. 2015; O’Rourke et al. 2016).
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Similar to vis-NIR, in-field pXRF measurements are influenced by environmental
effects. These are mainly related to soil matrix heterogeneities, i.e. the less homoge-
nous the soil sample, the less representative is the estimate, including soil moisture
(Laiho and Perdmiki 2005; Markowicz 2008). Both can cause the attenuation or
increase of the X-ray signal received from the detector through increased absorption
or scatter of the X-rays. Generally, this results in an underestimation or in some
circumstances also overestimation of the elemental data and therefore a shift in the
intensity of the raw spectral response which is related to the quantity of elements
in the soil sample of interest. It has therefore been recommended to not scan soil
samples that have a gravimetric moisture content of more than 20% (Laiho and
Perdmiki 2005). Correction for these effects seems to be not as straightforward as
for vis-NIR reflectance spectra because of the above discussed different behaviour
of X-rays in relation to the soil matrix. So far, attempts have been made to correct
between in-field and laboratory-based pXRF measurements but not to correct the
spectral response directly using formal algorithms. Ge et al. (2005) proposed a
method for correcting for the effect of moisture, based on the assumption that the
intensity of scattered X-rays is directly proportional to the gravimetric moisture
content (w log(l,/I,,) where I, represents the X-ray intensity of air-dried samples
and [,, the X-ray intensity of field-moist samples). To apply this method, soil
moisture also needs to be documented in the field using a soil moisture probe, for
example. To correct for soil moisture, Stockmann et al. (2016b) proposed to use
a correction factor stemming from the fit of a linear relationship which was found
between the in-field and laboratory-based measurement of the iron (Fe) content. In
this case, a subset of samples scanned at field-moist and air-dried ground condition
is required that represents the soils studied.

A few studies compared in-field and laboratory-based pXRF performance and
found that elemental values acceptably compare (Weindorf et al. 2014b; Stockmann
et al. 2016a, b). It was noted, however, that this varies element specifically, with
higher variability between field-moist and air-dried ground conditions for lighter
elements with lower atomic numbers such as Al and Si. This is related to the limit of
detection of the pXRF detector which varies between 5 mg kg~! and 1% depending
on the atomic number of the elements for an Olympus Delta Premium pXRF
device, for example, and therefore also the abundance of these elements naturally
in the soil.

Synergetic Use of Handheld, Portable Sensors for Predictive Power
Improvement

Methods have been introduced to improve the estimation of soil attributes through
the combination of data from multiple sensors which has high potential for in-
field analysis. Wang et al. (2015) used concatenation for fusing the principal
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Fig. 5.13 Comparison of soil ocC (g 1009—1)
organic carbon levels
measured using conventional
laboratory techniques versus
in situ, diffuse reflectance
vis-NIR spectrometry.
Vertical red lines represent
the observed OC content of
dried and ground bulk
samples for each horizon as
measured using the dry
combustion method. In situ
results are displayed as the
mean (solid black line) and
95% confidence interval
(dotted black lines) based on
predictions of 50 Cubist
models. Measurements were
taken every 2.5 cm to a depth
of I m
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components of NIR spectral data from PCA with pXRF-measured elemental data
which improved the accuracy of soil texture prediction. Viscarra Rossel et al.
(2006b) used concatenation, i.e. in this case the spectral fusion of the vis-NIR
and MIR region which resulted in a minor improvement of the prediction of soil
texture compared to single sensor predictions. This approach only shows potential
for spectral data that use the same principle, soil reflectance, but seems not sufficient
when fusion of spectral data from sensors with differing measuring principles is
desired. The following approaches seem to be more applicable. O’Rourke et al.
(2016) were able to improve the predictive power of portable vis-NIR and XRF for
the determination of agronomic soil properties through methods of model averaging,
whereas Jones and McBratney (2016a) used an integrated chemometric and mass
balance approach to estimate the soil’s mineral component, from vis-NIR and pXRF
data. Together with the prospects of improving predictions from spectra in field
condition through data assimilation methods, focus is now also directed towards the
quantification of prediction uncertainties (Fig. 5.13).
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5.5.2.2 On Digital Soil Morphometrics (DSMorph)

The availability of portable, handheld devices that measure various parts of the elec-
tromagnetic spectrum and are robust enough to be taken to the field in combination
with advances in mathematical approaches and computational power has warranted
the introduction of digital soil morphometrics or in short DSMorph (Hartemink and
Minasny 2014). The establishment of DSMorph as part of the pedometric family
has potential as it promises to introduce a scientific and technological overhaul of
conventional soil field descriptions by “digitally enriching the toolkit of the field
pedologist” (Jones and McBratney 2016b). DSMorph introduces quantitative data
collection directly in the field and thus also offers the possibility of describing and
measuring soil attributes that are otherwise unattainable such as the in situ analysis
of the soil’s mineralogical composition. Jones and McBratney (2016a) demonstrate
how the conjoint use of vis-NIR and pXRF could achieve this. In conventional
field descriptions, the pedologist can only approximate the presence of certain clay
minerals from experience; a soil that shows evidence of shrink-and-swell behaviour
in the form of pronounced cracks through the profile and the presence of lenticular
peds will most certainly contain the secondary clay mineral smectite, for example.
Furthermore, DSMorph has the potential to increase sampling intervals and thus
to quantify the spatial variation of soil attributes more readily as compared to
conventional methods (Jones and McBratney 2016b) and in this regard offers the
prospect of adaptive sampling and analysis as outlined in Horta et al. (2015).
Jones and McBratney (2016b) argue however that the “marriage of digital data
collection with morphometric approaches is going to be crucial to the success
of DSMorph”.

Examples of applications of DSMorph techniques to revolutionize traditional soil
description, including novel and potential applications, are given in Hartemink and
Minasny (2014) and Hartemink and Minasny (2016). To name an example here,
recently, Fajardo et al. (2016) used fuzzy clustering of vis-NIR spectra to assess soil
properties of soil profiles and to identify zones of similarity, i.e. zones that were
spectrally homogenous, to identify soil morphological horizons (Fig. 5.14). This
approach could enhance and/or change the way we describe soil layers or horizons
in the field.

Stockmann et al. (2016a) calculated geochemical indices from pXRF-derived
elemental data acquired from the soil pit face and used these to investigate parent
material origin and pedological processes (Fig. 5.15). DSMorph can therefore also
help to explore soil-forming processes directly in the field which complements and
advances conventional soil field descriptions.
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Chapter 6
Scaling Characteristics of Soil Structure

Ana M. Tarquis, Ivan G. Torre, Juan J. Martin-Sotoca, Juan C. Losada,
Juan B. Grau, Nigel R. A. Bird, and Antonio Saa-Requejo

“For a complex natural shape, dimension is relative. It varies
with the observer. The same object can have more than one
dimension, depending on how you measure it and what you
want to do with it. And dimension need not be a whole number;
it can be fractional. Now an ancient concept, dimension,
becomes thoroughly modern”.

Benoit B. Mandelbrot, The (Mis)Behaviour of Markets (2004)
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6.1 Introduction

As previously discussed in Chap. 5, soil structure is defined by the spatial
arrangement of soil primary particles and aggregates. There is increasing evidence
that quantitative characterization of the soil structure and of its heterogeneity and
complexity holds the key to a deeper understanding on physical, chemical, and
biological processes that take place within the soil (Vogel 2000; Rockhold et al.
2004; Young et al. 2008; Blair et al. 2007; Pajor et al. 2010; Kravchenko et al. 2010;
Dullien 2012). Therefore, it is very important to obtain an accurate description of
soil structure which best approximates to reality. Although many parameters may
be used to attempt to describe irregular morphology, the spatial arrangement of the
most prominent features is a challenging problem across a wide range of disciplines
(Ripley 1988; Griffith 1988; Baveye and Boast 1988).

In this chapter we will present scaling and multiscaling analysis on soil images
and summarize the work in this area that has been going on for several years
until now.

6.2 Image Acquisition

The first image analysis systems were available in the early 1970s and have since
become increasingly accessible to soil scientists. Currently, low-cost software-based
image analysis systems make automated analysis of soil pore space very easy and
can be done in a two-dimensional (2D) as well as a three-dimensional (3D) way.

6.2.1 Soil Thin Sections

2D images of the soil pore space can be obtained when thin sections are cut
from polished faces of undisturbed soil blocks, previously impregnated with a
resin containing a fluorescent dye (Fig. 6.1). Subsequently, these thin sections are
illuminated with UV light or viewed with a fluorescence microscope (Geyger and
Beckman 1967; Murphy et al. 1977; Ringrose-Voase and Bullock 1984; Bouabid
et al. 1992). Another method is to view the pore space with a scanning electron
microscope (SEM) on finely polished thin sections in backscattered mode (Fies and
Bruand 1990).

Significant contributions to the characterization of soil pores by 2D image
analysis procedures are those by Jongerius et al. (1972), Ismail (1975), Murphy et
al. (1977), Bullock and Murphy (1980), Ringrose-Voase and Bullock(1984), Moran
et al. (1989), McBratney et al. (1992), Terribile and Fitzpatrick (1992), Protz et al.
(1992), and Protz and Van den Bygaart (1998).

The 2D morphological image analysis of undisturbed samples was the most typi-
cal technique for many years. The interpretation of micromorphometric results from
two-dimensional sections is often biased by anisotropy of the investigated structural
elements (Vogel et al. 1993). Stereological methods consist in extracting quantitative
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Transmitted Circular Polarized

Fig. 6.1 Sample prepared for image analysis following the procedure described by Protz and
Van den Bygaart (1998). Imaging thin sections obtained with a Kodak 460 RGB camera using
transmitted and circularly polarized illumination. Then EASI/PACE software was used to classify
the original transmitted and circularly polarized data and to separate the void bitmap

information about a three-dimensional material from measurements made on two-
dimensional planar sections. These have been applied in soil science, but they
require strong assumptions about the shape of pores and particles (McBratney and
Moran 1990).

6.2.2 Computer Tomography (CT) and Image Processing

X-ray computed tomography (CT scans) is a relatively recent nondestructive
testing method which offers an attractive opportunity for the three-dimensional
insight of the inner structure of objects and materials. Nowadays, due to the great
technological advances and the computational power of modern calculators, CT
systems are massively employed for a wide range of purposes in the scientific
and industrial sectors, e.g., flaw detection, failure analysis, metrology, and reverse
engineering.

The basic components forming a CT system are the X-ray source, characterized
by a micrometric or sub-micrometric focal spot size; the detection system, to collect
the transmitted radiation emerging from the sample; and the sample positioning
stages. The CT scan is done through recording on the detector, which is placed
behind the sample, a set of planar projections while the sample rotates inside the
incident beam over approximately the angular range between 0 and 180/360°. A
sufficient number of those angular views should be acquired at regular or known
steps, in order to efficiently reconstruct a set of horizontal cross sections (the slices)
of the object by means of a well-established mathematical procedure known as the
filtered altered back-projection (FBP) algorithm (Torre 2014). Figure 6.2 illustrates
the main components needed.
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slice reconstruction radiographs

Fig. 6.2 Main parts of CT scan (From Favretto 2008)

CT scanning has provided an alternative for observing intact soil structure
(Anderson et al. 1988; Warner et al. 1989; Grevers and de Jong 1994; Peyton et al.
1994; Perret et al. 1997, 1998, 1999, 2003; Rasiah and Aylmore 1998a, b; Rogasik
et al. 1999; Gantzer and Anderson 2002; Pierret et al. 2002; Anderson et al. 2003;
Rachmant et al. 2005; Gibson et al. 2006). The principal benefits of CT techniques
are reducing the physical impact of sampling, providing three-dimensional (3D)
information (analysis of images), and allowing rapid scanning to study sample
dynamics in near real time (Rasiah and Aylmore 1998b; Rasband 2006). Elliot
and Heck (2007a) have compared the void set determination from thin section
samples imaged for optical and from CT image acquisition on identical region. They
concluded that CT identified a category of void often overlooked by optical imagery
classification and therefore would make an excellent complementary technique to
soil micromorphology.

In this chapter we will focus on 2D soil images. In general, 2D images from
stacked slices that the CT scan captures are analyzed to reconstruct the 3D
information with the aim to simplify the analysis. Common concepts are highlighted
and explained.
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6.2.3 Image Binarization

Segmentation is one of the most critical steps in processing images prior to analysis.
Segmentation techniques are generally used to define the pore space in soil thin
sections and CT images (Elliot and Heck 2007b). In case we want to distinguish
between two different objects (object and background), we will usually talk about
binarization instead of segmentation. Binarization techniques are mainly based on
thresholding methods (Sezgin and Sankur 2004) in which global or local thresholds
are calculated to separate pore space (object) from solid space (background). Global
thresholding calculates a unique threshold which is applied to the whole image.
By contrast, local thresholding adapts the threshold depending on local image
characteristics, and so, values change over the image.

Thresholding methods follow different strategies to calculate an optimal thresh-
old. Sezgin and Sankur (2004) categorize thresholding in six groups: histogram
shape-based methods, clustering-based methods, entropy-based methods, object
attribute-based methods, spatial methods, and local methods (the first five groups
define global thresholding methods). The most well-known clustering-based meth-
ods are the iterative method (Ridler and Calvard 1978) and Otsu’s method (Otsu
1979). Entropy-based methods are maximum entropy (Kapur et al. 1985), maximum
Renyi’s entropy (Sahoo et al. 1997), and minimum cross entropy (Li and Lee
1993). The most well-known local thresholding method is indicator kriging (Oh
and Lindquist 1999) based on local spatial correlations. Recently, a new version
of indicator kriging called “adaptive-window indicator kriging” (Houston et al.
2013a) has become available that improves significantly the segmentation results.
Some other local strategies followed, e.g., extending Otsu’s method by minimizing
grayscale intra-class variance (Hapca et al. 2013) to obtain better performance when
compared to the original method.

At this time, a lack of general agreement on the most appropriate pore-solid soil
images threshold remains. Figure 6.3 shows an original soil thin section and several
threshold methods results to show their possible differences.

6.3 Mathematical Morphology

The development of computer technologies had a positive effect on image acquisi-
tion and processing, but also a profound effect in the development of mathematical
techniques that are known as mathematical morphology (MM). The central idea of
MM is to examine the geometrical structure of an image by matching it with small
patterns (structuring elements) at various locations in the image. By varying the size
and the shape of the structuring elements, one can extract useful information. The
seminal work of Matheron and Serra in 1964 (Serra 1982) quantified the mineral
characteristics from thin cross sections applying new concepts in integral geometry
and topology. MM was originally developed for binary images and was extended
later to grayscale images.
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12.7 % 11.6 %

Fig. 6.3 2D soil thin sections (a) and the binary image and porosity obtained applying Otsu’s
method (b), maximum entropy (c), and Shanbhag method (d). Thresholding using ImagelJ. White
pixels are the pores and black pixels are the void space

The application of MM for the analysis of soil structure in two dimensions has
been presented in several works (2D soil images) that are summarized here. Moran
et al. (1988) evaluated mathematically the macropore structure to evaluate the long-
term effect of several tillage systems. Moran and McBratney (1992a) presented
a method to analyze pore structure with three components: field-impregnated
pore space, laboratory-impregnated pore space, and soil solid. They applied this
method to study the total and connected macroporosity on several trials with
different soil management (Moran and McBratney 1992b). Dullien (1992) studied
the relationship between soil pore structure and fluid flow phenomena using these
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techniques on 2D soil thin sections. Moran (1994) made an interesting review on
the use of digital images to study the form of soil features. Ringrose-Voase (1996)
introduced several measurements to characterize soil pore structure such as area,
perimeter density, and numerical density. He showed examples of how to apply these
measures in 2D images and an adaptation to use in a 1D dimension. Horgan (1998)
reviews the basic MM ideas and then applies it to studies of the size distribution
of soil pores, the lengths and geometric patterns of cracks in drying soil, and the
growth of fungal hyphae. He shows how gray-level images can be handled as binary
images in three dimensions. Stewart et al. (1999) showed how the K function could
be applied to determinate the spatial relation between roots and macropores.

Later on, studies by Mecke and Arns (2005), Lehmann (2005), and Lehmann
et al. (2006), among others, have been applying MM in 3D soil images. All of
them pursue the linkage between geometrical parameters with flow parameters as
an attempt to relate structure and functioning in soil.

There are several applications of MM tools. However, here we will focus our
attention on Minkowski functionals applied in binary images.

6.3.1 Minkowski Functionals

One suitable approach to describe the distribution of elements within structures is
Minkowski functionals (MFs), a family of topological and geometrical descriptors
belonging to methods of integral geometry (Michielsen and De Raedt 2001).They
are invariant under rigid motions and additive. MFs embody information from every
order of the correlation functions, are numerically robust even for small samples,
and yield global as well as local morphological information (Kerscher et al. 2001).

Within a two-dimensional binary image, three MFs can be defined: covered
area (A), boundary length (B), and Euler characteristic. Of particular interest
is the latter parameter that contains information related to pattern connectivity
as is normally denoted as Euler-Poincare characteristic (EPC). The MFs can be
calculated following the relations:

A= np
B = —4n;, + 2n, (6.1)
EPC =n, — n, + n,

where n;, is the number of boxes (pixels), n, is the number of edges, and n, is the
number of vertices, with the common edges and vertices of connected pixels counted
only once. Three examples of these MFs are shown in Fig. 6.4.

Mecke (1998) showed that integral geometry provides formulae which make the
calculus convenient for many models of stochastic geometries. He points out an
example using the Boolean grain model and applied morphological measures in the
context of percolation.

In three dimensions, MFs correspond to the enclosed volume (V), surface area
(S), mean breadth (B), and connectivity (EPC). To compute these functionals of
the image of the pore space, it is necessary to count the number of vertices (n,),
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a b c

Fig. 6.4 The 2D MFs: area (a), boundary length (b), and Euler-Poincar¢ characteristic (EPC).
Considering the white pixels as pores and the black pixels void, we have in (a) A = 8, B = 12,
and EPC = 1;(b)A =8, B = 16, and EPC = 2; and (¢) A = 8§, B = 16, and EPC = 0 (Adapted
from Larkin et al. 2014)

faces (ny), and cubes (n.) of all voxels of the pore space object in the 3D image
(Michielsen and De Raedt 2001):

V=n

S = —6bn, + 2ny
(6.2)
2B = 3n, — 2ny + n.

EPC = —n; +ny —n. + ny

Vogel and Kretzschmar (1996) estimated EPC analyzing pairs of parallel images
(dissectors). This was the first time that EPC was applied to characterize the pore
space in soils. Vogel et al. (2005) provided a quantitative description through MFs
to explain the crack patterns at the soil surface and their dynamics. In this work they
also employed MM tools such as dilations and erosions.

6.3.2 Minkowski Fractal Analysis

In the next section, we will talk about soil pore fractal geometry. However, we prefer
to include this concept here to point out how the scaling behavior of soil binary
images has been studied with different subdivision techniques and not only the well-
known box-counting method mentioned in the next section.

Minkowski fractal dimensions (DS) of binary images can be calculated following
the Bouligad-Minkowski protocol (Russ 1995). The method consists of producing
a series of images displaying only the boundaries of the structure. Boundary
images are formed by adding the complementary part of a dilated image (following
the “OR” Boolean logic) to an eroded image of the same picture and gradually
increasing dilatation/erosion degrees. The effective boundary width (EBW) is
defined as the area of the boundary divided by the dilation/erosion degree and the
number of iterative cycles.

To calculate DS, the EBW is calculated for each boundary image and plotted vs
the number of dilation/erosion cycles on a log-log scale. For isotropic dilation, the
circle diameters may be directly used as the scaling parameter (Dathe et al. 2001).
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Minkowski fractal dimensions are calculated from the slope of the curves as DS =
1-slope.

Dathe et al. (2001) found deviation from linearity dividing it in two linear
regressions obtaining two DS values: textural (DS1) and structural (DS2) fractal
dimensions. The crossing point (CP) between both lines was determined minimizing
the combined mean quadratic error of both regressions.

6.4 Pore Soil Fractal Geometry

Fractal geometry has been increasingly applied to quantify soil structure using
fractal parameters due to the complexity of the soil structure, and thanks to the
advances in computer technology (Tarquis et al. 2003 and references therein). The
value of fractal parameters can be derived through indirect methods, such as water
retention curves (Crawford et al. 1995), or direct ones through image analysis.

For many years 2D images of soil thin sections have been used in several works
to describe the spatial structure extracting the mass fractal dimension (D), pore-solid
interface, and lacunarity (Brakensiek et al. 1992; Pachepsky 1996; Giménez et al.
1997, 1998; Oleschko et al. 1998a, b; Bartoli et al. 1999; Dathe et al. 2001; Dathe
and Thulner 2005).

6.4.1 Box-Counting Mass Dimension

We consider a binary image displaying two phases — pore and solid. In executing a
fractal analysis, one of the two phases for analysis needs to be chosen. Without the
loss of generality, we shall here choose the pore phase.

The image is covered by a grid of boxes of size §. The number of boxes which
cover the pore phase is recorded. This is repeated for different size boxes N(§). For
a fractal set

N () o §7P (6.3)

A log-log plot of N(§) against § then yields a line of slope equal to —D. This
is named as fractal dimension or mass dimension in which the box-counting (BC)
algorithm is used. As an illustrative example, in Fig. 6.5, we show the calculated
mass fractal dimension of the binary images presented previously in Fig. 6.3.

Given the relation in Eq. 6.3, it is now instructive to seek bounds on the values the
function N(§) can take (Bird et al. 2006). In doing so, we look to see what behavior
we can expect from an arbitrary image including or not including any element of
self-similar scaling. We denote the fraction of the image occupied by pore phase
with f (porosity). If f = 1, the number of boxes required to cover the set is (%)2,
and this is trivially an upper bound for N(§) when f <1. In order to derive a lower
bound, we consider the situation in which the boxes cover the set, but no part of the
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Fig. 6.6 Boundaries of the N(§) function in 2D image case at different porosities (f)

complementary set. If this were to occur, then the number of boxes is equal to (%)zf .
In general, the boxes will cover part of the complementary set, and consequently the
former number of boxes is a lower bound for N(§). We may now write that N(§) must

satisfy the inequalities:
2 2
(5)7=vo=(5) (64)

In terms of the log-log plot used to extract a fractal dimension, these inequalities
result in two parallel lines of slope — 2, between which the measured data must lie.
The vertical spacing between these lines is equal to log(f). For all images sharing
a common value of f, the box-counting data will lie between these bounding lines.
Figure 6.6 presents a graphical example of how these two parallel lines reduce the
distance as the porosity of an image increases.

We shall consider presenting the data in an alternative way. Namely, we may
transform the data by expressing N(8) relative to the result obtained for a uniform
distribution of pixels. That is, we compute N'(§) given by

L -2
N'(8) = N () (5) (6.5)

This yields a measure of the area of the boxes used to cover the pore space. This
is bounded by the inequalities:

f<N@® =<1 (6.6)

For a fractal pore space, this must still produce a power-law relationship. In terms
of a log-log plot, we now look for a linear trend in the data with slope equal to 2D
constrained to lie between 0 and log(f). A graphical example of bi-log plots of N(§)
and N'(§) is given in Fig. 6.7.

As we can see, this fractal approach can be applied in a binary image to void
or pore sets. The question of fractal nature of the void set and/or the complement
set was discussed by Crawford and Matsui (1996). Recently, Perfect and Donelly
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(2015) have introduced a new method (“biphase box counting”) for discriminating
between void fractal, pore fractal, and Euclidean scaling in images that display
apparent two-phase fractal behavior when analyzed using the traditional method.
It consists of box counting the selected phase and its complement conjointly.
They present several examples of fitting both datasets conjointly to fractal and/or
Euclidean scaling relations.

A key observation regarding this analysis is that a box is counted regardless of
the pore area contained within as long as there is at least one bit or pixel representing
pore space. But what happens in the case when there is variability in the local
porosity? This question can be addressed using a multifractal analysis (MFA) which
we describe in Sect. 6.5.

6.4.2 Pore-Solid Fractal Model

Once that the concept of fractal dimension has been described, and the restrictive
bounds that it presents, we can summarize the two forms of mass fractal that were
proposed yielding opposing scaling behavior. The solid (void) mass fractal describes
a porous material with a density which decreases and a porosity which increases
with increasing sample size. In particular, mass and density scale as power laws.
This model was used as a descriptor of soil aggregates (Young and Crawford 1991;
Rieu and Sposito 1991; Anderson and McBratney 1995). Conversely, the pore mass
fractal describes a porous material with a density which increases and a porosity
which decreases with increasing sample size. In this case, the porosity scales as
a power law. The solid mass fractal exhibits a power-law pore-size distribution,



6 Scaling Characteristics of Soil Structure 167

Fig. 6.8 Pore-solid fractal (PSF) model in 2D (After Perrier and Bird 2002): x, solid; y, pore; z,
part that continues subdividing

whereas the pore mass fractal exhibits a power-law particle-size distribution, but
neither can represent both solid and void scaling distributions. The two models need
to account for a lower cutoff of scale since they are seen to fail immediately if this
lower bound is not present, yielding porosities of one and zero, respectively.

The pore-solid fractal (PSF) model (Perrier et al. 1999; Bird et al. 2000) of soil
structure is an extension and generalization of the fractal approach to modeling soil
structure, in which a range of particle sizes and a range of pore sizes are incorporated
in a common geometric model (see Fig. 6.8). Solid and pore mass fractal models
appear as special cases of the PSF model. Besides it, PSF can be used to model
several other scaling properties such as fractal pore-solid interfaces (Perrier et al.
1999) as well as fractal pore-size distributions (Perrier et al. 1996) or observed
distributions of aggregates in a fragmentation process (Perrier and Bird 2002).

Several authors have found that the general expression for the retention curve
derived from the PSF model (Bird et al. 2000) is quite accurate with experimental
data although some parameters should have a previous estimation (Fallico et al.
2010; Behzad et al. 2011; Ghanbarian-Alavijeh et al. 2011).

6.4.3 Lacunarity

Mandelbrot (1983) pointed out that fractal dimensions would not suffice to provide a
satisfactory description of the geometry of lacunar fractals and that at least one other
parameter, which he termed “lacunarity,” is necessary. He introduced the concept of
lacunarity as a measure of the distribution of gap sizes in a given geometric object,
and later on a more precise definition was introduced by Gefen et al. (1983). He
viewed it as a measure of the deviation of a geometric object from translational
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invariance. In a low lacunarity object, where gap sizes are relatively homogeneous,
different regions of the object tend to be similar to each other. In contrast, in a
high lacunarity object, different regions may be very dissimilar and cannot be made
to coincide by simple translation. This characterization is highly scale dependent;
objects that are heterogeneous at small scales can be homogeneous when examined
at larger scales or vice versa (Gefen 1983).

A commonly used method for calculating the lacunarity in binary images was
outlined by Allain and Cloitre (1991) based on “gliding boxes” (GB) of increasing
sizes. A box of side length 1 is placed in the upper left-hand corner of an image of
side length L (being 1 < L). The calculation algorithm records the number or “mass”
(m) of pixels that are associated with the solid underneath the moving box. The box
is then translated by one pixel to the right, and the underlying mass is again recorded.
When the moving box reaches the right side of the image, it is moved back to its
starting point at the left side of the image and is translated by one pixel downward.
The calculation proceeds in this fashion until the box reaches the lower right-hand
corner of the image, at which point it has explored every one of its possible positions
on the image ((L—1+1)?). Then, the number n(m, [) of times a particular value of
mass (m) has been recorded with the moving box of side length 1 is computed.
Division of n(m, [) by the total number (L—1+1)?> of possible positions of the
moving box above the image yields the probability distribution function (Q(m, I)):

n(m,l)

)= 6.7
Qtm) (L—1+1)* ©.D
The statistical moments (Zy(g,l)) of Q(m,l) are defined as
12
Zo(q.) =Y _ m'Q(m,]) 6.8)

m=0

Based on the first and second moment (¢ =1 and 1 = 2, respectively), the
lacunarity (Agg(1)) with a box size length I is defined as

Zp2.1)

Agp () = 2227
o ® (Zo (1,1))°

(6.9)

For a translationally invariant set, Zy(2,1) = (Zp(1, 1)), and then Agg = 1 and
is independent of 1 (Allain and Cloitre 1991). Equation 6.9 can be rewritten in a
more clear and common used expression taking into account that Zy(1,/) = g and
Zp(2,D) = MQZ + O'in
2

(of
Acp () = 22 +1 (6.10)
Ko
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Equation 6.8 shows that Agg(l) is mainly a measure of the width of the
distribution Q(m, /). In Fig. 6.9 we show an example of lacunarity functions of the
binary soil images obtained in Fig. 6.3.

Several authors have pointed out that the joint distribution of lacunarity and
other fractal parameters can better discriminate soil architecture (Chun et al. 2008;
Zamora-Castro et al. 2008; Luo and Lin 2009; Cumbrera et al. 2012).

Lacunarity is not confined to binary configurations, but can also be used with
grayscale data (Plotnick et al. 1996). Voss (1986) proposed a probability approach
to estimate the fractal dimension and lacunarity of image intensity surfaces. Let us
begin to define P(m, [) as the probability that there are m intensity points within
a box size of [ centered about an arbitrary point in an image. Intensity points are
referred to as the number of points filled in a cube box. Hence, we have

N
ZmzlP(m,l) =1 (6.11)

where N is the number of possible points in the box of /. Suppose that the total
number of points in the image is M. If one overlays the image with boxes of side /,
then the number of boxes with m points inside the box is (%) P (m, ). Hence,

M) = Zj::lmP (m. I) 6.12)

and
M) = ZNZLmzp (m. 1) 6.13)

Lacunarity can be computed from the same probability distribution P(m, [).
Hence, lacunarity (A(1))is defined as

M>(1)
Al) = +1 6.14
M M) (6.14)

This type of analysis hasn’t been so popular in soil science. However, several
authors have begun to use it and relate it with other fractal dimensions in grayscale
images, focusing on soil grayscale images (Roy and Perfect 2014).

6.4.4 Configuration Entropy and Local Porosity

The first works found in the literature using this parameter are found in planar thin
sections of gold and sandstone to characterize the spatial patterns of binary images
(Andraud et al. 1994, 1997). It was until much later, however, that this concept
of configuration entropy began to be applied to pore-soil images. Tarquis et al.
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(2003) illustrated the method showing three images of soil samples representing
contrasting soil void patterns. These gray images were converted to binary images
by visually comparing the derived binary image with the original gray image. The
normalized configuration entropies (H*(1)) were calculated at different 1 on the
binary images following the methodology outlined in Andraud et al. (1994). The
authors showed that there is a range of 1 values where H*(l) reaches a maximum
value after which it decreases and tends to stabilize around 0.2 (Tarquis et al. 2003).
The maximum values of the normalized configuration entropy H"(/.) and of the
characteristic length or the entropy length (/.) were different for each image, and
their shapes were similar to the ones that were obtained from an image created by
simulating a Poisson grain distribution model (Andraud et al. 1997).

The basis of this method is to study the effect of scale in porosity. Estimation
of porosity from a binary image implies counting the pixels representing pores and
expressing this count as a percentage of the total number of pixels in the image. If an
image is divided in an arbitrary number of smaller areas (e.g., boxes) and porosity
is estimated in each subarea, a distribution of the measure “porosity” is obtained
for the image. The basic idea of local porosity distributions (local is related to each
box the image was divided to) is to turn a global measure into a distribution of local
measures (Beghdadi et al. 1993).

An image is formed by pixels arranged in a square lattice of side L. A distribution
of local porosity is obtained if this lattice is subdivided in n(/) boxes of size [/, from
I =1tol = L/4. In every box the number of pixels belonging to the pore class, N,
is recorded.

The probability associated with a case of j pore pixels in a box of size l(p;(])) is
defined as

N;i(D)

pi(l) = (D

(6.15)

where N;(]) is the number of boxes with j pore pixels and n(/) is the number of boxes
of size /. In this probability function, the value j = 0 has a meaning and should be
considered. The configuration entropy, H, (Andraud et al. 1994) is defined as

8x0

H(l) ==Y pih) log(pi() (6.16)

j=0

and measures the uncertainty associated with the porosity that can be attained by a
set of boxes of size [. Andraud et al. (1997) provided a rigorous connection between
the configuration entropy H(/) and the local porosity concept.

Since the underlying probability changes with the number of pixels inside the
box (Ix]), H(l) needs to be normalized for comparing entropy values corresponding
to different sizes /. This is done through (Andraud et al. 1994)
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H()

HO =50

(6.17)

where Hyo () = log(P> + 1).

H'(l) is called the normalized configuration entropy of the two-dimensional
morphology of the binary image. An example of these calculations is shown in
Fig. 6.10. From this plot two parameters can be obtained, the characteristic length
(I.) and the maximum configuration entropy (H"(l.)).

Several authors have applied those as a useful morphology parameter (Tarquis
et al. 2006; Dathe et al. 2006; Chun et al. 2008).

6.5 Pore Multiscale Analysis

In the mass dimension, a box is counted regardless of the pore area contained,
which is a too coarse approach when local porosity shows certain variability. The
approach of presence or absence of pores can therefore not be used, and to overcome
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this, multifractal analysis (MFA) is conducted. This type of analysis has been
increasingly applied to quantify soil structure (Posadas et al. 2003; Bird et al. 2006;
Dathe et al. 2006 among others) and is becoming increasingly popular.

MFA in 2D images involves partitioning the plane into boxes to construct
samples with multiple scales. The box-counting (BC) method combines pixels to
form larger, mutually exclusive boxes each containing a different set of pixels. Given
an L x L-pixel image partitioned to a box size of § x §, the number of boxes that
will follow the proportion of line size § (n(8)) is

2
n(8) (g) (6.18)

If § is overly large, the resulting number of samples may not be sufficient for
statistical analysis.

The gliding box (GB) method was originally used in lacunarity analysis (Allain
and Cloitre 1991) and later modified by Cheng (1997a, b) for application to MFA.
The GB method essentially constructs samples by gliding a box of a certain line
size (§) over the grid map in all possible directions. An “up-scaling” partitioning
process begins with a minimum line size box (§u,), Which is steadily enlarged to
a specific size smaller than L. The proportionality of the number of boxes of linear
size § (n"(8)) is

N2 2
n*(S)a(M) orn*(5)0<(L _ ¢ +1) (6.19)

8min Smin 8min

where §,;, <6 <L. This relationship is often expressed as

I 2
nx* (8) ( —&+ 1) (6.20)

8min

where ¢ is the ratio between the box line size and the minimum size chosen (ﬁ)

One advantage of the GB method is that, generally, the larger the sample size, the
better the statistical results. Because this partitioning overlaps, the measures defined
by these boxes are not statistically independent, and the definition of the measure
in gliding boxes differs, as explained below. This type of analysis has been applied
in binary images in different fields (Grau et al. 2006; Saa et al. 2007; Tarquis et al.

2007).

6.5.1 Box-Counting Algorithm

The generalized dimension calculated using the BC technique essentially reflects the
mass contained in each box. An image is divided into n(§) boxes, and the fraction
of pore space (u;) in each box is calculated from



174 AM. Tarquis et al.

Wi = i _ # 6.21)
mro Y lim

where m; is the number of pore class pixels in box i and my is the total number of
pore class pixels in an image. In this case, the pore space area is the measure and
the square grid the support. The generating function (y(qg, 8)) is then defined as:

n(8)
1@8 =Y [1q8 qe% (6.22)

i=1

where

q

m;

xi(g.8) = pf = (Z,,T) (6.23)
=11

xi is a weighted measure that represents the percentage of pore space in box i,
and g is the weight or moment of the measure. When computing the number of
boxes of size §, the possible values of m; range from 0 to § x §. So if N;(§) is the
number of boxes containing j pixels of pore space in a given grid, Eqs. 6.5 and 6.6
can then be written as follows (Barnsley et al. 1988):

n(8) n(8)

m; q 8x8 j q
x(q.0) = ;(ui)q =y (m_T) = ;1\6(5) (m_) (6.24)

i=1 r

where mr = Zf:ls] N; (8)

Using the distribution function, N;(J) simplifies calculations and reduces compu-
tational errors (Barnsley et al. 1988).

A log-log plot of a self-similar measure, x(q, 8), vs § at various values for ¢ gives

x (q,8) ~ 87@ (6.25)

where t(q) is the mass exponent for g (Hentschel and Procaccia 1983; Feder 1989).
7(g) can be written as

log (x (¢, 6))
log (8)

The generalized dimension, D, can then be introduced through the following
scaling relationship (Hentschel and Procaccia 1983; Feder 1989):

7(q) = limg_g (6.26)

D, = limgo 08 X (@-9)] (6.27)

(g—1)logé
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And, therefore

(q) = (q—1) D, (6.28)

for g # 1. The case D; is defined as the limit D; =1lim,_, ;D,. The dimension D,
can then be extracted from a plot of entropy (S(8)) against log(3).

) i (1,8) log [x: (1,8)]

D] = lim§_>() (629)
log §
n(8)
S8 =—Y_ xi(1,8)log (1 (1,8)) ~ Dy log (§) (6.30)

i=1

The generalized dimensions, Dq, for ¢ = 0, ¢ = 1, and ¢ = 2 are known as
the capacity, information, and correlation dimensions, respectively (Hentschel and
Proccacia 1983). The capacity dimension is the box-counting or fractal dimension.
The information dimension is related to system entropy, whereas the correlation
dimension computes the correlation of the measures contained in boxes of various
sizes (Posadas et al. 2003).

6.5.2 Gliding Algorithm

As in the BC method, a definition of the mass contained in each box (number of
pore pixels) must be given in the gliding box procedure. Let n*(m, §) be the number
of gliding boxes of size § and mass m. Dividing by n*(8) yields the probability
function, B(m, 8), for a gliding box of size § and mass m.

The statistical moment of this distribution is

§%8 1 n*(8)
X*(q,8)=2ﬂ(m,8)mq:mzm?(smzs{mﬂ 6.31)
m=1 i=1

where y*(g, 6) is the moment of order ¢ of S(m, §) and the sum includes all gliding
boxes with m;>0.
The difference between y*(q, §) (Eq. 6.29) and x(qg, §)is that

L 2
x(q.8) ~ (5) E{m?} (6.32)

Combining Egs. 6.13 and 6.14 yields

L 2
rad~(5) 1@ 633
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Substituting this relation in Egs. 6.25 and 6.26 gives

1 *(¢,0 2log (&
) = i 2L @)y, 2108 (5) (6.34)
§—~0  log(8) §—0 log (8)

The second limit is readily solved, giving a value of —2. It is concluded that
(Cheng 1999a)

() = lim 2@ D)

§>0  log(8) (6.35)

where 2 is the value of the dimension of the Euclidean plane containing the image.
In the present study, the multiplier method, based on Eq. 6.35 below, was applied
to estimate 7(g) (see Cheng 1999a, b for further details):

<) > 42 = =M @d)>) (6.36)
log (¢)

where <> stands for statistical moment and M represents the multiplier measured on
each pixel as

. q
0 (Smm)) 6.37)

e (8)

The advantage of using Eq. 6.36 compared to Eq. 6.26 is that, since the estimation
is independent of box size §, successive box sizes may be used to estimate 7(g).
The condition to applying the former, however, is that (t(§min) may not be nil, for

/’v(b)min)
()
The resulting estimate may be applied in Eq. 6.26 to estimate D,.

As an example to compare both algorithms, the generalized dimension of the 2D
binary soil images shown in Fig. 6.10 is estimated. Therefore, a comparison between
the D, values obtained with the two methods is given in Fig. 6.11. The two curves
are similar for soil ads. The differences between the two methods for soils buso and
evhl are wider for negative values of ¢, although decay is greater for the positive
values.

Finally, an overall comparison of the D, values point out a much lower standard
error in the GB method. The main differences found in the BC method are in the
negative g range, whereas in the GB procedure, differences were also observed in
the positive g range. For further details, see Grau et al. (2006).

M. = (

otherwise the expression ( ) is always 0 or undefined for all values of 6.
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Table 6.1 Upper and lower bounds of the partition function (x(g, §)) and entropy (S(8)) based on
mass exponent (g), size length of the 2D binary image (L), size length of the box (6), and porosity
percentage (f) (Summarized from Bird et al. 2006)

q <0 0<gqg<l g=1 I<gq

Bounds | y(q, 8) (4. 8) S@) Jex))

Lower £)20=9) (1—y) £)20=) (1—) L £)\2(1—9)
(5) A (5) A 21n(5)+1n(f) (3)

Upper oAl — 2(1—¢) 2(1—q) 1
po-apmo (B Dy (500

6.5.3 Limitations

Given all these definitions, we will see that the partition function presents restrictive
bounds. In establishing bounds for (g, §) and S(§), we must consider five separate
ranges of values of the parameter q. All cases are shown in Table 6.1, summarized
by Bird et al. (2006).

Having defined these bounds, we now seek to examine their significance in terms
of extracting generalized dimensions from image data. For 1<q and for 0<q<1, the
bounding functions when plotted on the log-log plot used to extract the dimension
yield two parallel lines with a vertical separation of (1—q) In (f). The higher the
porosity, the lower the separation between these lines, and consequently a very good
straight line fits for the image data.

For g = 1, the bounding functions when included on the plot of entropy against
In(8) again yield two parallel lines of slope 2 with separation of In(f). Again, fits to
image data lying between these reference lines are obliged to be good. For g <0, our
bounding functions do not yield parallel lines, and there exists scope for the image
data points to deviate from linear behavior within the log-log plot of y(g, §). For
further details, see Bird et al. (2006).

Several authors have pointed out several more restrictions in this type of analysis
of binary images. Kravchenko et al. (2009) pointed out that, because their Lipschitz-
Holder exponents are either 0 or 2 at the pixel scale, binary images are not
multifractal in a strict mathematical sense. In the same direction, Zhou et al.
(2011) contend that the interpretation of the generalized dimensions estimated from
binary images should be made very cautiously. These authors indicate that further
exploration of the use of grayscale images for multifractal characterization of soil
structure should be encouraged.

At this point we would like to recall the work of Buczkowski et al. (1988) in
which they comment that the main difficulty in using MFA is that the ideal limit
cannot be reached in practice, in this context the pixel.

Observing bi-log plots of the partition function (x(g, §)) in several works (Tarquis
et al. 2008, 2009; Perrier et al. 2006), we can observe the existence of a plateau
phase at the smallest scales that can be explained by the nature of the measure we
are studying. At § values close to 1, the variation in number of black pixels is based
on a few pixels, having the most simplicity when § = 1 where the measurecan only
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have a value of 0 or 1. Thus, for small boxes of size &, the proportions among their
values are mainly constant. However, when the box size passes a certain threshold,
a scaling pattern begins.

Several authors have applied the characteristic length (I.), based on the config-
uration entropy concept, to determine the minimum size § that should be used in
the MFA (Dathe et al. 2006; Tarquis et al. 2006). At § = [, the distribution of the
measure (number of black pixels) is the most uniform we can find in the image.
Increasing § value is when configuration entropy begins to reduce and a scaling
pattern can be detected if it is present.

6.6 CT-Scan Image Multiscale Analysis

Taina et al. (2008) did a cursory examination of recent research, involving the appli-
cation of CT to soil. Their review reveals a considerable diversity of methodology
and a lack of standardization. An immediate consequence is the impediment to the
comparison of results from different studies. One of the methodologies that presents
a lack of general agreement is in the appropriate pore-solid CT threshold (Cortina-
Januchs et al. 2011; Wang et al. 2011; Ojeda-Magaiia et al. 2014), which is used to
obtain a black and white image from the original grayscale data, before calculating
any of these scaling parameters. At the same time, the effect of settings of all
these processes in scanning and image reconstructions has been deeply studied by
Houston et al. (2013b). At this point we will clarify that pore space determined by
image analysis is air-filled pore space (hereinafter named pore space). The variety
of thresholding methods has already been briefly discussed in Sect. 6.2.3.

Gibson et al. (2006) compared three fractal analytical methods to quantify the
heterogeneity within soil aggregates. In this work, the frequency distribution of pore
and solid components was clearly dependent on thresholding, which could not be
generalized. Tarquis et al. (2008, 2009) point out that a practical problem in the MFA
of binary images is that the thresholding methods have a pronounced effect on the
porosity and resulting generalized dimensions. It has been suggested to further study
grayscale soil images for multifractal characterization of soil structure, avoiding
any intermediate thresholding step (Zhou et al. 2010, 2011). This MFA applied in
grayscale images is very common in other types of images (Lovejoy et al. 2008;
Tarquis et al. 2014). In the next section, we will show some examples of using MFA
in gray soil images.

6.7 Box-Counting and Gliding Algorithms

As in the case of binary images, gray images can be analyzed with both algorithms.
All the definitions explained in Sect. 6.4 can be applied except that, now our measure
is not the number of black pixels representing pores, it is the gray value of the pixel
(m;), and therefore Eq. 6.22 doesn’t apply.
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Based on the mass exponent function (z(g)), the singularity index or Holder
exponent («) can be determined by Legendre transformation of the t(g) curve as
(Evertsz and Mandelbrot 1992)

_ 419

a(q) a

(6.38)

The number of cells of size § with the same «, N, (8), is related to the cell size
as Ny (8) x§7@, where f(a) is a scaling exponent of the cells with common «.
Parameter /(o) can be calculated as

fa) =qa(q) —7(q) (6.39)

Multifractal spectrum (MFS), a graph of « vs f(«), quantitatively characterizes
variability of the measure studied with asymmetry to the right and left indicating
domination of small and large values, respectively. The width of the MF spectrum
indicates overall variability (Tarquis et al. 2001). It could be interpreted also as the
relationship between a Hausdorff dimension f and an average singularity strength o
as implicit functions of the parameter q.

A direct way to calculate the MFS is to use the method of Chhabra and Jensen
(1989) following the relations:

8
Y18 nitg.5) log(1i(q.8))

flg) = lim ==Lsa
. 272)1 Ni(g.8) 10g(14i(8)) (6.40)
(g) = lim ==L 2R
where u; (8)is defined in Eq. 6.19 and 7; is
/(8)
m(q.8) = —or O (6.41)
Zi=1 (i (8))

One can regard multifractal measures as the union of fractal sets, each one
characterized by different scaling exponents « that have been named “‘singularity
exponents.” This interpretation is important to understand the concept of singularity
maps explained in Sect. 6.6.

From a CT-scan 3D image of a soil aggregate sample, three slices have been
selected perpendicular to the XY plane, as shown in Fig. 6.12. For each of the three
slices, we will compute, using both algorithms (BC and GB), first the mass function
(Fig. 6.13), second the generalized dimension (Fig. 6.14), and third the multifractal
spectrum (Fig. 6.15).

Comparing the box-counting method and the gliding method, the errors in t(g)
(Fig. 6.13) are diminished in the negative q values which is relevant for slice 192.
On the other hand, slices 64 and 128 present similar structures; meanwhile 192 is
significantly different. At the same time, the curvature of t(q) is smoother in the
gliding method. However, the differences are retained.
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Fig. 6.12 Original CT-scan 3D image of a sample of soil aggregate (a) and the selection of three
slices in Z direction (b)
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Fig. 6.13 Mass exponent function 7(g) for each of the three slices selected estimated by box-
counting method (/eft) and gliding method (right) (Adapted from Torre et al. 2016)

D(q), or Dq as named earlier (Fig. 6.14), shows the same results as t(g) as both
are related by Eq. 6.28. For negative g values, the differences are clearer between
slice 128 and slice 64.

The multifractal spectrum (Fig. 6.15) gives us complete information of the hier-
archical soil structure. Slice 64 shows a weak multifractal character in concordance
with previous results. Slice 128 presents a stronger scaling in the low values that
correspond to the right part of the spectrum.
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Fig. 6.14 Generalized dimension (D(g)) for each of the three slices selected estimated by, left,
box-counting method, and, right, gliding method (Adapted from Torre et al. 2016)
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Fig. 6.15 Multifractal spectrum (« vs f(a)) for each of the three slices selected estimated by, left,
box-counting method, and, right, gliding method (Adapted from Torre et al. 2016)

6.8 Multifractal Sierpinski Carpet

A Sierpinski multifractal can be obtained by a multiplicative cascade or “canonical
curdling” process (Perfect et al. 2006) with eight iterations and a multifractal
generator. The chosen generator probabilities are p; = 0.1875, p, = 0.2250,
p3 = 0.2875, and p4 = 0.3000. The order of probabilities, p;, was randomized before
being applied in each iteration.

Grayscale soil images and the multifractal Sierpinski carpet are shown in Fig.
6.16, as well as their respective grayscale histograms. Applying MFA to this
synthetic image, we obtain a multifractal spectrum that reminds us of the scaling
properties observed already in a CT-scan image used in this chapter. This implies
that to create synthetic images that resemble a CT-scan image, one should include
scaling properties of the gray values in the methodology.
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Fig. 6.16 Sierpinski multifractal of 246 X 246 pixels (a) and the corresponding gray histogram
(b). In the second line, slice 128 from the aggregate soil sample (¢) and the corresponding gray
histogram (d)

6.9 Singularity Maps and Binarization

A “singularity map” is defined as the locus of the points x € support (i) with the
same Holder exponent a(x):

o =T(x) (6.42)

where T(x) is the function that gives us the Holder exponent of each point x.

To calculate “singularity maps,” we will follow Cheng (2001) and Falconer
(2003). In multifractal measures the values of the local mass, u(B(x, r)), calculated
for various cell sizes r centered at x, follow a power-law relationship with r:

(B (x,1)) ~ r* (6.43)
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where B(x, r) is a ball centered at x with radius r. Locations «(x) # E, where
E is the topological dimension of the measure support, are called “singular
locations.” Moreover, we can distinguish positive singularities «(x) < E and negative
singularities «(x) > E. Holder exponents o(x) can be calculated by the expression:

Inp (B (x,
ax) = lim B(x1) (6.44)
r—>0 Inr
Cheng (2001, 2007) applied these concepts to a concentration map of a certain
mineral. He states that concentration or density mass p(x), calculated for various
cell sizes r centered at x, obeys a power-law relationship with r:

o) = BT oo
r

(6.45)

where E = 2 for 2D support and E = 1 for 1D support. This power-law is fulfilled
in a certain range of 7, [Fmin, "max]-

If the spatial variability of the exponent «(x) is a constant, then it means we have
obtained a monofractal distribution; otherwise, if «(x) has multiple values, then we
have got a multifractal distribution.

Positive singularities with «(x) <2 correspond to high values of concentration
(enriched values) in a geochemical map, while negative singularities with o(x) <2
correspond to low concentration values (depleted values). Therefore, calculating
the “singularity map” for an ore concentration map may be used to characterize
concentration patterns (Cheng 2007).

6.9.1 Concentration-Area Method (C-A)

The C-A method (Cheng et al. 1994) establishes power-law relationships between
the concentration of a variable and the area enclosed by this concentration:

A(p=C)xCP (6.46)

where A(p>C) is the area constituted by concentrations (p-values) greater than a
given value C and B is the fractal dimension of the C-A method.

In the context of fractal/multifractals, concentration is related to singularity
exponents through the expression (6.43), so in this case the C-A method tells us

A > C) x C? (6.47)
where A(p > C) is the area constituted by singularity exponents («-values) greater

than a given value C and f is the fractal dimension of the C-A method (Liu et al.
2013).
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When the singularity distribution follows a fractal model, this power-law relation
has only one exponent. Sometimes the C-A method does not meet the simple fractal
model because different power-laws apply to the study area. In this case we can
assume spatial variability is multifractal instead of fractal, and different slope-
change values in the log-log plot can be considered as a separation among different
sets. The implications and interpretations in the field of spatial statistics can be found
in Cheng (1999b).

6.9.2 Image Binarization

The new “singularity C-A” method is mainly based on the existence of self-similar
properties in the concentration or density variable, defined as the average intensity
of an area centered on the point of interest. When we obtain the cumulative
distributions of concentration through the C-A method, these self-similarities are
reflected by linear segments (power-law relationships) in a log-log plot. Different
exponents resulting from the plot reveal that there are different sets with self-similar
properties in the whole set. Values of the exponents are related to geometrical fractal
dimensions and singularity exponents (Cheng et al. 1994), and the slope-change
points offer us the possibility to define thresholds in all subsets which have appeared.
Therefore, the image is segmented according to all the slope-change points. The
initial assumption is not necessarily of multifractality, although, as we will see,
monofractality falls short in the majority of the examples since several slope-change
points are obtained.

The new segmentation method (C-A segmentation) will be applied in the slice
128 as an example. The implementation will follow these steps:

1. The first step is the transformation of the grayscale image to an intensity
concentration map. To do so, singularity maps are calculated, where singularity
exponents reflect the concentration strength of each point of the image. Firstly,
we define a measure | over the image. The easiest definition of a measure for a
square set S(x, r) centered on pixel x and side r is

wS )= > I (6.48)

keS(x,r)

where I} is the intensity of pixel k. In the images we are analyzing, the intensity of
each pixel is in the range from 0O to 255.

We will use the window-based method (Cheng 2001) to obtain singularity
exponents of the image. Using a sliding window (e.g., a square window) of variable
sides rmin =11 <1 < ... <I; = Fmax, W€ apply the expression:

a@) = lim THE®D)

F—>Imin Inr

(6.49)
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Fig. 6.17 Singularity map of slice 128 presented in Fig. 6.16 section C. (a) Holder exponent («)
histogram from the singularity map (b) Log-log cumulative distributions obtained by the “C-A
method” (¢) Red circles (in c) are slope-change point candidates to be thresholds in the “singularity
C-A” method

The side r of the sliding window is always an odd integer number of pixels, and
the minimum value is r,,;,, = 1 pixel. The values we have used in the analyzed soil
images are r,,;, = 3 pixels and r,,,, = 15 pixels. So we have seven values to calculate
the slope «(x) by linear regression. The results are shown in Fig. 6.17.

The singularity map gives information about two well-differentiated areas: the
area with pixels with o <2 (pixels with convex neighborhood) that we have defined
as an enriched concentration area and corresponds to solid bodies in the image
and the area with pixels with o >2 (pixels with concave neighborhood) that we
have defined as a depleted concentration area corresponding to pore space in
the image.

2. The second step consists in applying the C-A method. We calculate cumulative
distribution of «-values (singularity exponents) as indicated in Fig. 6.17 sec-
tion B. We define the area constituted by «-values greater than a given value C
as the number of pixels with singularity exponents greater than C:

A(a > C) = N of pixels (¢ > C) (6.50)

When we obtain log-log plots, linear segments (power-law relationships) appear
with their respective slope-change points (see Fig. 6.17 section C). At this point we
cannot accurately locate the position of these points. We solve this problem in the
following steps:



6 Scaling Characteristics of Soil Structure 187

Slice-128 Outlined image Binary image

Fig. 6.18 Left: grayscale image corresponding to slice 128. Middle: overlapping of grayscale and
borders of segmented image. Right: binarized images after applying the “singularity C-A” method

3. The third step consists in locating slope-change points through the WTMM
method; in this case we will use a null second-moment wavelet called the
“Mexican hat.” This kind of wavelet detects points with local maxima curvature.
The WTMM method accurately finds all slope-change points we have obtained
through the C-A method (red points drawn in Fig. 6.17 section C).

4. Finally, we choose as the segmentation threshold the first slope-change point with
value o >2, i.e., the first value located in the depleted area since this value defines
the first set with self-similar properties completely contained in the depleted area,
the potential area to be the pore space. In this specific case, the threshold value
is o, = 1.987. The binary image obtained is showed in Fig. 6.18. For further
details, see Martin-Sotoca et al. (2017).
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Chapter 7
Pedotransfer Functions and Soil Inference
Systems

José Padarian, Jason Morris, Budiman Minasny, and Alex. B. McBratney

“You can’t make a silk purse out of a sow’s ear”.

Jonathan Swift
Anglo-Irish essayist (1667-1745)

7.1 Introduction

The term pedotransfer function (PTF) was coined by Bouma (1989) as ‘translating
data we have into what we need’. Pedotransfer functions are regression functions
used to predict soil properties that would be otherwise infeasible to obtain. Typical
reasons for this infeasibility include, but are not limited to, the cost, time, difficulty
or hazard involved in procuring direct measurements. Each PTF is developed around
some insight into a soil’s physical, chemical or biological properties that relates a
set of input parameters (predictor properties) to an output parameter (a predicted
property).

Pedotransfer functions (PTFs) have multiples uses. They are essential, for
example, in soil carbon stock assessment (Chap. 23) based on legacy soil data, where
bulk density is usually not measured. PTFs can also be used to estimate soil organic
carbon pools required in soil carbon evolution models. In digital soil mapping
(Chap. 12), the use of pedotransfer functions is to provide more useful information
in relation to soil attributes or soil functions. Pedotransfer functions can further be
used to estimate the soil’s condition or capability (e.g. available water capacity).
The predicted properties resulting from PTFs can be used as inputs into process-
based simulation models to run scenarios on the effects of different agricultural
management on soil functioning, drainage, evapotranspiration and biomass yields.
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Some consider prediction of soil attributes from environmental variables (e.g.
climate and topographic indices) in a spatial context as pedotransfer functions,
but we would caution against that. We called this particular case the soil spatial
prediction functions (SSPFs) (see Chap. 12 for more details). Pedotransfer functions
sensu stricto are when we are predicting soil attributes from other soil attributes, or
S = f(s). There is a possible intersection or area of overlap, between PTFs
and SSPFs (e.g. the spatial component), which results in what we call spatial
pedotransfer functions. Figure 7.1 illustrates the differences and possible overlap
between PTFs and SSPFs. Pachepsky et al. (2001) and Romano and Palladino
(2002) illustrate examples of spatial or contextual pedotransfer functions, but they
are examples of § = f(s,r).

7.2 A Brief History of Pedotransfer Functions

Reviews on the development and the use of PTFs can be found in Pachepsky
et al. (1999, 2015) and Wosten et al. (2001). Most of these reviews, however, are
limited to the prediction of soil hydraulic properties, which regulate the retention
and movement of water and chemicals in soils.

The concept of using empirical relations to predict soil properties can be traced
to Briggs and McLane (1907) and Briggs and Shantz (1912) in their work on
determining the wilting coefficient. Furthermore, various ‘rule of thumbs’ were
formulated to estimate various soil properties. Probably because of its particular
difficulty and cost of measurement, the most comprehensive research in developing
PTFs has been for the estimation of water retention. With the introduction of the
concepts of field capacity (FC) and permanent wilting point (PWP) by Veihmeyer
and Hendricksen (1927), research during the period of 1950-1980 attempted to
correlate particle-size distribution, bulk density and organic matter content with
water content at field capacity (FC, 8 at —33 kPa), permanent wilting point (PWP, 6
at —1500 kPa) and available water content (AWC = FC — PWP). Nielsen and Shaw
(1958), for example, presented a parabolic relationship between clay content and
PWP from 730 Iowa soils.

In the 1960s various papers dealt with the estimation of FC, PWP and AWC,
notably in a series of papers by Salter and Williams (1965a, b, 1966, 1967, 1969).
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These explored relationships between texture classes and available water capacity,
which are now known as class PTFs. Salter and Williams also developed functions
relating the particle-size distribution to AWC, now known as continuous PTFs.

In the 1970s more comprehensive research using large databases was developed.
A particularly good example is the study by Hall et al. (1977) who used soil samples
from England and Wales. Hall et al. (1977) established field capacity, permanent
wilting point, available water content and air capacity as a function of textural class,
as well as deriving continuous functions estimating these soil water properties. In
the USA, Gupta and Larson (1979) developed 12 functions relating particle-size
distribution and organic matter content to water content at water potentials ranging
from —4 to —1500 kPa.

With the flourishing development of hydraulic models (van Genuchten 1980)
and computer modelling of soil water and solute transport (de Wit and van Keulen
1972), the need for hydraulic properties as input to these models became more
and more evident. Clapp and Hornberger (1978) derived average values for the
parameters of a power-function water retention curve, sorptivity and saturated
hydraulic conductivity for different texture classes. In probably the first research
of its kind, Bloemen (1980) derived the relationships between parameters of the
Brooks and Corey hydraulic model and particle-size distribution.

Lamp and Kneib (1981) introduced the term pedofunction, while Bouma and
van Lanen (1986) used the term transfer function. To avoid confusion with the
terminology, transfer function which is used in other disciplines with many different
meanings, Bouma (1989) later termed the pedotransfer function.

From the 1990s to the early 2000s, the development of hydraulic PTFs became
a popular topic of research. Results of such research have been reported widely
from various countries globally, including the UK (Mayr and Jarvis 1999), Australia
(Minasny and McBratney 2000), the Netherlands (Wosten et al. 1995), Germany
(Scheinost et al. 1997b) and Iran (Ghorbani and Homaei 2002).

Since the late 2000s, the popularity of developing hydraulic PTFs continued
(Santra and Das 2008; Twarakavi et al. 2009; Haghverdi et al. 2012). Here, the
development of PTFs for special conditions is worth noting, such as saline and
saline-alkali soils of Iran (Abbasi et al. 2011), permafrost soils of China (Yi et al.
2013) and volcanic ash soils of Japan (Nanko et al. 2014), and the use and
development of PTFs for continental or global extent such as the work presented
by Dai et al. (2013) for China, Hollis et al. (2012) and Téth et al. (2015) for Europe
and Glendining et al. (2011) for the world.

In addition, some PTFs consider adjustments because of the differences in
criteria and measurements from existing pedotransfer functions. For example, as
outlined in the previous chapter of this book (Fig. 5.3), sand fractions are different
according to the IUSS/Australian classification (particle diameter 20-2000 pwm) and
the FAO/USDA criteria (particle diameter 50-2000 pwm). Padarian et al. (2012) give
equations for converting between these two classification systems. On the other
hand, Henderson and Bui (2002) established relationships between pH measured
in water and pH measured in CaCl,.
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Although most PTFs have been developed to predict soil hydraulic properties,
they are not restricted to hydraulic properties only. PTFs for estimating soil
physical, mechanical, chemical and biological properties have also been developed
(Table 7.1). In addition, PTFs were developed to also predict processes such as deep

Table 7.1 Some examples of pedotransfer functions

Predicted soil properties
Physical properties
Infiltration rate after a certain
period

Soil thermal conductivity

Bulk density

Infiltration parameters

Gas diffusivity
Mechanical properties
Soil mechanical resistance

Soil shrinkage curve

Volumetric shrinkage, liquid
limit, plastic limit, plasticity
index

Degree of overconsolidation
Rate of structural change

Soil erodibility factor

Chemical properties
Cation exchange capacity
(CEC)

Critical P level, P buffer
coefficient

Soil organic matter
P sorption
pH buffering capacity

Predictor variables

Initial water content,
moisture deficit, total
porosity, non-capillary
porosity, hydraulic
conductivity

Texture, organic matter
content, water content
Particle-size distribution

Particle-size distribution,
bulk density, organic C
content, initial water content,
root content

Air-filled porosity at —10 kPa

Organic carbon content, clay
content, bulk density

Clay content

Organic matter content, clay
content, CEC

Bulk density, void ratio

Organic matter content, clay
content

Geometric mean
particle-size, clay and organic
matter content

Clay content, organic matter
content, pH

Clay content

Soil colour
pH in NaF

Organic matter content, clay
content

Authors

Canarache et al. (1968)

De Vries (1966), Hubrechts
and Feyen (1996)

Rawls (1983)
Hollis et al. (2012)
van de Genachte et al. (1996)

Moldrup et al. (2000)

Mirreh and Ketcheson
(1972), da Silva and Kay
(1997)

Crescimanno and Provenzano
(1999)

Mbagwu and Abeh (1998)

McBride and Joose (1996)
Rasiah and Kay (1994)

Torri et al. (1997)

Bell and van Keulen (1995),
Curtin and Rostad (1997)

Cox (1994), Chen et al.
(1997)

Fernandez et al. (1988)
Gilkes and Hughes (1994)
Wong et al. (2013)

(continued)
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Table 7.1 (continued)

Predicted soil properties
Al saturation

P saturation
K/Ca exchange
Total nitrogen

As and Cd sorption

Phosphorous (P) adsorption
Cd sorption coefficient

Haematite content
Biological properties
Microbial phylotype richness
and diversity

Respiration rate

Nitrogen mineralisation
parameters

OC pools

Predictor variables

Base saturation, organic
carbon content, pH
Extractable P, Al

Clay content, extractable K

Organic carbon content, pH,
sand and clay content

Clay content, pH, organic
carbon content, dithionite
extractable Fe

Clay content, pH, soil colour

Clay content, organic carbon
content, pH

Soil colour

pH

Water content

CEC, total N, organic carbon
content, silt and clay content

Total OC, clay

Authors
Jones (1984)

Kleinman et al. (1999)
Scheinost et al. (1997a)
Glendining et al. (2011)

Schug et al. (1999)

Sheinost and Schwertmann
(1995)
Springob et al. (1998)

Torrent et al. (1983)

Fierer and Jackson (2006)

Wildung et al. (1975)
Rasiah (1995)

Weihermueller et al. 2013
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percolation. For example, Selle and Huwe (2005) used a regression tree approach
to simplify process-based models to identify key soil and environmental variables
which govern percolation. Wessolek et al. (2008) called these hydro-pedotransfer
functions, as soil and hydrological variables are used to predict other soil processes.
Wessolek et al. (2008) developed empirical functions that predict deep percolation
and evapotranspiration from soil conditions, vegetation and land uses.

Pachepsky et al. (2015) reviewed more recent developments in PTFs and
identified research gaps that require future work:

* The need for sufficient upscaling of PTFs. PTFs were mainly generated on
point observations, and many applications require simulations on regional or
continental extent. An example is saturated hydraulic conductivity which is
highly dependent on the measurement support.

* The need for more regional or specific PTFs for saline soils, calcareous and
gypsiferous soils, peat soils, paddy soils, soils with well-expressed shrink-swell

behaviour, and soils affected by freeze-thaw cycles.

* The need for parameters governing biogeochemical processes, such as in soil
carbon and nitrogen evolution models, where parameters are related to organic
matter pools (e.g. Weihermueller et al. 2013). For these cases, soil heat transfer
and water availability inputs can be improved.
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* The need to expand work on the spatial and temporal structure of PTFs which is
not well known.

e The use of PTFs in large-scale projects, where soil information is usually not
represented properly. In soil carbon stock assessment studies, bulk density is
usually not measured, so PTFs for bulk density are required, which can be a
main source of uncertainty (Hollis et al. 2012).

7.3 Developing Pedotransfer Functions

The basic steps for developing PTFs are simple — in theory, S = f(s), and
therefore:

1. Collect a sufficient data set of soil properties (S and s) that are suspected to having
empirical relationships to each other.

2. Set aside a certain fraction of the data for developing the PTFs, and use the
remaining data for testing the performance of the PTFs (e.g. an 80:20% split
of the data set).

3. Choose a modelling method f for analysing the data (e.g. linear regression, neural
networks or other machine learning algorithms), and subsequently develop the
empirical equations.

4. Test the empirical equations on the testing data to show their validity.

5. Calculate the output uncertainty.

7.4 Predictors

There are several sources of information that can be used to predict soil properties
and that can be considered as input for pedotransfer functions. Here, we will present
the use of PTFs and their potential predictors which are sourced from the laboratory,
field description (including soil morphology) as well as the soil electromagnetic
spectrum.

7.4.1 Laboratory Data

Laboratory analysis of soil samples is usually conducted to allocate a particular soil
profile to an existing soil class. The high cost of laboratory analysis, however, drove
the development of empirical relationships by relating more easily or routinely
measured soil properties to other attributes that are, for example, more useful for
soil management purposes. One of the well-known examples is the estimation
of available water capacity from particle-size distribution. The development in
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pedotransfer functions is boosted by the availability of large national or regional soil
databases, which allows the use of machine learning tools. The most useful variable
in predicting soil physical properties is perhaps clay content, as it affects moisture
retention, soil strength and many physical and chemical processes. Routine analysis
usually lacks of physical data. Research is still mainly focusing on improving the
prediction of hydraulic properties, such as water retention and saturated hydraulic
conductivity. Some simpler analysis, however, has also been utilised to estimate
more difficult-to-measure properties, such as pH in sodium fluoride which is an
indication of phosphorous sorption capacity (Gilkes and Hughes 1994).

7.4.2 Field Description and Soil Morphology

Most research has been focused on correlating laboratory-determined soil properties
with more difficult-to-measure properties, mainly because of the availability of
comprehensive soil survey databases and the presumption that these properties are
most appropriate for predictive purposes. However, it has also been recognised for
some time that soil morphological description could be used as predictor (O’Neal
1949, 1952; McKeague et al. 1984; McKenzie and McLeod 1989; McKenzie and
Jacquier 1997).

Calhoun et al. (2001) contended that soil morphology and field description have
been underutilised in the development of pedotransfer functions. They presented the
representation of Jenny’s state factors through the variables’ physiography, parent
material, horizon, field texture and structure as collected in soil surveys for predict-
ing bulk density. They demonstrated that morphology and field descriptors account
for more variability in predicting bulk density than laboratory measurement of
particle size and organic carbon. Physiographic description and soil morphological
characterisation (slope gradient, position of the slope and horizon classes) were also
found as useful predictors of water retention (Rawls and Pachepsky 2002).

Several studies have been successful in predicting hydraulic conductivity by
using soil morphological features (e.g. O’Neal 1952; McKeague et al. 1982).
However, the descriptive systems and interpretative guidelines in conventional soil
survey have been largely qualitative and only appropriate for a given range of
soils. McKenzie et al. (1991) found that several published descriptive systems
for inferring hydraulic properties provided poor predictions for a limited range
of soils from South Australia. McKenzie and Jacquier (1997) reasoned that good
predictive relationships should only be expected when the field criteria used have a
logical physical connection with hydraulic properties. They further postulated that
predictive systems that develop direct relationships between hydraulic properties
and field criteria of physical significance should be superior to systems that rely
on classified entities such as horizons or soil series. They devised a simple visual
estimate of areal porosity and found that saturated conductivity can be estimated
from field texture, grade of structure, areal porosity, bulk density, dispersion
index and horizon type. A similar idea was performed by Lin et al. (1999), who
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converted morphological properties to scores which are related to water flow. From
these studies, it was concluded that additional morphological descriptors to those
routinely surveyed may be needed to improve the predictive capacity.

7.4.3 Handheld and On-the-Go Proximal Soil Sensing
and Remote Sensing

7.4.3.1 Handheld, Stationary, Proximal Soil Sensing

As outlined in Chap. 5, in traditional soil surveys, soil scientists used the visible
light spectrum through the Munsell soil colour chart to determine soil colour and
the presence of pedological features like mottles or concretions. Furthermore, it was
discussed in the previous chapter that developments in spectroscopy have resulted
in an increase in the potential for soil analysis, and we will include a short summary
of its capability here (Fig. 7.2). Diffuse reflectance infrared spectroscopy in both
the visible-near (400-700-2500 nm) and mid-infrared ranges (2500-25,000 nm)
allows rapid acquisition of soil information in the field or in the laboratory.
Diffuse reflectance infrared spectroscopy is based on the fact that molecules have
specific frequencies at which they rotate or vibrate corresponding to discrete energy
levels. Absorption spectra of compounds are a unique reflection of their molecular
structure. Spectral signatures of soil materials are characterised by their reflectance
to a particular wavelength in the electromagnetic spectrum. Soil spectra in the vis-
NIR and MIR ranges can be used to estimate a range of soil physical, chemical and
biological properties simultaneously. Good results were reported for measurement
of total C, total N, clay and sand content, CEC and microbial activity (Soriano-Disla
et al. 2014).

Mid-infrared (MIR) spectroscopy usually produces better predictions than vis-
NIR. The use of MIR also enables estimation of various soil organic carbon pools
derived from tedious and time-consuming physical fractionation procedures. These
pools can be used as inputs in soil carbon evolution models. Vis-NIR spectrometers
particularly are used extensively and gained popularity in soil science because they
are also available in a portable format and easy and ready to use in the field and
require minimal or even no sample preparation. Reviews on the use of vis-NIR for
predicting soil properties can be found in Stenberg et al. (2010) and Soriano-Disla
et al. (2014).

Because soil is a complex mixture of materials, it is difficult to assign specific
features of the spectra to specific chemical components. Ultraspectral data obtained
from infrared spectrometers contain thousands of reflectance values as a function
of wavelength. Since there are more predictor variables than the observations and
predicted soil attributes as outlined in the previous chapter, methods that reduce the
dimension of the spectra are required. Principal component regression and partial
least squares (PLS) methods are commonly utilised. Principal component regression
reduces the dimension of the spectra via principal component analysis and then form
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linear regression between the principal components and soil attributes (Martens and
Naes 1989; Chang et al. 2001). Partial least squares (PLS) (Martens and Naes 1989)
extracts successive linear combinations of the spectra, which optimally address the
combined goals of explaining response variation and explaining predictor variation.
Other machine learning techniques that are capable of variable (wavelength)
selection have also been found useful (e.g. Minasny and McBratney 2008; Sarajith
et al. 2016).

In addition to vis-NIR spectroscopy, the direct measurement of the elemental
concentration of soils in the field also became possible using energy-based portable
X-ray fluorescence (XRF) devices (Weindorf et al. 2012). Bulk density can also
be estimated utilising photogrammetry via a digital single-lens camera or laser
scanning (Bauer et al. 2014; Rossi et al. 2008).

7.4.3.2 On-the-Go Proximal Soil Sensing

While we can collect detailed soil information at limited locations using conven-
tional methods of soil analysis and interpolate resulting values across space and
time using geostatistics, in some instances it would be more beneficial if we could
directly measure soil information at a fine spatial scale (e.g. measurements every
2-20 m). In this instance, proximal soil sensing offers a cost- and time-effective
solution (Viscarra Rossel et al. 2010). Proximal soil sensing acquires information
about soil through the use of field-based sensors that are placed in proximity to the
soil (within 2 m) or within the soil body, which is in contrast to remote sensing
(McBratney et al. 2011a, b). The development and use of on-the-go proximal
soil sensing techniques is motivated by the need for high-resolution spatial and
temporal soil information. Proximal soil sensors operate on a range of frequencies
in the electromagnetic spectrum, from microwaves to gamma rays. These sensing
devices either measure soil properties directly or can be used to make inferences
via PTFs about specific soil properties. Often sensors are also used simultaneously
to overcome the limitations of single-sensor data interpretation (Wong et al. 2010).
For example, electromagnetic induction instruments (EMI) are used to measure the
soil’s electrical conductivity, a highly valuable soil property that is influenced by soil
porosity, moisture content, salinity, temperature and the amount and composition of
soil colloids.

Ground-penetrating radar, electrical resistivity as well as electrical conductivity
sensors are available to monitor the spatial distribution of soil moisture (Adamchuk
et al. 2004). In addition, gamma ray spectrometers have been used to measure
the amount of potassium, uranium and thorium in the upper soil profile which
is most likely directly related to the parent material the surveyed soil originated
from (Dickson and Scott 1997). Local PTFs have been developed to estimate soil
attributes (such as clay and organic carbon content) from the sensed variables (e.g.
bulk electrical conductivity, gamma K).

As outlined in Chap. 5, portable sensors can now be used in the field on profile
and core faces for pedological studies, which is termed digital soil morphometrics
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(Hartemink and Minasny 2014). Field observation via proximal sensors and PTFs
should be fused in an inference system into a powerful approach for estimating a
range of soil properties for pedological studies, precision farming or contamination
assessment (Horta et al. 2015).

7.4.3.3 Remote Sensing

The value of remote sensing over proximal sensing is that large spatial extents can
be covered quickly with many estimates. The inferred value of remotely sensed
data either airborne or satellite sourced has been shown to be an efficient means
of assessing the condition of natural resources at reasonably broad scales (and
this will be discussed further in Chap. 13). The remotely sensed data can include
spectral, radar, thermal and radiometric signals. These reflect the environmental and
soil condition and are known to be associated with soil properties. Mulder et al.
(2011) reviewed the application of optical and microwave remote sensing for soil
and terrain mapping. Soil properties that have been measured include mineralogy,
texture, soil iron content, soil moisture content, soil organic carbon content, soil
salinity and carbonate content. Its use for soil mapping is, however, hampered by
vegetation cover. Nevertheless, indicators, such as plant functional groups, NDVI
and productivity changes, can be used as indications of soil properties.

The application of remotely sensed infrared data for mapping soil clay content
and mineralogy is demonstrated by Mulder et al. (2013) and Gomez et al. (2015).
Some studies demonstrated that time series data collected from remotely sensed data
can be used to derive soil hydraulic properties. Dimitrov et al. (2014) derived soil
hydraulic parameters, surface roughness and soil moisture of a tilled bare soil plot
using measured brightness temperatures at 1.4 GHz (L-band), rainfall and potential
soil evaporation. This required a radiative transfer model and a soil hydrologic
model combined with an optimisation routine.

7.5 Modelling Approaches

Approaches to develop PTFs can be purely empirical or physico-empirical. Empir-
ical approaches attempt to find relationships between the predictor and predicted
variables using regression analysis or various machine learning models. In a
physico-empirical approach, the soil properties are derived based on some physical
principles. For example, in water retention curve prediction, Arya and Paris (1981)
translated the particle-size distribution into a water retention curve by converting
solid mass fractions to water content and pore-size distribution into hydraulic
potential by means of the capillary equation. Zeiliguer et al. (2000) proposed an
additive model for soil water retention, which assumed that water retention of a soil
can be approximated by the sum of the components of water retention of its textural
composition.
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Considering the type of data we wish to predict, we can distinguish single point
and parametric PTFs. Single point PTFs predict a soil property, while parametric
PTFs predict parameters of a model.

Most survey agencies have their own ‘rule of thumb’ for predicting soil
properties. One form is a look-up table, which usually relates field texture class
to properties such as clay content, available water capacity, etc. These rules or
tables are usually derived from experience and expert knowledge or from means
of properties for a particular class in a soil database.

For the continuous predicted variables, a range of machine learning models can
be used to derive PTFs, finding relationships between the predictor and predicted
variables. Many of the modern regression techniques are described in Hastie et al.
(2009). The methods range from linear regression, generalised linear models (GLM)
and generalised additive models (GAM) to regression trees, random forests, neural
networks, genetic programming and fuzzy systems. Most of these tools are available
in commercial and open-source projects. R (https://www.r-project.org) and Python
(https://www.python.org/) are commonly used by the scientific community, because
they offer many free-of-use advanced mathematical and machine learning tools.

The predictive power and interpretability vary between models depending on
their complexity. Tables 7.2 and 7.3 provide a guideline for various models. The
more complex the model, the more parameters it will have, so users need to be
aware of the principle of parsimony (which is a general principle that for any model,
which provides an adequate fit for a set of data, the one with the fewest parameters

Table 7.2 Common machine learning algorithms used for developing PTFs

Multiple regression

The general purpose of multiple regression is to analyse the relationship between several
independent or predictor variables and a dependent or predicted variable. Multiple regression
analysis fits a straight line (or plane in an n-dimensional space, where 7 is the number of
independent variables) to the data

Generalised linear models (GLM)

A class of models that arise for a natural generalisation of ordinary linear models. The
transformed dependent variable values are predicted from (are linked to) a linear combination
of predictor variables; the transformation is referred to as the link function; also different
distributions can be assumed for the dependent variable values

Generalised additive models (GAM)

Models that use smoothing techniques, such as splines to identify and represent possible
nonlinear relationships between the predictor and predicted variables. GAM is a generalisation
of GLM where the linear function of the predictor is replaced by an unspecified
(non-parametric) function, obtained by applying a scatterplot smoother to the scatterplot of
partial residuals (for the transformed dependent variable values)

Partial least squares (PLS)

This is an alternative to multiple linear regression that can deal with data having more
independent variables than observation points. PLS constructs a new set of components as
regressor variables which are a linear combination of the original variables. The components in
partial least squares are determined by both the response variable(s) and the predictor variables

(continued)
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Table 7.2 (continued)

Artificial neural networks

A flexible mathematical structure modelled after the functioning of the nervous system,
capable of fitting nonlinear relationships. The essential feature is a network of simple
processing elements (neurons) joined together by weights

Regression tree

This is an alternative to multiple regression. Rather than fitting a model to the data, a tree
structure is generated by dividing the sample recursively into a number of groups, each division
being chosen so as to maximise some measurable difference in the predicted variable in the
resulting two groups. The resulting structure provides easy interpretation as variables most
important for prediction can be identified quickly

Random forests

Random forest is an extension of regression trees where many trees are generated, varying the
number of covariates used and using a bootstrap sampling of the training data. Then, an
ensemble model is generated by aggregating the individual trees

Genetic programming

Machine learning method for evolving computer programs, following the concepts of natural
selection and genetics, to solve complex problems

Support vector machine (SVM)

A method that looks for an optimal separating hyperplane between two classes by maximising
the margin between the closest observations of each class. In a regression case, the
observations lie in between the two borders of the margin (supporting vectors), which are
separated from the hyperplane by + ¢ (maximum error)

Based on Hastie et al. (2009)

is to be preferred) (Lark 2001). There is a limit for predictive models; here, users
should choose the simplest model that can adequately account for the variation in
the prediction. Models with high complexity will appear to fit the data very well;
however, these may also cause overfitting or include too many parameters in the
model; thus the model will fit the noise of the data. It is recommended to split the
data into a calibration and validation set, using the calibration data for fitting and
then testing or validating the model with a validation set (see Hastie et al. (2009)
for more detail). Wosten et al. (2001) compared the performance of three models to
predict water content at —33 kPa from basic soil properties using the same data set.
They reported that the accuracy of all three methods was similar and suggested that
the improvement of fit may not be expected from the use of different models, but
from a better set of data.

7.5.1 Ensemble Models

An alternative to selecting a single predictive model is model ensembles. This
consists of creating multiple models and combining them to obtain a single final
model. The advantage of this method is that, most of the time, the combined model
performs better than any of the individual models in terms of lower error and
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unaltered bias. This method has been used for almost 200 years as pointed out
in an interesting review by Clemen (1989). Baker and Ellison (2008a) discussed
various aspects of implementation of ensemble methods for soil studies. In soil
science, examples of its use are Baker and Ellison (2008b) who used ensemble
ANN for PTFs. Kim et al. (2015) combined two microwave satellite soil moisture
products, Malone et al. (2014) combined estimates of soil properties from soil maps
and regression kriging prediction, and Padarian et al. (2014) generated an ensemble
map of soil available water capacity in Australia.

Guber et al. (2009) suggested the use of all available PTFs in a multimodel
prediction technique. They used 19 published PTFs as inputs in Richards’ soil water
flow equation; the output of the 19 simulations was then combined to obtain a more
optimal soil water prediction. The challenge in this type of ensemble method is
how to calibrate and to use appropriate weighting for each of the PTF to obtain an
optimal prediction.

7.6 Characterising PTF’s Performance

As with all numerical methods, there are questions concerning how well any
prediction agrees with real observational data. In the literature, PTFs can be
characterised by their accuracy, reliability, uncertainty and validity, as well as their
ultimate utility. A brief survey of these concepts follows.

7.6.1 Accuracy

Accuracy refers to how well a PTF predicts its target property based on inputs taken
from the training data. It measures the performance of a PTF on its training data
(a PTF has ‘seen’ the data). Usually accuracy is expressed in terms of error, the
difference between observed and predicted values. Weynants et al. (2009) amongst
others used several common statistic measures for evaluating the accuracy of PTFs:
the root-mean-square error (RMSE), mean absolute error (MAE), mean error (ME)
or bias, coefficient of determination (R?) and the model efficiency. Accuracy in
PTFs can also be computed with other statistics, e.g. the concordance correlation
coefficient which measures how close the model predictions fall along a 45-degree
line from the origin with the measured data (or a slope of exactly 1) (Lawrence and
Lin 1989).
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7.6.2 Reliability

Reliability in PTFs refers to a PTF’s performance in making predictions on data
outside its original training data (data a PTF has not ‘seen’) (Pachepsky and Rawls
1999). A reliable PTF should produce accurate predictions for seen data (data used
in the model development process), as well as unseen data (data that had not been
used in the model development process) (Baker and Ellison 2008a). Pachepsky and
Rawls (1999) state that the reliability of PTFs can be estimated by cross validation,
or using an independent data set. In the cross validation method, the training data
set is split into two subsets — a calibration set and a validation set; two-thirds of the
data for calibration and one-third for testing are a common practice. However, the
results from such cross validation can be biassed against the data set used. If a PTF
is intended for prediction over a region, the independent test data set should contain
observations that are unbiased (in statistics, collected based on a random sampling
approach). PTFs that lack independent validation result in potentially optimistic
assumptions about the functions’ predictive performance.

7.6.3 Validity

Validity has to do with how appropriate a particular PTF is in predicting a soil
property from a given soil sample. The greater the similarity of a soil sample to the
soil used to develop a PTF, the greater the assumed validity of that PTF. Validity
can be in terms of the geographical and pedological region over which a PTF’s
original training data were collected. If a PTF is used to predict soil properties
outside its original data boundaries, its validity is doubtful (Wdsten et al. 1999).
Not surprisingly, PTFs perform best on soils having similar parent material and
pedogenesis to the soils used to develop them (Bruand et al. 2003). Acutis and
Donatelli (2003) stated that validity in PTFs is strictly related to the data set used
to develop them. They add that when many PTFs are available to predict the same
property, knowing which one to choose is a difficult task.

An important mechanism for establishing validity is stratification or the custom
creation of PTFs strictly on soil-type or classification scheme basis. Stratification
has been conducted according to soil horizons (Hall et al. 1977); soil classes (Batjes
1996); textural classes (Tietje and Hennings 1996); hydraulic-functional horizons
(Wosten et al. 1986); great soil groups, temperature regime and moisture regime
(Pachepsky and Rawls 1999); parent material and horizon morphology (Franzmeier
1991); numerical soil class (Williams et al. 1983); and management units (Droogers
and Bouma 1997).

Validity can also refer to the congruence between some input data set and the
original training set. Despite knowledge that the validity of a given PTF should not
be interpolated or extrapolated beyond the pedological origin or soil type on which it
is developed, there is still a lack of appropriate information that adequately describes
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the calibration data, and, thus, we know very little about where a published PTF
may be applied. There is still a lack of a mechanism that can automatically check
its validity. Tranter et al. (2009) give a method for determining the valid domain
of a PTF based on Mahalanobis distance of the predictor space, cautioning that it
is unwise to extrapolate PTFs beyond these bounds. The uncertainty estimates of a
PTF can also be a measure of its validity.

7.6.4 Uncertainty

Uncertainty refers to the variability in a prediction from its mean value. This
occurs because PTF inputs and outputs are random variables. Therefore, they
have a mean value and a variance. PTF uncertainty is typically reported as the
prediction variance. Uncertainty in PTF prediction can be quantified in terms of
structural uncertainty due to flaws in the PTF model, uncertainty due to sampling
and measurement errors and parameter uncertainty of the PTF.

Vereecken and Herbst (2004) suggest three approaches to handling uncertainty
in PTFs: (1) Compute the RMSE at 90% confidence; (2) Quantify parameter
uncertainty using a covariance in PTFs during the calibration process; and (3) Use
a Monte Carlo analysis to quantify parameter uncertainty associated with sampling
effects in the calibration database, e.g. the bootstrap method (Efron and Tibshirani
1993).

PTF uncertainty can be computed empirically based on the calibration error using
the fuzzy k-means with extragrade (FKME) method given by Tranter et al. (2010). It
does not seek to disseminate sources of error but rather expresses uncertainty in the
form of a prediction interval determined empirically from the calibration data. The
method partitions the predictor space into classes of similar model errors, with each
class represented by a prediction interval determined from the empirical distribution
of the error. In addition, it also identifies those observations that exist outside the
convex hull of the calibration data, thus ascertaining validity of the PTF. Those
observations outside the convex hull are considered outliers of the calibration data
and subsequently have their uncertainty penalised by a simple multiplier.

7.6.5 Utility

Wosten et al. (2001) stated that the utility of PTFs in modelling is defined as the
correspondence between measured and simulated functional soil behaviour. This
can be interpreted to mean that the authors advocate validating the final use (utility)
of the PTFs, not just the PTF predictions. An example would be to develop some
PTFs that predict water retention and conductivity and then to use those predictions
in crop simulations to predict seasonal water storage. Thus, the validation occurs
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at the seasonal water storage level, not at the level of the individual predictions of
water retention and conductivity.

7.7 Spatial Pedotransfer Functions

Most PTFs have been calibrated from point source data and assume spatial indepen-
dence. In digital soil mapping, we are interested in estimating the spatial distribution
of soil properties. Pringle et al. (2007) recommended that an investigator who wishes
to apply a PTF in a spatially distributed manner first has to establish the spatial scales
relevant to their particular study site. Following this, the investigator must ascertain
whether these spatial scales correspond to those that are adequately predicted by
the available PTFs. Pringle et al. (2007) proposed three aspects of performance in
the evaluation of a spatially distributed PTF: (i) the correlation of observed and
predicted quantities across different spatial scales, (ii) the reproduction of observed
variance across different spatial scales and (iii) the spatial pattern of the model
error. For an example of predicting water retention across a 5 km transect, they
showed that the tested PTFs performed quite well in reproducing a general spatial
pattern of soil water retention; however, the magnitude of observed variance was
underestimated. Springer and Cundy (1987) compared the parameters of the Green-
Ampt infiltration equation from field measurements and those calculated from PTFs.
They showed that the mean and variance of the parameters when estimated by PTFs
were not preserved; the variances are always lower. The spatial trends and cross-
correlations amongst the parameters were also reduced. They further used the PTFs
to simulate overland flow and found that the results were significantly different when
using field-measured parameters.

When measured properties are spatially limited, spatial prediction is required to
generate a continuous map. Combination of spatial interpolation methods such as
kriging and PTFs can generate a continuous map, and there are two possibilities
to combine them. The first approach is to first interpolate related soil properties
at unvisited locations using kriging and then to apply PTFs to the interpolated
variables. The second approach applies PTFs to point measurements and then
interpolates the predicted results. Bocneau (1998) compared these approaches to
estimate CEC in West Flanders province, Belgium, and found that the performance
of both methods is almost equal. Sinowski et al. (1997) compared these approaches
in estimating the water retention curve and found that the first approach yields better
prediction.

Heuvelink and Pebesma (1999) discussed the role of support or scale. As most
PTFs were derived from point sources, they are not valid at the block support. This
means that in the situation where the PTF input is available at point support and
where output is required at block support, spatial aggregation should take place
after the functions are calculated. It is essential to separate spatial aggregation from
spatial interpolation. Interpolation should better take place before a function or
model is executed because this enables a more efficient use of the spatial distribution
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characteristics of individual inputs. When a model is executed with interpolated
inputs, it is important to note the uncertainty of the interpolation.

7.8 Soil Inference Systems

While there are many similar pedotransfer functions generated using new or
existing data sets, there seems to be much less effort in gathering and using
the available PTFs. McBratney et al. (2002) proposed a soil inference system
that would match the available input with the most appropriate PTF to predict
properties with the lowest uncertainty. The soil inference system was proposed
as a way of collecting and making better use of pedotransfer functions that have
been abundantly generated. McBratney et al. (2002) demonstrated the first approach
towards building a soil inference system is to create a very rudimentary system in
the form of a specially adapted spreadsheet. Such a rudimentary inference system
has two essentially new features. Firstly, it contains a suite of published pedotransfer
functions, and the output of one PTF can act as the input to other functions (if no
measured data are available). Secondly, the uncertainties in estimates are inputs, and
the uncertainties of subsequent calculations are performed. The input consists of the
essential soil properties.
The inference engine will work in the following manner:

1. Predict all the soil properties using all possible combinations of inputs and PTFs.
2. Select the combination that leads to a prediction with the minimum variance.

There have been some attempts at pattern matching of PTFs using a distance
metric (Tranter et al. 2009) or nearest-neighbour algorithm (Nemes et al. 2006).
However, there have been no research applications that do what soil inference
systems (SINFERS) aim to do, to build a system that would chain the PTF
predictions together while accounting for uncertainty.

Morris et al. (2016) built an expert system software, which uses rules to select
appropriate PTFs and predicts new property values and error estimates. SINFERS
can use the estimated property values as new inputs, which can trigger more
matching patterns and more PTFs to ‘fire’ cyclically until the knowledge base is
exhausted and SINFERS has inferred everything it can about what it was originally
given.

7.9 Soil Spectral Inference Systems

As discussed in Sect. 7.4.3, soil spectroscopy and proximal soil sensing research
have mainly focused on spectral calibration and prediction of a range of soil
properties using multivariate statistics. PTF research, on the other hand, is mainly
focusing on predicting soil model parameters from other soil properties. There is no
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Fig. 7.3 An example of a spectral soil inference system. Soil spectra were used to predict
important soil properties, and these properties were, in turn, used to predict other properties,
applying well established PTFs

real connection between these research areas which have the same aim, to predict
one soil property from other soil properties S = f(s).

It is desired to develop soil spectral calibrations for a complete suite of
soil physical, chemical and biological properties. However, this might not be
possible, mainly for two reasons: (i) Not all soil properties show a spectral
response and (ii) the development of a comprehensive soil spectral library is quite
challenging. McBratney et al. (2006) proposed a spectral soil inference system
(SPEC-SINFERS), where soil diffuse reflectance spectroscopy is linked with PTFs.
SPEC-SINFERS uses soil spectra to estimate various basic soil properties which
are then used to infer other important and functional soil properties via pedotransfer
functions (Fig. 7.3). An important feature to be considered is the propagation of
both input and model uncertainties. Tranter et al. (2008) demonstrated the use of the
SPEC-SINFERS approach in predicting volumetric soil water retention. This is for
sure a research area that requires future investigations.
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Part IV
Soil Materials, Horizons and Profiles

“Nature has endowed the earth with glorious wonders and vast
resources that we may use for our own ends. Regardless of our
tastes or our way of living, there are none that present more
variations to tax our imagination than the soil, and certainly
none so important to our ancestors, to ourselves, and to our
children.”

Charles Kellogg

In this book section, we consider some basic soil entities from a pedometric point of
view. All the entities are notionally three dimensional. We consider soil materials,
the soil within a small volume within the horizon, soil horizons and sequences of
soil horizons or otherwise known as profiles.

We shall deal with the classification of soil objects. The terminology of soil
classification is a little confused. First, we define some words in the way we use
them here.

Classification — the setting up or creation of classes

Taxonomy — the theory of classification

Classification system — the list of classes and their definitions

Allocation, identification — putting new unknowns into pre-existing classes

The word ‘soil’ can be tacked on the front to give the appropriate phrases and
meanings. So, using these definitions, Isbell et al. (1997) classifies, the rest of us
allocate or identify, and hardly anyone bothers with soil taxonomy.
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Chapter 8
Soil Material Classes

Nathan P. Odgers and Alex. B. McBratney

“When you get close to the raw materials and taste them at the
moment they let go of the soil, you learn to respect them”.

Rene Redzepi

Soil classification is really about answering the question what makes a soil? Or,
perhaps, what makes one soil different from another? To answer questions like these,
soil classifiers create taxonomic rules to separate one kind of soil from another and
categorise and make sense of the diverse pattern of the soil continuum. Traditionally
a great deal of consideration has been given to characterising and classifying the
whole soil profile in a top-down fashion. Pedometric methods allow us to answer
the same questions in a bottom-up trajectory. Thus, the starting point is not the
whole soil profile or even its major constituents, the soil horizons. Rather we start
by classifying the actual, tangible, skeleton of soil itself: the soil material.

8.1 Soil Material Classes

We classify soil because we think the soil varies sufficiently in its properties from
place to place for distinct kinds to be recognised. These various kinds of soil ought
to be identifiable in the physical space (the natural landscape) and, hopefully, in the
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attribute space—the n-dimensional space defined by n measurable soil attributes
(MacVicar 1969). In classifying soils, we aim to use soil information gathered
from the physical space to define soil classes that are as coherent as possible in
the attribute space.

Taxonomists classify objects we may call individuals. An individual is an object
that is “complete in itself” (Cline 1949). Individuals can be allocated to (can
become members of) classes, and a universe is a superclass that contains all
individuals. A particulate universe is one in which discrete objects can readily be
counted. Biological universes are frequently particulate universes: for example, in
the universe of birds, individual birds are readily discernible. On the other hand,
a universe of soils does not seem to fit the description of a particulate universe
since its characteristics frequently change from place to place more gradually than
sharply (Simonson and Gardiner 1960). Discrete, definitive bodies of soil are not
as discernible as individual organisms often are in a biological universe. Soil is, in
other words, a continuum and therefore occupies a continuous universe in which
individuals cannot readily be counted; individuals in a continuous universe must be
created arbitrarily (Knox 1965).

Because soils occupy a continuous universe, the identification of soil individuals
has been the source of some contention (Buol 2003). Yet as a practical matter, some
notion of a soil individual has traditionally been necessary in order to discretise the
soil continuum and simplify its classification.

8.1.1 Point Representation of Soil

The pedon is probably the most well-known soil individual. The pedon and the
polypedon were devised as three-dimensional soil individuals for the purpose of
soil sampling and classification, respectively (Soil Survey Staff 1993) and are
fundamental concepts in the Soil Taxonomy classification system (Soil Survey
Staff 1999). A polypedon is a collection of contiguous pedons of like taxa and is
considered internally homogenous for taxonomic purposes.

Delineation of pedons in the field is complicated by the fact that soil occupies a
continuous universe. For example, there is effectively an infinite number of pedons
since their boundaries in the landscape must be established arbitrarily (Knox 1965).
This means that their dimensions are also arbitrary, although guidelines dictate their
minimum and maximum limits (Soil Survey Staff 1993). Several methods of setting
the dimensions of a pedon have been proposed that are based on, for example, the
volume of soil occupied by plant roots or the minimum volume that can be sampled
by a particular instrument or the examination of lateral soil horizon variability
(Simonson and Gardiner 1960; Soil Survey Staff 1993).

In reality what we tend to examine and classify in the field are two-dimensional
soil profiles rather than three-dimensional soil bodies (Webster 1968). We often
assume, implicitly, that the variation in the third dimension is irrelevant for
taxonomic purposes because it is impractical in most circumstances to excavate and
describe a three-dimensional body of sufficient size and in sufficient detail.
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Since soil is a continuum, it seems appropriate that in our attempts to classify it
we should not ignore the lateral variation when sampling it; however, it appears that
little impetus is traditionally provided to collect such information. Since sampling
and classification are linked, it suggests that a revised philosophy of the soil
individual is necessary.

There is precedent in the literature. According to Holmgren (1986), the concep-
tualisation of a soil individual as an arbitrary volume is unsuitable because a soil
property measurement is actually made on a volume of material originating from a
specific location on Earth. Location is therefore a definitive “point of origin” with
respect to which a soil can be characterised and classified.

It makes sense that the observations themselves should consist of a small volume
representation, which we shall call a soil material. The soil material would logically
fit inside recognised soil horizons and as such is fairly congruent with Holmgren’s
(1988) sampling locule. In geostatistical terminology, we are saying that a soil
sample must have a defined geometric support. A soil material may or may not also
be the same as a representative elementary volume (REV), which Bouma (1985)
considered is the smallest volume that can represent a given soil horizon and lead
to a consistent population of data. In aggregated soils, REVs are peds and in sandy
soils they are individual sand grains.

The substance of Holmgren’s revised pedon seems to be more related to
the practice in soil physics, chemistry and biology. It may be aligned with the
geostatistical and REV concept above although the space-time geometric support
of this operationally defined object is not clear. A set of nine cores of fixed radius
sampled on a grid 20 m apart and centred on some location (x, ¥) on which a set of
measurements are made and attributes recorded according to some schema could be
considered an observational pedon. The set of data thus obtained could be called a
pedon description.

8.1.2 Soil Material as a Collection of Soil Properties

A large number of soil properties, for example, physical, geochemical and biolog-
ical, can be attributed to or measured on a particular soil material. We shall call a
collection of soil properties describing the soil material a soil material description
(Table 8.1). The infrared spectrum offers another multivariate description (Fidéncio
et al. 2001; Leone and Sommer 2000; Valeriano et al. 1995). The soil material is a
real entity, whereas a soil material description is a virtual one. If different sets of
properties are used to describe a soil material, then the soil material descriptions are
different entities.
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Table 8.1 Descriptions of soil material from three profiles observed at Pokolbin in the Lower
Hunter Valley, New South Wales, Australia

Australian Soil Classification

suborder Brown Dermosol | Red Chromosol Brown Kandosol
Horizon designation Al horizon B21 horizon B21 horizon
Texture grade Clay loam Light-medium clay | Light clay
Moist colour hue 10YR 5YR 7.5YR

Moist colour value 4 3 3

Moist colour chroma 3 4 4

Dry colour hue 10YR 5YR 7.5YR

Dry colour value 5 3 5

Dry colour chroma 4 4 4

Structure Moderately pedal | Strongly pedal Apedal massive
pH (1:5 H,0) 5.67 6.74 5.53

pH (1:5 CaCl,) 4.67 5.43 4.25

Electrical conductivity (uS cm™!) | 145.6 54.9 87.3

8.2 Creation of Classes

Scientific classifications of soil have been made since at least the late nineteenth
century. These were often induced from supposed genesis. Later, more objective
classification schemes were devised. The most widely known is probably today’s
Soil Taxonomy and its antecedent, the so-called Seventh Approximation. Most
soil classifications in use today are hierarchical systems in which the soil universe
is segregated into progressively more detailed, mutually exclusive classes as one
proceeds down the hierarchy. This is the same model that has traditionally been
applied in biology, but researchers have occasionally questioned its application to
the classification of soils, in part because of the genetic assumptions implicit in the
hierarchical structure (e.g. Leeper 1956).

Hughes and Lindley (1955) were some of the first researchers to classify soils
using a statistical procedure although research into numerical soil classification of
soils really began in earnest in the 1960s (Bidwell and Hole 1964a, b; Campbell
et al. 1970; Grigal and Arneman 1969; Rayner 1966) based on work done in the
biological sciences (Sneath and Sokal 1962; Sokal 1963).

Cluster analysis is the application of numerical methods to the classification
of multivariate data. The goal of cluster analysis is to partition a population of
individuals into classes by finding groups of similar individuals in the multivariate
attribute space. The aim is that individuals allocated to the same class should be
similar to each other and dissimilar to individuals allocated to the other classes
(Fisher and van Ness 1971).

An individual being classified is known as a pattern, X, and is denoted as a vector
of d features or attributes x;:

X = (X1,X2,X3...,Xq)
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The vector x is usually assumed to be a row vector. A pattern set is a set
of individuals, denoted X = {x1,X5,X3, ... ,X;,}. In our case the attributes x; are
soil attributes. They may be measured on a continuous scale or coded on an
ordinal or nominal scale. In practice, most researchers avoid the inclusion of
attributes measured on ordinal and nominal scales because they can complicate the
computation of pairwise similarities between individuals.

It is important to note that the clustering process is agnostic about the true
partition structure amongst the population. Cluster algorithms generally partition
the population of individuals into a set of classes even if natural classes are not
present (Jain 2010).

8.2.1 Similarity Measures

Numerical classification relies on being able to assess the degree of similarity or
resemblance between a pair of individuals. Measures that can do so are generically
known as coefficients of similarity. Sneath and Sokal (1973) identified four classes
of similarity coefficients: distance coefficients, association coefficients, correla-
tion coefficients and probabilistic similarity coefficients. Association coefficients
typically measure similarity on the basis of agreement in the state of qualita-
tive attributes and include the Jaccard coefficient (Jaccard 1908) and the simple
matching coefficient (Sokal and Michener 1958). Correlation coefficients measure
similarity on the basis of proportionality and independence between a pair of
attribute vectors and include the Pearson product-moment coefficient. Probabilistic
similarity coefficients involve information statistics which measure the homogeneity
of a given partition of individuals; an example can be found in Estabrook (1967).

Distance coefficients measure the distance between individuals in various ways.
According to Sneath and Sokal (1973), they have the greatest intellectual appeal
to taxonomists compared to other kinds of similarity coefficients since they are the
easiest to visualise. They are the similarity coefficients used most frequently by
pedometricians over the last few decades. Strictly speaking distance coefficients
are measures of dissimilarity since their values increase with decreasing similarity
(Clifford and Williams 1976). In the remainder of this section, we briefly describe
several popular distance coefficients.

8.2.1.1 Euclidean Distance

The Euclidean distance is one of the most familiar measures of distance and was
introduced to numerical taxonomy by Sokal (1961). In the two-dimensional case,
it is equivalent to Pythagoras’ theorem but can easily be extended to compute
dissimilarities in higher-dimensional spaces. The Euclidean distance D7 between
individuals i and j is computed as

d

Dj; (xi.x)) = szl (xi = %) = (=) (xi —x)) ®.1)
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Several pre- or post-treatments can be applied. For example, since D7 grows
larger as the number of attributes increases, it is a common practice to divide it by d
(Clifford and Williams 1976; Webster and Oliver 1990). In addition, measurements
of soil attributes tend to have different natural numerical ranges, irrespective of units
of measurement. For example, soil particle-size fractions expressed gravimetrically
have a range of 0—100 g kg™', whereas soil organic carbon measurements in mineral
soils are frequently in the range of 0—5%. This means that attributes with larger
ranges tend to have greater influence in the calculation of the Euclidean distance
(Clifford and Williams 1976, Jain et al. 1999; Kantardzic 2011; Moore and Russell
1967), which may be undesirable. To avoid this we can standardise each attribute by
range prior to computation of the distance (Arkley 1976):

X = (* — Xmin) / (Xmax — Xmin) (8.2)
or by variance:
¥ = (x—X) /SD, (8.3)

where X’ is the standardised value and X, X,,;, and X, are the mean, minimum and
maximum values of the observed range of x.

Finally, distributions of soil attributes are often skewed. Moore and Russell
(1967) noted that the Euclidean distance appears to be sensitive to the shape of
attribute distributions. Skew may be reduced either by transformation of the values,
typically using a logarithmic or square root transformation, or by truncating extreme
but rarely occurring values (Arkley 1976).

8.2.1.2 Mahalanobis Distance

Unlike the Euclidean distance, the Mahalanobis distance (Mahalanobis 1936)
takes into account the differences in variance between the soil attributes and the
correlations between them. As a result the attributes do not need to be standardised

prior to calculation of the distance. The Mahalanobis distance is calculated as
follows (McBratney and de Gruijter 1992):

DIZW (X,‘, Xj) = (X,' — Xj)TE_l (X,' — Xj) (84)

where E is the sample covariance matrix of X.

8.2.1.3 Gower Distance

Both the Euclidean distance and Mahalanobis distance require that the attributes
are quantitative continuous variables like clay content or electrical conductivity;
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Table 8.2 Values assign to

- Values of attribute p
sijp and d;;, for dichotomous

nominal variables (Gower i Al et
1971) J |+ =+ =
sip (10 0 |0
§p 1 1 |1 |0

however, many soil attributes are measured on a qualitative scale. There are several
types of qualitative variables (Williams 1976a). The first kind are called nominal
variables and represent an attribute that may take many states, such as type of
aggregate coatings (clay, manganese, iron, organic, etc.). A given individual can
be in one state only. Although we may encode the states on an integer scale for
convenience, the ordering of the states implies no special meaning. A special case
of nominal variable is what Gower (1971) refers to as a dichotomous variable.
Dichotomous variables record the presence or absence of a feature, such as mottling
or stones. Two individuals have a higher degree of similarity to each other if both
are in possession of the same feature than if it is absent in one individual. Absence
of a feature in both individuals does not infer the same degree of similarity as its
presence in both individuals since it may not be known whether the feature can
occur in the populations to which the individuals belong.

Ordinal variables are similar to nominal variables in that they represent an
attribute that may take many states. In this case the order of the states when encoded
into an integer scale is important although the distance between states may be
unknown (Williams 1976a). An example of an ordinal-valued attribute is stone size
classes (e.g. 2-6 mm, 6-20 mm, 20-50 mm, >50 mm).

Gower (1971) described a general coefficient of similarity that is able to handle
qualitative and nominal quantitative attributes. It is calculated as follows:

d d
Si =3 _sunbin/ D _ Biv (8.5)

where sy, is the similarity score between individuals i and j for attribute p. The
quantity §;;, represents the possibility of making a comparison between individuals
i and j for attribute p; it takes a value of 1 when attribute p can be compared and 0
otherwise. When all d comparisons are possible, ZZ=181~,~,, =d.

The method of computing the similarity score varies depending on the kind of
attribute. In the case of dichotomous nominal variables, s;;, and §;;, are assigned the
appropriate values in Table 8.2.

In the case of multistate nominal variables, s;;, = 1 if individuals i and j have the
same state for attribute p and s;;, = 0 otherwise.

For quantitative variables, s;j, is computed as follows:

Sijp = 1-— |Xi —Xj| /Rp (86)

where R, is the numerical range of attribute p either in the population or the sample.
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Despite its flexibility, the Gower distance has not been widely used in pedometric
studies although examples exist in spatial prediction research (e.g. Mallavan et al.
2010; McKenzie and Austin 1993; Zhang et al. 2013) and soil classification research
(e.g. Beaudette et al. 2013; Oliver and Webster 1989; Roudier et al. 2016).

8.2.2 Preprocessing

Before we undertake a cluster analysis, it is frequently necessary to perform some
preprocessing operations on the attributes of the individuals we wish to cluster. We
may wish to do so for a number of reasons, including the following: we would like
to choose an optimal subset of attributes or we may want to modify the influence
that certain attributes have on the cluster analysis. Preprocessing objectives may
be realised by undertaking several common tasks including examination of the
correlations between attributes, standardisation to a common range of values,
transformation to reduce skew and determination of appropriate weights (Arkley
1976). The steps we need to take are frequently determined by the assumptions
underlying a particular clustering algorithm. In this section we briefly describe a
couple of the more common tasks.

8.2.2.1 Optimal Subset of Attributes

We may be presented with a large number of attributes and wish to select an optimal
subset. It is tempting to merely choose the several that we think are the most
important, or the most interpretable or that we have the most experience with, but
such a choice is likely to be suboptimal with respect to the information about the
individuals’ partition structure that a given set of attributes carry (Arkley 1976). In
any dataset of soil material attributes, it is likely that many will be correlated with
each other, and some highly so. For the sake of cluster analysis, an optimal set of
attributes is the set in which the correlations between the attributes are minimised.
On the other hand, for maximum pedological interpretability, they should also be as
correlated as possible with other attributes not used in the cluster analysis (Norris
1971). For quantitative attributes this can be achieved by examining the Pearson
correlation matrix arising from a pairwise comparison of all available attributes and
selecting a subset according to some heuristic. An example of such a matrix for
attributes of some undisturbed soils in Israel is presented in Table 8.3 (after Banin
and Amiel 1970). For example, Sarkar et al. (1966), after assembling a dataset of
61 soil attributes, examined pairs having a correlation greater than or equal to 0.90
and eliminated the attribute that was most highly correlated with other attributes. By
doing so they reduced the number of attributes to 51. Through trial and error, they
were able to make bigger reductions by lowering the pairwise comparison threshold.

A similar but more rigorous outcome can be achieved by subjecting a dataset
containing n soil attributes to the well-known method of principal components
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analysis (Hotelling 1933). In simple terms, PCA involves the rotation of the n
orthogonal axes of the feature space formed by the n attributes in such a way that
the rotated first axis accounts for the most variance in the dataset, the rotated second
axis accounts for the second largest component of variance in the dataset and so on.
The rotated axes are called principal components, and the values of the individuals
on each principal component axis are called scores. The principal component axes
are orthogonal with each other, which guarantees that the scores measured on them
are uncorrelated with each other. The full set of principal component axes are
needed to describe the rotated feature space entirely, but it is probable that most
of the variance is described by the first few components (Norris 1971). Thus, with
respect to reducing the number of attributes required for cluster analysis, the original
attributes can be replaced with the individuals’ scores on the first few principal
component axes with the certainty that the scores on each axis are independent of
each other and that minimal information has been lost compared to that contained
in the original dataset. The disadvantage is that the principal component scores are
more difficult to interpret than the original attribute values and the original attributes
cannot be recovered unless the scores of all the principal components are known.
Kyuma and Kawaguchi (1976) used the approach when classifying Japanese paddy
soils to reduce a set of 12 soil material attributes to the scores on two principal
components prior to classification using a dendrogram.

8.2.2.2 'Weighting of Attributes

We may also wish to weight certain attributes prior to the cluster analysis according
to their perceived importance or by some other rule. Whether or not attributes
are weighted often depends on whether the resulting classification is intended to
reflect general-purpose or special-purpose use. If a general-purpose classification is
desired, then it is generally accepted that all attributes should remain unweighted
so that each has equal value and importance (Sneath and Sokal 1962). Arkley
(1976) noted that this is in conflict with traditional general-purpose hierarchical soil
classifications where attributes that are used as partitioning criteria at higher nodes
of the hierarchy have greater effective weight in the classification than attributes
appearing lower in the hierarchy.

Weighting specific attributes means that they can exert greater influence in the
cluster analysis compared to the attributes that remain unweighted, and this can
be reflected in the class definitions (Gibbons 1968). This has application in the
construction of special-purpose classification systems if certain soil uses can be
shown to depend on specific soil attributes.
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8.2.3 Kinds of Clustering Algorithms

The field of cluster analysis is broad, and researchers have devised many clustering
algorithms. Not all of them have been applied to soils, and, of those that have, some
have proved more popular than others. The algorithms themselves can be classified
in various ways. For example, Williams (1976b) made a classification with respect to
application in agricultural science that reflects a time when fuzzy classification was
still in its infancy. Clustering algorithms are often described in terms of (i) whether
or not the classes are known a priori (supervised versus unsupervised algorithms),
(ii) the trajectory of class formation (agglomerative versus partitional classification),
(iii) the structure of the resulting classification (hierarchical versus non-hierarchical
classification) and (iv) the exclusivity of their classes (exclusive versus nonexclusive
classification). Criteria (i)—(iii) relate to the structure of the classification systems,
whereas criterion (iv) relates to the nature of the classes. In this section we briefly
explore these concepts.

8.2.3.1 Supervised Versus Unsupervised Classification

Supervised classification is carried out when the classes are known a priori.
Supervised techniques were some of the first numerical classification techniques
applied to soils. The ordination techniques that appeared in the late 1950s enabled
researchers to group existing soil taxa on the basis of quantifiable similarity (Bidwell
and Hole 1964b). Hole and Hironaka (1960) published one of the first studies to
do so. They applied ordination to the grouping of soils in the Miami taxonomic
family from Ohio and to representative profiles of great soil groups collected from
around the world. Results of ordinations were often summarised using dendrograms
(Bidwell and Hole 1964a, b; Rayner 1966).

Contemporary methods of classification tree analysis and artificial neural net-
works are also supervised classification techniques although they are more fre-
quently used to calibrate environmental and landscape characteristics with soil
observations for the purpose of spatial prediction. A recent exception was the
study by Ribeiro et al. (2014) who used fuzzy classification trees to examine the
relationships between soil properties and classes in the Brazilian soil classification
system.

Unsupervised classification, on the other hand, attempts to discover natural
classes amongst a group of individuals. It does not assume any pre-existing soil
classification. For this reason it is often useful for exploring if natural groups are
present in an unclassified collection of soil material samples. In the soil literature,
popular unsupervised classification algorithms have included the k-means and, later,
fuzzy k-means algorithms and their derivatives, described later in this chapter.
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Fig. 8.1 Dendrogram of some Scottish soils produced via a single-linkage agglomerative hierar-
chical classification procedure (Muir et al. 1970, reproduced with permission)

8.2.3.2 Agglomerative Versus Partitional Classification

Agglomerative clustering works by grouping individuals together into larger and
larger groups on the basis of the similarity between them. Given a population of n
individuals, 7 initial clusters are formed that each contain one individual. Clusters
are successively joined in n—1 steps until all have been joined together into one
cluster (Fig. 8.1). At any stage, the two clusters that are chosen to be joined are
those that are the closest according to some distance or similarity metric, typically in
the Euclidean space. There are many versions of agglomerative clustering, and they
differ primarily in how the intercluster distance is calculated. They are reviewed in
detail by Anderson (1971) and Webster (1977).

The simplest agglomerative clustering method is known as nearest neighbour
clustering. In this method, the intercluster distance is defined as the smallest of the
distances between the members of each cluster. A more complex method known
as centroid clustering (Gower 1967) defines the intercluster distance as the squared
distance between cluster centroids.

Partitional, or divisive, clustering algorithms divide a population of individuals
into a set of k classes. A key problem with this kind of clustering is choosing the
number of clusters (Dubes 1987; Jain et al. 1999). Patterns corresponding to the
initial class centroids may be chosen at random or by using expert knowledge.
Using a similarity measure, individual patterns are allocated to the cluster whose
centroid is the closest. After all patterns have been allocated, the cluster centroids are
often recalculated and patterns reallocated. Iteration continues in this fashion until
some measure of goodness is acceptable. One of the most well-known partitional
clustering algorithms, k-means clustering, is frequently attributed to Lloyd (1982),
who devised it in the 1950s. Hartigan published a more efficient version in the late
1970s (Hartigan 1975; Hartigan and Wong 1979).
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8.2.3.3 Hierarchical vs. Non-hierarchical Classification

In a taxonomic hierarchy, individuals belong to groups at the lowest or most specific
level of the hierarchy. Figure 8.1 depicts a hierarchical classification of some
Scottish soils, although the lowest level of the hierarchy is at the top of the graph.
These groups belong to more general groups at the next hierarchic level, and so on
until all groups are united in a single, general group (Webster and Oliver 1990). Soil
classes are frequently organised in this way due to their simplicity and relative ease
of use for allocation. Hierarchies may be generated agglomeratively or divisively
(Anderson 1971; Webster 1977).

Many contemporary soil classification systems employ hierarchical structures.
Despite this, there are circumstances in which a hierarchical structure is neither
applicable nor ideal (Dale et al. 1989; Webster and Oliver 1990). For example,
hierarchies were commonly formed divisively by choosing one or a few so-called
diagnostic properties as the subdividing criterion (or criteria) at each hierarchic
level. The subdivision is typically mutually exclusive so, for instance, class A may
have a topsoil organic carbon content of less than 4% and class B greater than or
equal to 4%. The classes at the lowest level of the hierarchy are thus defined by a
unique set of attribute values because their class limits do not overlap with those
of other classes. Such classification has been called monothetic (Sokal and Sneath
1963). However, as Webster (1968) pointed out, soil is polythetic in the sense that a
set of classes may possess many shared attributes that cannot be subdivided mutually
exclusively.

8.2.3.4 Exclusive Versus Nonexclusive Algorithms

Clustering algorithms may also be classified according to the character of the
classes that they produce. Once we allocate an individual to a class, we say that the
individual has a degree of membership, m, in the class. This membership quantifies
the degree to which the individual possesses the characteristics of the central concept
of a class and can be expressed on a numerical scale from O to 1 (Burrough et al.
1997).

Exclusive algorithms produce classes with boundaries that are discontinuous, or
hard, or crisp. Crisp classes are exclusive because an individual can belong to, or
have complete membership in, one and only one crisp class. Numerically, in an
exclusive system, an individual can have m = 1 to one and only one class and m = 0
to all others. A hard partition of n individuals into k classes can be represented by an
n x k matrix of memberships M = (m;.). The following conditions apply in order
to ensure that the classes are mutually exclusive, jointly exhaustive and non-empty
(McBratney and de Gruijter 1992):

Z_lm,»ch i=1,....n (8.7)
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Yomie>0,c=1,...k (8.8)

me€{0, 1}, i=1,....mc=1,....k (8.9)

The first condition ensures that, for a given individual, the memberships across
all classes sum to unity; the second ensures that, for a given class, the sum
of memberships of all individuals is greater than zero; the third ensures that
membership can only take values of O or 1.

Class limits are often defined as a set of discriminating criteria using statements
such as the following:

members of class Alpha possess an A-horizon clay content of 10-20% clay.

In the preceding example, although some within-class variation in A-horizon clay
is permitted, the limits themselves are crisp because an individual with an A-horizon
clay content less than 10% or greater than 20% is excluded from membership
in class Alpha. It is implicitly assumed that all change between classes occurs
at the class boundaries and that the within-class variation is irrelevant at least
for interpretive purposes (Burrough 1989). An advantage of crisp classes is that
allocation is relatively simple and can often be achieved through the construction of
a device such as a dichotomous key.

Crisp classes are not without drawbacks, however. Fundamentally, that their
boundaries are hard means that they disregard the natural continuity in the soil
attribute space (McBratney et al. 1992). As such they are incapable of representing
vague concepts (Metternicht 2003). Furthermore, as variation in the soil attribute
space is continuous, any placement of crisp boundaries is arbitrary. Other concerns
are more practical. For example, although within-class variation in the diagnostic
properties may be ignored in practice, it must be adequately known for the class
limits to be established. A system of crisp classes is prone to misclassification in
certain circumstances. For example, measurement error may lead to misclassifica-
tion of an individual (Webster 1968) and a group of otherwise similar profiles may
be allocated to different classes because they vary with respect to a single diagnostic
property.

Nonexclusive algorithms produce classes with boundaries that are continuous, or
fuzzy, or overlapping. Continuous classes are nonexclusive because an individual
can belong to, or have partial membership in, more than one class simultaneously.
Thus, they allow for vagueness in the class definitions that crisp classes cannot
accommodate. In a nonexclusive system, the membership requirements are relaxed
so that m can vary continuously between 0 and 1. In other words, the third
assumption, above (Eq. 8.9), is replaced with the following:

m €[0,1],i=1,...,mc=1,...,k (8.10)

Continuous classes are usually defined by a central concept or centroid which
is essentially a soil material description consisting of the modal values for a suite
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of soil attributes. Memberships are based on the degree of similarity between an
individual and the class centroid. Such a definition is compatible with what Cline
(1949) envisioned.

The vagueness in class allocation that is enabled by partial membership confers
several advantages to continuous classes. For example, the placement of arbitrary
class limits is avoided. Intergrade soils—soils with characteristics intermediate to
those of two or more class definitions—are better accommodated. Finally, some
of the risk of misallocation is avoided since an individual can still have partial
membership in an alternate class.

8.2.4 k-Means Clustering and Its Derivatives

In this section we discuss the k-means clustering algorithm and several of its
derivatives, which are amongst the most popular clustering algorithms used to
classify soil material.

8.2.4.1 k-Means Algorithm

The k-means clustering algorithm is an unsupervised, partitional, non-hierarchical
algorithm that partitions a population of individuals into crisp classes (Hartigan
1975).

The k-means clustering algorithm works as follows:

1. Choose a value of k with the restriction that 1 <k < n.

2. Initialise k cluster centroids. Cluster centroid patterns may be initialised ran-
domly or by using expert knowledge.

3. Compute distance between cluster centroids and patterns of individuals being
classified.

4. Recompute cluster centroids once all individuals have been allocated to a class.

5. Repeat steps 3—4 until some convergence criterion is met (e.g. the allocation has
not changed).

The similarity between individual patterns is typically computed using the
Euclidean distance, although the Mahalanobis distance may also be used (Mao and
Jain 1996). In step 3, an individual is allocated to the class of the cluster to which
it is closest in Euclidean space. In step 4, recomputation of the cluster centroids is
achieved by averaging the values of the attributes of the individuals assigned to it:

. Xi
Cip = Znex T Pl<p=d (8.11)
[e]

where |C;| is the cardinality of the cluster C;.
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The algorithm reaches convergence when some criterion is met, such as when
individuals cease to move from one cluster to another or when the value of an
objective function ceases to decrease significantly from iteration to iteration (Jain
et al. 1999). A common objective function, which computes the total Euclidean
distance of the patterns to their cluster centres, is computed as follows:

TMO=Y" 3w (xi.¢) (8.12)

The k-means algorithm is easy to implement, which has made it a popular
choice in cluster analyses in many fields. Despite this, users need to be aware of
several factors. First, the algorithm is sensitive to the choice of the initial cluster
centroids. A random selection of initial cluster centroids is likely to lead to a
partition of individuals that is only locally optimal since an exhaustive search
for the combination of individuals that yields the global minimum value of the
objective function is computationally prohibitive. Indeed it may be impossible to
prove that a given partition is globally optimal (Steinley 2006). Some researchers
(Falkenauer and Marchand 2001; Hartigan 1975; Jain 2010) suggested selecting the
best partition, in terms of the minimal objective value, from a pool of partitions
created by running the k-means algorithm several times, but the best partition in this
case is still unlikely to be the global optimum.

Second, because the Euclidean distance is typically used to quantify similarity
between individuals, the algorithm produces convex, approximately spherical,
clusters in the attribute space (Jain 2010). Since soil classes are rarely this shape
(Odeh et al. 1992), this distance is likely to be inappropriate.

In soil science the k-means algorithm has been applied not only to soil classi-
fication (e.g. Bormann 2010; Minasny and McBratney 2006) but also digital soil
mapping (Bui and Moran 2001) and sampling design (Brus et al. 2006).

8.2.4.2 Fuzzy k-Means

The fuzzy k-means algorithm is an unsupervised, partitional, non-hierarchical clas-
sification algorithm that produces continuous classes. The fuzzy k-means algorithm
extends the notion of fuzzy logic (e.g. Zadeh 1965) to cluster analysis to allow
for classes to overlap in the attribute space. Introduced in the early 1980s (Bezdek
1981), the algorithm began to be used for soil classification in the early 1990s (Odeh
et al. 1990).

The fuzzy k-means algorithm functions in much the same way as the k-means
algorithm except in the computation of membership functions. In the fuzzy k-means
algorithm, the computation of cluster centroids is modified to account for the partial
memberships of all the individuals associated with each cluster.

The degree of fuzziness in the fuzzy clustering can be modified and is controlled
by the parameter ¢, the so-called fuzziness exponent. The degree of fuzziness relates
to the degree of overlap of the resulting classes in the attribute space. The minimum
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value of ¢ is 1.0, which is equivalent to no fuzziness, and yields a hard partition
into non-overlapping classes, much like the k-means algorithm. As ¢ increases, the
degree of overlap of classes in the attribute space increases.

The membership m to class ¢ of individual i is computed using the following:

—2/(p—1)
dic

.ome=1,...,k (8.13)

mie = S =

]y

The cluster centroids are computed using the following:

n o
0 = Zimt MK (8.14)

n ¢
Zi=l mi.

Optimisation attempts to minimise the following objective function, which is a
weighted sum of the distances between every pattern and every cluster centroid:

n k
Jz (M, C) = Zizlzczlmfcdi. (8.15)

Compared to classes arising from the k-means algorithm, fuzzy classes are more
robust because they have been shown to contain more information (Lagacherie et al.
1997) and be less sensitive to errors in the attribute data (Heuvelink and Burrough
1993).

Users need to be aware of some of the same factors relating to k-means applica-
tions. For example, continuous classes still tend to form spherical or hyperspherical
classes in attribute space (Rousseeuw et al. 1996), which is inappropriate if we do
not expect our classes to take such a shape. Second, the choice of k is still somewhat
subjective although cluster validity measures can help to choose an appropriate
number. Even so, some (e.g. McBratney and Moore 1985; Odeh et al. 1990) have
cautioned that it may not be possible to know how many classes exist in our data
because we frequently do not know how representative our soil observations are.

We may also ponder what is the appropriate value of ¢. As ¢ determines the
fuzziness of the fuzzy classification, a good value should reflect the fuzziness in
the attribute space. This is usually not known in advance (Lagacherie et al. 1997).
Odeh et al. (1992) suggested that the optimal ¢ should represent a balance between
preserving natural partitional structures in the dataset and continuity of the classes.
They reasoned that k should be established first by examining the partition entropies
associated with the different k, and then ¢ could be set to reflect the appropriate level
of fuzziness. The final choice remains somewhat arbitrary but should be guided by
solid expert knowledge of the data.

Researchers typically use values of ¢ in the range of 1.1-1.5 (e.g. Burrough
et al. 2000; Cockx et al. 2007; Dobermann et al. 2003; Triantafilis et al. 2001).
Although researchers often do not describe the manner in which they determine ¢ in
their fuzzy k-means cluster analyses, some have presented detailed studies in which
they attempted to determine an appropriate ¢ empirically. For example, McBratney
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and Moore (1985) used the derivative of Jz (M, C) with respect to ¢ to determine
optimal values of ¢ and k. de Bruin and Stein (1998), in a fuzzy cluster analysis
of landform components across a valley hillslope in the Netherlands, determined
the optimal k£ and ¢ in terms of how well the fuzzy memberships could predict
the variation in topsoil clay content across the hillslope. They found that the optimal
fuzzy partition, with k = 4 and ¢ = 2.1, was able to account for about 70% variation
in the soil property.

We illustrate the use of the fuzzy k-means algorithm by cluster analysis of 81 soil
material samples from profiles observed at Pokolbin in the Lower Hunter Valley in
New South Wales, Australia. The soil material samples were taken from within a
pedogenetic horizon of their respective profile; while specific horizons were not
favoured, B2 horizons were the most frequent sources of the soil material because
profiles were sampled by auger and other horizons were often not thick enough
to contain the volume of material required for laboratory analysis. The samples
were attributed with a range of soil properties including clay content, pH and moist
Lab colour (converted from Munsell colour notation) and effective cation exchange
capacity (eCEC; Table 8.4). We ran the fuzzy k-means algorithm on the soil material
samples several times in order to produce a set of partitions from k = 2 to k = 25
classes. A locally optimal partition was obtained when k = 9 and ¢ = 1.2 (see
also Fig. 8.6 and associated discussion). The centroids of the resulting classes are
presented in Table 8.4. Relationships between attributes appear to be pedologically
sensible. For example, higher clay content is generally associated with lower sand
content and vice versa, and darker-coloured soils (those with smaller moist L) tend
to be associated with higher total carbon.

A biplot of the first two principal components of the observations’ attributes is
presented in Fig. 8.2. The 95% density ellipses were computed based on individuals
with membership of 0.5 or higher in each class (after Triantafilis et al. 2001). The
first two principal components account for about 74% of the variation in the data; the
first four principal components account for nearly 95% of the variation. While some
pairs of classes, such as E and G, are well separated, others, like A and C, transcend
the distribution of several other classes in the two-dimensional representation.
The loadings of the attributes enable an examination of the contribution of each
attribute to the principal components (Fig. 8.3). Thus, clay content, sand content
and electrical conductivity contribute most to the first principal component, whereas
total carbon and CaCOs content contribute the most to the second principal
component. Relationships between the soil attributes as expressed by the directions
of their loadings vectors also affirm the relationships that are discernible in Table
8.4.

8.2.4.3 Fuzzy k-Means with Extragrades
Consider the synthetic dataset in Fig. 8.4a in which there are five natural classes

and several outlying individuals. A weakness of the fuzzy k-means algorithm is
that individuals with approximately equal memberships to all cluster centroids may
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Fig. 8.2 Distribution of the soil material samples along the first two principal components of their
attributes
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Fig. 8.3 Vectors of the 10 attributes in the space formed by the first two principal components

receive about equal memberships to their classes, whether or not the individuals lie
in the centre or the outlying region of the attribute space (de Gruijter et al. 1997).
This may lead to a distortion of the locations of the centroids in the attribute space

(Fig. 8.4b).
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Fig. 8.4 Classification of a synthetic dataset (a) by several fuzzy variants of the k-means
algorithm: (b) the fuzzy k-means algorithm, (c) fuzzy k-means with extragrades and (d) akromeson,
after Hughes et al. (2014)

Fuzzy k-means with extragrades (de Gruijter and McBratney 1988; McBratney
and de Gruijter 1992) is a modification to the standard fuzzy k-means algorithm that
allows the modelling of an extragrade class of individuals. It attempts to overcome
the weakness of the fuzzy k-means algorithm caused by outlying individuals.
Although all individuals that do not possess a high degree of membership to any soil
class may be termed intergrades, de Gruijter and McBratney (1988) distinguished
intergrades located in the space between classes from those located in the outlying
space. They are termed intragrades and extragrades, respectively. As failure to
distinguish true outliers from mere intragrades may be misleading, de Gruijter and
McBratney (1988) defined an extragrade class in which the memberships m;+ were
made directly dependent on the distances to the class centroids. The membership
and centroid-update equations are modified as follows (de Gruijter and McBratney
1988):
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df2/(<p—l)
mje = e P 2 —1/(¢—1)’l:1""’”;021""’]‘
> =14y + (TZ]:ldij )
(8.16)
l—ay 5 —1/(g—1)
(0
Mjs = ,i=1,...,n (8.17)
ko ~2/(e—1) l—a—y ., ~He=h
j=14; T\ 2 j=14;
1—
SRS
a

¢ = — ce=1,... .k (8.18)
S k= =t

a

The fuzzy objective function is modified accordingly:

MeM.O =a) " 3 md -y miY_ 4P (819)

The memberships to the extragrade class, m;=, spread across regions at larger
distances from the class centroids, unlike the memberships of the regular classes
which tend to occupy fuzzy hyperspheres around the class centroids (McBratney
and de Gruijter 1992).

The parameter o determines the mean extragrade membership; however, the
function relating both quantities is generally unknown. Because of this, de Gruijter
and McBratney (1988) estimated o empirically using a Regula-Falsi procedure.
Lagacherie et al. (1997) estimated o by examination of a two-dimensional represen-
tation of the multivariate attribute data in conjunction with their expert knowledge
of their study area.

8.2.4.4 AKkromeson

The fuzzy k-means with extragrades algorithm enabled individuals lying in the outer
parts of the attribute space to be recognised and placed into their own extragrade
class. Doing so reduced the leverage the outlying points had on the formation of
regular fuzzy classes in the more densely populated parts of the attribute space.
Notwithstanding these advantages, estimation of the o parameter which determines
the mean extragrade membership is not straightforward, and no clear procedure
for doing so exists. Incorrect estimation of the extragrade class may lead to some
extragrade individuals being treated as if they were individuals in the centre of the
data and vice versa (Fig. 8.4c). In addition extragrades are placed into a single
class regardless of their distribution in the attribute space. In reality there may be
clusters of individuals in the outlying space, but the fuzzy k-means with extragrades
algorithm is unable to resolve them if they exist.
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Hughes et al. (2014) introduced the idea of end points, which are the individuals
lying at the extremes of the attribute space (the points classified extrema in Fig.
8.4a). They can be detected as the vertices of a convex hull around the individuals in
attribute space. Hughes et al. (2014) developed an algorithm they called akromeson
that identifies end points and treats them as fixed centroids in a semi-supervised
fuzzy k-means cluster analysis (Bensaid et al. 1996). A heuristic process is used
to refine the number of end points, k., that are used as fixed centroids. The aim of
the semi-supervised fuzzy k-means clustering algorithm, then, is to find additional
clusters, kq, in the attribute space so that k = k, + k;. The fuzziness exponent, o,
can be determined using the usual methods (Odeh et al. 1992).

The end result is a set of k classes that includes k., end point classes (Fig. 8.4d).
In Fig. 8.4d, k, =4 and k; = 5 so k =4 + 5 = 9. The end point classes supersede
the single extragrade class completely and as such provide more information about
the distribution of individuals in outlying parts of the attribute space. This extra
information may be related to real environmental differences between akrograde
classes that in turn may be important for managing land.

8.2.4.5 Fuzzy c-Numbers

The fuzzy c-numbers algorithm (Yang and Ko 1996) is an extension of fuzzy k-
means clustering that allows the input attributes to be fuzzy numbers. As with
the fuzzy k-means algorithm, the basic steps are similar to the standard k-means
algorithm; however, unlike these two approaches, which cluster crisp attribute data,
the fuzzy c-numbers algorithm clusters attribute data that are fuzzy.

Fuzzy attribute data are actually somewhat commonplace in soil material descrip-
tions. For example, the pH value of a modal soil material representative might be
described by a modal value and perceived lower and upper limits. Fuzzy attribute
data can be represented using fuzzy numbers, which are fuzzy sets over the set of
real numbers and are specified via membership functions. There are many different
kinds of fuzzy numbers, but three of the most common are triangular, trapezoidal
and Gaussian fuzzy numbers (Liu and Samal 2002a; Yang and Ko 1996), so-called
due to the shape of their membership functions. Triangular fuzzy numbers may be
symmetric or asymmetric, and we may estimate their parameters from a collection
of soil profile measurements (Fig. 8.5). For example, say the distributions of pH (1:5
H,0) in the 40-50 cm depth interval of a collection of Chromosols and Kurosols
from the Lower Hunter Valley in New South Wales, Australia, take the values in
Table 8.5. Kurosols are strongly acidic (pH (1:5 H,O) less than 5.5) in the top
20 cm of the B, horizon, whereas Chromosols are not. A symmetric triangular
fuzzy number X;, representing the pH may have a maximum membership at the
mean pH—the so-called apex, x;,, and minima of membership above and below this
value at a distance defined by the spread S;,, which we may choose to represent
as two standard deviations from the mean pH value. Thus, a symmetric triangular
fuzzy number X;, can be represented as (x;,, Sip).
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Fig. 8.5 Triangular numbers representing 40-50 cm pH (1:5 H,0) for Chromosols and Kurosols
in the Lower Hunter Valley, New South Wales, Australia

Table 8.5 Descriptive
statistics of the distribution of

Chromosol | Kurosol

pH (1:5 H,0) for Chromosols Mean 6.23 5.07
and Kurosols observed at Standard deviation | 0.75 0.43
Pokolbin in the Lower Hunter Minimum 4.97 3.85
Valley in New South Wales, Maximum 8.18 6.00
Australia n 57 28

On the other hand, the membership minima of an asymmetric triangular fuzzy
number are not the same distance from the apex. We may choose to represent
them as the observed maximum and minimum pH. An asymmetric triangular fuzzy
number X;, can be represented as (x;,, @;p, bj,) Where a and b are the lower and upper
minima of membership, respectively. Figure 8.5 demonstrates that the difference
between symmetric and asymmetric triangular fuzzy numbers is relatively subtle if
they are based on a distribution of values that is roughly normally distributed. For
mathematical simplicity the symmetric fuzzy numbers are used hereforth.

A soil material description is usually represented as a vector of several attributes
rather than a single attribute. A fuzzy vector of symmetric triangular fuzzy
numbers can be defined as X; = (x;,P,,) where x; is the standard pattern vector
X; = {Xi1, X2, ... ,Xiq} and Py; is the panderance matrix that contains the spread
information (Celmins 1987):
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slz1 0 0
2 .o
P, = 0 s 0 (8.20)
0 0 52,

Liu and Samal (2002a) computed the distance between two fuzzy vectors a =
(a,P,) and b = (b,P}) as

d*(a,b) = lla—b|)* + tr (P, — Py)" (P, — Py)) (8.21)

where #r is the trace of the matrix product of (P, — P,)" (P, —P,,).
The cluster centres are given by {c|, ¢2,¢3,...,Ck} Where ¢, = (c., P.). The
membership of a fuzzy pattern X; in class c is computed as
1

ZJI';I a2 (%i» Ec) /dz()?i, E‘k)l/((ﬂ_l)

me (%) = (8.22)

Update of the centroid patterns ¢; is a two-step process because both the apex
vector ¢, and panderance matrix P,; need to be recomputed for each centroid. The
apex vector is calculated as

Z?:l me (%i)wxi

c. = ST ) (8.23)
and the panderance matrix is calculated as
n (G)’P;
p, = Zi= )P (8.24)

Z?:] ""lc(7~ci)«J

Liu and Samal (2002a, b) used the fuzzy c-numbers algorithm to identify
agroecozones in the state of Nebraska in the United States. Although we could
not find evidence of the application of the fuzzy c-numbers algorithm to soil
material classification, and only very infrequent application of fuzzy numbers in
the soil classification literature more generally (e.g. Bhattacharya and Solomatine
2006), fuzzy numbers have found application in other aspects of soil science and
related fields, including soil sampling (Lark 2000), engineering (Dodagoudar and
Venkatachalam 2000; Saboya Jr. et al. 2006), hydrology (Dou et al. 1999; Schulz
and Huwe 1999; Verma et al. 2009) and forestry (Kaya and Kahraman 2011).
Considering soil attributes are often recorded and presented as uncertain quantities,
it appears that the fuzzy c-numbers algorithm and others capable of handling fuzzy
attributes (e.g. d’Urso and Giordani 2006) could have natural application in soil
classification.



248 N.P. Odgers and A.B. McBratney
8.3 Cluster Validation

Cluster validation usually involves the selection of the partition corresponding to the
optimal k from amongst several alternatives. Many cluster validity metrics have been
devised that assist in making this decision. Several authors have performed extensive
comparisons between a range of these metrics (e.g. Arbelaitz et al. 2013; Milligan
and Cooper 1985) although only few have been used in the numerical classification
of soil material.

Cluster validity metrics should ideally be independent of the essential parameters
of the cluster analysis, such as n, k and ¢ (Roubens 1982). They can be classified
into two categories: membership-based measures and geometry-based measures
(Liu and Samal 2002b). Membership-based validity measures attack the problem of
cluster validity by examining the fuzziness of a partition in the membership space.
On the other hand, geometry-based cluster validity measures attempt to solve the
problem of cluster validity by examining the separation of a partition in the attribute
space. This is achieved by quantifying the shape and distribution of clusters with
respect to their compactness and their separation from each other, which can be
measured via the intra-cluster distance and the intercluster distance, respectively.

8.3.1 Membership-Based Measures

A range of membership-based measures are commonly used. Two of the simplest
are the partition coefficient, F, and the partition entropy, H (Bezdek 1981):

1 n k
F= ;Zi=lzj=lmi2j (8.25)

1 n k
"= _;Zttlzj:lmij log (m;;) (8.26)

The partition coefficient measures the fuzziness of the fuzzy classes and ranges
from 0.5, corresponding to the most fuzzy partition, to 1.0, corresponding to the
least fuzzy partition (Bezdek 1981). Thus, F' is maximised when the partition is
hard. The partition entropy is inversely proportional to the goodness of the fuzzy
classes, and as such a better partition is indicated when H is minimised (Liu and
Samal 2002b).

Roubens (1982) stated that the search of an optimal value of k is complicated by
the fact that F and H tend to increase and decrease with k, respectively. He proposed
that the optimal k could be found more easily using the fuzziness performance index,
FPI, and the normalised classification entropy, NCE.

The FPI is computed as (Odeh et al. 1992)

FPI=1—(kF—1)/(k—1) (8.27)
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Fig. 8.6 Curves of fuzziness partition index and normalised classification entropy derived from
runs of a fuzzy k-means clustering of soil material from the Lower Hunter Valley in New South
Wales, Australia, using integer values of k from 2 to 25

The FPI varies between O and 1. Like the partition coefficient, it describes the
fuzziness of a fuzzy partition. A low value of FPI implies that the continuous classes
are relatively hard and that there is little sharing of membership between any pair
of them. This suggests that there is a distinct natural partition structure amongst the
individuals in the dataset (Odeh et al. 1992). The converse applies when FPI is high.

The normalised classification entropy (NCE) describes the uncertainty of the
fuzzy partitioning of the individuals (Odeh et al. 1992):

H
log k

NCE =

(8.28)

where H is Bezdek’s partition entropy (Bolliger and Mladenoff, 2005). The optimal
value of & is usually found by determining a local minimum of both FPI and NCE
(Odeh et al. 1992; Triantafilis et al. 2001). The set of classes at k = 9 satisfies this
criterion in Fig. 8.6 for fuzzy clustering of soil material in Sect. 8.2.4.2.

Membership-based measures of cluster validity have been criticised on account
of their lack of a direct connection to the geometry of the clusters (Xie and Beni
1991). Nevertheless, they remain relatively popular in pedometric research. While
some soil researchers have used F and/or H (Burrough et al. 2001), most have used
FPI and/or NCE (e.g. Bragato 2004; Cockx et al. 2007; Triantafilis et al. 2001; van
Alphen and Stoorvogel 2000; Verheyen et al. 2001).
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8.3.2 Geometry-Based Measures

Geometry-based measures can be classified as ratio-type and summation-type
measures based on how the intra- and intercluster distances are combined (Kim and
Ramakrishna 2005). Many of the more common geometry-based cluster validity
metrics are of the ratio type, and several are based on the measure that Dunn
originally devised (after Halkidi et al. 2001):

(8.29)

d(Ci.C) }

D = minj<;< gmini+1§j§k—l %

where d(C;, C;) is the dissimilarity function between two clusters C; and C;,
calculated as

d (Ci, C)) = minyec, yeq, (d (X,Y)) (8.30)
and diam(Cc) is the diameter of cluster ¢, calculated as
diam (C,;) = max,ec (d (X,Y)) (8.31)

Dunn’s index is primarily used to validate crisp classes. The numerator in the
central term of Dunn’s index pertains to the intercluster separation, whereas the
denominator pertains to the intra-cluster dispersion. Large values of Dunn’s index
ought to indicate the presence of compact and well-separated clusters (Halkidi et
al. 2001). The Dunn’s index has only rarely been used in the pedometric literature
(LieB 2015).

The compactness and separation validity function, S (Xie and Beni 1991), is a
ratio-type measure of cluster validity that has been used to validate fuzzy clusters. It
has been used from time to time in the pedometric and related literature (e.g. Odgers
et al. 2011; Sun et al. 2012; Vrindts et al. 2005). It is calculated as

k
§— 2j=19;
nd>

min

(8.32)

where o; is the sum of squares of the fuzzy deviation, m;||x; — ¢;||, of individual i
from centroid j:

n 2
05 =) _ milxi—q (8.33)
The term ||x; —¢;|| is simply the Euclidean distance between individual i and

centroid j. 0; is a measure of non-compactness: that is, the higher the value of o},
the further from the centroid are the members of class j (Liu and Samal 2002b).
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Fig. 8.7 Curve of the compactness and separation validity function, S, derived from runs of a fuzzy
k-means clustering of soil material from the Lower Hunter Valley in New South Wales, Australia,
using integer values of k between 2 and 25

Finally, &2, is the separation of the fuzzy partition and is calculated as
&, = min |[¢; — ¢ |° (8.34)

which is effectively the square of the minimum Euclidean distance between cluster
centroids. A larger value of @2, indicates that all the clusters are well separated in
the feature space (Xie and Beni 1991).

As with other cluster validity criteria, local minima in a curve of S across several
values of k may indicate a locally optimal partition. Thus, Fig. 8.7 indicates that an
optimal partition of the Lower Hunter Valley soil material in Sect. 8.2.4.2 may occur
when k = 11.

Xie and Beni (1991) note that S is meaningless when c is very large and close
to n because of its tendency to monotonically decrease in these circumstances. In
practice this is not often a problem because the values of ¢ that we are interested in
are usually much lower than n.

8.4 Allocation to Pre-existing Classes

The placement of new individuals into a class of some classification system is
known as allocation, identification or diagnosis (McBratney 1994) although the
term classification has often been misappropriated to refer to the same process.
The act of allocating an individual to a class implies that a classification system
exists a priori. In soil science, considerably less has been written about allocation
than classification although research has been performed for decades (Norris and
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Fig. 8.8 Two-dimensional example of parallelepiped allocation. Parallelepipeds established using
class limits for surface horizon clay content (%) and organic matter (%) of several soil series
from El Dorado County in California, United States. Data retrieved from SSURGO database (Soil
Survey Staff 2016)

Loveday 1971). Like classification itself, allocation can be crisp or fuzzy. Several
methods are available, including parallelepiped methods, discriminant analysis and
classification trees. Not all have been commonly applied in pedometric research.

8.4.1 Parallelepiped Method

Parallelepiped allocation is one of the most basic methods of allocation. It is some-
times also known as the box decision rule or the level slice procedure (Campbell
1996). For each of the k classes in a classification system, a parallelepiped is set up
in the d-dimensional feature space using the class limits of the d attributes to set
its boundaries. Alternatively the standard deviations of the attributes may also be
used to set their boundaries. We illustrate with a simple two-dimensional example
in Fig. 8.8 using class limits. It should be easy to see that classes are implicitly
hypercubic or hypertrapezoidal in many dimensions. Allocation of an individual to
class j is simply a matter of identifying which parallelepiped the individual is located
inside of. Parallelepiped allocation is therefore crisp. For example, in Fig. 8.8, soil
material A with surface horizon clay content of 30% and surface horizon organic
matter content of 5% is clearly a member of the Sites series.

Mather and Koch (2011) identify difficulties that occur in two extreme cases.
First, an individual may not lie inside any of the k parallelepipeds, making allocation
impossible (B in Fig. 8.8). Second, an individual may lie inside the overlapping
parallelepipeds of more than one class, in which case a protocol must be in place
to determine which class the individual should be allocated to (C in Fig. 8.8). In
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both these cases, more information (i.e. more attributes) is necessary to resolve the
appropriate class, if any.

Parallelepiped classification has been commonly used to classify land cover
from remotely sensed imagery (e.g. Goodenough and Shlien 1974; Jensen 1978;
Robinove 1979) but appears not to have been used in pedometric studies.

8.4.2 Minimum Distance Method

The minimum distance method allocates an individual to the class of the centroid
to which it has the shortest distance (i.e. is most similar to) in the d-dimensional
attribute space. Like the parallelepiped method, allocation is a fairly simple process.
Since the Euclidean or Mahalanobis distances are usually used to relate individuals
to centroids, classes are implicitly hyperspherical or hyperellipsoidal in the attribute
space, respectively. Minimum distance allocation may not be possible if classes do
not have centroids.

8.4.3 Discriminant Analysis

According to the principle of discriminant analysis (Fisher 1936), a linear function
of the attributes of a population of individuals belonging to two classes can be found
that best discriminates between the two classes. Such a function can be represented
as

X =ax1 + ayxp + azxz + -+ + agxy (8.35)

The coefficients of the linear function are chosen so as to maximise the distance
of separation between the class means (i.e. the class centroids) relative to the within-
class variability (Healy 1965). In matrix terms, they can be found by multiplying the
vector of separation distances X; —X, by S™!, the inverse of the variance-covariance
matrix of the attributes of the sample of individuals (Blackith and Reyment 1971):

a=8"x —-%) (8.36)

A linear function so found is known as a discriminant function. The discriminant
function is ideally calibrated on representative individuals chosen randomly from
members of each class (Webster 1977). A larger value of the function, when
evaluated, implies a clearer separation of a pair of classes than does a smaller value.
This brings us to an important point: as Blackith and Reyment (1971) point out,
without including S™! in the computation of the discriminant coefficients, continued
weighted addition of attributes would cause X to increase indefinitely and thus
give a false impression of the degree of separation between the pair of classes.
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In other words, each attribute would contribute information about the separation
of the classes without respect to the information provided by the other attributes.
The incorporation of the correlations between the attributes in the computation of a
constrains the size of X and ensures that each attribute only contributes the amount
of information that is unique to it.

In discriminant analysis the attribute distributions of each class are assumed
to be multivariate normally distributed and that the standard deviations are equal.
Oftentimes these assumptions are unrealistic in practice, and the technique appears
to be sufficiently robust against mild departures from them (Blackith and Reyment
1971).

Rao (1948) adapted the method for k > 2 classes, in which case there are always
k — 1 discriminant functions. Healy (1965), Blackith and Reyment (1971) and
Webster and Burrough (1974) are amongst those who have described discriminant
analysis in geometric terms. Consider two bivariate classes whose distributions are
plotted as ellipses in the discriminant space defined by their attribute axes. The
classes are best separated by a line that passes through the intersection of the two
ellipses. The axis drawn orthogonal to such a line has been called the discriminant
axis and is the best axis for discriminating between the two classes (Webster and
Burrough 1974). The concept can of course be extended into as many attribute
dimensions d as are necessary, in which case the ellipses become hyperplanes
(Webster and Oliver 1990).

In terms of allocation, distances in the discriminant space are Mahalanobis
distances. Thus, new individuals may be allocated to the class to whose centroid
it is closest in the Mahalanobis sense (Webster and Burrough 1974).

Discriminant analysis was first employed in soil science by Cox and Martin
(1937), who used it to quantify the significance of several soil properties for
predicting the presence of Azotobacter. It has been used subsequently by Hughes
and Lindley (1955), Oertel (1961), Norris and Loveday (1971) and Webster and
Burrough (1974), amongst others, for the purpose of allocation. Triantafilis et al.
(2003) generalised the theory to a fuzzy linear discriminant analysis.

8.4.3.1 Classification Trees

Classification trees are a hierarchical non-parametric example of supervised classifi-
cation as they require the set of classes to be known a priori. Because the classes are
known a priori, they are readily useful for class allocation. Classification trees can
be formulated algorithmically ab initio or by manual extraction of the classification
rules in existing classification systems (see Fig. 8.9 for an example). Classification
trees recursively subdivide a population of individuals into ever more specific
subgroups. Points of subdivision are called nodes, and subdivision is conducted
by performing a logical test on the threshold of some attribute. Attributes may
be continuous or discrete valued. The logical test is formalised in a decision rule
that also determines the subgroup implied by passing or failing the logical test. A
terminal subgroup is called a leaf and contains a single class rather than a pointer
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to a subsequent decision rule. Decision rules are analogous to the if-then rules that
are ubiquitous in software programming and may be expressed accordingly. For
example, a decision rule may be as follows:

If clay content >35%: subgroup A
Else subgroup B

When formulated algorithmically, decision rules are usually chosen to optimise
some measure of goodness in the subgroups formed by the split, such as within-
subgroup purity. According to Friedl and Brodley (1997), a range of metrics can be
used to quantify how well this is done; for example, Lagacherie and Holmes (1997)
used the Gini index. Pruning may be conducted in order to reduce the size of the
tree and to avoid overfitting to the calibration data. Pruning involves merging pairs
of leaves and may be accomplished by a cross-validation procedure (Scull et al.
2003).

Classification trees have several advantages over other approaches (Friedl and
Brodley 1997). For example, because they are non-parametric, they are insensitive
to the distributions of attribute values. They can handle nonlinear relationships
between classes and attribute values, and they are able to handle both continuous
and discrete-valued attributes. Finally, the tree structure is readily interpretable.

Lagacherie and Holmes (1997) were one of the first to apply classification trees
in soil survey, and since then they have become a popular supervised classification
tool. It appears, though, that their most frequent use has been in soil survey and
mapping rather than in classification of soil material.
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8.4.4 Fuzzy k-Means

McBratney (1994) demonstrated how individuals can be allocated to soil classes
created using the fuzzy k-means with extragrades algorithm. Allocation is a matter
of calculating the degree of membership of the unknown individual to each of the
fuzzy classes using Eq. 8.16 and to the extragrade class using Eq. 8.17 described
earlier. In order to do this, the parameters k, ¢ and « must be known, along with
the matrix of class centroids and the variance-covariance matrix of the samples used
to produce the classification. Furthermore, the Mahalanobis distances between the
new individual and the class centroids must also be calculated.

Such an allocation scheme is not exclusively applicable to fuzzy soil classes
produced by a numerical soil classification procedure. For example, Mazaheri et
al. (1995) employed the technique in order to allocate new profiles to the classes of
the Australian Great Soil Groups classification scheme (Stace et al. 1968) Although
the Great Soil Groups classification scheme is not a numerical soil classification
system, the classes are considered by some (Moore et al. 1983) to be fuzzy in the
sense that they are described by a central concept, and, since no taxonomic key has
been devised for the purpose of allocation, the class boundaries are somewhat vague.

Despite the fact that the classification scheme is likely to be obsolete now, as
the universe of soils it caters for is too small for all Australian conditions (Moore
et al. 1983), Mazaheri et al. (1995) reported positive results when they used the
fuzzy allocation scheme to allocate six individuals to a class. They determined that
the numerical allocation system was not only useful for allocating individuals to
classes with partial membership but that it also enables a critical review of the
existing classification system in at least two situations: (i) if profiles are allocated
with more-or-less equal membership to several classes and (ii) if profiles possess a
large extragrade membership.

8.4.5 Soil Horizon Classes

Soil scientists have long recognised soil horizons as the fundamental building blocks
of the soil profile. For example, of the eight criteria Marbut (1920) proposed as
grounds for the differentiation of soil profiles, seven related to various characteris-
tics of soil horizons.

Attempts have been made to classify soil horizons since the late nineteenth
century (FitzPatrick 1967). Dokuchaev was the first to use the A-B-C-horizon
nomenclature in his description of Chernozem soils. By itself, though, the A-B-
C notation does not convey a lot of information about the character of soil material
belonging to a given horizon—or to put it more optimistically, the diversity of soil
horizons is greater than can be readily captured by the A-B-C notation (Nikiforoff
1931). For example, a Vertosol B horizon has a very different character to a Podosol
B horizon. Horizon subscripts were developed to provide more information in
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this respect although the precise meaning of them can vary from jurisdiction to
jurisdiction. Bridges (1990) describes a range of other difficulties with the A-B-C
system.

The USDA devised a system of diagnostic horizons during its development
of the Soil Taxonomy classification system (Soil Survey Staff 1999). Other soil
classifications also use their own versions of these horizons (e.g. FAO 2014;
Hewitt 2010). Diagnostic horizons are classes of horizons that possess specific
soil material characteristics. Their descriptions are often lengthy and complex.
They were developed as aids to soil profile classification because specific soil
profile classes often require the presence of specific diagnostic horizons. Despite
their utility, diagnostic horizons have not been without criticism. For example,
FitzPatrick (1976) points out that uncertainty arises in situations where a soil profile
contains more than one diagnostic horizon: because the profile is possibly eligible
for allocation to more than one soil profile class, a judgement must be made on
which diagnostic horizon is more important (or more diagnostic!).

Researchers have since developed more quantitative systems. The best-known
and most comprehensive is that of FitzPatrick (e.g. 1993, 1988, 1976, 1967), who
devised a system of about 81 classes of soil horizons, which he later called segments.
Each segment was given a name ending in -on and a two-letter code, much like the
chemical elements. The codes for a profile’s horizons could be assembled to produce
a code for the entire profile much like a chemical formula.

Researchers have also used fuzzy numerical classification to create soil layer
classes. For example Powell et al. (1992) used the fuzzy k-means with extragrades
algorithm (de Gruijter and McBratney 1988) to create a set of fuzzy soil layer classes
for their study area in the Lockyer Valley in Queensland, Australia. Triantafilis et al.
(2001) carried out a similar analysis for soils from the Edgeroi district in the Namoi
Valley of New South Wales, Australia. In both cases the researchers found that the
numerical soil layer classes were well able to explain pedological and landscape
features in their respective study areas.
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Chapter 9
Soil Profile Classes

Nathan P. Odgers, Alex. B. McBratney, and Florence Carré

“...and He shall separate them one from another, as a
shepherd divideth his sheep from the goats: and He shall
set the sheep on His right hand, but the goats on the left”.

Matthew 25:32-33 (KJV)

The previous chapter discussed the possibility of using pedometric techniques to
make numerical classifications of soil material and soil layers. Of course it is not a
step too far to use pedometric techniques to make classifications of entire profiles
also. That is the subject of this chapter.

One of the main differences between classification of soil material and classi-
fication of soil profiles lies in how we abstract and encapsulate soil profiles as
structured data. The simplest view treats whole profiles as individuals complete
in themselves, but more sophisticated approaches consider profiles as composite
objects made up of sequences of soil layer individuals. We will see that the choice
of approach determines how the distances between soil profiles are computed.

Once distances have been computed, there are several ways to identify classes
of soil profiles. Methods of classification may be viewed as either hierarchical or
non-hierarchical.
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9.1 Profiles as a Sequence of Horizons

Like the soil layer, another basic soil entity that is recognised universally is the soil
profile (Simonson 1968). Soil profiles can be described in a number of ways, for
example, as a sequence of horizon classes or as a sequence of depth functions for
various soil properties. One of the problems of describing profiles as sequences of
horizons is that the sequences themselves are quite short, because profiles have at
least one to seldom more than seven horizons.

9.1.1 Homology

When one wants to compare one profile with another one, it is worth considering
which of the horizons are homologous—in other words, which horizons perform the
same function. This is really quite a difficult problem, and no quantitative solution
has yet been found. Homology could be established based on the horizons which
are most similar to each other in different profiles (e.g. Rayner 1966), on the basis
of a common sequence of horizons (e.g. Dale et al. 1970; Little and Ross 1985)
or with respect to the presence or absence of diagnostic horizon classes. To gain
a better understanding of the possible importance of homology, consider a podzol
with the usual horizon sequence developed somewhere in Scotland which is 50 cm
thick and a giant podzol developed in the sand dunes of eastern Australia which is
20 m thick. Both have the same sequence of horizons, so on this basis, these profiles
are completely homologous with each other. On the other hand, if we compare
the soil profiles on a depth-by-depth basis, they would be considered completely
different from each other. Homology on the basis of diagnostic horizons presents its
own problems, discussed briefly in the previous chapter and at length by FitzPatrick
(1976). So for quantitative understanding of soil profiles and their relation with each
other, a quantification of homology is required.

9.1.2 Transition Matrices

One way of describing a soil profile as a sequence of horizons is to construct for
each profile a transition matrix which describes the number of transitions from any
particular horizon class to any other horizon class (e.g. Dale et al. 1970; Moore
et al. 1972; Norris and Dale 1971). By convention, the class that defines the column
succeeds that which defines the row in the sequence. Any two profiles that have
the same sequence would have the same transition matrix. The problem with this
approach is that the matrices are rather sparse—in other words they contain a lot of
zero entries. This means that the information content of the matrices will be low.
By way of illustration, a Red Dermosol (Isbell 1996) under viticulture in the lower
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Table 9.1 Transition matrix

A |B21 | B22 B3 |C

for a Red Dermosol under
viticulture at Pokolbin in the A 01 0 0 0
lower Hunter Valley in New B2l [0 |0 1 0 |0
South Wales, Australia B22 |0 |0 0 1 0
B3 |0 0 0 0 1
C 0 |0 0 0 0

Hunter Valley in New South Wales, Australia, might have a horizon sequence of A
B21 B22 B3 C. Its transition matrix is depicted in Table 9.1.
The information content of the matrix, I, is computed as (Dale et al. 1970):

I:GlnG—ZiZIZjZIﬁj Inf; 9.1)

where f;; is the entry in row i and column j of the transition matrix and G is the sum
of all f;.
The information content of the transition matrix in Table 9.1 is 5.55.

9.2 Profiles as Depth Functions

From a quantitative point of view, it is easier and seems more natural to describe
soil profiles by the depth functions of the individual soil properties although
this approach must exclude some pedological insight that horizons carry. Depth
functions may be used for several purposes. For example, they enable the estimation
of the value of a soil attribute at any depth in the soil profile and even the total
amount of an attribute, such as carbon, over a whole region of a profile (e.g.
Arrouays and Pelissier 1994; Mestdagh et al. 2004).

Depthwise distributions of soil attributes are sometimes represented as step
functions when attribute measurements or predictions are made for each soil layer
(e.g. Jobbagy and Jackson 2000). In practice the measurement made for a layer
is often made on soil material derived from several locations in the layer and
thus represents its average condition. As a result, the variation in the soil attribute
that the step function describes has been dampened by virtue of the sampling
and measurement process (Ponce-Hernandez et al. 1986). In other words the step
function likely does not reflect the true extremes of the soil attribute distribution
within the profile.

In reality, the depthwise distributions of soil attributes are usually continuous
(Colwell 1970). These distributions have been modelled by a wide range of
mathematical functions; some are examined in the remainder of this section.
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9.2.1 Exponential Functions

The most popular choice of depth function has been the exponential function
(Minasny et al. 2016). They are most useful for modelling the trend in properties
that decay from the surface (Fig. 9.1). Researchers have fit exponential functions to
arange of attributes including clay content (Brewer 1968), root density (Dwyer et al.
1996; Kalisz et al. 1987), radionuclide distribution (He and Walling 1997; Koarashi
et al. 2012) and, notably, organic carbon (Arrouays and Pelissier 1994; Bernoux
et al. 1998; Malone et al. 2009; Mestdagh et al. 2004; Mikhailova and Post 2006;
Mishra et al. 2009; Russell and Moore 1968; Taylor and Minasny 2006).
The general form of the exponential function is:

y = ae™ 9.2)
where y is the value of the soil property, d is the depth below the soil surface, a is

a constant relating to the initial value at the surface of the profile and b controls the
rate of decay.
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9.2.2 Polynomials

Polynomial functions model the trend with depth of attributes that have a maximum
somewhere other than at the surface, such as the clay content of a soil with an argillic
B horizon. Quadratic polynomials require relatively few data to fit but are not the
best solution where a greater degree of flexibility is required. Cubic or higher-order
polynomials are more flexible in shape but require more data to fit adequately.

Although their application has not been universally successful (Campbell et al.
1970), Colwell (1970) found that polynomial functions adequately characterised
the depthwise trend in attributes relating to soil fertility across four great soil groups
in New South Wales, Australia. Other researchers have used them to model the
depthwise trend in attributes such as soil particle size fractions (Wickramagamage
1986), penetration strength (Veronesi et al. 2012), soil moisture (Tabatabaeenejad
et al. 2015) and radionuclide activity (Alewell et al. 2014; Ramzaev et al. 2007).

9.2.3 Wetting Fronts

During an infiltration event, a plot of soil water content against depth in the profile
displays a characteristic shape due to the wetting front. The wetting front is the zone
of interface between the unsaturated soil below, with low soil water content, and the
zone of transmission, above, with high soil water content. Researchers have tried to
model these numerically (Haverkamp et al. 1977; Hills et al. 1989). Functions of
other soil phenomena display a similar shape (Fig. 9.2). For example, weathering
processes may be examined by analyses of solute concentration with depth, whose
functions are the so-called weathering fronts or reaction fronts (Brantley et al. 2008;
Kirkby 1985).

These fronts can in general be modelled using a sigmoid function (Minasny et al.
2016):

Cmax

Cd) =
@) 1+ —C‘““é;nc'“‘“ exp (ad)

(9.3)

where C(d) is the concentration at depth d and « is an empirical parameter. Cpqx 1S
the maximum concentration, which is at the top of the profile for a depletion trend
and at the bottom of the profile for an addition trend. Likewise Cy;y, is the minimum
concentration, which is at the bottom of the profile for a depletion trend and at the
top of the profile for an addition trend.
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9.2.4 Peak Functions

The depthwise distributions of certain soil attributes, such as clay content, often
display a peak at some point in the soil profile. Oftentimes these distributions
display a normal (Wetselaar 1962) or lognormal (Jury 1982) shape, but in other
situations, the distributions are not symmetrical throughout their depth or may
contain more complex features (Fig. 9.3). In other circumstances, such as when
surface mixing and translocation processes are operating, or when there is excessive
bioturbation, the depth function of a soil attribute may display both a minimum and a
maximum in the profile (Minasny et al. 2016). In these situations typical polynomial
parametric functions may be unable to adequately model these shapes because
attribute measurements down the profile are usually sparse and few in number,
among other reasons. Peak functions, being non-linear parametric functions that are
also non-linear in their parameters, are also susceptible to these faults, which have
led some researchers to recommend that attributes be measured at high resolution
using proximal sensors (Myers et al. 2011). Non-parametric methods such as splines
are better able to model complex shapes but are unable to quantitatively describe
features present in them (Myers et al. 2011).

Some peak functions are asymmetric, meaning that the shape of the curve on
either side of the peak can vary. Myers et al. (2011) demonstrated the use of the
Pearson IV and logistic power peak functions to model depth functions of soil
attributes. The Pearson IV function has six parameters, three of which control
peak shape, whereas the logistic power peak function has five parameters, two of
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which control peak shape. Peak functions are usually fit using non-linear regression
techniques that attempt to optimise these parameters.

Myers et al. (2011) demonstrated that both peak functions fit very well to clay
content, silt content and pH profiles although they preferred the logistic power peak
function because of its parsimony with respect to the fewer parameters. The logistic
power peak function is expressed as follows (Myers et al. 2011):

Y=a+§(1+exp(w)) ' p(w)(“])ﬁ‘

F F
(9.4)

where d is a vector of depths, y is a vector of soil attribute values, « is the intercept,
B is the amplitude, « + B is the magnitude of the peak, w is the peak centre and §
controls the width of the peak and interacts with ¢ to control the asymmetry of the
peak.

Due to the interactions between parameters, different sets of parameters can
produce curves that are similar in shape (equifinality). Despite this, Myers et al.
(2011) were able to link parameters with soil-landscape processes and parameters.
For example, they were able to demonstrate a relationship between the parameter
in the logistic power peak function that controlled peak width and position along a
hillslope.
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9.2.5 Splines

Some (Webster 1978) have pointed out several difficulties associated with the fitting
of polynomial or exponential functions to soil attribute data. Objections include the
lack of theory from which to determine a suitable model—although it is noted that
some properties, such as organic carbon, often follow an exponentially decreasing
trend through the profile (Minasny et al. 2006; Russell and Moore 1968)—the
difficulty in fitting a polynomial function to more than a few data points and the
fact that because the goodness of fit is sensitive to individual measurements, local
variation or error in a single measurement can affect the fit of the function to the
whole profile.

Splines were introduced as a way of mitigating some of these deficiencies.
Instead of fitting a single function to a whole profile, splines typically fit a series
of polynomial functions piecewise through measurements made down the profile.
Locations where consecutive polynomials join are called knots, and constraints
on curvature are usually applied at the knots to ensure the curve remains smooth
through the transition. Splines may be exact fitting or smoothing. In exact-fitting
splines, the curve passes through the data points exactly, and the knots are located
at the data points. Erh (1972) fits exact-fitting cubic splines to the water retention
curve. Others (e.g. Kastanek and Nielsen 2001; Wesseling et al. 2008) performed
similar analyses, but in general the exact-fitting splines have not been widely applied
in soil science.

We noted at the start of this section that soil attributes are often measured as
average values within soil horizons. For the purpose of fitting the depth functions
described previously in this section, it is normally assumed that these averages
correspond to the depth at the centres of the horizons. Depth functions fit to horizon
averages in this way will almost certainly display less variance in the soil attribute
than the true depth function if it could be known accurately, even if the splines are
exact fitting.

To mitigate this effect, Ponce-Hernandez et al. (1986) proposed an equal-area
smoothing spline method. In smoothing splines, unlike exact-fitting splines, the
curve does not pass exactly through the data points, and the knots are located at
the depth boundaries of the calibration data supports. Equal-area smoothing splines
are still fit through horizon averages, but a constraint is added so that the area to the
left of the spline (the X; in Fig. 9.4) equals the area to the right of the spline (the
Y; in Fig. 9.4) through each horizon. In this way the average value of the property
through the horizon is preserved, but the equal-area spline should reflect the actual
variation in the soil property more accurately.

Bishop et al. (1999) demonstrated that equal-area quadratic smoothing splines
were better able to predict the true depth functions of a range of soil properties
including pH, clay content and organic carbon content than quadratic polynomials,
exponential functions and linear regressions and simple horizon averages. Their
model required that the depthwise support of the calibration data is contiguous
with depth. This requirement is satisfied when the calibration data are a set of
horizon averages; however, samples are often taken at depth intervals that may
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not be contiguous with depth. For example, Crépin and Johnson (1993) recom-
mended several methods of sampling discontiguous depth intervals in mechanically
disturbed profiles where horizonation may not be evident. Therefore Malone et al.
(2009) extended the work of Bishop et al. (1999) in order to relax the contiguity
requirement. The updated spline model remained quadratic across calibration sup-
ports but became linear between them. We refer readers to the relevant publications
for complete mathematical implementations of these techniques.

Depth

9.3 Classification of Soil Profiles

If we have a soil profile described by series of properties at fixed depth or as a
collection of depth functions or as a sequence of horizons, one of the fundamental
problems in soil science is to create a classification of such profiles. The possible
procedures are described in Fig. 9.5, and all require the computation of an
association matrix that describes the degree of association between all pairs of soil
profiles being compared. This matrix is usually square and symmetric, and each
element describes the degree of association between a particular pair of profiles. We
saw in Chap. 8 that the most commonly used inter-profile association metrics are
those that are distances in a soil attribute space and strictly compute the degree of
dissimilarity between two individuals because their values increase with decreasing
similarity. In such cases the association matrix may be called a between-profile or
inter-profile distance matrix.
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Fig. 9.5 Soil profiles may be classified in several ways

9.3.1 Between-Profile Metrics

One of the chief problems in profile classification is calculation of the inter-profile
distance between two soil profiles. It is relatively easy to compute distances between
a pair of individual objects such as soil horizons, but a means by which these
metrics can be used to calculate the distance between two profiles is not immediately
obvious. This is because soil profiles can be viewed not as individual objects
but as sequences of horizon objects where each horizon has its own soil attribute
information. Researchers have devised several methods of computing the inter-
profile distance. We briefly discuss them in this section.

9.3.1.1 Reference Horizons

We may choose to recognise the existence of reference horizons or layer classes
yet for practical reasons still treat a profile as a single object for the purpose of
computing the inter-profile distance. Thus a profile may be represented as a vector
of attributes drawn from various horizons throughout the profile. Calculation of an
inter-profile distance by regular Euclidean, Mahalanobis or other means is therefore
simple.
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Due to its relative simplicity, it is perhaps not surprising that this approach was
the first used in the numerical classification of soil profiles. For example, Hole
and Hironaka (1960) computed the inter-profile similarity on data on 25 attributes
drawn from throughout the profile, including thickness of the A2 horizon, ratio of
the maximum B horizon clay content to minimum A horizon clay content, average
0-36-in. pH and SiO,/R,0; ratio of the C or D horizon. Bidwell and Hole (1964)
performed similar computations on 30 attributes including A horizon pH, B horizon
hue, C horizon clay content and the proportion of the solum exhibiting colour
mottles. Young and Hammer (2000) used a range of horizon and profile attributes.

Bottner et al. (1975) performed a more complex analysis than the previous
researchers. Like Hole and Hironaka (1960) and Bidwell and Hole (1964), they
assembled data on a range of attributes drawn from various reference horizons
although about half were attributes of the B horizon. In addition they tried to
take account of the presence or absence of relevant horizons in the soil profile by
creating rules to penalise the overall inter-profile distance; one or other of a pair of
profiles being compared did not possess a specific reference profile. This ensured
that profiles with different sequences of horizons had a larger inter-profile distance.

9.3.1.2 Fixed Depths

Notwithstanding the pedological information they contain, we may choose not to
use pedological horizons as the basis for computation of the inter-profile distance.
We may be concerned, for example, about the subjectivity in horizon designation,
the lack of comparative horizons in certain soils or the fact that horizons of like class
have different depth boundaries (Russell and Moore 1968). An alternative approach
is to compare pairs of layers of fixed or varying thickness down the profile instead.

For instance, Russell and Moore (1968) treated soil profiles as sequences of 1-
in.-thick layers whose attributes were derived from those of the soil horizons they
intersected. They calculated the inter-profile distance between a pair of profiles by
computing the average of the Euclidean distances Dg between layer pairs. Consider
two profiles X and ¥ with i = 1,2, ... ,m layers. It is assumed that both profiles have
the same number of layers, m, and that the layers have equal thickness. The lower
depths of their layers x; and y; are denoted d,; and d,;, respectively, with the surface
at dyo and dyo. Mathematically the inter-profile distance D(X,Y) is calculated as:

1 m
DX.Y) =% WiDp (x.y) 95)

where W; is an optional weighting factor. Russell and Moore (1968) experimented
with assigning differential weights to the layers using a negative exponential
function on the basis that the upper layers are more important than those lower in the
profile for some purposes. Using the negative exponential function, layers higher in
the profile would receive greater weight in the inter-profile distance calculation than
those lower in the profile.
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Other methods search for the layers in Y that are most similar to those in X and
vice versa. There are several variants of this approach. Assume now that the number
of layers in X can be different from the number of layers in Y, so that now their
layers are denoted x; and y;, respectively, where i = 1,2,...,mand j = 1,2,... n.
The approach that Grigal and Arneman (1969) devised consists of three steps:

1. Compare each layer x; in X with three layers in Y: (i) the layer at a comparable
depth, y;, the layer immediately above this layer, y;—i, and (iii) the layer
immediately below this layer, y;4 (. The layer in Y that is most similar to the
one in X in the Euclidean sense is considered to be its analogue.

2. Repeat (1) with respect to all layers in Y.

3. Compute the inter-profile distance as the arithmetic mean of the X-to-Y and Y-
to-X analogous layer distances:

m

D(X,Y) = minjej—1<j<j+1DE (Xis )’j)

m + n“~i=1

1 n .
pe——— E jzlmlniei—1<i<i+1DE (- xi)

(9.6)

A rule must be devised to govern the mapping of the x; to the corresponding y; and
vice versa.

Rayner (1966) devised a similar method except the comparison in step (1) that
involved all the layers in Y at and below the corresponding layer in X.

Yet other methods contain elements of all the above approaches. Carré and Girard
(2002) devised a distance similar to the utilitarian distance described later by Carré
and Jacobson (2009) that uses the distance between pairs of adjacent layers weighted
by the thickness of overlap (Fig. 9.6). Now the depth of the deepest profile is dmax,
and Dp,y is the largest interlayer distance. With respect to X, overlap between layers
in X and Y occurs when any of the following conditions are satisfied:

dyj_l < dyi—1 < dyj&dyj_l <dy < dyj 9.7)
dyj_l <dy_1 < dyj&dyj_l <dy < dyj (9.8)
dyi—1 < dyj_l < dyj&dyj_l <dy < dyj 9.9)

The distance D(X, Y) between the profiles in Fig. 9.6 is thus:

D (X,Y) =4{D (x1,y1) X (dx1 — dxo) + D (x2,y1)

X (dyl - dxl) +D (XZ, yZ) X (dx2 - dyl) + Dmax X (dy2 - de)} /dmax
(9.10)
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More generally we can think of this inter-profile distance calculation in terms
of the number of overlapping layer segments, g = 1,2,...,l. Thus if the upper
and lower depths of a zone of overlap are p and g, respectively, the inter-profile
distance is:

DX,Y) = 1 Zl %D(xg’YK)X(CIg_pg)’ g <l (9.11)

max §=1 Dinax X (qg _pg) . 8=1
where D(x,,y,), the interlayer distance between x, and yy, is the Euclidean distance
divided by the number of layer attributes (Carré and Girard 2002). Later, Carré
and Jacobson (2009) further developed this work to implement two additional
inter-profile distances they called pedological and joint. The pedological distance
considers the interlayer distances (Euclidean or Manhattan) of pairs of layers
depthwise, in sequence, though layer thickness is not taken into account. The joint
distance is computed in the same manner as the utilitarian distance, but the layer
boundary depths of both profiles are first scaled so that each profile has a depth
of 1.0.

9.3.1.3 Collection of Depth Functions

Another approach is to calculate the inter-profile distance using the parameters
of the depth functions as attributes. Since the depth functions already account
for continuous variation within and between soil layers, conventional metrics like
the Euclidean or Mahalanobis may be used to quantify the inter-profile distance.
Campbell et al. (1970) did this for coastal soils in Western Australia and Moore
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et al. (1972) for soils from Queensland, Australia. Other examples appear to be
scarce. The success of a classification made using this method appears to be closely
tied to how well the depth functions fit the observed data. For example, Campbell
et al. (1970) found that the classification they made by clustering depth function
parameters was not like those they made by clustering the original profile data,
which they attributed to ill-fitting depth functions. Perhaps a better classification
could have been made if a more appropriate depth function model was used.

9.3.1.4 Sequence of Horizons
Transition Matrices

We saw in Sect. 9.1.2 how the sequence of layer classes in a soil profile can
be represented as a transition matrix. The inter-profile distance between a pair
of profiles can be computed as the element-wise sum of the Euclidean distances
between their transition matrices. Dale et al. (1970) and Norris and Dale (1971)
demonstrated how the similarity between two profiles could also be computed in
terms of the information content of their transition matrices.

The transition matrix approach recognises that individual soil layers are not
independent of each other; furthermore it explicitly takes into account the sequence
of layers down a profile. This is in contrast to most other inter-profile distance metric
schemes. On the other hand, we must consider a couple of factors before applying
this approach. First, since soil attribute data are not formally utilised in the inter-
profile similarity calculations, relationships between attributes are implicit in the
layer class labels used to encode the matrices. The choice of layer classification
system therefore plays an important role because the same layer class label can
have different connotations in different kinds of soil. For example, the pedogenic
B horizon implies a different set of processes in vertisols than it does in spodosols.
It is therefore likely to be better to use a soil layer classification in which the class
labels have a consistent meaning across all kinds of soil. A numerical soil layer
classification system (e.g. Odgers et al. 201 1b; Triantafilis et al. 2001) may satisfy
this requirement if the universe of soils it encompasses is large enough. Norris and
Dale (1971) first classified soil layers into eight numerical classes prior to creating
transition matrices for their soil profiles.

The second factor that should be considered since the transition matrices of
soil profiles are often sparse is whether the transition matrices contain enough
information to separate soil profiles adequately. Two characteristics of soil profiles
that work to confound the information content of their transition matrices are (i) the
fact that they often possess only short sequences, since the number of horizons is
typically less than 7, and (ii) the fact that transitions between layer classes (e.g.
A—B, A1—A2) tend to occur only once in a given profile. This leads to the
dominance of 1s and Os in soil profile transition matrices. Therefore since 1 x In
1 = 0 and Ox1In O is undefined, the information content according to Dale et al.
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Table 9.2 Horizon sequence

Horizon | Depth range (cm)
of a brown Dermosol from

the lower Hunter Valley, New An 0-8

South Wales, Australia B21 8-40
B22 40-84
B3 84-103
BC 103-112

Table 9.3 Depth interval

Horizon | Depth interval (cm)
sequence of a brown

Dermosol from the lower An 0-10

Hunter Valley, New South B21 10-20

Wales, Australia B21 20-30
B21 3040
B22 40-50
B22 50-60
B22 60-70
B22 70-80
B3 80-90
B3 90-100
BC 100-110
BC 110-120

(1970) is largely driven by G (Eq. 9.1), which will be relatively small since the
number of transitions between layers is typically relatively small.

We may increase the information content of a transition matrix by increasing the
resolution at which the soil profile is segmented—in other words, by using, say,
10-cm-thick depth intervals rather than pedogenic horizons—as this will increase
the chance of larger transition frequencies if, for example, a thick B horizon is
segmented into three or four depth intervals. This has the additional benefit of
implying some information about the relative thickness of each layer. For example,
consider a Brown Dermosol from the lower Hunter Valley in New South Wales,
Australia, with a pedogenic horizon sequence of An—B21—-B22—B3—BC. Its
horizon boundaries are given in Table 9.2 and the horizon designations of its 10-cm-
depth intervals in Table 9.3. Using Eq. 9.1, the information content of the transition
matrix based on Table 9.2 is 5.55 and that based on Table 9.3 is 21.69.

Levenshtein Metric
Profiles can be represented as sequences of horizon or layer designations. Given
a set of layer classes ¢ = 1,2,...,k, a string representing the sequence of layers

according to their layer classes could be the following:

22244335557
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When we remove repeated layer codes, the compressed form (Little and Ross
1985) of the sequence is then:

24357

If all profiles can be represented in this way, we may ponder how the inter-
profile distance can be computed on such a representation. One representation of
this distance is the number of additions, deletions or substitutions of layer classes
it would take to transform the compressed layer class sequence of X into that of Y.
This is the so-called Levenshtein metric, devised by Levenshtein (1966) to describe
the distance between two syntactic patterns and extended by Lu and Fu (1978),
among others. Little and Ross (1985) applied the Levenshtein metric to soil profile
classification.

9.3.2 Agglomerative Clustering of Distance Matrix

Once the inter-profile distance matrix has been computed, it may be subjected
to an agglomerative cluster analysis using the techniques described in Chap. 8.
Agglomerative techniques were initially used to examine numerical relationships
between profiles allocated to the classes of established classification systems (e.g.
Anderson 1971; Rayner 1966). The “ramifying linkage method” was probably the
first agglomerative technique employed in soil science (Bidwell and Hole 1964). It
is equivalent to the average linkage method (Arkley 1976; Webster 1977) and has
its foundations in psychological research (Cattell 1944; Horn 1944) but came to the
attention of soil researchers through its application in the biological domain (Sokal
and Michener 1958).

There is no reason why the profiles being classified must be labelled a priori since
construction of the taxonomic hierarchy involves the computation of the association
between individuals in some form regardless of what class they belong to. Thus
agglomerative clustering could be applied to an unlabelled collection of profiles
to determine the relationships between them, but an appropriate working level
(Wickramagamage and Fisher 1988) of the resulting hierarchy must be determined
at which classes can be identified (Fig. 9.7). This is usually not the lowest level of
the hierarchy; otherwise all profiles would be allocated to their own class.

9.3.3 Non-hierarchical Clustering
9.3.3.1 Preceded by Ordination of the Distance Matrix
Ordination is used to examine the structure of multivariate populations. In general

terms ordination techniques can be thought of as ordering a population of indi-
viduals in attribute space so that similar individuals are closely spaced and vice
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Fig. 9.7 A taxonomic hierarchy must be cut at a working level before classes based on it can be
formed and centroids computed

versa. Two of the more well-known techniques are principal components analysis
(PCA; Chap. 8) and principal coordinates analysis (PCoA) (Gower 1966). PCA is
an R-type multivariate technique since it examines correlations between variables
(i.e. attributes) across all individuals, whereas PCoA can be considered its Q-
type complement because it examines correlations between individuals across all
variables (Blackith and Reyment 1971).

In PCoA the starting point is the so-called N x N association matrix, A, whose
elements a;; are some estimates of resemblance between pairs of N individuals. The
attribute data on which A is calculated are not required. Gower (1966) preferred to
populate A with coefficients of association such as the Jaccard coefficient (Jaccard
1908) or simple matching coefficient, but any kind of similarity measure can be
used as long as the matrix B (see below) has no large negative eigenvalues (Sneath
and Sokal 1973). In PCoA the objective is to find the eigenvalues, A;,A,, ... , Ay,
and eigenvectors, by, b, by, of the matrix A. The eigenvectors form the matrix
B and are normalised so that the sums of squares of their elements are equal to the
corresponding latent roots:

N
S =1, 9.12)

r=1 1

The rows of the normalised matrix give the coordinates of the individuals on their
principal axes in N-dimensional Euclidean space. In fact it is possible to reduce the
dimensionality of this space by examination of the eigenvalues of B. If a A, is small,
then the b;, are relatively small, and the contribution of (b;, —bjr)zto the distance
between individuals i and j will also be small. Likewise if a A, is large but there is
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Fig. 9.8 Principal coordinates biplot of several soil series from Scotland (Muir et al. 1970,
reproduced with permission)

not much variation in the size of the corresponding bj,, then (b;. — bj;) will also be
small. On the other hand, if A, is large and the corresponding b;, vary in size, then
(b — bjr)2 will contribute more to the distance between individuals i and j. Thus it
is possible that the distances between individuals may be adequately expressed by
only two or three principal coordinates (Blackith and Reyment 1971; Gower 1966).

PCoA was initially employed in the numerical classification of soil profiles in
order to visualise the relationships between soils via biplots of the first two principal
coordinates, as Fig. 9.8 demonstrates (e.g. Banfield and Bascomb 1976; Campbell
et al. 1970; Rayner 1966; Webster and Butler 1976). It was seen as a companion to
agglomerative clustering which performed the actual numerical classification.

Once non-hierarchical clustering became available, researchers realised that the
principal coordinates themselves can be used as attributes in a non-hierarchical
classification procedure such as k-means or fuzzy k-means. We will attempt to show
that this is serendipitous for soil taxonomists. Recall that the k-means algorithms
recompute centroids dynamically at the end of every iteration (Chap. 8). It is easy
to perform this calculation if the data structure describing a soil profile is consistent
across all soil profiles being classified. This is the case if soil profiles are represented
as a set of parameters of a depth function or if profiles are represented as a set of
depth slices of consistent thickness (Beaudette et al. 2013) because the centroids
are merely the average of each of the parameters or each of the depth slices of the
profiles within each cluster.
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On the other hand, the method of computing a centroid is not obvious if the data
structure is inconsistent across all profiles being classified, such as when profiles
are represented as a sequence of horizons, since profiles vary in the number and
thickness of horizons. Should the centroid have the average number of horizons
of all individuals in the class? How should those horizons be attributed? Since
relevant inter-profile distances are available (Carré and Jacobson 2009), it is easier
to compute the principal coordinates of these profiles and use these data in a non-
hierarchical classification procedure.

There are few examples of principal coordinates clustering in the pedometric
literature. Examples are more frequent in ecology (e.g. Anderson and Clements
2000; Lefkovitch 1976; Mora and Iverson 2002; Schmidtlein et al. 2010; Tichy et
al. 2011). In soil science, Oliver and Webster (1989) used the k-means algorithm
to cluster the principal coordinates of a distance matrix that had been modified
to weight the distances according to separation distance in order to reduce spatial
fragmentation of the resulting classes. Frogbrook and Oliver (2007) performed a
similar analysis to identify management zones within agricultural fields. Finally,
Leblanc et al. (2016) clustered the principal coordinates of soil series where potato
fertiliser trials had been conducted in Québec.

9.3.3.2 Without Prior Ordination of the Distance Matrix

A third class of soil profile classification techniques performs non-hierarchical
classification without prior conversion of a distance matrix to a principal coordinate
matrix. The OSACA algorithm (Carré and Girard 2002; Carré and Jacobson 2009)
exemplifies this class of technique. OSACA classifies soil profiles using Diday’s
(1971) implementation of the hard k-means algorithm. The user can choose from
one of three inter-profile distance metrics, described previously in Sect. 9.3.1.2.
The choice of distance metric is largely driven by the intended use of the resulting
classification. The algorithm converges when the allocation does not change
between iterations or when the ratio of the mean distance between individuals and
their respective centroids to the mean inter-centroid distance falls below a threshold.

The method of computing cluster centres varies depending on the type of inter-
profile distance. When the pedological distance is used, the attributes of the cluster
centres are the arithmetic mean of the attributes of the corresponding horizons of
the individuals in the cluster. When the utilitarian or joint distances are used, it is
not possible to average the horizon attributes. Instead, the cluster centres become
the individuals that have the minimum total distance to the other individuals in
the cluster. Since in these cases the cluster centres are real profiles, they are really
exemplars or medoids rather than centroids in the traditional sense (Kaufman and
Rousseeuw 1987).

The earlier version of OSACA (Carré and Girard 2002) incorporated a non-
hierarchical cluster analysis of soil horizons in the algorithm. It was implemented
prior to the classification of the soil profiles so that classes of modal horizons were
found first followed by classes of modal profiles. The aim was to identify modal
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Fig. 9.9 Modal soil profiles of a set of numerical soil classes from the lower Hunter Valley in New
South Wales, Australia, created using the OSACA algorithm (Reproduced with permission from
Odgers et al. 2011a)

profiles that consisted of common sequences of the layer classes, but later work
simplified the algorithm by removing this functionality (Carré and Jacobson 2009).
Odgers et al. (2011a) demonstrated that some of this functionality could be restored
by attributing the horizons of the profiles to be classified with fuzzy memberships
to a set of layer classes created in a separate analysis (Fig. 9.9; Odgers et al. 2011b).

Massawe et al. (2016a, b) used machine learning techniques to spatially predict
soil profile classes generated by OSACA across a valley in Tanzania. Rizzo et al.
(2014) used OSACA to classify some Brazilian soil profiles by using the first four
principal components of visible near-infrared spectra (350-2,500 nm wavelength at
1 nm resolution) as the attributes of each pedogenetic horizon. They compared the
classes that OSACA generated with classes at several levels of the Brazilian soil
classification and found that the OSACA classes were most similar to classes at the
suborder level.
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Part V
Soil Variation in Space and Time

“Sir Walter Blunt, new-lighted from his horse,
Stain ‘d with the variation of each soil
Betwixt that Holmedon and this seat of ours.”

Shakespeare,
King Henry IV (Part I)

A good introductory explanation of geostatistics is given by Webster and Oliver
(2007) and also by Isaaks and Srivastava (1989). A much more advanced treatment
illustrated with soil chemical data is contained in Goovaerts (1997).

One of the most important aspects of pedometrics is the quantitative description
modelling and prediction of the spatial and temporal variation of soil properties.

As was discussed in Chap. 1, soil variation has been known since recorded
history. With an increasing demand for both better economic management and
environmental management of the soil resource, the need for quantitative infor-
mation about soil within agricultural fields within catchments across regions and
continents has grown apace. The approaches we describe in Chaps. 9, 10, 12 and
13 are relevant to these problems and scales. When we move to finer scales, more
geometric approaches required as described in Chap. 14.

We also recognise that soil variation, which many see as problematic, can be
regarded positively as pedodiversity — in the same way as we think of biodiversity.
Chapter 15 deals with the measurement and representation of pedodiversity.
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Chapter 10
Classical Soil Geostatistics

R. Murray Lark and Budiman Minasny

“All the business of war, and indeed all the business of life,
is to endeavour to find out what you don’t know by what
you do”.

Arthur Wellesley
Duke of Wellington

10.1 Introduction

In 1971 Beckett and Webster reviewed the information on soil variability available to
them. Their interest was, to use their term, in lateral variability of the soil. That is to
say in the variation of the soil from place to place across the landscape (Beckett and
Webster 1971). One way to capture this notion is by considering the variability of the
soil as measured by sample variance, standard deviation or coefficient of variation
(CV) within regions of different sizes. If the spatial location of soil observations is
immaterial to their variation, then the variance and other quantities will be the same
within regions of any size. Beckett and Webster (1971) found that, typically, half the
variation of a soil property within an agricultural field, measured from conventional
core samples, may be found within an area of 1 m?. This shows us that the variability
of the soil is spatially very intricate but also that a significant amount of variation
is spatially structured over the intermediate scales. The fact that CV depends on
area tells us something about the variability of soil. However, in the absence of
intensive sensor measurements, the CV/area relationship is a cumbersome tool for
describing spatial variability, requiring, in principle, sets of random samples from
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within randomly selected areas of different size. In a pioneering study Beckett and
Bie (1976) sampled the soil on regular transects. They then grouped the observations
into successive pairs, groups of three samples, groups of four samples, groups of
n samples, etc. and for each n = 2, 3, ... calculated the mean variances within
the groups of n observations. Variance was then plotted against the length of the
aggregated groups (log scale). It was shown that the form of the graphs related soil
variability at different scales to vegetation and geomorphology in a predictable way.

This approach to analysis of spatial variability was innovative, developed from
statistical literature available at the time (e.g. Yates 1948). However, other older
statistical work had shown how the formalisms of analysis of variance could be
used to describe spatial variation. This is the work of Youden and Mehlich (1937)
who devised a sampling scheme to allow a partition of variance of a soil property
between contrasts over different spatial intervals. This was achieved by a nested
sampling design permitting a nested analysis in which, at each stage, the variance is
partitioned into that observable between and within sampling stations separated by a
particular interval. Webster and Butler (1976) revived the methodology and applied
it to the analysis of soil variation in Australian Capital Territory, in a landscape
where soil surveyors had struggled to represent the variation of soil by conventional
soil maps. Webster and Lark (2013) discuss this sampling scheme and analysis in
more detail.

While soil scientists were developing these innovations, statisticians in the
mining industry, geostatisticians, were developing a formalism for the description
of spatial variation which embraced and unified both the nested sampling of Youden
and Mehlich and the transect analysis of Beckett and Bie. Their objective was to
predict ore grades locally from a limited number of boreholes to support mine
planning. The methods that they developed constitute what we might call classical
geostatistics or mining geostatistics. The textbook of Journel and Huijbregts (1978)
sets out the stall of these methods. Around the time that it was published, soil
scientists became aware of geostatistics and the potential of geostatistical methods to
solve the problems of soil survey: spatial prediction of soil conditions from limited
sets of observations. Webster (2015) tells the story of how the connection between
the armoury of mining geostatistical methods and the requirements of soil survey
were first made.

This chapter discusses the classical methods of geostatistics as applied to soil
science. It provides background to some of the more modern methods described
in Chap. 11, but much of this standard methodology remains serviceable for the
problem of spatial prediction. We first describe the random model of soil variation
that underlies geostatistics and then show how this can be used for spatial prediction
and inference.

10.2 Random Models of Soil Variation

This section presents a summary of the principles of geostatistical method, as set
out by standard texts such as Journel and Huijbregts (1978), Isaaks and Srivastava
(1989), Goovaerts (1997), Chiles and Delfiner (1999) and Webster and Oliver
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(2007). Classical references on this methodology in the soil science literature are
the papers of Burgess and Webster (1980a, b), McBratney and Webster (1983) and
Webster and Burgess (1980).

10.2.1 Stationary Random Functions

A powerful approach to problems of inference is to treat data as if they are a
realisation of a set of random variables. A simple example of a random variable
is the number given by the throw of an unbiased die which is a random number,
Y, which takes some value from the set {1,2,...6}. In the case of soil, we assume
that a soil property s at location X is a realisation of a random variable. However,
we can only ever observe one realisation, s(x), the actual value of s at x, which is
not sufficient information to characterise a random variable. We can make progress
if we assume there is a realisation not of a single variable but rather of a random
variable S(x) when the argument of the random function is location in space. If we
can assume that certain properties of this function are constant for all x of interest,
then a set of observations at different locations contains some replicated information
from which we may infer properties of the random function.

10.2.1.1 Stationarity

The simplest, and strongest, assumption of stationarity is that the joint distribution
of the random function over a set of locations, {S(x;),5(Xz), ... S(x;)}, is identical to
that for a set {S(x; + h),S(x; + h), ... S(x, 4+ h)} where h is any displacement or lag
vector. This means that all moments of the distribution are constant so the mean u =
E[S(x)], for all x and the covariance E[{S(x)—u}{S(x + h)—u}], is constant for all
x and h, as are all higher moments. Note that E[.] denotes the statistical expectation
of a random quantity in the square brackets. If we restrict these assumptions to the
first two moments of the joint distribution (mean and covariances), then we have
a weaker stationarity assumption — second-order or weak stationarity. Under the
assumption of stationarity, it is therefore possible to define a covariance function

C(h) =E[{S(x) — pui{S(x+h) —uj]. (10.1)

At lag zero the covariance function is equal to the variance of the random
function. If the random variable shows no spatial dependence (it is a ‘white noise’
process in the terms of signal analysis or ‘pure nugget’ in geostatistical terms),
then it is zero for all lag vectors which are non-zero. Spatial dependence is shown
when the covariance declines with increasing lag separation reaching value zero for
lags at which values of the random function are independent. Note that in some
circumstances the covariance may not be strictly decreasing with lag distance, there
may be a periodic component to the variation or quasiperiodic ‘hole effect’.
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It is possible to make a stationarity assumption weaker still (and so a plausible
assumption about a broader class of soil variables). Intrinsic stationarity is, in
effect, a second-order stationarity assumption about the increments S(x; )—S(x; +
h) S(x;) — S(x; + h). So we assume that the mean increment is zero everywhere and
that the variance of the increment is constant everywhere. Hence

E[{Sx)—S(x+h)}] =0
and

Ehﬂ@—5@+hnﬂ=zymy (10.2)

The function y(h) given above is the semi-variogram. It is related to the
covariance function in the second-order stationary case by

C(h) = C©0)—y (h). (10.3)

The covariance at lag 0, C(0), is the variance of independently drawn values of
S(x), also known as the a priori variance. We can use the variogram in a wider case
of processes than the second- or higher-order stationary ones that can be described
by the autocorrelation or covariance functions.

10.2.1.2 Variogram

Under the intrinsic hypothesis of stationarity, %{s x)—s(x+ h)}2 and
%{s (x') — s (X' 4+ h)}? are both estimates of y(h). We may, therefore, combine
all observations over lag h into an estimate of y(h). This is illustrated for a transect
in Fig. 10.1. In the top row, the pairs of observations are combined to estimate the
variogram for the lag equal to the basic sample interval. In the second row, the pairs

Fig. 10.1 Pair comparisons between sample points on a linear transect at intervals of (fop) one
times the basic spacing and (botfom) two times the basic spacing
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Fig. 10.2 An empirical variogram plot illustrating the concepts of sill variance and range

of observations are separated by twice the sample interval. On a transect the lag is
a scalar and is written A. If & is some integer multiple of the basic sampling interval
on the transect, then y(h) is estimated by taking all the N, pairs separated by /# and
calculating from them half the mean-squared paired difference:

Np
y(h) = % D s ) — s (i + b)Y (10.4)

i=1

We call this the empirical, or experimental variogram. Note that we can use the
scalar lag in the analysis of data in two or more dimensions if we assume that the
spatial autocorrelation of our variable depends on distance only and not direction.
This is the assumption of isotropy. We consider isotropic variograms in most of the
following discussion and address how to model directional dependence later in the
chapter.

Consider Fig. 10.2. This empirical variogram increases with lag distance to a
maximum value — the sill variance or a priori variance of the random function.
In this particular figure, this happens at a particular distance — the range. If we
consider Eq. 10.3, we see that at lags larger than the range, the autocovariance is
zero. That is to say two points in space separated by a distance larger than the range
are uncorrelated. At shorter distances, they will tend to be correlated. In this way
the variogram describes the structure of spatial variability.
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Fig. 10.3 (a) Two variograms, y;(h) and y,(h) for two mutually independent random variables
with contrasting ranges of spatial dependence and the variogram of the sum of these two variables,
ys(h). (b) Points from the expected empirical variogram of the sum of the two variables, when
sampled at basic interval 3 units. Note that the spatial structure of y (k) cannot be resolved, and its
variance contributes an apparent intercept to the empirical variogram, the nugget variance

Imagine two isotropic random fields, statistically independent of each other, but
with variograms y 1 (k) and y,(h). If we form a new random function by adding these
two, then its variogram, y(h), is simply the sum, y(h) + y.(h). We describe the
random function as a nested random function with a nested variogram. See Fig.
10.3. Note that, while nested variogram functions are commonly used in classical
geostatistics and have an intuitive appeal representing combined effects of random
processes at contrasting scale, they have been criticised in the setting of model-based
geostatistics, a treatment of which is given in Chap. 11. See also Stein (1999).
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Consider a soil process which can be regarded as the sum of two independent
random functions with different ranges and with variograms y(h) and y,(h). Its
variogram, y(h), as seen above and as illustrated in Fig. 10.3a is the sum of the
two variograms. If we sampled at a basic interval between the ranges of the two
variograms, then we may obtain point estimates of the variogram as shown in Fig.
10.3b. The empirical variogram obtained under this sampling scheme resolves the
structure of component 2 but not 1. The effect of random function 1 is that the
experimental variogram appears to have a non-zero intercept, equal to the sill.
This is called the nugget variance. Nugget variance will include elements due to
measurement error, but as illustrated above, it also includes components of spatial
variation which are spatially dependent at scales too fine to be resolved by our
sampling scheme. It is possible to partition the nugget between these sources only
if we have some independent estimate of the measurement error.

10.2.1.3 Variogram Models

Equation 10.4 above generates point estimates of the variogram for particular lags.
In practice we need values of the variogram for any lag. This requires that we can
express the variogram as a function of lag. At first glance this might seem like a sim-
ple problem in curve fitting. In reality there is a complication. The covariance func-
tion allows us to compute the variance of any linear combination of values of a ran-
dom variable. Now the variance of a linear combination of values of a random func-
tion, subject to random variation, must have a variance which is positive and non-
zero. We could write down a function of 4 that does not guarantee this (and so cannot
actually be the covariance function of any actual random function). Such a covari-
ance function is said to be non-positive definite. We avoid this by using variograms
that are negative semi-definite (negative because the variogram is equal to the a pri-
ori variance minus the covariance function and semi-definite because the covariance
function may not be zero at all lags). Variogram functions which meet this criterion
are said to be authorised. We now describe some commonly used models.

10.2.1.4 Nugget

Imagine a situation where all the spatial dependence for random function is at scales
finer than the basic sampling interval. In signal analysis such variation is called
‘white noise’. The variogram will be flat, pure nugget. In practice such variograms
are rare, but nugget models are almost always included as an additive term in a
nested model to describe the variation which has not been resolved by sampling.
The nugget variogram model may be written as

0 h=20

y (h) = . (10.5)
co  otherwise
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Note that in practice, the nugget term appears as an intercept (i.e. a value at lag
zero), but all variogram models must be zero at lag zero by definition. This is a
practical importance since the variogram at lag zero appears in the kriging equation.

The nugget model is a model of discontinuance variation since the variogram
jumps from zero to a finite value for any finite lag. This discontinuity can affect
predictions of soil properties using a variogram with a significant nugget. When we
invoke a nugget model, however, we are not necessarily claiming that the variation
of a property is discontinuous at the limit, although it might be. The term nugget
effect comes from the case of a nugget of pure gold embedded in rock with a
discontinuous step in grade at its edge. All we can say in practice is that variation
appears discontinuous at the scale of resolution of our data.

10.2.1.5 The Exponential Variogram

Imagine a linear transect on the ground intercepted at random by boundaries
between regions within which the value of the soil property is a uniform value
drawn from a random process of variance c;. If the probability that two points on
the transect separated by lag distance £ lie either side of at least one such boundary
is p(h), then it is clear that the variogram of the process will be

y(h) = cip(h). (10.6)

Let us assume that the boundaries occur at random as a Poisson process and that
the mean interval between two boundaries is a. The mean number of boundaries
falling on an interval of the transect of length # is therefore h/a. Under the Poisson
distribution, the probability that no boundary falls on such an interval is

\©
{ (;) e_h/“} 0! = e "a, (10.7)

The probability at one or more boundaries falls as such an interval is therefore
1 — e/ 50 our variogram function is

y(h) =ci {1 — e} (10.8)

This is the exponential variogram for a process of variance ¢; and with distance
parameter a. As the derivation shows, it describes the most basic concept of spatial
randomness. The exponential function is a bounded one, with an upper bound at ¢,
but it approaches this asymptotically so we cannot define a finite range at which
y(h) = c. Since y(h) ~0.95c;where h = 3a, it is common to define 3a as the
effective range. Note that while we may argue from the Poisson boundary process
to the exponential variogram, it is hazardous to reverse the argument when such a
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variogram is found. Other spatial random processes will give rise to an exponential
variogram — for example, a first-order auto-regressive process:

s(xi) =a+ B sxi-1) + & (10.9)

where x;_ , x; are successive, equally spaced locations on a transect defines, at the
limit as the interval between successive values approaches zero, a random process
with an exponential variogram. The terms « and f are coefficients and ¢; is an
independent random variable of mean zero.

10.2.1.6 Bounded Linear Model

We might divide a transect into intervals of equal length, a, and then allocate to
all sites within any segment a uniform value drawn from a random process with
variance c¢;. From Eq. 10.2 we may write the variogram of this process as

hja ifth<a

h) = 10.1
vih) =a 1 otherwise (10.10)

This is a bounded linear variogram of range a. Burrough (1983) discusses this
model and fitted it to data where a more or less regular pattern of geological
boundaries was a dominant source of soil variation. As with the exponential model,
however, this variogram can arise from a contrasting kind of spatial process. Imagine
that we generated a random function on a transect with independent random values.
This would have a nugget variogram. Let us now smooth this process by replacing
each value by the sample average of all the values at locations within +a/2. Webster
and Oliver (2007) demonstrate that such a process will have a bounded linear
variogram.

Note that the model can only describe spatial variation in one dimension. It is not
negative semi-definite in two or more dimensions.

10.2.1.7 Circular and Spherical Models

We can extend the bounded linear model of spatial variability to two dimensions by
imagining a field of independent random variables filtered by replacing each value
with the simple average of all values within a distance a. This new field has a circular
variogram function:

— 205! 2h — 2/ i
y(h) = ¢, 1 —2cos™ {h/a} + —-/1—h*/a*> ifh<a ' (10.11)

1 otherwise
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This is negative semi-definite in one or two dimensions but not in three
dimensions. Like the bounded linear model, it reaches a distinct range at distance a
beyond which it is flat, although its slope decreases as it approaches the range. The
three-dimensional equivalent, of course, is a spherical model:

3 n/ay ifh<a

y(h)y =c; ] 2 (10.12)

1 otherwise

This is negative semi-definite in one, two or three dimensions. Although it is
fundamentally a three-dimensional random process, it is commonly used to describe
variograms of two-dimensional data when these have a distinct range. By extending
into five dimensions, the pentaspherical model is defined.

So far the variogram models described are fairly straightforward in their
behaviour, but they will not always fit observed variograms comfortably. At this
juncture we must consider some niceties of the behaviour of variograms of random
processes. A more detailed account is given by Webster and Oliver (2007).

Consider a random function S(x). Because this function is random, we cannot
compute a derivative %S (x), it is not differentiable. For this reason the variogram of
a function is not differentiable at the origin, it has an approximate linear approach
to the origin. On the other hand two derivatives of a parabolic function can be
obtained at the origin. A parabolic variogram would describe smooth variation, i.e.
variation that is entirely predictable so not in any sense random. A variogram which
approaches this behaviour may arise because of some short-range deterministic
variation (driftf) or perhaps as an artefact arising from a measurement process
which has a strong smoothing effect over short distances (yield monitor data,
remote sensors and electromagnetic inductance measurements of the soil’s electrical
conductivity might have such an effect). Some variogram functions may, therefore,
appear concave upwards near the origin, suggesting possible local drift. As seen
above, parabolic behaviour of the origin is not consistent with random variation. We
may define a power function variogram,

y(h) = c1h®. (10.13)

This is subject to the constraint that 0 < o < 2. If & = 1 then the variogram
is an unbounded linear function (which unlike the bounded linear function is
negative semi-definite in two dimensions). For any authorised power function, the
variability appears to increase without bound so the function cannot describe a
weakly stationary process, only an intrinsically stationary one.

Some variograms are concave upwards near the origin but are bounded. The
Stable model is often used to describe such behaviour:

he

y(h) = ¢ {1 —e‘?}, (10.14)
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where k < 2 is a constant. The Gaussian model is the Stable model with x = 2.
Although widely used, the behaviour of the Gaussian model at the origin is
inconsistent with random variation; it should not be used for the geostatistical
methods of prediction which are described below because of this behaviour which
can lead to artefacts. A more satisfactory alternative for spatial variation which
shows a certain smoothness is the Matérn function (Matérn 1986). The Matérn
variogram model is

y(h) =c (¢ h)'K, (¢ h) (10.15)

1
12T (v)

where I'(-) and K, (-) are, respectively, the gamma function and a modified Bessel
function (second kind) of order v. Smoothness of the random process is controlled
by parameter v. If v > 0, then the process is continuous. If v = 0.5, the Matérn
variogram is the exponential. With larger v it is smoother than the exponential, and
as v — oo, the variogram function approaches the Gaussian. The Matérn function
has been used increasingly in soil science (Minasny and McBratney 2005) but
largely in the setting of model-based geostatistics. It is important that the model
be used only when there are adequate observations at short lag distances.

The experimental variogram may appear to vary in a periodic way when the
soil variation is controlled in part by some regular pattern such as ridge-and-furrow
variation. A sine function is a semi-negative definite model in one dimension. It has
gradient zero at lag zero which is unacceptable, but a sine function in combination
with another semi-negative definite variogram will constitute an acceptable model.
In two dimensions or more, the sine function is not negative semi-definite, but a
damped function in which the fluctuations diminish the distance is negative semi-
definite. A damped sinusoidal variogram is said to show a ‘hole affect’. However,
apparent fluctuations may be artefacts. Webster and Oliver (2007) recommend that
periodic models are not used unless there is strong evidence for periodic behaviour,
perhaps because of our a priori knowledge of the process. Some phenomena in
soils can give rise to periodic fluctuations in the variogram, in particular “patterned
ground” phenomena as formed in the Gilgai landscapes of Australia or in soils
affected at some stage of their development by periglacial conditions.

It follows from our previous discussion of nested processes — additive combina-
tion of independent random functions — that two or more of the models discussed
here may be combined to describe an experimental variogram. In fact most model
variograms are a combination of a nugget variogram and a spatially structured one.
But since any combination of negative semi-definite functions is itself negative
semi-definite, other combinations are possible. Two models with different distance
parameters may be combined to describe a variable with variability with different
scales caused by different processes. A double spherical model is a common
example of the nested structure with two distinct ranges.
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10.2.1.8 Anisotropy

In our examples so far, the lag is a distance in space, i.e. a scalar, and we explained
that a random function for which the variogram depends only on the scalar lag
distance is said to be isotropic. In practice the direction of a comparison may affect
the variance of the difference between two points, so our lags are vectors with both a
distance and direction. This is called anisotropy. There are two kinds of anisotropy.
In geometric or affine anisotropy, the sill variances are independent of direction, but
the variogram does depend on direction at short distances. It therefore approaches
the sill with different slopes at different directions. An affine transformation of
the coordinate system will transform the variogram to isotropy. Under the model
a locus that is the set of all locations x; € X about a fixed point, Xg, such that
y(Xo —X;),X; € X is constant (and less than the sill variance) describes an ellipse,
which can be transformed to a circle by the affine transformation of coordinates.

The other kind of anisotropy is zonal anisotropy. In zonal anisotropy the sill
depends on direction. Such variation is not difficult to imagine. The variation
and landscape scale where contrasting rocks outcrop with parallel strike will be
largest perpendicular to strike and smallest parallel to the strike, but anisotropy will
diminish as the lag tends to zero.

10.2.2 Estimating and Modelling the Variogram
10.2.2.1 Variogram Cloud

The variogram cloud is a plot of the individual values, %{s (x/) — s (x; + h)}%,
against the scalar lag, » = |h|. Plotting and examining the variogram cloud can
be useful in exploratory spatial analysis of the data. In particular, we may use it to
examine evidence for anisotropy or to identify effects of a few outlying observations
(Ploner 1999).

10.2.2.2 Lag Classes

In the example above, we illustrated the application of Matheron’s (1962) estimator
of the variogram with an idealised example of regularly sampled data in one
dimension. In practice the problem is more complex, particularly in two dimensions
or more when data are irregularly sampled and/or we wish to account for anisotropy.
Matheron’s estimator is now applied to pair comparisons {s(x) — s(x + h)} where
the lag vector is the mean or central vector of a lag class. Ignoring anisotropy the
lag class may be defined by a range of lag distances or lag bin, a central distance
plus a tolerance of +w/2 where w is the width of the bin. We may then take the
mean lag distance within each class as the representative lag interval. Defining lag
classes requires care and an element of trial and error. If the classes are defined
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Fig. 10.4 Definition of a lag bin in two dimensions

too narrowly, then each will contain too few pair comparisons, and the resulting
variogram estimates will be too noisy. If the classes are too wide, however, then
they will smooth the spatial structure which is seen at lags within each interval and
may obscure the underlying spatial dependence.

When anisotropy is a concern, lag classes must be defined relative to a compass
bearing as well as to a distance. This is illustrated in Fig. 10.4. Consider the two
points in space shown by a black and a grey disc. These are separated by a lag
vector of scalar value (distance) h along a bearing of o from due north. With
irregular sampling it is necessary to define lag bins with some tolerance into which
to combine pair comparisons to form point estimates of the variogram. The tolerance
is defined by a width of the lag distance bin (£w/2 in the Figure) and an angular
tolerance of 1. With the tolerances specified, the lag between the black and the
grey disc is the central lag for a lag bin such that any point within the region between
the two solid arcs and the dotted lines indicating the angular tolerance would be
separated from the black disc by a lag which belongs in the bin. The open circle
illustrates such a point.

10.2.2.3 Estimating Variogram Parameters

The simplest variogram model to fit is an unbounded linear model, which may be
fitted with an ordinary least squares criterion. However, most variogram models
have non-linear parameters which must be estimated by more complex methods.
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Nonetheless, the least squares criterion can be applied; that is to say we find a
vector of variogram parameters, 0, such that the mean-squared difference between
our point estimates of the variogram, ¥ (h), and the corresponding model values,
y(h|9), is minimised:

1
MSE = &> {7 () =y (i [8)}. (10.16)
i=1

where F; is the representative lag for the ith lag class of which there are N, ¥ (h) is
the estimated variogram for this lag class and y(4|0) is the fitted model. We need an
iterative algorithm to minimise this criterion for models with non-linear parameters.

Models can be fitted by eye and there is software available to help this process.
However, fitting by eye is generally best avoided particularly where the variogram
estimates are very variable and where the number of pair comparisons in each lag
class varies so that different lag classes have different uncertainty. Visual inspection
can be useful to guide the choice of a class of model and also to check that a fitted
model seems reasonable.

Most variogram models are fitted by a weighted least squares method using a
standard non-linear fitting algorithm to minimise a generalisation of MSE. If the
experimental variogram for lag class i is supported by n; pair comparisons, then one
weighted MSE is

N
1 ~
MSE; = — > nd7 () — y (h:10)}, (10.17)
Iz

so that we give more weight to a point estimate supported by many pair compar-
isons. Cressie (1985) proposed a development of this:

N;

1 n; ~ 2
MSE, = — _ hi)) —y (hi |0)}". 10.18
2= 5 e 00— () (10.18)

This gives greater weight to the lags with small semi-variance, which is
reasonable since the reliability of an estimate of variance is inversely related to
its size, and the variogram at short lags is generally more influential when used in
particular applications. Note that, since the model variogram appears in the weight,
and it also depends on the parameters that we are estimating, the process must be
done iteratively. The iterative procedure means that after one run of the algorithm,
we use the fitted model to specify the modelled values. Generally only one iteration
is required before the solution converges to a single set of model parameters.

As we have seen, there are many variogram models which can be fitted to
data. Visual inspection of a set of point estimates and consideration of the factors
causing the variation will generally enable us to narrow the field to a few plausible
models, but we still have to choose between them. One basis for choice is to fit
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all possible models and select that one for which the MSE is smallest. This is a
rational procedure when all models have the same number of parameters (e.g. if
we are comparing an exponential with a spherical model). However, we may have
a choice between a double spherical model (two independent spherical processes)
and an exponential. If we exclude the nugget (common to both), then the double
spherical has four parameters to the exponential’s two. These additional parameters
give the model more flexibility and mean that the MSE for the double spherical will
almost inevitably be smaller. This does not mean that the model is necessarily better,
however. The question is whether the inclusion of more parameters is justified by
the improvement of the fit which they allow. The Akaike information criterion (AIC)
is a basis for making this judgement (Akaike 1973; McBratney and Webster 1986).
For a given set of point estimates for the variogram, AIC will be least for the model
for which

A = N, In(MSE) + 2P (10.19)

is smallest where P is the number of parameters. That model for which A is smallest
is judged most parsimonious. This means that an exponential model will be favoured
over a double spherical unless the MSE for the double spherical, MSEpgp, is so much
smaller than that for the exponential, MSEEy,, that

< —4N,. (10.20)

10.2.3 Departures from the Standard Model
10.2.3.1 Trends

It is worth recapitulating from Chap. 1 the basic model of soil variation with
which we are working. In most general terms S(x) = f(x) + &(x) where f(x) is some
deterministic function of space and &(x) is a random variable, so S(x) too has random
properties. In our discussion so far, we assume that f(x) is a constant, p, and that
&(x) is a spatially dependent random variable that can be regarded as a realisation
of a stationary (strongly, weakly or intrinsically) random variable or as the sum of
two or more independent such variables. The soil variation which we observed in
reality is deterministic, the result of many processes, and may be poorly described
by such a model. First & may have to be replaced by a deterministic function
f(x). This could represent a pronounced trend, for example, a trend in the particle
size distribution along a catena or in water content down a slope. Strong trends
cannot be ignored. If y(h) is the variogram of &(x), then it is clearly not equal to

%E [{(f x)+ex)—(Ffx+h+ex+ h))}z] when f(x) is not a constant.
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The experimental variogram will be affected by deterministic variation and
becomes concave upwards. We may also find short-range drift or local trend which
disappears at longer ranges. In either case we have to disentangle the variation into
components which may be treated as deterministic and those which are treated as
random. There is no unique way of doing this in any case; it is a matter of finding a
particular model which is suitable given the variation and the uses to which we want
to put it. We discuss how this might be done later, since it forms an important part
of the process of spatial prediction.

10.2.3.2 Non-stationarity in the Random Variation

The term e(x) has constant mean by definition. However, in practice it may not
be plausible to assume (as in the intrinsic hypothesis or any stronger stationarity
assumption) that the variance is uniform. This may originate in many ways.
Consider a landscape in which, as we move upslope from the river channel, the
parent material changes from sorted alluvium to terrace gravels to clay to sandstone
with wet flush zones and then chalk with pockets of overlying clay. It is clear that the
variability of a soil property such as the saturated hydraulic conductivity or the water
potential will change over the sequence. The development of sensors that generate
large data sets, for example, on soil electrical conductivity, will allow us to model
such complexity more effectively.

One approach is to compute local variograms within a moving window (Haas
1990; Corstanje et al. 2008). This allows us to account both for changes in the
magnitude and spatial scale of variation. As the window moves across the landscape
in one part of the landscape, the sill of the variogram might be relatively low (the
magnitude of the variation is small); in another part of the landscape, there may be a
longer range to the variogram than we see on average (the spatial scale is different).
This approach has been incorporated into the Vesper software package discussed
in more detail below (Minasny et al. 2006). However, there is greater scope for
managing non-stationarity of the variance within the model-based geostatistical
framework discussed in Chap. 11.

10.2.3.3 Contaminated Fields

Consider the spatial variation of the concentration of some metal in the soil of
a region. This variation may be complex. It will have its origins in the variable
composition of the parent material from which the soil is derived: solid rock, drift,
loess, gravels and alluvium of varying mineralogical composition. There may also
be different sources of pollution through atmospheric deposition or deposition by
flood water. These factors considered so far are likely to give rise to a more or less
continuous variation of the concentration of the metal in the soil which we might
reasonably regard as a realisation of a random function and describe by a variogram.
However, other sources of variation are possible. In particular we consider quasi-
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point processes, effects of very intensive contamination which have a very localised
effect. We say a quasi-point process because the actual area of soil affected by such
an event will be of finite dimensions, but at a practical sampling intensity, such a
patch will be represented by a maximum of one sample point. A patch, therefore,
appears in our sample as a random event of probability 7.

Let us assume for the moment, although it is not necessary, that the continuous
background process is a normal random variable S, with mean p; and standard
deviation o,. We may also assume that the contaminant process is normal but
typically of larger mean p;, and with standard deviation o .. The overall distribution
function is, therefore, (1 — n)N(wp, 0p) + NN(iL¢e, 0 ). Matheron’s (1962) estimator
of the variogram is unduly influenced by extreme values since it is based on squared
differences. Also, one contaminated value may appear in several comparisons in
each of several lag classes. The contaminant process will therefore have a large
effect on the estimate of the variogram in the case of such data. Ideally we should
like to decompose our data into background and contaminant components. One way
of doing this in spatial analysis is to use robust estimators of the variogram which
estimate the variation of the background process.

Estimation of the variogram assumes that our s(x) are realisations of an intrin-
sically stationary random function S(x). Since E[S(x;) —S(x; +h)] =0, we can
estimate y(h) by %Var [s (x;) — s (x; + h)] where Var[] denotes the variances of
the term in the brackets. Matheron (1962) uses the standard method of moments
estimator, the mean square difference. We may estimate the variogram robustly by
using an alternative variance estimator, of which several are available. Lark (2000)
reviews some of the principal ones, but we consider one in detail for illustration.
The mean-squared error is non-robust because it is an arithmetic average. If just one
number in a set of data becomes very large, so does the average. Medians, however,
are robust. The median value of a set of data is that value such that 50% of the
date are smaller and 50% are larger. If there is an even number of data, 2n, then
the median is the average of the nth and the n 4 1th value. The example in the box
below shows how substituting one datum with a very large value can dramatically
affect the mean, while the median is only slightly affected or not affected at all. For
this reason the median absolute deviation has been proposed as a robust measure of
variability as an alternative to the mean square error. The median absolute deviation
(MAD) is a robust estimator of the variance based on the median absolute difference
between each data value considered in turn and the median of the whole data set.
For a set of n values of a variable, s;,i=1,2, ... ,n,

MAD = 2.198 median }_,{|s; — median ;?=1{s,-}|}2 (10.21)

where madian]_, {} denotes the median value of the n terms in the brackets. The
constant 2.198 requires explanation. It is a consistency correction which, on the
assumption that s is a normal variable of variance o2, ensures that E [MAD] = 2.
Dowd (1984) proposed using median absolute deviation to estimate variograms. His
estimate may be written
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29p (h) = 2.198{median (|y; (h)|)}2, (10.22)
where y;(h)=s(x;)—s(x;+h),i=1,2, ... ,N(h). Note that, since we are

assuming an intrinsically stationary process which is bivariate normal so that
s(x;) —s(x; +h) N{0,2y(h)}, we have the information that the median value
median;=" {s (x;) — s (x; + h)} is zero, which is implicit in this estimator.

Using this robust estimator entails stronger assumptions than does Matheron’s
estimator, specifically the bivariate normality of [s(x;),s(x; +h)]. The median
absolute deviation is also a less efficient estimator than the mean square error in
the statistical sense. All the data apart from the median value itself (or the nth and
n + 1th in the even case) only influence the median absolute deviation by their
relative values and so their order. The information contained in the actual values,
which the mean square error uses, is not used. This is a penalty of robustness and
is one reason why robust estimators should not be used without specific reason.
A useful tool to examine variogram models is cross-validation. In cross-validation
we use the ordinary kriging method, described below, to compute a prediction
of each observation from all the others. Ordinary kriging returns, along with the
prediction S (x;) at location x;, the expected squared error of the kriging prediction,
03k (x;), which depends on the variogram. Since we know the observed value at
each location, we can compute the standardised square prediction error:

fs @) =S )

SSPE (x;) = )

(10.23)

The expected value of this statistic over a set of data is one, and, assuming normal
prediction errors, the expected median is 0.455. Lark (2000) suggested that the
median standardised squared prediction error from cross-validation is used to select
between variogram models fitted to the standard method of moment estimates and
alternatives from robust estimators.

10.3 Geostatistical Spatial Prediction

We may sample the soil at discrete locations and analyse the collected material. In
practice many problems that the pedometrician has to tackle can be expressed as
how to use this information on a very small volume of soil from a region to make
predictions about locations or subregions which have not been sampled. In general
this problem emerges in two forms. First we may require an estimated value for
the soil variable at a site or over a block, the latter being any region, regular or
irregular in two or more dimensions such as a field, or a square panel corresponding
to the pixel of a remote sensor image. This predicted value may then be used to
make some management decision, for example, how much fertiliser to add. Second,
we may be more interested in whether the true value of the point or over a block
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exceeds some threshold value. This could be a regulatory threshold, for example. In
such a case simple comparison of the predicted value with a threshold value is not
entirely adequate since the prediction has attendant uncertainty. We need to have
some idea of the risk that the true value exceeds or is less than the threshold so that
we know how strong is the evidence that the soil at a location should be treated
as contaminated (von Steiger et al. 1996) or salt affected (Wood et al. 1990) or
deficient in a nutrient (Lark and Ferguson 2004). In mathematical terms we need
to know the probability the true value exceeds the threshold value conditional on
our observations. Geostatistics has solutions to these problems, and they have been
used by soil scientists since the early 1980s. During this time the variants on the
basic kriging equations have diversified. We outline here the key methods which
soil scientists have found useful.

10.3.1 Kriging Predictions and their Uncertainty

We wish to obtain an estimate of the value of the soil property at an unsampled loca-
tion xo. We call the estimate S (xo). Later we extend the problem to the estimation of
the mean value of S over a block. We have observations s(x;),i=1,2, ... n from
which our estimate is to be obtained. We assume that our s(x;) are drawn from a
realisation of a random function S(x). At any location this has mean p(x;).

The kriging estimate is based on familiar regression model. We may write

S(x0) = 1t (x0) = Y A{S () — ju (%)} . (10.24)

i=1

where A; is a coefficient or kriging weight. This equation can be rearranged giving

S(x0) = D A8 () + (o) = D gt (). (10.25)

i=1 i=1

How we proceed from here depends on assumptions which we choose to make
about the behaviour of u(x;).

10.3.2 Ordinary Kriging (OK)

Ordinary kriging is the most widely used kriging method. It proceeds on the
assumption that p(x;) is constant at least for all ny sample sites at x; within the
vicinity of Xo which we use to estimate s(xp). It is also assumed that this mean is
unknown to us.
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On the basis of these assumptions, we may reduce Eq. 10.25 to

SO (x0) = Y APKS (%)) + pu (x0) (1 -> A?K) . (10.26)
i=1 i=1

Now if we specify that ) ", A.°% = 1, then the unknown mean is filtered from

E?e ordinary kriging estimator and SOK (x0) = > 12, )t,-OK:\S’ (x;). This means that
SOK (x0) is an unbiased estimate of 1u(xp), i.e. on average SOK (xq) is equal to the
local mean, under the assumption of a stationary mean within the neighbourhood.

. 2
We may also define a quantity 620K (xg) = E [{SOK (x0) — 8 (XQ)} i| This is the

ordinary kriging variance, the mean-squared error of the kriging estimate. We find
the weights A; by solving a set of linear equations which minimise this value. The
OK estimate is an optimal estimate in the least square sense; that is to say it is a best
linear unbiased estimator, given the assumption of a locally constant (but unknown)
mean.

The kriging equations are essentially obtained by writing expression for the
kriging variance in terms of the covariances of S(xg) and all the S(x;) and the
covariance among all the S(x;). These depend on the covariance function C(h)
defined in Eq. 10.1. We then write partial derivatives of the kriging variance with
respect to the weights A;, which are zero where the kriging variance is minimised.
See Isaaks and Srivastava (1989) for further details. At first glance the problem
may appear simple. We have obtained ny unknowns, the weights, A; and obtained
no equations from setting the n( partial derivatives to zero However, this ignores
an additional equation, namely, the constraint used to filter out the unknown
mean which requires that all the weights sum to one. This ny + 1th equation
requires that we add an additional unknown the Lagrange parameter, ¥ (Xo), which
means that the OK equations actually minimise an auxiliary function ook (xo) —

29 (Xo) {Z?il 290K — 1}. This generates the ordinary kriging equations:

Y APKC (xi — X)) + ¥ (x0) = C (x; — %0) Vj
and . (10.27)
S A% = 1,

At this point the reader might reasonably wonder why we have discussed
ordinary kriging in terms of covariance functions. Why the previous focus on the
variogram? But remember that y(h) = C(0) — C(h). This allows us to rewrite the
OK equations as

S ACC0) =y (xi — X))} + ¥ (X0) = C(0) — y (x; — Xo) Vi
and . (10.28)
YL A =1
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The unbiasedness constraint causes the term C(0) to drop out, so

YL APy (xi = X)) + ¥ (x0) = ¥ (%] = Xo) Vi

and . (10.29)

YL A =1

We still seem to depend on the assumption of weak stationarity since it is

assumed that the covariance function can be defined. In fact OK can be conducted
for intrinsically stationary random variables by substituting for C(0) some arbitrary
large value C4 which is filtered out. The expression C4 -C(h) is called the pseudo-
covariogram. Solving Eq. 10.29 above for the weights allows us to generate the
kriging estimator with kriging variance

%ok (%0) = Y A%y (xi —x0) + ¥ (x0) . (10.30)

i=1

OK can be extended to the estimation of a regional mean, i.e. the average value
of s over some block R. This can be conveniently expressed as an integral

s(R) = ]le/s(x)dx.

XER

The interpretation of s(R) may require some care. It is the population mean that
we would estimate by design-based sampling of R, measuring s at randomly selected
locations in R. For some properties we can think of s(R) as the value we would obtain
if all the soil in R were taken and homogenised and then analysed for properties in
which the arithmetic average values of a set of discrete samples is equivalent to
the aggregate property of the sample. This includes compositional properties such
as the clay content or volumetric water content, but not scale-dependent physical
properties such as the saturated hydraulic conductivity or properties such as the soil
solution concentration of an element which may depend on variable and non-linear
exchange processes.

Our block estimate §(R) is found as a linear combination of the data s(x;). The
weights are found by solving a similar set of equations to those for point estimates.

YL ARy (xi—x) =V (R) =V (% —R) Vj
and . (10.31)
pI Ag,li( =1L
These equations are solved for the weights. The block kriging variance is
nR

oZok(R) = > A5¥ (xi.R) + ¥ (R)) =¥ (R.R). (10.32)

i=1
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The two components y (x;,R) and ¥ (R, R) require explanation. The former
represents the mean value of the variogram between x; and some point in R. The
latter is the mean value of the variogram between points in R. This latter quantity
is called the dispersion variance or within-block variance. It is equal to the mean-
squared difference form the mean of the values of s drawn at random from within
R. These two values can be calculated for regular blocks using specific functions,
the auxiliary functions (see Journel and Huijbregts 1978). However, with modern
computers they are usually obtained by numerical integration which can also be
done efficiently for regions of any shape or size.

10.3.3 Simple Kriging (SK)

We assume that the mean is everywhere constant and known. The kriging weights
are calculated to minimise the prediction variance subject to an unbiasedness

constraint that £ [§ (x0) — s (xo)] = 0. From this we obtain ny equations

no
> A (xi—x;) = C (x;—x0) Vji. (10.33)

i=1

In SK the value of C(0) is not filtered out in the kriging equation. This means
that the variogram function must be bounded, i.e. the random function is assumed
to be second-order stationary. This constraint, and the condition that the mean is
known, makes SK generally less attractive than OK, and it is much less widely used
in soil science. SK is most commonly used in special circumstances where the mean
is predetermined. We shall touch on some of these shortly.

10.3.4 Non-linear Kriging

Ordinary kriging and simple kriging, as discussed above, are linear methods which
return an estimate of a soil variable at an unsampled site or over a block, the estimate
being a linear combination of the data. Information about the soil for a point or block
is often needed to make decisions about its management. This management may
involve an intervention, for example, the addition of a fertiliser or other amendments
to the soil or the removal or remediation of contaminated soil. This intervention
entails a cost, but if it is not undertaken where it is actually needed, then a further
cost may be incurred through loss of yield or environmental damage which may
result in a fine. Regulations or rules are commonly stated in terms of threshold
values s;. These lead to rules:

If s(R) > s,, then action (A), else (s(R) < s,) action (B).
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If we follow the rule, substituting our estimate §(R) for s(R) above, then errors
in the estimate will inevitably result in some incorrect decisions. Should the
uncertainty in §(R) affect the decision-making rule above? This depends on the
distribution of the estimation errors and the shape of the loss function. By the latter
we mean the additional cost entailed as a result of an error (positive or negative) in
§(R) when the rule above is applied, the loss being expressed as a function of the
error. If the loss function is symmetrical (the cost of an overestimate of s by x units
is equal to the cost of an underestimate by the same amount) and the distribution of
the errors is symmetrical (e.g. normal), then the best procedure is to follow the rule
with the estimate §(R). The only way to reduce the costs incurred as a result of error
is to reduce the error variance of §(R) (e.g. by sampling more intensively).

In practice, however, loss functions are usually asymmetric. The fine for leaving
a region of land unremediated where remediation was, in fact, the correct decision
may exceed the cost of remediation. The yield loss on under-fertilising a region of
a field would generally exceed the cost of overfertilising. In these conditions the
correct decision in the presence of uncertainty about the true value of s(R) requires
that we can quantify the uncertainty, conditional on the observations of the variable
that we do have.

There are two general groups of kriging techniques that have come to prominence
for tackling this problem, both are non-linear — a conventional linear kriging
estimator is applied to the data after these have been transformed non-linearly.
The first group are indicator methods (Journel 1983) of which the basic tool
is ordinary indicator kriging (IK). Here the non-linear transform is to a binary
indicator variable. These techniques have been widely applied by soil scientists
(e.g. Meirvenne and Goovaerts 2001; Halvorson et al. 1995). The second group of
techniques involve a non-linear transformation of the data to a continuous variable,
usually a normally distributed variable. This method is exemplified by disjunctive
kriging (Matheron 1976), but multi-Gaussian kriging is a similar method. These
techniques have also found widespread use in soil science (e.g. Wood et al. 1990;
von Steiger et al. 1996).

Indicator kriging (IK) As previously soil property s at location x takes value s(x).
An indicator transform of s(x) can be defined by

lifs(x) <s,

10.34
0 otherwise, ( )

w (x) =

where s, is a threshold value of the property such as one of the management thresh-
olds mentioned above. In indicator geostatistics, w,(x) is regarded as realisation of
the random function 2,(x). It can be seen that

Prob [S (x) < s5/] = E[Q{S (x),s:}] (10.35)
where Prob[] denotes, respectively, the probability of the event within the square

brackets and G{S(x),s;} is the cumulative distribution function of S(x) at the
threshold value s,. In indicator kriging we estimate the conditional probability that
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s(x) is smaller than or equal to the threshold value s,, conditional on a set of
observations of s at neighbouring sites, by kriging w,(x) from a set of indicator-
transformed data.

A set of data on s is transformed to the indicator variable w,(x) using Eq.
10.34 above. The variogram of the underlying random function €2,(x) is then
estimated and modelled in the usual way. An estimate of the indicator random
function may then be obtained for a location x( by kriging from the neighbouring
indicator transform data. Ordinary indicator kriging is equivalent to simple kriging
of the indicator variable €2,(x) using the mean within the kriging neighbourhood
as the expectation. Goovaerts (1997) and Webster and Oliver (2007) give more
details. The IK estimate €2,(x) is an estimate of the conditional probability that
s(x) < s, and of the conditional cumulative distribution function (ccdf) G(S(x),
s,). This direct estimate £, (x) is not generally used as the conditional probability.
Instead it is recommended to obtain estimates ﬁ,(x)for several s; that include
the threshold of practical importance. There is no guarantee that the estimates
@ (x) will meet the order relation constraint for a cumulative distribution function,
that is, Qn x) < 9,2 (x) < Q,z (x) for any s; <sp <sp. Because of this the
original set of estimates Qu (x), Qn (x) Qn (x) must be smoothed to give a set
of revised estimates $2;; (x), Qs (X) 2, (X) such that the order relations hold.
Deutsch and Journel (1998) describe methods for doing this. The estimate of the
conditional probability that s(x) < s, is now given by Q, (x). It is likely that
Q, (x) is a better estimate of the conditional probability for a cut-off than is
Q, (x) since it incorporates information from adjacent parts of the ccdf. Variants of
ordinary indicator kriging are available. In particular we can cokrige the indicator
variables for the different thresholds (see the later discussion of cokriging) although
Goovaerts (1994) found no substantial benefit from doing so.

Disjunctive kriging (DK) Disjunctive kriging is an alternative to indicator
kriging. It is based on the assumption that our data are a realisation of a process
with a second-order stationary distribution. Further we assume that the underlying
process is a diffusion process (Rivoirard 1994; Webster and Oliver 2007). That is, it
varies continuously so that if the variable takes values s; and s, at locations x; and
X, respectively, then all intervening values between s; and s, must occur at locations
on a straight line between x; and x,. The commonest model which we use for DK is
the normal diffusion process. Webster and Oliver (2007) explain how the plausibility
of this assumption is tested. Since data may often not resemble a normal random
variable, the first step in DK is to apply a non-linear transform to the data to achieve
normality. This is done using hermite polynomials, a procedure described in more
detail by Rivoirard (1994). A variogram is estimated for the hermite transform data
in the usual way and modelled. The hermite polynomials are then kriged to target
locations of interest. From these may then be estimated the original soil variable
s(x) and the conditional probability for specified thresholds, QPK (x).

The relative merits of IK and DK may be summarised as follows. IK may
be implemented using widely available kriging software. Since indicators may be
estimated by simple kriging or ordinary kriging, we need not assume that the mean
of the indicator variable is known. The DK on the other hand is restricted to simple
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kriging. The indicator transform of the continuous soil variable discards a good deal
of information, and it is tedious to estimate model indicator variograms for a large
number of threshold values. The fact that IK estimates of the ccdf do not necessarily
conform to the order relations and generally require an arbitrary correction to meet
this constraint is a further disadvantage.

DK requires only one variogram model for the hermite transform data. Indicator
variograms and cross-variograms must also be estimated to test the assumption of
a diffusion process, but these need not be modelled. The hermite transformation
transforms a continuous variable monotonically to another continuous variable, so,
unlike the indicator transform, there is no loss of information. Further DK returns an
estimate of s(x) along with the conditional probabilities. An estimate of s(x) is not
generated by IK without additional effort. On the other hand, DK requires stricter
assumptions of stationarity than does IK. It can only be implemented if the hermite
transform data have a bounded variogram. DK is a complex procedure, and friendly
software is not widely available, although the related procedure of multi-normal
kriging is available in the GSLIB package (Deutsch and Journel 1998).

In practice we make the choice between IK and DK on practical considerations
such as some of those above. In general we might expect that DK or other non-linear
kriging techniques that use a continuous transform of the original data will perform
better than IK since the indicator transform will inevitably lose some information,
while a continuous transform retains all the information in the original data. There
have been few studies to compare IK and DK on real data. Those of which we are
aware (Papritz and Dubois 1999; Lark and Ferguson 2004) suggest that there may
be very little difference between the results obtained with the two methods.

10.3.5 Kriging with a Nonstationary Mean

Again we return to our basic model of soil variations s(x) = f(x) + &(x). So far we
have considered f(x) to be a constant value, the mean. In practice it may be necessary
for f(x) to express sources of variation in the soil which are not constant and cannot
be regarded as any kind of random variable. It is not difficult to think of examples
where the variation of a soil property is systematically linked to location and space.
Consider the familiar figures in pedological textbooks of the depth of weathered
material and how it changes from a crest down a slope to the foot slope and toe
slope. Consider again the systematic variation of soil texture, mineralogy, redox
potential and organic carbon content associated with the familiar catenas of Central
Africa. In all these cases, f(x) must express some deterministic relationship between
location in space and a soil variable.

Generally we recognise a distinction between two kinds of systematic variation
although it is more a distinction of degree and spatial scale than a fundamental
difference. The first kind of systematic variation includes long-range trends where
the component represented by f(x) is a broad variation from large to small values of
a variable between different parts of a landscape. The second kind of systematic
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variation is where short-range differences are dominated by what appear to be
deterministic processes. This results in the parabolic form of the experimental
variogram that we discussed above. It should be noted that variation that we treat as
a trend within field scale might be reasonably attributed to random variation if we
are sampling a catchment. This underlines the fact that our model of variation is in
part a consequence of the scale and intensity of our sampling.

Various approaches have been taken to the problem of kriging in the presence
of a nonstationary mean; these include universal kriging, regression kriging and the
method of intrinsic random functions of order k. In universal kriging (UK) (e.g.
Webster and Burgess 1980), we express f(x) as some function linear in polynomials
of the elements of x (i.e. trend surfaces), and the kriging estimator implicitly
estimates the coefficients of these terms along with a minimum variance estimate
of the random term &(x). This requires that we have a variogram of £(x). Regression
kriging (RK) is formally equivalent to UK, but we start by finding an ordinary
least squares estimate of the coefficients of the trend function and then estimate
the variogram from the residuals (e.g. Odeh et al. 1994). We may then use the
variogram to compute a weighted least squares estimate of the coefficients and
iterate this process to convergence. The RK prediction of s(xp) is then computed
by first calculating the value of the trend at X, and then estimating the random
component by simple kriging (with a known mean of zero) from the residuals from
the trend surface at the observation sites. RK and UK are formally equivalent, given
the variogram of &(x), but it is this variogram that is the problem for both methods.
We saw above that the experimental variogram of a variable with a trend will be
affected by this trend, and what we need is a variogram of the random component
only. This might be obtained for UK by only estimating the variogram from pair
comparisons that are not strongly affected by the trend (e.g. over lags perpendicular
to the direction of the trend), but this is not always possible, and neither is it efficient.
The variogram obtained from residuals from a trend surface is biased (Cressie 1993),
so the RK solution is not satisfactory either, although it is reasonably robust when
applied to large data sets.

Intrinsic random functions of order k (IRFk) are generalised increments of our
data which filter out the trend. The concept is easily grasped if we consider a
linear trend in one dimension. It is clear that the differences between adjacent and
regularly sampled observations of a variable with a linear trend and an intrinsically
stationary random function will be intrinsically stationary since the trend component
is replaced by its first derivative. If the trend is of higher order, then further
differencing will remove it (and the lower-order components become zero). The
method of IRFk works in this way, and a key stage is the determination of the
order of increments that can be regarded as intrinsically stationary. This is done
by examining generalised covariance functions, in effect variograms of differenced
data. Chiles and Delfiner (1999) provide more detail, and Buttafuoco and Castrig-
nano (2005) give an example of the application of this approach in soil science.

In RK and UK we use an unbiased linear model of the trend for prediction in com-
bination with an unbiased minimum variance estimate of the random component of
variation. UK does this simultaneously and RK separates the two stages. Given a
variogram for the random component, the predictors are the best linear unbiased
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predictor (BLUP) or empirical BLUP (E-BLUP), empirical in that it is conditional
on a variance model derived from data. We noted above that the key problem is
obtaining this variance model, a variogram of &(x). The state-of-the-art approach to
this problem is to use residual maximum likelihood (REML), and it is the REML—
E-BLUP that we advocate for spatial prediction in the presence of a trend. This,
however, is out with the scope of the current chapter and is discussed in Chap. 11.

10.3.6 Sampling for Estimation by Kriging

McBratney et al. (1981) and Burgess et al. (1981) showed how a geostatistical
survey can be designed to ensure that the variable may be estimated with a pre-
specified precision. They considered regular grids and assumed that the maximum
kriging variance occurred at the centre of each regular grid cell. Thus, they ignored
the increased kriging variances close to the boundaries of the region. They sought
the maximum interval between observations on the regular grid such that the
kriging variance was less than the prespecified tolerance, o2t. Thus, for variogram
parameter vector 0, they calculated the optimal interval, /(8), such that

1(8) = max [i,such that max {og [0:x,()]} < 07]. (10.36)

where 2|0 ,X,(i) denotes the kriging variance at the centre of a cell within a
square grid of interval i. The same approach can be followed when using cokriging
(McBratney and Webster 1983) and when planning composite sampling (Webster
and Burgess 1984).

It is possible (Marchant and Lark 2007) to write an expression for the OK
prediction error variance that accounts both for the distance to neighbouring
observations and the error in the estimated variogram parameters. It is possible
to minimise the average value of this statistic across a proposed sample region by
modifying the location of sample points. Brus and Heuvelink (2007) show how the
approach can be extended to universal kriging.

The problem here is that in most cases, the variogram is unknown when sampling
is designed. We may use approximate variograms, as discussed in Chap. 10. An
alternative is the adaptive approach proposed by Marchant and Lark (2006). This
is appropriate for circumstances where the sampling can be done in phases (ideally
when the data can be collected in real time with a sensor). For example, in their
Bayesian adaptive approach, spatial simulated annealing is used to minimise an
objective function which is the mean square error of the kriging variance at the
centre of a notional grid cell. This objective function is obtained as a Bayesian
integration over the space of possible variogram parameters with a probability
density function for these parameters. The sampling proceeds in phases, and the
pdf of the variogram parameters is updated as new data are collected. At the end
of each sampling phase, we consider the cumulative distribution function of grid
spacings which are sufficient to ensure some maximum kriging variance. When
the uncertainty on this interval is sufficiently small, the sampling is completed
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by finding those locations needed to complete a sample grid of adequate intensity
across the study region.

10.3.7 Kriging for Large Data Sets

Sensors such as gamma-ray spectrometer and electromagnetic induction instruments
attached to a vehicle with a GPS have been used to collect intensive soil data for
high-resolution mapping. These on-the-go proximal soil sensors can collect a large
volume of data over an area (approximately 5,000-100,000 data points per km?).
Data collected from these sensors need to be interpolated to a regular grid.

Kriging of such data poses several shortcomings: the time taken to calculate an
empirical variogram can be excessive; in addition, solving the kriging equations for
a data set of size n involves inversion of an (n X n) covariance matrix, which requires
O(n?) operation. A way to circumvent this is to use the spherical model (a finite
range variogram), where a sparse matrix can be approximated for the variance—
covariance matrix (Barry and Kelley Pace 1997). Others called for covariance matrix
tapering, where covariances at large distances are set to zero (Kaufman et al. 2008).
Kriging using a single variogram model for the whole area usually resulted in a
smooth map, where local variation captured by data can be lost.

Another solution is kriging that takes into account the local spatial structure
(Haas 1990). This is implemented as kriging with local variograms, also known as
kriging and automated variogram modelling within a moving window. It involves
searching for the closest neighbourhood for each prediction site, estimating the
empirical variogram from the neighbourhood, fitting a variogram model to the
data automatically by a non-linear least squares approach, kriging with local
neighbourhood and variogram parameters and calculating the uncertainty of kriging
prediction. All these steps need to be done automatically, and thus the program
adapts itself spatially in the presence of distinct differences in local structure over
the whole field. Local variogram estimation and kriging can preserve the local
spatial variation in the predictions. In most cases, local variograms could circumvent
the problems of anisotropy and the need for trend analysis.

Minasny et al. (2006) developed a program called Vesper (Variogram Estimation
and Spatial Prediction plus Error), a PC-Windows software program that can
calculate and model global local variograms and do global and local kriging in either
punctual or block form. Sun et al. (2012) extended this approach to local regression
kriging to take into account both the local relationship between the covariates and
soil observations and the spatial variance of the residuals.

Cressie and Kang (2010) regarded this local kriging method as an ad hoc solution
and suggested the fixed ranked kriging (FRK) approach. FRK uses covariance
functions that are flexible through a set of r basis functions, where the (n x n)
variance—covariance matrix can be approximated by (r X r) positive-definite
matrices (Cressie and Johannesson 2008). Cressie and Kang (2010) demonstrated
the application of FRK on proximally-sensed gamma counts (n = 34,266) in a field
of 2.66 km?. They used a flexible, nonstationary spatial covariances represented as
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77 basis functions, for which exact kriging can be carried out. Nevertheless, the FRK
approach still needs tuning with respect to the type of basis functions and estimation
of the parameters of those functions.

10.4 A Case Study

We now illustrate some of the key concepts introduced in previous sections with
a case study. This uses data on the concentration of copper in the topsoil of part
of the east of Scotland. The data were first described by McBratney et al. (1982).
Figure 10.5 shows histograms of the raw data and of the data transformed to natural
logarithms, and Table 10.1 presents summary statistics of these two variables.
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Fig. 10.5 Histograms of topsoil copper content in soils from the east of Scotland on (top) original
and (bottom) natural log scales
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Table 10.1 Summary statistics of data on topsoil copper content from the east of Scotland

Variable Mean | Median | Standard deviation | Minimum | Maximum | Skewness
Copper/mg kg™! 2.48 |2.10 1.68 0.3 18 2.66
Copper/log. mg kg™ |0.73 |0.74 0.59 —1.2 2.89 0.09

Cu /log mg kg™
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Fig. 10.6 Quintiles of soil copper content (legend is on log scale) shown on a post-plot of the
copper data. Coordinates are kilometres relative to the origin of the British National Grid

The histograms and the summary statistics show that the data appear symmet-
rically distributed on a log scale, so this is used for further analysis. Figure 10.6
shows the distribution of the observations.

Figure 10.7 shows the empirical variogram of the log-transformed data, estimated
for four different directions. There is no evidence of systematic anisotropy, so
isotropic variograms were estimated and modelled. Matheron’s estimator (Eq. 10.4)
and the robust estimator of Dowd, described in Eq. 10.22, were both used, and
the resulting empirical variograms were fitted with double spherical variogram
models, which were preferred to simpler ones on the grounds of Akaike information
criterion. Both models were cross-validated, and the standardised squared prediction
error, Eq. 10.23, was computed. The estimates, models and values of SSPE (see Eq.
10.23) are shown in Fig. 10.8. On the basis of the cross-validation, the model fitted
to estimates from Dowd’s estimator was chosen. Figure 10.9 shows the ordinary
kriging estimates of soil copper content (log scale) across the study area and the
kriging variance. As expected the variance is largest where the data are most sparse.
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Fig. 10.7 Directional empirical variograms of log copper content

Figure 10.10 shows the ordinary kriging variance for (log) soil copper content,
computed at the centre of a cell of a notional square sampling grid with spacing
ranging from 500 m to 5 km. This graph, following McBratney et al. (1981), allows
one to identify the grid spacing which would be required in a survey in comparable
conditions if one wanted to achieve a kriging variance no larger than 0.2. The graph
shows that a grid spacing of no more than 1.5 km is required to achieve this target.

10.5 Spatial Covariation and Coprediction

The methods we have discussed so far are all univariate. They consider just one
variable and its variation in space. The geostatistical model of spatial variation can
be readily extended to two or more variables. Why should we wish to do this? First,
because there are cases where we are interested both in estimates of variables and
in estimates of some linear function of the variables. An example from soil science
quoted by Webster and Oliver (2007) is where one variable, s;(X), is the depth to the
top of a particular soil horizon and the second, s,(x), is the depth to the bottom of
the horizon. A linear combination of these variables is their difference, the thickness
of the horizon. If S| (x) and S, (x) are estimates of the two variables at x, then
one estimate of the horizon thickness at x is S (x) — S, (x). However, we could
also krige the difference variables {s;(x) —s(x)} directly from the differences at
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Fig. 10.8 Estimated isotropic variograms of soil copper content with fitted double spherical
models and median standardised squared prediction error using Matheron’s or Dowd’s variogram
estimators

our observation sites. There is no guarantee that the two approaches will yield the
same estimate if we use the univariate kriging equations described above. That is to
say, the kriging estimate of s(x) and s,(x) is not guaranteed to be equivalent to the
kriging estimate of any linear combination of s;(x) and s,(x). The kriging estimates
are not coherent. For some applications this may be important.
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Fig. 10.10 Ordinary kriging variance at the centre of a cell of square grids of different spacing,
based on the variogram for topsoil copper content in the east of Scotland

The second reason for considering multivariate statistical methods is probably
the commonest. In many circumstances it may be possible to supplement a set of
relatively costly direct measurements of a soil variable with a denser but cheaper
set of measurements of a second correlated variable. For example, remote sensor
measurements of the earth’s surface may be correlated with a soil variable of
interest. If this can be exploited through a geostatistical method, then we may be
able to obtain better predictions of the soil variable by incorporating the cheapest
second variable, without added costly measures.

10.5.1 Spatial Co-regionalisation

Let s1(x) and s,(x) denote measurements of two soil variables at location x. We
assume that these are realisations of, respectively, random functions s; (x) and s, (X).
It is assumed that these are both intrinsically stationary, and there exists a cross-
variogram y; ;(h) dependent only on h where

Y2 (h) = E[{S; (x;)) — S1 (x; +h)} {82 (x;) — S (x; + h)}]. (10.37)
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The cross-variogram can take negative values unlike the auto-variograms y 1 (h)
and y,»(h) which are positive by definition. In fact the ratio

y2.1 (h)

Vvr11 (h) y22 (h)

is known as the co-dispersion coefficient and measures the correlation of variables
S1(x) and S»(x) at lag h which may be positive (large values of S;(x) are associated
with large values of S»(x)) or negative (small values of S(x) are associated with
large values of S, (x)).

The cross-variogram may be estimated in much the same way as the ordinary
variogram for a single variogram, sometimes called the auto-variogram. If we define
a lag class centred at scalar lag & with N, pair differences, then an estimate of the
cross-variogram for the lag class is

(10.38)

Np
P21 (h) = % D sy (x0) — 52 (i + B} {51 (%3) — 51 (x; + )} (10.39)

i=1

This estimator is non-robust, like the comparable auto-variogram estimator we
have already discussed (of which it is a generalisation). Lark (2003) has proposed
and demonstrated robust estimators of the cross-variogram which should be used
with either s or s, or both s; and s, containing outlying values.

It is notable that the cross-variogram estimator requires that we have paired
comparisons of both variables made at the same location. There are circumstances in
which few or none of our measurements on different variables are made at the same
location. For example, Papritz and Webster (1995) point out that when monitoring
change of soil properties over time (with s; equal to the variable at time 1 and s, the
variable at time 2), there can be such problems since at the limit, we cannot measure
the same soil twice by destructive sampling and analysis. In these circumstances we
may estimate the pseudo-cross-variogram introduced by Clark et al. (1989) defined
by Myers (1991) as

731(h) = Var[s; (x;) — s1 (x; + )], (10.40)

where Var[] denotes the variance of the term in brackets. While the pseudo-cross-
variogram allows us to extract information on spatial covariation where variables
are not measured at the same locations, it does require more restrictive assumptions,
and in practice these amount to the assumption of weak rather than only intrinsic
stationarity.

In order to use the cross-variogram, we must model it along with the correspond-
ing auto-variograms. In the multivariate case, it is necessary but not sufficient to
use authorised variogram functions; since a model co-regionalisation comprising
authorised functions fitted separately to the cross, the auto-variograms is not
necessarily positive definite. The most widely recommended strategy to ensure
a positive-definite model of co-regionalisation is to use a linear model of co-
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regionalisation (LMCR). In the LMCR it is assumed that all the constituent random
functions are linear combinations of a common set of independent random functions
of mean zero and unit variance, Y,ﬁ (x) (/is an index not a power). Thus

L ny
Su®) = pu+ Y >, Yi(x). (10.41)

=0 k=1

where u, is the mean of the random function. The coefficients aftik are specific to
the random functions S,(x) and Y, ,i (x). As stated above the random functions Y’ ,i (x)
are mutually independent, but if two such functions have a common index /, then
they have the same spatial correlation structure. There are n; such structures with
variogram functions g;(h). It can be shown that the cross-variograms of any two of
the correlated random variables S, and S, can be expressed as a linear combination
of the L + 1 basic variogram functions:

L
Yov (0) =) bl i (), (10.42)
=0

where

ny

Io_ Z Il
bu,v - Ay kAy e
k=1
Thus the cross-variogram matrix for N,, variables,

V1.1 (h) Y12 (h) ... Y1.N, (h)

v2.1 (h) . .. Yan, (h)
G(h) = . ,
YNt () a2 (W) ...y, v, (h)
can be written as
L
Gh) =) aMmS, (10.43)
=0
where
by bl by N,
by, by,
Sl =

1 ) )
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If the L + 1 matrices S;, co-regionalisation matrices, are all positive semi-definite
and the L + 1 basic variogram functions are all authorised, then the LMCR has a
positive-definite covariance structure.

To fit an LMCR, we must find a set of variogram functions in the corresponding
co-regionalisation matrices that optimise a measure of the fit of G(h) to the point
estimates of the variograms, subject to the constraints on the co-regionalisation
matrices which we describe above. This is not trivial, particularly if the number
of variables is increased. Goovaerts (1997) describes how an LMCR may be fitted
by visual assessment and trial and error. A semiautomated procedure was devised
by Goulard and Voltz (1992). If the distance parameters of the basic variogram
functions are given, then this algorithm will find estimates of the corresponding co-
regionalisation matrices optimising the measure of the goodness of fit and meeting
the constraints on the co-regionalisation matrices. Kunsch et al.(1997) describe a
way of fitting the LMCR using a non-linear regression method to fit the distance
parameter and Goulard and Voltz’s (1992) algorithm to fit the co-regionalisation
matrices. Lark and Papritz (2003) show how the model can be fitted subject to
these constraints using simulated annealing. Fitting the LMCR with estimates of the
pseudo-cross-variogram is more complex but can be done under certain assumptions
discussed by Papritz et al. (1993) and by Lark (2002).

10.5.2 Cokriging

When we have an LMCR for two variables, then we can proceed to spatial prediction
by cokriging. The cokriging estimator is a linear predictor, like the kriging estimator
we have already discussed. If soil variable s is to be estimated at location X, from
observations of s, s, ..., S, at neighbouring locations, then the general linear
predictor is

nxg,1 m Txgj

S (%0) = 1 (x0) = Y Ai {1 (%) = p ()Y 4 DY Ay sy (%) — gy (%)}

i=1 j=2 i=1

(10.44)

where p1(x;) is the expected value of s; at x;. The cokriging estimator is the best
linear unbiased estimator best in the sense that the cokriging variance

02 (%) = E[ G (x0) = 51 (x0)}] (10.45)
is minimised and unbiased in that E [5] (Xg) — S; (X9)] = 0. As with univariate

kriging, there are two alternative treatments of the local mean. The first is to
regard it either as a known constant value for all locations (simple cokriging) or
as an unknown value fixed within the neighbourhood about xy from which kriged
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estimates are derived (the ordinary cokriging). The second approach is to model it as
a combination of known functions of location (simple cokriging with a trend). Here
we consider the first option under ordinary kriging version. Let variable 1 be s, the
variable to be predicted from observations s,(x;) and observations of a secondary
variable s,(x;) although this can be extended to a number of secondary variables.
With a similar rearrangement of Eq. 10.44) to that done above for univariate ordinary
kriging, it is clear that constraining the weights so that

Nxg.u

Zkl’.u =1

i=1
and

Nxg.v

Z/\i.v =0

i=1

will filter the (unknown) means from the estimator, while the resulting estimator
is unbiased. These are two independent constraints, so the kriging equations need
two Lagrange parameters. By a similar derivation to univariate ordinary kriging, we
obtain our cokriging equations which may be solved for the weights to be substituted
into the cokriging estimator

Nxo.u Nxp v

Su(%0) = Y Aiwsu (%) + Y Avusy (%) (10.46)

i=1 i=1

There are three general instances in which we use cokriging. The classical case
is where the secondary variable is more densely sampled than the target variable,
and so the cross-covariance information allows us to obtain better predictions of the
target variable than we could using the data on that variable alone. An interesting
example of this approach is given by Leenaers et al. (1990). In general counting
for the cross-covariance structure will give improved predictions when the cross-
covariance structure includes information on scale-dependent relationships between
the variables, i.e. the co-dispersion coefficient changes with lag. If the co-dispersion
coefficient is constant, then the cross-covariance model adds no information.

When the primary and secondary variables are equally sampled, then there
is generally little advantage from cokriging in terms of improved precision of
estimates, but we do achieve coherence as discussed above. Cokriging linear
combinations of variables directly (such as the change variable where s, and s,
are measurements of the same variable at time u and time v) is described in more
detail by Papritz and Fluhler (1994), and an example of this approach applied to soil
monitoring is given by Lark et al. (2006). One special case in which these properties
of cokriging are useful is when we work with compositional data, that is to say,
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variables which sum to a fixed value (typically 1, or 100%). In soil science we
are often interested in the sand, silt and clay content of soils. These are exhaustive
particle size classes, and the values sum to one. It is inappropriate to analyse the
proportions or percentages separately since separate OK predictions of sand, silt
and clay percentage are not guaranteed to sum to 100. An alternative is to apply
cokriging to the additive log-ratio of the particle size fractions. This methodology is
set out in detail by Pawlowsky-Glahn and Olea (2004), and Lark and Bishop (2007)
illustrate the method applied to data on soil particle size fractions.

A third instance is where we require information to support a decision which
depends on two or more variables and when we are interested in the uncertainty in
the information. In this case the joint prediction error, characterised by a covariance
matrix for kriging estimates, can be obtained as output from cokriging. Lark et al.
(2014) give an example in a study in the northern counties of the Irish Republic,
and we present this as an example of the application of cokriging.

Adpvice to farmers in Ireland on the risk of cobalt deficiency for grazing livestock
is based on the total concentration of cobalt and manganese in the soil. This
is because manganese oxides can bind cobalt, reducing its availability. Lark et
al. (2014) used data from a large regional survey of the soil. They conducted
two separate geostatistical analyses in two geological domains with contrasting
behaviour. Figure 10.11 shows the auto-variograms for Co and Mn and the cross-
variograms for both domains, using both the standard estimator in Eq. 10.39 and
a robust estimator from Lark (2003). The cokriged maps for Co and manganese
are shown in Fig. 10.12. From the cokriging estimates and covariance matrix of
cokriging errors, it was then possible, assuming jointly normal errors, to estimate the
probability that the soil concentrations at any location fell within a range of values
where a Co deficiency would be expected. This probability is mapped in Fig. 10.13.

‘We are most usually interested in multivariate methods of spatial prediction when
the soil variable of primary interest is costly or difficult to measure and so is sampled
relatively sparsely. However, one or more secondary variables are available which
are easy and/or cheap to measure and so can be sampled densely and are also thought
to contain information about the primary variable. Such variables may be remotely
sensed measurements of the earth’s surface, digital elevation models of terrain or
data from geophysical surveys. When it is plausible to treat our variables primary
and secondary as intrinsic random functions which conform to an LMCR, then the
cokriging described above provides the best linear unbiased estimator of the primary
variable given the secondary variable. There are other approaches that should be
considered, however. In particular, we can use the secondary variable as a fixed
effect in the REML-E-BLUP discussed above. This approach is known as kriging
with an external drift, and examples of this approach are given by Bourennane et al.
(1996).
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Fig. 10.11 Auto-variograms and cross-variograms for topsoil Co and Mn in two geological
domains (a, b) of the northern counties of Ireland using (solid symbol) the standard estimators
and (open symbol) a robust estimator, with fitted linear models of co-regionalisation (From Lark
et al. (2014), under CC-BY licence. https://creativecommons.org/licenses/by/3.0/)


https://creativecommons.org/licenses/by/3.0/

331

10 Classical Soil Geostatistics

(/0" €/£q/$aSU0T]/310° SUOWWOIIATBAI//: SN *00uad1] X g-DD I9pun ‘(107) ‘Te 30 YIe] Wol]) PLD) [eUOneN
USLI] 9} AIe SOJRUIPIOO)) "PUB[AI] JO SANUNOD WIAYIOU Y} SSOIOE Juuod Ufy [1osdoy (q) pue o) [rosdoy (&) jo suonorpaid SurSuyoo Kreurpi r-01 “Sid

0000ZE  00000E ooo.ooa ooo_oo« ooa.av« 3&“.«« ooo.a...& ooo,oun aoo.oo_ ooo—o:

00002¢ So.oon Sc_oa_« 80.8« oaQ.uwN So.onn cao.oOw ooo.ou— coo.@o— ooo.o:

OLLF OV ERL “
£¥L Ol ¥6S
ves o ser @
serorzzy @
(2]
@
@
@]

0000y



https://creativecommons.org/licenses/by/3.0/

332 R.M. Lark and B. Minasny

#0000 " Probability that a Co
deficiency is indicated o,
Exceptionally unlikely @ 0Oto1
Very unlikely ® 1010
Unlikely @ 101033
About as likely as not 3310 66
Likely ® 66t090
Very likely © 90t099
Virtually certain ® 9%9t0 100

T T T T T T T T T
140000 160000 180000 200000 220000 240000 260000 280000 300000 320000

Fig. 10.13 Probability that the local Co and Mn content of soil indicates a risk of Co deficiency to
livestock computed from the cokriging predictions and their error covariance matrices (From Lark
et al. (2014), under CC-BY licence. https://creativecommons.org/licenses/by/3.0/)

10.6 Spatial Simulation

10.6.1 Simulation vs Prediction

We have discussed at length the problem of estimating a variable at a location from
a set of observations on the assumption that our data are a realisation of a random
function. Spatial simulation is a different problem. In simulation we draw several
different realisations of the random function that we assume to be realised in our
data. There are two general types of simulation. In unconditional simulation each
set of simulated values represents a realisation of a random function with specified
statistics (variogram, mean, histogram). In conditional simulation the realisation of
the random function from which our values are drawn has specified statistics as
in unconditional simulation, but is also required to reproduce the observed values
at locations where we have sampled. We can think of unconditional simulation as
drawing at random a set of values from a set of all possible realisations of a random
function with specified statistics, and conditional simulation is drawn at random
from a smaller subset of those sets of values which have the observed values at the
sample sites.

Why might we want to do simulation? A good deal of simulation is done for
pedometrical research or research in allied disciplines for a data with a realistic
pattern of spatial variation in order to test the behaviour of pedometrical methods
for estimation (e.g. Webster and Oliver 1992; Papritz and Webster 1995). But


https://creativecommons.org/licenses/by/3.0/

10 Classical Soil Geostatistics 333

simulation is a pedometrical tool in its own right, not simply a tool for research.
It is seen in Chap. 13 how simulation can be used to examine the propagation of
error in sources of information through models. If we generate multiple realisations
of a random function conditional on observations and then look at distribution of
simulated values at a particular location, these provide us with an estimate of the
conditional cumulative distribution function (ccdf) of the variable at the location
(Journel 1994a, b).

Conditional simulation is also used when we need to tackle problems where the
variable of interest is obtained by some complex non-linear process model and
our data are key model inputs. Consider for example the problem of predicting
concentration of pollutant in water from a borehole when a plume of the pollutant
has been released at the soil surface some distance away. The movement of
the pollutant can be modelled if we know among other things the unsaturated
conductivity functions of the soil at intervening points. This can only be measured at
a few sites. You might interpolate the conductivities at intervening sites by kriging.
However, since the model is non-linear, the fact that the kriged estimates of the
conductivity are necessarily much less variable than the true values (although each
estimate is unbiased) means that the simulated behaviour of the pollutant is a
biased estimate of the true behaviour. An alternative is to generate a conditional
simulation of the field of conductivities and to apply the model to these values.
Multiples of such realisations can be generated, and from these we may generate a
ccdf for an important model output such as the peak concentration of the pollutant
in the well water. Other examples could be given where we wish to explore the
aggregate impact on some region of some non-linear function of the spatially
variable soil property, e.g. Viscarra Rossel et al. (2001) use simulation to estimate
the cost function of different strategies for spatially variable application of lime to
agricultural fields.

10.6.2 Methods for Simulation

LU Decomposition The most straightforward method for spatial simulation is known
as LU decomposition. This is long established as a method to simulate correlated
variables; an account of its use in geostatistics is given by Davis (1987). The
name is somewhat misleading since it more properly describes the central algebraic
step of the process where we perform a factorisation of a matrix into lower (L)
and upper (U) triangular matrices. LU decomposition generates realisations of a
multivariate normal process. This means that, unless we can assume that our data
are from a multivariate normal process, we must transform them to normality.
This is done typically by a standard normal score transform where we order our
data values and replace each with a corresponding centile of a standard normal
variable. The transformed data are stored in a row vector s. We then test the
plausibility of bivariate normality for pairs of data (see Goovaerts 1997 for details)
and then estimate and model a variogram for the normal score transformation
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of the data. From this, via Eq. 10.3, we can then compute a covariance matrix
for the nodes at which we wish to simulate and the nodes at which we have
data on which the simulation is to be conditioned. Element [i,j] of covariance
matrix C therefore contains the covariance between node i and node j which,
under the stationarity assumption, depends only on the distance in space between
the nodes. We order the nodes so that our covariance matrix can be thought of
as four component matrices Cpp (covariance among conditioning data points),
Cy.y (covariance among simulation nodes) and Cyp = CTD,N (covariance between
conditioning data and simulation nodes), so

CD D CDNi|
C= ’ ’ . 10.47
[CN.D Cuw (1047

The Cholesky decomposition is a factorisation so that

Lpp ODN] [UDD UDN]
C=LU-= ' ’ ’ o, (10.48)
|:LN,D Lyn Ovp Unn

where 0p v (zOTN,D) is a D x N matrix of zeros. Now, if N standard independent
normal random variables are generated in column vector y, then a realisation of our

random variable is given in row vector s by
s = LypLpps + Lyyy. (10.49)

The standard normal variable is then back transformed with the empirical normal
score transform originally used on the raw data.

In many ways this is the most theoretically satisfactory method for simulation.
Its major drawback in theoretical terms is the assumption of multivariate normality.
This assumption can never be disproved or proved for real data; the normal score
transform can ensure reasonable representation of the desired histogram only, which
is a necessary but not a sufficient condition for the multivariate assumption to be
plausible. The multivariate normal assumption can cause problems in applications
of simulation to the kinds of problem described above where we wish to use
the simulated field in a model. Because the multivariate normal distribution of a
set of data has maximum entropy, the extreme values of the distribution tend to
be disconnected spatially. Thus in our example of pollutant movement, we find
that regions with very large conductivity, which may occur in nature and have a
disproportionately large effect on transport through the soil, will not be adequately
reproduced by simulation. Another limitation of LU composition is computational.
The Cholesky factorisation step is computationally expensive, and commonly it is
impractical to simulate more than a few thousand data points. This is not a very
large two-dimensional array. Once the decomposition has been done, however, as
many realisations as required can be very rapidly computed.
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Pebesma and Heuvelink proposed the use of Latin hypercube sampling (LHS)
rather than complete random samples (Eq. 10.9) to more efficiently generate the
random field. In their simulation study, they found that LHS of size 20 can perform
equally as well as a simple random sample using 2,000 realisations.

Sequential methods Sequential simulation has been developed in response to the
limitations that the computational load of the Cholesky composition imposes on the
size of the fields that may be simulated using LU methods (Journel 1994b). A good
account is given by Goovaerts (1997). Consider the simple problem of simulating
a realisation of a random function at two locations x; and X,, conditional on » data
in the set y,. We may characterise the joint distribution of S(x;) and S(x;) by the
bivariate conditional cumulative frequency distribution

F(x1,%2;21,22|80) =Pri{s(x1) <s1,5(x2) <2180} (10.50)
Following Bayes’ rule, we can write
F(X1,X2; 51,52 [80) = F (X252 |8n, s (X1) ) F (X131 8) (10.51)

where the condition of the first ccdf on the right-hand side refers to the n condi-
tioning data and one realisation generated at x;. This is why the simulated method
is sequential because the data of simulated modes are generated as realisations
of processes with conditional distribution functions conditioned on a sequence of
modes and, ultimately, the conditioning data.

The data are transformed to normality and the plausibility of the bivariate normal
assumption is tested. The conditional cumulative distribution function (ccdf) at the
first node to be simulated is specified as N (m,v) where m is a kriged estimate at
the node and v is the simple kriging variance. Note that simple kriging, ordinary
kriging or universal kriging can be used to generate m, but the simple kriging
variance must always be specified. Similarly an indicator transform can be used
if we wish to simulate indicator variables, but the simple indicator kriging must be
used to generate v. The simulation precedes sequentially from one simulation node
to another accumulating the simulated values as conditioning ones.

The sequential simulation procedure is efficient. It can be made more so. In
kriging there is a “screening effect” whereby the influence of a datum on a krige
estimate is masked by an intervening observation. Thus there is little loss of
information but a gain in speed if local ccdfs are calculated from all the conditioning
data but only the nearest neighbouring simulation modes. In fact the screening
effect can cause problems for reproducing long-range correlation structures. For
this reason it is sometimes preferred to simulate on a coarse sub-grid of modes and
then to “fill in” in intervening locations. Such multiple grids should be visited in a
sequence that is randomised between realisations.

In Fig. 10.14 we show five independent conditional simulations of soil copper
across our study area in the east of Scotland. These were obtained at the same
prediction sites as the kriging predictions in Fig. 10.9 by sequential Gaussian
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Fig. 10.15 Empirical conditional cumulative distribution function for topsoil lead content at a
site (coordinates 340,642) in the east of Scotland, obtained from 5,000 mutually independent
conditional simulations by sequential Gaussian simulation

simulation of the log-transformed variable. Each simulated value was then back
transformed to the original scale of measurement. In Fig. 10.15 we consider a single
location (coordinates 340,642). Here we simulated 5,000 independent realisations,
conditional on the data. The figure shows the empirical cumulative distribution
function (CDF) of these values, which is the conditional CDF of the variable at
that site (conditional on the geostatistical model and the data). We may read off the
value of the empirical CDF for some concentration of copper (here 5 mg kg™!) from
this graph. The value is 0.92, which allows us to estimate the conditional probability
that soil copper content at that location exceeds 5 mg kg™! as 0.08 or 8%.

The usual sequential Gaussian simulation is necessarily tied to assumptions of
multivariate normality. These may be questionable and, as we discuss above in LU
context, inappropriate assumptions of multivariate normality can cause problems
for the simulation of conductivity fields or other variables where the connectedness
of large values can have a substantial effect on aggregate behaviour. This is the
motivation for recent studies of multiple-point geostatistics in soil science (e.g.
Meerschman et al. 2013).
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Chapter 11
Model-Based Soil Geostatistics

Ben P. Marchant

“A model’s just an imitation of the real thing”.

Mae West

11.1 Introduction

In Chap. 10, we described how classical geostatistical methods can be used to
interpolate measurements of soil properties at locations where they have not been
observed and to calculate the uncertainty associated with these predictions. The idea
that soil properties can be treated as realizations of regionalized random functions
in this manner has perhaps been the most significant ever in pedometrics (Webster
1994). The approach has been applied in thousands of studies for every imaginable
soil property at scales varying from the microscopic to the global and has greatly
enhanced our understanding of the spatial variability of soil properties.

However, despite its popularity amongst pedometricians, the classical geostatis-
tical methodology has met with some criticism (e.g. Stein 1999). This has primarily
been because of the subjective decisions that are required when calculating the
empirical semivariogram and then fitting the variogram model. When calculating
the empirical semivariogram, the practitioner must decide on the directions of the
lag vectors that will be considered, the lag distances at which the point estimates
are to be calculated and the tolerance that is permitted for each lag distance bin
(see Sect. 10.2). Furthermore, when fitting a model to the empirical variogram,
the practitioner must decide which of the many authorized models should be used,
what criterion should be applied to select the best fitting parameter values and the
weights that should be applied when calculating this criterion for the different point
estimates. Researchers have given some thought to how these selections should be
made. For example, the Akaike information criterion (Akaike 1973) is often used
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to select the authorized model that best fits the data. However, the formula used
to calculate the AIC when using the method of moments variogram estimator is
only an approximation and is very much dependent on how the fitting criterion is
weighted for different lag distances (McBratney and Webster 1986). The selection of
these weighting functions is a particular challenge since the uncertainty of the point
estimates and hence the most appropriate choice of weights depend on the actual
variogram which the user is trying to estimate. Further complications arise because
the same observations feature in multiple point estimates of the experimental
variogram, and some observations can feature more often than others. Therefore,
these point estimates are not independent (Stein 1999). Strictly this correlation
between the point estimates should be accounted for when fitting the model
parameters. The correlation can result in artefacts or spikes in the experimental
variogram that might be mistaken for additional variance structures (Marchant et al.
2013Db).

In all of the choices listed above, different subjective decisions (or indeed
carefully manipulated choices) can lead to quite different estimated variograms and
in turn to quite different conclusions about the spatial variation of the soil property.
Therefore, there is a need for a single objective function that quantifies how appro-
priately a proposed variogram model represents the spatial correlation observed in
a dataset without requiring the user to make subjective decisions. Model-based
geostatistics (Stein 1999; Diggle and Ribeiro 2007) uses the likelihood that the
observations would arise from the proposed random function as such an objective
criterion. The likelihood function is calculated using the observed data without
the need for an empirical semivariogram. The variogram parameter values that
maximize the likelihood function for a particular set of observations correspond to
the best fitting variogram model. These parameters are referred to as the maximum
likelihood estimate. Once a model has been estimated, it can be substituted into the
best linear unbiased predictor (BLUP; Lark et al. 2006; Minasny and McBratney
2007) to predict the expected value of the soil property at unobserved locations
and to determine the uncertainty of these predictions. The relative suitability of
two proposed variograms can be assessed by the ratio of their likelihoods or the
exact AIC. Hence, it is possible to compare objectively fitted models which use
different authorized variogram functions. Rather than selecting a single best fitting
variogram, it is also possible to identify a set of plausible variograms according to
the closeness of their likelihoods to the maximized likelihood. Thus, the uncertainty
in the estimate of the variogram can be accounted for by averaging predictions
across this set of plausible variograms (Minasny et al. 2011).

The linear mixed model (LMM) is often used in model-based geostatistical
studies. The LMM divides the variation of the observations into fixed and random
effects. The fixed effects are a linear function of environmental covariates that
describe the variation of the expectation of the random function across the study
region. The covariates can be any property that is known exhaustively, such as
the eastings or northings, the elevation and derived properties such as slope or a
remotely sensed property. The random effects have zero mean everywhere, and
they describe the spatially correlated fluctuations in the soil property that cannot
be explained by the fixed effects.
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The model-based approach does have its disadvantages. The formula for the
likelihood function for n observations includes the inverse of an n X n square matrix.
This takes considerably longer to compute than the weighted difference between an
empirical semivariogram and a proposed variogram function. Mardia and Marshall
(1984) suggested that maximum likelihood estimation was impractical for n > 150.
Modern computers can calculate the likelihood for thousands of observations (e.g.
Marchant et al. 2011), but it is still impractical to calculate a standard likelihood
function for the tens of thousands of observations that might be produced by
some sensors. The use of the likelihood function also requires strong assumptions
about the random function. The most common assumption being that the random
effects are realized from a second-order stationary multivariate Gaussian random
function. Such a restrictive set of assumptions is rarely completely appropriate for
an environmental property and therefore the reliability of the resultant predictions
is questionable. One active area of research is the development of model-based
methodologies where these assumptions are relaxed.

The software required to perform model-based geostatistics has been made
available through several R packages such as geoR (Ribeiro and Diggle 2001)
and gstat (Pebesma 2004). The software used in this chapter has been coded in
MATLAB. It forms the basis of the Geostatistical Toolbox for Earth Sciences
(GaTES) that before the end of 2017 will be available at http://www.bgs.ac.uk/
StatisticalSoftware. The Bayesian analyses require the DREAM package (Vrugt
2016).

11.2 The Scottish Borders Dataset

We illustrate some of the model-based geostatistics approaches that have been
adopted by pedometricians by applying them to a set of measurements of the
concentrations of copper and cobalt in soils from the south east of Scotland
(Fig. 11.1). This dataset was analysed using classical geostatistical methods in
Chap. 10. The measurements were made between 1964 and 1982. At that time,
there were concerns that livestock grazing in the area were deficient in copper and/or
cobalt. Therefore, staff from the East of Scotland College of Agriculture measured
the field-mean extractable concentrations of these elements in more than 3500
fields. Full details of the sampling protocol and laboratory methods are provided by
McBratney et al. (1982). The dataset has been extensively studied using a selection
of geostatistical techniques (McBratney et al. 1982; Goovaerts and Webster 1994;
Webster and Oliver 2007). These authors have mapped the probabilities that the
concentrations of copper and cobalt are less than acceptable thresholds (1.0 and
0.25 mg kg~!, respectively) and related their results to the previously mapped soil
associations.

We consider a subset of the data. We randomly select 400 copper measurements
and 500 cobalt measurements from this dataset. The remaining copper observations
are kept for model validation (Fig. 11.2). We use soil information from the


http://www.bgs.ac.uk/StatisticalSoftware
http://www.bgs.ac.uk/StatisticalSoftware
http://dx.doi.org/10.1007/978-3-319-63439-5_10

344 B.P. Marchant

Fig. 11.1 Location of the
Scottish Borders study region
(shaded region) within Great
Britain

650

630

610

Fig. 11.2 Locations of (a) 400 copper observations used for calibration, (b) 500 cobalt observa-
tions used for LMCR calibration and (¢) 2481 copper observations used for model validation. The
locations coloured red in (a) are the 50-point subset of these data, and the green crosses are the
locations of the predictions shown in Figs. 11.8 and 11.9. Coordinates are km from the origin of
the British National Grid

1:250,000 National Soil Map of Scotland (Soil Survey of Scotland Staff 1984).
These data are available under licence from http://www.soils-scotland.gov.uk/data/
soils. The study area contains eight soil types. We only consider four of these,
namely, mineral gleys, peaty podzols, brown earths and alluvial soils (Fig. 11.3),
within which more than 95% of the soil measurements were made. Our primary
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Fig. 11.3 Map of the soil types within the study region according to the 1:250,000 National Soil
Map of Scotland (Used with permission from the James Hutton Institute, © Crown copyright).
Coordinates are km from the origin of the British National Grid
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objective is to use these data to map the concentration of copper and the probability
that it is less than 1.0 mg kg~!. We explore the extent to which the soil type
information and the observed cobalt concentrations can explain the variation of
copper concentrations and hence improve the accuracy of our maps. We validate our
maps using the remaining 2481 observations of copper. We explore the implications
of using fewer observations by repeating our analyses on a 50 sample subset of the
400 copper measurements (Fig. 11.2a). At the two sites marked by green crosses in
Fig. 11.2a, we describe the prediction of the copper concentration in more detail.
Site ‘A’ is 0.6 km from the nearest observation, whereas site ‘B’ is 1.3 km from an
observation.
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11.3 Maximum Likelihood Estimation

11.3.1 The Linear Mixed Model

We denote an observation of the soil property, in our case the concentration of cop-
per, at location x; by s; = s(x;) and the set of observations by s = {s1,52, ... ,5,}7
where T denotes the transpose of the vector. We assume that s is a realization of an
LMM:

s=Mp +e. (11.1)

Here, the M are the fixed effects and the € are the random effects. The design
matrix M is of size n x g where ¢ is the number of covariates that are included in the
random effects model. The vector B = (81,82, ..., B ,,)T contains the fixed effects
parameters or regression coefficients. Each column of M contains the value of a
covariate at the n observed sites. If the random effects include a constant term, then
each entry of the corresponding column of M is equal to one. A column of M could
consist of the values of a continuous covariate such as elevation or the output from
aremote sensor (e.g. Rawlins et al. 2009). Thus, the fixed effects include a term that
is proportional to the covariate. If the fixed effects differ according to a categorical
covariate such as soil type, then the columns of M include ¢ binary covariates which
indicate the presence or absence of each of the ¢ classes at each site. Note that if the
¢ classes account for all of the observations, then a constant term in the fixed effects
would be redundant.

The vector & contains the values of the random effects at each of the n sites.
The elements of € are realized from a zero-mean random function with a specified
distribution function. The n x n covariance matrix of the random effects is denoted
C(o) where « is a vector of covariance function parameters. The elements of
this matrix can be determined from any of the authorized and bounded variogram
functions described in Chap. 10 since

C(h) =y (00) = y(h), (11.2)

where C(h) is a covariance function for lag A, y (h) is a bounded and second-order
stationary variogram and y (oo) is the upper bound or total sill of the variogram. We
will focus on the nested nugget and Matérn variogram (Minasny and McBratney
2005) so that

co+cifh=0

11.3
c1G(h) for h > 0/ (11.3)

C(h) = {

where

G(h) = ! (2ﬁh)v1<v (27“/;}’) . (11.4)

271 (v) a


http://dx.doi.org/10.1007/978-3-319-63439-5_10

11 Model-Based Soil Geostatistics 347

Here, I is the gamma function and K, is a modified Bessel function of the second
kind of order v. The random effects model parameters are c( the nugget, c; the partial
sill, a the distance parameter and v the smoothness parameter. Jointly, there are four
random effect parameters, i.e. o = (co, ¢y, a, T,

11.3.2 Coregionalized Soil Properties

In Sect. 10.4, we saw that it was possible to extend the classical geostatistical model
of a single soil property to consider the spatial correlation between observations
of two or more properties by using a linear model of coregionalization (LMCR).
Marchant and Lark (2007a) demonstrated how the LMM could also be extended
to include coregionalized variables. The LMCR consists of a variogram for each
soil property and a series of cross-variograms describing the spatial correlation
between each pair of properties. Each variogram or cross-variogram must have
the same variogram structure. This means they are based on the same authorized
models, and they have common spatial and, in the case of the Matérn model,
smoothness parameters. The nugget and sill parameters can differ for the different
soil properties. We denote these parameters by cg‘e and c‘f‘e, respectively, where the
d and e refer to the different soil properties. So, if d = e, these are parameters of a
variogram, whereas if d # e, they are parameters of a cross-variogram. There are
further constraints to ensure that the LMCR leads to positive definite covariance
matrices. If we define matrices By and B; by

1,1 1w 1,1 1L

CO . CO Cl .o Cl

Bo=| :-. : |andB =] :-. (11.5)
v,1 L. AU v,1 PR
Co Cy o Cy

where v is the number of soil properties; then, both of these matrices must have a
positive determinant.

The LMCR can be incorporated into the LMM (Eq. 11.1) by altering the random
effects covariance matrix to accommodate the different variograms and cross-
variograms. In this circumstance, the observation vector s will include observations
of each of the v soil properties. It is likely that the random effects matrix M will
require sufficient columns to accommodate different fixed effects for each soil
property. If each variogram and cross-variogram consists of a nested nugget and
Matérn model, then element i, j of the random effects covariance matrix would be:

vl-.vj vi,vj . A
¢+ ifhi; =0

. , 11.6
"G (hij) ifhij>0 (11.6)

C,'J':

where the ith element of s is an observation of property v;, the jth element of s is
an observation of property v; and h; ; is the lag separating the two observations.


http://dx.doi.org/10.1007/978-3-319-63439-5_10\#Sec28

348 B.P. Marchant

In common with the LMCR from classical geostatistics, the cross-variogram
nuggets and sills must be constrained to ensure that the determinants of By and B
are positive. For v; # v, the ng; parameter only influences the covariance function
if there are some locations where both v; and v; are observed. If this is not the case,
then the parameter cannot be fitted. If v = 2, and both properties are observed at

T
some sites, then o = (c(l)’l, cé'z, 6(2)‘2, ci’l, c%’z, c?’z,a, v) .

11.3.3 The Likelihood Function

If the distribution function of the random effects is assumed to be multivariate
Gaussian, then the log of the likelihood function is equal to

In (s|e, B) =L (s|e, B) =C0nstant—% In|C () |—%(S—MB)TC(05)_1 (s—MB),
(11.7)

where | | denotes the determinant of a matrix. The log-likelihood is the objective
function which we use to test the suitability of an LMM to represent the spatial
variation of a soil property.

The assumption of Gaussian random effects is restrictive and often implausible
for soil properties. For example, the histograms of observed copper and cobalt
concentrations in the Scottish Borders region are highly skewed (Fig. 11.4a, b).
A transformation s* = H(s) can be applied to the data so they more closely
approximate a Gaussian distribution. Figure 11.4c, d show the more symmetric
histograms that result when the natural log-transform, s* = In(s), is applied to the
copper and cobalt concentrations. The Box-Cox transform might also be applied to
skewed data. It generalizes the natural log-transform via a parameter A:

Hs) In(s) ifA =0,
s) =
SAT_I otherwise.

(11.8)

If we assume that the observed data are multivariate Gaussian after the applica-
tion of a transformation, then the formula for the log-likelihood becomes

L(s|o,B) = Constant—1 In |C ()] —l(s*—MB)TC(ot)_l (s*—MB)
2 2 (11.9)

+Y 0 I s

where J {s;} = % is the derivative of the transformation function evaluated at s = s;.
For the Box-Cox transform,
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Fig. 11.4 Histograms of the observations of (a) 400 soil copper concentrations, (b) 500 soil cobalt
concentrations, (c) the natural logarithm of the copper concentrations and (d) the natural logarithm
of the cobalt concentrations

In(J{s:}) = (A —1)In(s;), (11.10)

and the corresponding function for the natural log-transform is found by setting
A=0.

Once a fixed-effect design matrix, a covariance function and any transformation
have been proposed, the problem of maximum likelihood estimation is reduced
to finding the elements of & and ﬁ vectors which lead to the largest value of the
log-likelihood and hence of the likelihood. This can be achieved using a numerical
optimization algorithm to search the parameter space for these parameter values. In
the examples presented in this chapter, we use the standard MATLAB optimization
algorithm which is the Nelder-Mead method (Nelder and Mead 1965). This is a
deterministic optimizer in the sense that if it is run twice from the same starting
point, the same solution will result each time. It is prone to identifying local rather
than global maxima. Therefore, Lark et al. (2006) recommends the use of stochastic
optimizers such as simulated annealing which permit the solution to jump away
from a local maximum. In our implementation of the Nelder-Mead method, we run
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the algorithm from ten different starting points in an attempt to avoid the selection of
local maxima. The parameter space is constrained to ensure that negative variance
parameters or negative definite covariance matrices cannot result.

The optimization problem can be simplified by noting that the log-likelihood
function is maximized when

B = (MTC(a)_lM)_lMTC(oz)_ls. (11.11)

Hence, there is only a need to search the o parameter space, and the corre-
sponding optimal value of B can be found by using the above formula. However,
it is still a computational challenge to find an optimal & vector within a four- or
higher-dimensional parameter space. Diggle and Ribeiro (2007) suggest reducing
the problem further to a series of optimizations in a lower-dimensional parameter
space. They search for the optimal values of ¢y, ¢; and a for a series of fixed v values.
Then they plot the maximum log-likelihood achieved (or equivalently the minimum
negative log-likelihood) against the fixed v and extract best of these estimates. This
plot is referred to as a profile-likelihood plot.

It is possible to fit LMMs of varying degrees of complexity by adding more
terms to the fixed and random effects. If we add an extra term to a model (e.g. an
extra column to the M matrix), then the maximized likelihood of the more complex
model will be at least as large as the likelihood of the simpler model. We need a
test to decide whether the improvement that is achieved by adding extra terms is
worthwhile. If an LMM is too complex, there is a danger of overfitting. This means
that the model is too well suited to the intricacies of the calibration data, but it
performs poorly on validation data that were not used in the fitting process.

If two LMMs are nested their suitability to represent the observed data can
be compared by using a likelihood ratio test (Lark 2009). By nested, we mean
that by placing constraints on its parameters it is possible to transform the more
complex model to the simpler model. For example, if one LMM included a Box-Cox
transform of the data and another model was identical except that the natural log-
transform was applied, then these two models would be nested. The more complex
model could be transformed to the simpler model by setting A = 0. We denote
the parameters of the complex model by «;, B and the parameters of the simpler
model by o, Bo. Under the null hypothesis that the additional parameters in the
more complex model do not improve the fit, the test statistic:

D = 2L (sla1. By) — 2L (slero. Bo) (11.12)

will be asymptotically distributed as a chi-squared distribution with r degrees of
freedom. Here, r is the number of additional parameters in the more complex
model. Therefore, it is possible to conduct a formal statistical test to decide whether
the more complex model has a sufficiently larger likelihood than the simpler one.
However, the likelihood ratio test does not always meet our needs. An LMM with a
nugget and exponential variogram and an identical model except that the variogram
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is pure nugget would not be properly nested. This is because the more complex
model has two additional parameters, ¢; and a, but only the first of these needs to
be constrained to ¢; = 0 to yield the simpler model. Therefore, it is unclear what
the degrees of freedom should be in the formal test. Lark (2009) used simulation
approaches to explore this issue.

In this chapter, we calculate the AIC (Akaike 1973) for each estimated model:

AIC = 2k — 2L, (11.13)

where k is the number of parameters in the model. The preferred model is the one
with the smallest AIC value. This model is thought to be the best compromise
between quality of fit (i.e. the likelihood) and complexity (the number of param-
eters). The AIC does not require the different models to be nested.

11.3.4 The Residual Maximum Likelihood Estimator

Patterson and Thompson (1971) observed that there was a bias in variance param-
eters estimated by maximum likelihood. This bias occurs because the p parameters
are estimated from the data and are therefore uncertain, whereas in the log-
likelihood formula, they are treated as if they are known exactly. This problem
is well known when considering the variance of independent observations. The
standard formula to estimate the variance of a population with unknown mean that
has been sampled at random is:

Var (S) = anlZ:':l(s,- —5? (11.14)

where n is the size of the sample and s is the sample mean. Since the variance
is defined as E[{S — E(S)}?], one might initially be surprised that the denominator
of Eq. 11.14 is n — 1 rather than n. However, it can be easily shown that if the
denominator is replaced by n because the mean of the population is estimated, the
expectation of the expression would be a factor of n/(n—1) times the population
variance.

Patterson and Thompson (1971) devised a method for correcting the analogous
bias in the maximum likelihood estimates of random effects parameters. They
transformed the data into stationary increments prior to calculating the likelihood.
The likelihood of these increments was independent of the fixed effects and hence
the bias did not occur. The expression for the residual log-likelihood that resulted is:

1 1 1
Lg (s|or) = Constant + 51n [W| + E1n|(:(oc)| + EsTC(oc)—le, (11.15)

where W=M"C(a) "M and Q =I- MW~ 'M"C(x)~".
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11.3.5 Estimating Linear Mixed Models for the Scottish
Borders Data

We illustrate maximum likelihood estimation of an LMM using the 400 copper
concentration measurements from the Scottish Borders. We initially assume that
the fixed effects are constant and that a log-transform is sufficient to normalize
the data. Thus, we assume that the Box-Cox parameter A is zero. In fact, when
the Box-Cox parameter was unconstrained, the increase to the log-likelihood was
negligible and did not improve the AIC. We estimated the ¢y, ¢; and a parameters
for fixed v equal to 0.05, 0.075, 0.1, 0.2, 0.3, 0.4, 0.5, 0.75, 1.0, 1.25, 1.5, 1.75,
2.0 and 2.5. The profile-likelihood plot of the minimized negative log-likelihoods
that resulted is shown in Fig. 11.5a. The smallest negative log-likelihood occurred
for v = 0.1. When v was unfixed, a smaller negative log-likelihood resulted with
v = 0.12. The best fitting variogram is plotted in Fig. 11.5b. It sharply increases
as the lag is increased from zero, reflecting the small value of the smoothness
parameter. This maximum likelihood estimate of the variogram is reasonably
consistent with the empirical variogram (see Fig. 11.5b).

Figure 11.6 shows the maximum likelihood estimates of the variograms and
cross-variograms when the s vector contained the 400 observations of copper and
the 500 observations of cobalt. The natural log-transform was applied to each soil
property, and the fixed effects consisted of a different constant for each property.
Again, there is reasonable agreement between the maximum likelihood estimate
and the empirical variograms. However, some small discrepancies are evident.
The maximum likelihood estimate for cobalt has a longer range than might be
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Fig. 11.5 (a) Plot of minimized negative log-likelihood of 400 In copper concentrations for
different fixed values of v. The black cross denotes the minimized negative log-likelihood when
v is unfixed, (b) maximum likelihood estimate of the variogram (continuous line) of In copper
concentrations and the corresponding method of moments point estimates (black crosses)
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Fig. 11.6 Maximum likelihood estimate of (a) the LMCR In copper auto-variogram, (b) the
LMCR In copper and In cobalt cross-variogram and (c¢) the LMCR In cobalt auto-variogram. The
black crosses are the corresponding method of moments point estimates

fitted to the empirical variogram, and the maximum likelihood estimate of the
cross-variogram appears to be consistently less than the corresponding empirical
variogram. This was probably caused by the constraints placed on the parameters,
such as the requirement that all the variograms had the same range.

In Table 11.1, we show the negative log-likelihood and AIC values that result
when different LMMs are estimated for the Scottish Borders data. The simplest
models only consider copper observations and assume constant fixed effects and a
pure nugget variogram. Then, the pure nugget variogram is replaced by a nugget
and Matérn model. The third model also replaces the constant fixed effects by ones
that vary according to the soil types displayed in Fig. 11.3. The final model considers
observations of both copper and cobalt and assumes that each of these properties has
constant fixed effects. The models are estimated for both the 50 and 400 observation
samples of copper. Both coregionalized models include 500 cobalt observations.

For both sample sizes, the negative log-likelihood decreases upon inclusion of
the Matérn variogram function and the nonconstant fixed effects. In the case of the
400 observation samples, the AIC also decreases in the same manner. However, for
the 50-point sample, the addition of these extra terms to the model causes the AIC
to increase. This indicates that there is insufficient evidence in the 50-point sample



354 B.P. Marchant

Table 11.1 Number of parameters (p), minimized negative log-likelihood (—L) and AIC value for
models with different fixed effects (M), variogram models, number of copper observations (ncy)
and number of cobalt observations (7c,)

ney = 50 neq = 400
M Variogram nco P —L AIC —L AIC
Constant Nugget 0 2 —82.25 168.50 —640.26 1284.53
Constant Matérn 0 5 —81.36 172.72 —594.52 1199.04
Soil type Matérn 0 8 —78.20 172.39 —590.68 1197.37
Constant Matérn 500 9 —34.38 86.76 —225.26 468.52

to indicate that copper is spatially correlated or that it varies according to soil type.
For both sample sizes, the lowest AIC occurs when the 500 cobalt observations
are included in the model. Note that the models of coregionalized variables were
estimated by minimizing the negative log-likelihood function which included both
properties. However, the negative log-likelihood that is quoted in Table 11.1 is the
likelihood of the copper observations given both the estimated parameters and the
cobalt observations. This means that the corresponding AIC value is comparable to
those from the other three models.

11.4 Bayesian Methods and Variogram Parameter
Uncertainty

The model-based methods described in this chapter are compatible with Bayesian
methodologies which can be used to quantify the uncertainty of the random effects
parameters (Handcock and Stein 1993). Classical statistical methodologies assume
that model parameters are fixed. Generally, when applying classical or model-based
geostatistics, we look for a single best fitting variogram model and take no account
of variogram uncertainty. In Bayesian analyses, model parameters are treated as
probabilistic variables. Our knowledge of the parameter values prior to collecting
any data is expressed as a prior distribution. Then the observations of the soil
property are used to update these priors and to form a posterior distribution which
combines our prior knowledge with the information that could be inferred from the
observations.

Minasny et al. (2011) demonstrated how Bayesian approaches could be applied
to the spatial prediction of soil properties. They placed uniform priors on all
of the random effects parameters and then used a Markov chain Monte Carlo
(MCMC) simulation approach to sample the multivariate posterior distribution of
these parameters. Rather than a single best fitting estimate, this approach led to a
series of parameter vectors that were consistent with both the prior distributions and
the observed data. The MCMC approach generates a chain of parameter vectors
which follow a random walk through the parameter space. The chain starts at some
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value of parameters, and the log-likelihood is calculated. Then the parameters are
perturbed and the log-likelihood is recalculated. The new parameter values are
accepted or rejected based on the difference between the likelihoods before and
after the perturbation according to Metropolis-Hastings algorithm (Hastings 1970).
If the log-likelihood increases, then the new parameter vector is always accepted.
If the likelihood decreases, then the proposal might be accepted. The probability of
acceptance decreases as the difference in likelihood increases.

Under some regularity conditions, the set of parameter vectors that result
from the Metropolis-Hastings algorithm are known to converge to the posterior
distribution of the parameters. However, the algorithm requires careful tuning of
some internal settings within the algorithm. These settings particularly relate to the
distribution from which a proposed parameter vector is sampled. If this distribution
is too wide, then too many of the proposed parameter vectors will be rejected and the
chain will remain at its starting point. If the proposal distribution is too narrow, then
nearly all of the parameter vectors will be accepted, but the perturbations will be
small, and it will take a considerable amount of time to consider the entire parameter
space. Therefore Vrugt et al. (2009) developed a DiffeRential Evolution Adaptive
Metropolis (DREAM) algorithm to automate the selection of these internal settings
and to produce Markov chains that converge efficiently. The DREAM algorithm
simultaneously generates multiple Markov chains. The information inferred from
acceptances and rejections within each chain is pooled to select efficient proposal
distributions. MATLAB and R implementations of the DREAM algorithm are freely
available (Vrugt 2016; Guillaume and Andrews 2012).

We used the DREAM algorithm to sample parameters of the nested nugget and
Matérn model for both the 50 and 400 observations of In copper. In each case, we
used four chains and sampled a total of 101,000 parameter vectors. The bounds on
the uniform prior distributions were zero and one {In(mgkg~")}? for ¢ and c;, zero
and 40 km for @ and 0.01 and 2.5 for v. For comparison, the variance of the In copper
observations was 0.35. The first 1000 of the sampled vectors were discarded since
the MCMC was converging to the portion of parameter space that was consistent
with the observed data. This is referred to as the burn-in period. We used the R
statistic (see Vrugt et al. 2009) to confirm that the chain had converged. Successive
entries of the series of parameter vectors that remained were correlated because the
parameter vector was either unchanged or only perturbed a short distance. Therefore
every 100th entry of this series was retained. The final series contained 1000
vectors which were treated as independent samples from the posterior distribution
of the parameter vector. Figure 11.7 shows the 90% confidence intervals for the
variogram of each dataset. These confidence intervals stretch between the 5th and
95th percentiles of the semi-variances for each lag. It is evident that the variogram
from the 50 observation sample is uncertain across all lag distances. The uncertainty
is greatly reduced for the 400 observation sample.
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Fig. 11.7 Maximum likelihood estimates of the variogram for (a) 50 In copper concentrations
and (b) 400 In Cu concentrations. The grey shading indicates the 90% confidence interval for the
variogram function according to the MCMC sample of variogram parameters

11.5 Spatial Prediction and Validation of Linear Mixed
Models

11.5.1 The Best Linear Unbiased Predictor

Having estimated the fixed and random effects parameters & and B\, we can use
the LMM and the observations of the soil property to predict the expected value
and uncertainty of the possibly transformed soil property at a set of locations x,
where it has not been observed. We denote the fixed effects design matrix at these
locations by M, the matrix of covariances between the random effects of the soil
property at the observation and prediction locations by Cp, and the random effects
covariance matrix at the prediction locations by Cp,. These matrices are calculated
using the estimated & parameters. The best linear unbiased predictor (BLUP; Lark
et al. 2006; Minasny and McBratney 2007) of the expected value of the possibly
transformed soil property at the unobserved locations is:

Sy = E[s" (x;)] = M;B + CpuC' (5" — MB). (1L.16)

and the corresponding prediction covariance matrix is:

V = (My — CoC™'M) (MTC™'M) ™' (M, = CpoC™'M)" + (€ — CpoC'CL,)
(11.17)
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The first term in Eq. 11.17 accounts for the uncertainty in predicting the fixed
effects, whereas the second term accounts for the uncertainty in predicting the
random effects. The elements of the main diagonal of V, which we denote Vj,
are the total prediction variances for each site. Since we have assumed that s” is
Gaussian, we have sufficient information (i.e. the mean and the variance) to calculate
the probability density function (pdf) or cumulative density function (cdf) for s™ at
each of the sites. Density functions are discussed in more detail in Sect. 14.2.2. We
might calculate the pdf for N equally spaced values of the variable with spacing Ay
(i.e.y; = jAyforj=1,...,N). The formula for the Gaussian pdf is:

~ 2
~ 1 1{y;—S*¥
= IS*. Vi) = expd ——| 22— 11.18
fi=f (47 Vi) = e 2( *vl--) (11.18)

If the density is zero (to numerical precision) for y; < y; and y; > yy, then the
area under the curve f will be one and the f; will sum to 1/Ay. The cdf can then be
deduced from the f;:

Fy=Prob (s <) = AYY " fi (11.19)

In Fig. 11.8, we show these pdf and cdf for In copper concentration at site
‘A’ based on the maximum likelihood estimate of the LMM for 400 copper
observations. The area of the grey-shaded region is equal to the probability that
In copper concentration is negative (i.e. that the concentration of copper is less than
1 mg kg™ ). This probability can be more easily extracted from the value of the cdf
when In copper is equal to zero (Fig. 11.8b).
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Fig. 11.8 Predicted (a) pdf and (b) cdf for In copper at location ‘A’
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If we have a MCMC sample of variogram parameter vectors rather than a single
estimate, then we might calculate the pdf for each of these variograms. Then we
could calculate a pdf that accounted for variogram uncertainty by averaging these
individual pdfs and calculate the cdf using Eq. 11.19. This is an example of the
Monte Carlo error propagation method described in Sect. 14.4.2. In Fig. 11.9b, we
show the cdf of In copper at site ‘A’ based on the 400 observation sample. The
grey-shaded region is the 90% confidence interval for this cdf using the MCMC
sample of variogram parameters to account for variogram uncertainty. It is apparent
that variogram uncertainty does not have a large effect on the cdf. However, when
the pdfs are based on the MCMC for 50 observations, a larger effect of variogram
uncertainty is evident (Fig. 11.9a). Recall that site ‘A’ is only 0.6 km from the
nearest observation. We will see in Sect. 11.6 of this chapter that such a prediction
is sensitive to uncertainty in the variogram parameters. When we repeat the exercise
at site ‘B’ which is 1.3 km from an observation, the effects of variogram uncertainty
are small using the MCMC samples based on both 50 and 400 observations.

The BLUP encompasses many of the kriging algorithms described in Chap. 10.
For example, when the fixed effects are constant, it performs the role of the ordinary
kriging estimator; when covariates are included in the fixed effects, it performs
the role of the regression or universal kriging predictor; and when multiple soil
properties are included in the observation vector, it performs the role of the co-
kriging estimator. Equations 11.16 and 11.17 lead to predictions on the same support
as each observation. If we wish to predict the soil property across a block that has
a larger support than each observation, then C,, and Cp, should be replaced by
Epo, the covariances between the observations and the block averages, and épp the
covariances between the block averages.

We previously noted that when multiple properties are included in the obser-
vation vector of an LMM, the nugget parameters for the cross-variograms can
only be estimated if there are co-located observations of the two properties. This
parameter will be required in the BLUP if we wish to predict one soil property
at the exact location where another one was observed or if we wish to know the
covariance between the predictions of the two properties at the same site. However,
this parameter is not required to produce maps of each soil property on a regular grid
that does intersect the observation locations or to calculate the prediction variances
for each property.

If a transformation has been applied to the observations then it will be necessary
to back-transform the predictions before they can be interpreted. If we simply
calculate the inverse of the transformation for §;(i), the prediction of the mean of
the transformed property at the ith prediction location, the result is the prediction
of the median of the untransformed property. The 0.5 quantile of the transformed
property has been converted to the 0.5 quantile of the untransformed property.
It is possible to back-transform every quantile of the cdf in this manner. It is
generally more difficult to determine the mean of a back-transformed prediction.
Instead, the back-transformed mean can be approximated through simulation of the
transformed variable. If the mean and variance of the transformed prediction for a
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Fig. 11.9 Predicted cdf (red line) and 90% confidence interval accounting for variogram uncer-
tainty (shaded area) of In copper concentration at (a) site ‘A’ conditional on the 400 observation
samples and the MCMC sample of variogram parameters calibrated on the 50 observation
subsamples, (b) site ‘A’ conditional on the 400 observation sample and the MCMC sample of
variogram parameters calibrated on the same 400 observations, (c) site ‘B’ conditional on the
400 observation sample and the MCMC sample of variogram parameters calibrated on the 50
observation subsample and (d) site ‘A’ conditional on the 400 observation sample and the MCMC
sample of variogram parameters calibrated on the same 400 observations

site are §;(i) and V:(i), respectively, then one might simulate 1000 realizations of the
Gaussian random variable with this mean and variance, apply the inverse transform
to each realization and then calculate the mean (or other statistics) of these back-

transformed predictions.

11.5.2 Validation of the LMM

It is important to validate an LMM to confirm that the predictions are as accurate
as we believe them to be. Close inspection of validation results might also reveal
patterns in the model errors that indicate that an additional covariate is required in
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the fixed effects or a further generalization is required in the random effects. Ideally,
validation should be conducted using a set of data that were not used to calibrate the
LMM. However, in some instances, data are sparse, and then there is little choice but
to carry out cross-validation. In leave-one-out cross-validation, the model is fitted to
all of the measurements, and then one datum, s; say, is removed, and the remaining
data and the BLUP are used to predict the removed observation. The process is
repeated for all n observations.

When conducting either cross-validation or validation, we wish to look at both
the accuracy of the predictions and the appropriateness of the prediction variances.
We can assess the accuracy of predictions by looking at quantities such as the mean
error (ME),

ME = iz_l {si —§,~}, (11.20)

and the root mean squared error (RMSE),

1
RMSE = [%Z;{&. _gi}z]z_ (11.21)

The appropriateness of the prediction variances are often explored by calculating
the standardized squared prediction errors at each site:

. s -3}

;= Voo (11.22)
where V; is the prediction variance for /.S:, If, as we expect, the errors follow a
Gaussian distribution, then the 8; will be realized from a chi-squared distribution
with one degree of freedom. Pedometricians often calculate the mean 8 and median
0 of the A, and compare them to their expected values of 1.0 and 0.45 (e.g. Minasny
and McBratney 2007; Marchant et al. 2009). If they are properly applied, the ML
and REML estimators tend to ensure that 8 is close to 1.0. However, although the
average standardized error is close to its expected values, the set of 6; values might
not be consistent with the chi-squared distribution. Deviations from this distribution
are often indicated by values of @ that are far from 0.45. If @ is considerably less
than 0.45, this might indicate that the LMM should have a more highly skewed
distribution function.

It can also be useful to consider the entire cdf of the standardized errors. If the
errors are Gaussian, then the

pi = 7 Si=Si) (11.23)
S\ VWV
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should be uniformly distributed between zero and one where ®j | is the inverse cdf
for a Gaussian distribution of zero mean and unit variance. We want to confirm
that the p; is consistent with such a uniform distribution. This can be achieved
through the inspection of predictive QQ plots (Thyer et al. 2009). These are plots
of the n theoretical quantiles of a uniform distribution against the sorted p; values.
If the standardized errors are distributed as we expect, then the QQ plot should be a
straight line between the origin and (1,1). If all the points lie above (or, alternatively,
below) the 1:1 line, then the soil property is consistently under-/over-predicted. If
the points lie below (above) the 1:1 line for small theoretical values of p and above
(below) the 1:1 line for large theoretical values of p, then the predictive uncertainty
of the MM is under-/overestimated. Alternatively, Goovaerts (2001) uses accuracy
plots rather than QQ plots. In these plots, the [0,1] interval is divided into a series of
bins bounded by the (1 — p)/2 and (1 + p)/2 quantiles for p between 0 and 1. The two
plots differ in that each bin of the accuracy plot is symmetric about 0.5. Therefore
it is not possible to consider the upper and lower tail of the distribution separately.
In contrast, with QQ plots, we can see how well the left-hand tail of the distribution
is approximated by looking close to the origin of the plot, and we can examine how
the right-hand tail is approximated by looking close to (1,1).

11.5.3 Predicting Copper Concentrations in the Scottish
Borders

Figure 11.10 shows maps of the expectation of In copper across the study region for
models listed in Table 11.1. The model with a pure nugget variogram is not included
since the predictions are constant. The map based on 50 copper observations and
with constant fixed effects is much less variable than the other predictions. More
features of the copper variation are evident when the soil type is added to the fixed
effects. However, there are obvious and possibly unrealistic discontinuities in the
predictions at the boundaries between different soil types. The model including
cobalt observations retains the detail of the variable fixed-effect model, but there
are no discontinuities. Further detail is added to all of the maps when 400 rather
than 50 copper observations are used. The hotspots of copper that are evident occur
close to urban centres.

The most striking feature in the validation results (Tables 11.2 and 11.3) is
the difference in performance for the models based on 50 observations of copper
and those based on 400 observations. When 400 observations are used, the cross-
validation and validation RMSEs are very similar and smaller than those for the
50-point sample. For the 50-observation sample, there is also a greater difference
between the cross-validation and validation results indicating that these models
might well have been overfitted. For both sample sizes, the largest RMSEs occur
for the pure nugget model, but there is little difference in the RMSEs for the other
three LMMs. The prediction variances for the LMMs calibrated on 400 observations
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Fig. 11.10 Median prediction of copper concentration (mg/kg) across the study region from (a)
BLUP using 50 Cu calibration data with constant fixed effects, (b) BLUP using 50 Cu calibration
data with fixed effects varying according to soil type, (¢) BLUP using 50 Cu calibration data and
500 Co calibration data represented by an LMCR with constant fixed effects, (d) BLUP using
400 Cu calibration data with constant fixed effects, (e) BLUP using 400 Cu calibration data with
fixed effects varying according to soil type and (f) BLUP using 400 Cu observations and 500 Co
observations represented by an LMCR with constant fixed effects

also appear to be more accurate than those based on the 50 observation sample.
The mean standardized prediction errors upon cross-validation and validation for
all models calibrated on 400 copper observations are between 0.98 and 1.00, and
the median standardized prediction errors range between 0.38 and 0.47. Hence
both quantities are close to their expected values of 1.0 and 0.45. In the case
of the 50 observation samples, the ranges of these statistics are wider, stretching
between 0.78 and 1.34 for the mean and 0.32 and 0.67 for the median. The cross-
validation standardized prediction errors are closer to their expected values than the
corresponding validation values. Again, this is an indication of overfitting when only
using 50 observations. There is also evidence of overfitting in the QQ plot for the
LMM with constant fixed effects and calibrated on 50 observations (Fig. 11.11a).
The validation plot deviates a large distance from the 1:1 line. All of the other QQ
plots more closely follow the 1:1 line although some improvement in using the larger
sample size is evident.
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Table 11.2 Mean error (ME) and root mean squared error (RMSE) upon leave-one-out cross-
validation and validation of models for In copper with different fixed effects (M), variogram
models, number of copper observations (n¢,) and number of cobalt observations (n¢,)

Calibration Validation
M Variogram ncu nco ME RMSE ME RMSE
Constant Nugget 50 0 0.000 0.68 0.092 0.60
Constant Matérn 50 0 0.009 0.66 0.045 0.74
Soil type Matérn 50 0 0.011 0.64 0.023 0.58
Constant Matérn 50 500 —0.001 0.65 0.048 0.54
Constant Nugget 400 0 0.000 0.60 0.028 0.59
Constant Matérn 400 0 0.002 0.50 0.063 0.51
Soil type Matérn 400 0 0.002 0.50 0.011 0.50
Constant Matérn 400 500 0.002 0.50 0.013 0.50

Table 11.3 Mean standardized prediction errors (), median standardized prediction errors ((;)
and mean error in QQ plot (@) upon leave-one-out cross-validation and validation of models for
In copper with different fixed effects (M), variogram models, number of copper observations (nc,)
and number of cobalt observations (n¢g)

Calibration Validation
M Variogram | ngy Nco @) (6 ) 0. (6) (6 ) 0.
Constant | Nugget 50 0 1.02 |0.61 |0.000 0.80 038 |0.040
Constant | Matérn 50 0 1.03 049 |—0.007 |1.34 |0.67 |0.197
Soil type | Matérn 50 0 1.08 |0.62 |—0.022 090 |0.38 |0.012
Constant | Matérn 50 500 |1.03 |033 |—0.003 0.78 [0.32 |0.019

Constant | Nugget 400 |0 1.00 047 |—0.002 |099 |045 |0.012

Constant | Matérn 400 |0 1.00 042 |0.003 099 1039 |0.028
Soil type | Matérn 400 |0 1.00 | 0.41 |0.002 1.00 |0.38 |—0.001
Constant | Matérn 400 |500 |1.00 |0.44 | 0.003 098 |0.39 |0.000

11.6 Optimal Sample Design

It is often costly to obtain soil samples from a study area and then analyse them
in the laboratory to determine the properties of interest such as the concentrations
of cobalt and copper in the Scottish Borders survey. Therefore, it can be important
to optimize the locations where the samples are extracted from so that an adequate
spatial model or map can be produced for the minimum cost. Many spatial surveys
have been conducted using a regular grid design (see examples in Webster and
Oliver 2007) since this ensures that the observations are fairly evenly distributed
across the study region and that the kriging variances are not unnecessarily large at
any particular locations. Also, it is relatively easy to apply the method of moments
variogram estimator to a grid-based sample since the variogram lag bins can be
selected according to the grid spacing. Some authors (e.g. Cattle et al. 2002) have
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Fig. 11.11 QQ plots resulting from leave-one-out cross-validation of the calibration copper data
(black line) and validation of the validation copper data (red line). The predictors and observations
for plots (a—f) are identical to those in Fig. 11.10

included close pairs of observations in their survey designs since these ensure
that the variogram can be reliably estimated for short lag distances. However,
the decision as to how much of the sampling effort should be allocated to even
coverage of the study region and how much to estimating the spatial model over
short distances is often made in a subjective manner.

The kriging or prediction variance (Eq. 11.17) can form the basis of a more
objective criterion for the efficient design of spatial surveys. If the random effects are
second-order stationary and Gaussian, then the prediction variance does not depend
on the observed data. If the variogram model is assumed to be known, then prior to
making any measurements, it is possible to use Eq. 11.17 to assess how effective a
survey with a specified design will be. Alternatively, we can select the configuration
of a specified number of sampling locations that lead to the smallest prediction
variance.

Van Groenigen et al. (1999) suggested an optimization algorithm known as
spatial simulated annealing (SSA) to perform this task. The n samples are initially
positioned randomly across the study region and the corresponding kriging variance
(or any other suitable objective function) is calculated. Then the position of one of
these samples is perturbed a random distance in a random direction. The kriging
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variance is recalculated. If it has decreased, then the perturbation is accepted. If the
kriging variance has increased, then the perturbation might be accepted. In common
with the DREAM algorithm, described in Sect. 11.4 of this chapter, the probability
of acceptance decreases with the magnitude of the increase in the objective function
according to the Metropolis-Hastings algorithm (Hastings 1970). However, in
contrast to the DREAM algorithm, the probability of acceptances also decreases
as the optimization algorithm proceeds. The potential to accept perturbations that
increase the kriging variance is included to ensure that the optimizer does not
converge to a local rather than global minimum. The gradual decrease in the
probability of such an increase ensures that a minimum is eventually reached. If
a perturbation is rejected, then the sample is returned to its previous location. The
SSA algorithm continues, perturbing each point in turn until the objective function
settles to a minimum.

We illustrate the application of the SSA algorithm by optimizing 50 location
sample schemes for the Scottish Borders study area in Fig. 11.12. In all of the plots
within this figure, we consider a soil property where the random effects are realized
from a Gaussian random function with a nested nugget and Matérn covariance
function with ¢g = 0.5, ¢c; = 0.5, a = 10 km and v = 0.5. The kriging variance
is the objective function for the designs shown in Fig. 11.12a, b. In plot (a), the
fixed effects are assumed to be constant. The optimized sample locations are spread
evenly across the region. The locations are randomly allocated to the four different
soil types (Fig. 11.12d) with the majority of samples being situated in the most
prevalent brown earth class. When the fixed effects are assumed to vary according
to soil type, the optimized samples are still fairly evenly distributed across the
region. However, the number of locations that are situated in the less prevalent soil
classes increases (Fig 11.12e). This ensures that a reasonably accurate estimate of
the fixed effects can be calculated for each soil type. When Brus and Heuvelink
(2007) optimized sample schemes for universal kriging of a soil property with an
underlying trend that was proportional to a continuous covariate, they found that
the soil was more likely to be sampled at sites where this covariate was particularly
large or particularly small. This ensured that the gradient of the trend function could
be reasonably accurately estimated.

In addition to spatial prediction, the set of observed samples should also be
suitable for estimating the spatial model. Therefore, Marchant and Lark (2007b)
and Zhu and Stein (2006) expanded the objective function to account for uncertainty
in estimating the spatial model or variogram. These authors noted that for a linear
predictor such as the BLUP,

Spwy = ATs, (11.24)

where §p(k) is the prediction of the expectation of S at the ith prediction site, A is
a length n vector of weights and s is a length n vector of observations; the extra
contribution to the prediction variance resulting from variogram uncertainty could
be approximated by a Taylor series:
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Fig. 11.12 Optimized sampling locations where the objective function is (a) the kriging variance
with no fixed effects, (b) the kriging variance with fixed effects varying according to soil type and
(c) the kriging variance plus the prediction variance due to variogram uncertainty with fixed effects
varying according to soil type. Plots (d—f) show the distribution of sampling locations amongst soil
types for the design above. The soil types are (1) alluvial soils, (2) brown earths, (3) peaty podzols
and (4) mineral gleys

, T 8X
T —E|:{ o) (@) — Spipy (0‘)} ] Z, 121  Cov (o) 5o dat; 301,
(11.25)

where 72 is the expected squared difference between the prediction at the ith site
using the actual variogram parameters o/, and the prediction at this site using the
estimated parameters, o; r is the number of variogram parameters and i%i is the
length n vector containing partial derivatives of the A weights matrix with respect to
the ith variogram parameter. The covariances between the variogram parameters can
be approximated using the Fisher information matrix F (Marchant and Lark 2004):

— 1 _,0C _,0C
Cov (@, o) ~ [F' ()] 1 [F(@) ], = [C aaic ! 8%} (11.26)
Here, [];; denotes element i, j of the matrix inside the brackets, 5~ is the n X n

matrix of partlal derivatives of the covariance matrix C with respect to o; and Tr
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denotes the trace or sum of elements on the main diagonal of the matrix that follows.
The % can be calculated using a numerical approximation (e.g. Zhu and Stein 2006)

althouéh Marchant and Lark (2007b) noted the standard linear algebra relationship
that if

L=A"p, (11.27)
then
oL b 0A
— =A———A"p). 11.28
30li (8051' 80[,' ) ( )

Thus, this equation can be used to exactly calculate the g% matrices for the
universal kriging predictor formulation of the BLUP which is written in the form

of Eq. 11.27 with:

T
Lz[x],Az[ ¢ Mi|and b= | Soo (11.29)
4 M 0, My

where ¢ is the length g vector of Lagrange multipliers, 0, is a ¢ X ¢ matrix of zeros
and Cp, is the ith row of matrix Cp,. For most authorized covariance functions,
the elements of the g—oﬁ that are required to calculate Eq. 11.26 and Eq. 11.28 can
be determined exactly. However, in the case of the Matérn function, numerical
differentiation remains the most practical method to calculate %

Figure 11.12c shows an optimized 50-location design that results when the
objective function is the prediction variance (assuming that the fixed effects vary
according to soil type) plus the z2. In this case, the sampling locations are less
evenly spread across the study region. Short transects of close locations are evident
which are suitable for estimating the spatial covariance function over small lags. The
prediction variance and t? for this design are mapped in Fig. 11.13a, b, respectively.
The prediction variance is smallest close to sampling locations and increases for
locations where there are no nearby samples and that are at the boundary of the
region. The additional component of uncertainty because of the estimation of the
spatial model is largest close to sample locations and decreases at locations where
there are no nearby samples.

As previously discussed in Sect. 10.2, there is one obvious flaw in this strategy to
optimize sample designs. In reality, the spatial model is not known prior to sampling,
and therefore, it is not possible to calculate the prediction variance. A spatial model
must be assumed, perhaps using the results of previous surveys of the soil property
at similar locations or based on a reconnaissance survey (e.g. Marchant and Lark
2006). Alternatively, a prior distribution might be assumed for each covariance
function parameter and the objective function averaged across these distributions
(Diggle and Lophaven 2006). Also, the prediction variance cannot be calculated
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Fig. 11.13 (a) The kriging variance with fixed effects varying according to soil type for the
optimized sample design in Fig. 11.12c. (b) The contribution to the prediction variance due to
variogram uncertainty for the same sample design

prior to sampling if the property of interest has a skewed distribution, since the
prediction variances vary according to the observed data. Marchant et al. (2013a)
demonstrated how simulation could be used to optimise a multi-phase survey in
these circumstances.

11.7 Conclusions

The use of model-based rather than classical geostatistical methods removes many
of the subjective decisions that are required when performing geostatistical analyses.
The LMM is flexible enough to incorporate linear relationships between the soil
property of interest and available covariates and to simultaneously represent the
spatial variation of multiple coregionalized soil properties. The log-likelihood is
an objective function that can be used to compare proposed model structures and
parameters. Since a multivariate distribution function is specified in the model, it
is possible to predict the complete pdf or cdf of the soil property at an unsampled
location. From these predicted functions, one can easily determine the probability
that the soil property exceeds a critical threshold (e.g. Li et al. 2016).

The primary disadvantages of the model-based methods are the time required
to compute the log-likelihood and the requirement to specify the multivariate
distribution function from which the soil observations were realized. Maximum
likelihood estimation of an LMM for more than 1000 observations is likely to take
several hours rather than the seconds or minutes required to estimate a variogram
by the method of moments. However, we have seen that the uncertainty in LMM
parameters estimated from a 400 observation sample have little effect on the
uncertainty of the final predictions. Therefore, when estimating an LMM for a large
number of observations, it is reasonable to subsample the data. The complete dataset
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should be used when using the BLUP. Stein et al. (2004) suggested an approximate
maximum likelihood estimator. This uses all of the data but is faster to compute
because it ignores some of the covariances between observations. We have described
how the standard assumptions that the random effects of an LMM are realized from
a multivariate Gaussian random function can be relaxed. A Box-Cox or natural
log-transform can be applied to skewed observations so that their histogram more
closely approximates that of a Gaussian distribution. Alternatively, it is possible
to write the log-likelihood function in a different form that is compatible with
any marginal distribution function (Marchant et al. 2011). The assumption that the
expected value of the random variable is constant can be relaxed via the fixed effects
of the LMM. Some authors have also explored strategies to permit the variability of
the random variable to be related to a covariate (e.g. Lark 2009; Marchant et al.
2009; Haskard et al. 2010).

The model-based methods described in this chapter are also compatible with the
modelling of space-time variation (e.g. Heuvelink and van Egmond 2010). However,
space-time models do require more flexible models for the covariance function
because the pattern of temporal variation is likely to be quite distinct from the
temporal variation. De Cesare et al. (2001) review the covariance functions that are
commonly used for this purpose. Such models might also be used to represent the
spatial variation of soil properties in three dimensions when the vertical variation
is quite different to the horizontal variation (e.g. Li et al. 2016). The same models
could be estimated by classical methods. However, these models contain multiple
variogram structures, and it is challenging to appropriately select the different lag
bins and fitting weights required for each of these.
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Chapter 12
Digital Mapping of Soil Classes and Continuous
Soil Properties

Brendan P. Malone, Nathan P. Odgers, Uta Stockmann, Budiman Minasny,
and Alex. B. McBratney

“Soils have shape and area, breadth and width, as well as
depth”.

Charles E. Kellog, 1949

12.1 General Soil Mapping Concepts

12.1.1 Conventional Soil Mapping

Soil is often described as mantling the land more or less continuously with the
exception being where there is bare rock and ice (Webster and Oliver 2006). Our
understanding of soil variation in any region is usually based on only a small number
of observations made in the field. Across the spatial domain of the region of interest,
predictions of the spatial distribution of soil properties are made at unobserved
locations based on the properties of the small number of soil observations. There
are two principal approaches for making predictions of soil at unobserved locations.
The first approach subdivides the soil coverage into discrete spatial units within
which the soils conform to the characteristics of a class in some soil classification
(Heuvelink and Webster 2001). The second approach treats soils as a suite of
continuous variables and attempts to describe the way these variables vary across
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the landscape (Heuvelink and Webster 2001). The second approach is necessarily
quantitative, as it requires numerical methods for interpolation between the locations
of actual soil observations.

Because of its roots in geological survey and biological taxonomy, virtually
all of the national soil survey programmes carried out across the world during
the twentieth century mapped the distribution of soils using the first approach.
Researchers including Simonson (1989), Arnold (2006) and Hewitt et al. (2008)
have written exhaustively about the techniques and procedures required to make
a soil map with this approach. In the first step, a soil surveyor makes a detailed
observation of the physical landscape in order to relate characteristics of the
soil with landscape features. Often ancillary information, including aerial photos,
geology, vegetation and topographic maps, are useful aids in this process. In so
doing the surveyor develops a detailed conceptual model that can be used to infer
soil characteristics at a given site in the landscape. This conceptual model relies
heavily on the tacit knowledge of the soil surveyor since the depth of his soil-
landscape knowledge is dependent on the degree of his skill and prior experience
(Hudson 1992). The third step involves applying this conceptual model across
the survey area to predict at unobserved locations. Generally less than 0.001%
of the survey region is actually observed (Burrough et al. 1971). The conceptual
model is transferred to a cartographic model—usually on an aerial photo base—by
delineating areas of the landscape that have the same soil-landscape relationships.
These areas belong to map units, which are comprised of assemblages of soil classes
belonging to some classification system.

The maps that result from this process are commonly known as choropleth or
area-class maps because each delineation, or polygon, in the map belongs to one
and only one category (Wright 1944). The category is usually a soil map unit.
The mapping assumes, albeit implicitly, that soil variation within delineations is
unimportant and that abrupt changes occur at the polygon boundaries (Burrough
1989; Heuvelink and Huisman 2000). Burrough et al. (1997) labelled this kind
of mapping double crisp because the identified soil groups are supposed to be
crisply delineated in both taxonomic space (the space defined by the soil properties)
and geographic space. Unfortunately, this soil mapping concept is at odds with
the continuous nature of soil variability and has been questioned by numerous
researchers (e.g. Webster and Cuanalo de la Cerda 1975; Nortcliff 1978; Nettleton
et al. 1991). The creation of conventional soil maps draws upon the experience and
skills of the soil surveyor and the tacit knowledge that is acquired and nuanced over
a number of years. A criticism levelled at this heuristic approach to soil mapping
is that the learned concepts are generally unfalsifiable and therefore unverifiable in
any objective sense (Hewitt 1993; Lagacherie et al. 1995).

Because of the limitations inherent in soil maps made using traditional
approaches, their application to the resolution of sophisticated and quantitative
problems is limited. For example, much legacy soil information is qualitative in
nature. The cartographic scale often limits the application of legacy mapping to
resolve particular questions (Hartemink et al. 2008). The cost and time required to
compile a soil map using traditional methods is expensive, so it is usually prohibitive
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to compile specific maps to suit specific purposes. Finally, while polygon mapping
can be rasterised in order to be integrated into modern raster-based analytical
procedures, the inherent scale mismatch between the relatively coarse-detailed soil
polygons and the relatively fine-detailed terrain or remotely sensed rasters means
that the fidelity of information that traditional soil mapping brings to quantitative
analyses is often relatively low.

12.1.2 Quantitative Representation of Soil Variability

Electronic computers were introduced to soil science in the early 1960s, and this
made the application of intensive mathematical operations on soil data a practical
proposition for the first time (Heuvelink and Webster 2001).

12.1.2.1 Fuzzy Sets

A major advance was the introduction of a logic that enabled a relaxation of the
traditional double-crisp model of soil variation (Burrough et al. 1997). This logic,
called fuzzy logic, was first introduced by Zadeh (1965) as part of his fuzzy set
theory. Fuzzy logic is a generalisation of traditional Boolean logic and enables the
expression of truth on a continuous scale (e.g. ‘degree of truth’) rather than a binary
scale (‘true’ or ‘false’). In the same way, fuzzy sets are generalisations of crisp sets.
In both cases an individual, x, has a membership, W, in a set or class ¢ = 1,2, ... k.
In a crisp set, membership is binary, and | is a discrete variable. Hence x is a
member of class c if its membership, [, is 1 only; i.e. u.(x) = 1. Conversely it is not
a member of class c if p.(x) =0. Since the sum of memberships across all classes
is 1, i.e. Zlc(=1 e(x) = 1, it implies that in a crisp system an individual can only be
a member of one and only one class at once.

On the other hand, fuzzy logic allows for a partial degree membership in
any class; | is a continuous variable. In this case u.(x)=[0, 1], and since the
memberships sum to 1, it implies that x can have partial membership in several
classes simultaneously.

McBratney et al. (1992), McBratney and de Gruijter (1992), Odeh et al. (1992),
Lagacherie et al. (1997) and Grunwald et al. (2001) provide comprehensive discus-
sions of the application of fuzzy sets in soil science. Fuzzy sets have found particular
application in soil classification (see Chap. 8) but have also been applied in land
evaluation, modelling and simulation of soil processes, fuzzy soil geostatistics, soil
quality indices and fuzzy measurement of imprecisely defined soil phenomena.
Though useful, fuzzy set theory has not been widely adopted for soil mapping
(Grunwald and Lamsal 2006). One reason is possibly the difficulty in interpreting
the outputs. For example, instead of one map of a given soil attribute, there are
potentially many for a single region of interest.
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12.1.2.2 Spatial Modelling

Soil classification systems and the practice of mapping soils have developed side
by side since soil survey programmes began in the early and mid-twentieth century
across the world (Brown 2006). The language instilled in soil classifications and
descriptions thereof has been suitable for communicating soil information among
people with knowledge of soils. Communicating soil information to non-soil
science-minded people (but who have an interest and need for soil information)
has proven difficult because (1) of abstract technical jargon and (2) they have
a preference for soil information that describes the variability of soil properties
across a survey region (Sanchez et al. 2009). Mapping the spatial variability of soil
properties requires the use of geospatial prediction models as well as incorporating
gridded or raster-based data models to make predictions onto and display maps (thus
a trend away from the polygon data model).

The basic premise behind all digital soil mapping is that given a set of samples of
the soil (classes or attributes) and a suitable model we can make predictions of the
soil at unsampled locations. When we refer to soil classes we often mean those that
are part of an established soil classification system, although we can make spatial
predictions of bespoke classes too (e.g. Odgers et al. 2011; Triantafilis et al. 2001).
When we refer to soil attributes we usually mean measurable properties like its pH,
electrical conductivity or particle size fractions among many others. It is possible
to distinguish between purely spatial models and environmental correlation models
that relate observations to other characteristics of the landscape (McBratney et al.
2003). Purely spatial approaches appeared first because rasters of environmental
characteristics did not become widely and readily available until the late 1970s.

12.1.2.3 Purely Spatial Approaches

The first purely spatial modelling approaches applied to soil attribute prediction
were based on trend surface analysis. In simple terms, trend surfaces are low-order
polynomials of spatial coordinates. In other words, they predict soil attributes solely
as a function of the components of spatial position. Davies and Gamm (1970) were
some of the first researchers to apply this technique in soil science. They made
predictions of soil pH in Kent in England.

Some other purely spatial approaches focused on modelling local variation in
soil attributes. Examples include nearest-neighbour interpolation, inverse-distance-
weighted interpolation and smoothing splines. These approaches have been dis-
cussed by Laslett et al. (1987) and Burrough and McDonnell (1998).

By far the most well-known and widely applied purely spatial modelling
approaches are based on geostatistics—the so-called regionalised variable theory
developed in the 1960s and 1970s by French mathematician and geologist Georges
Matheron. By treating soil attributes as regionalised variables, kriging interpolation
could be used to model more complex spatial patterns than was previously possible
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(McBratney et al. 2003). Kriging was introduced to soil science in the 1980s
(Burgess and Webster 1980a, 1980b; Webster and Burgess 1980). Chapters 10 and
11 describe geostatistics in greater detail.

12.1.2.4 Environmental Correlation

Researchers have used statistics to quantify relationships between soil and landscape
parameters for several decades. Initial work focussed on understanding the variabil-
ity in soil attributes within and between soil map units (e.g. Wilding et al. 1965;
Protz et al. 1968). Other work focussed on establishing numerical relationships
between soil attributes and position along a hillslope (e.g. Ruhe and Walker 1968).
Later work sought to understand soil distribution in a more multivariate way by
including information on vegetation, geology and topography (e.g. Shovic and
Montagne 1985), but such models were not put into a framework for spatial
prediction until the early 1990s once computing power and raster technology were
sufficiently developed. Bell et al. (1994) were one of the first to do so. They created
maps of soil drainage class across a study area in Pennsylvania in the United States
using a soil-landscape model they had developed in previous work (Bell et al. 1992).

Bell et al.’s work, and others like it (e.g. Moore et al. 1993), represented an
alternative strategy for making spatial predictions of soil attributes and could be
seen as a demonstration of how Jenny’s fundamental concepts could be quantified
in a multivariate way. About the same time, other researchers anticipated that such
work would lead to better understanding of soil formation (McSweeney et al. 1994).
Efforts by other researchers soon followed. McKenzie and Austin (1993) realised
that multivariate soil-landscape models could lead to a new type of soil survey and
coined the term environmental correlation to describe the process. Skidmore et al.
(1991), Odeh et al. (1994), Lagacherie and Holmes (1997) and McKenzie and Ryan
(1999) are other early examples.

The fundamental idea is that in order to make a map describing the distribution
of a soil attribute across a given spatial domain, soil observations at points are
intersected with layers of environmental data, and a model of some structure
(frequently a regression model) is fitted to describe the relationship between the soil
observations and the environmental data. The model is then used to make predictions
of the soil attribute at unvisited sites, which are frequently the nodes of a raster grid
across the area of interest. This approach is necessarily quantitative and relies on the
assumption that the soil observations are correlated with the environmental data to
some degree.

During the mid-1990s researchers realised that the classical geostatistical
approach to soil spatial prediction could be merged with the environmental
correlation approach. The combined approach became known as regression-kriging
(Odeh et al. 1995). Regression-kriging can be summarised in three steps:

1. Calibrate an appropriate environmental correlation model using soil-landscape
data from observed sites, and make predictions of the target soil attribute at
unvisited sites.
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2. Compute the statistical residuals of the environmental correlation model at the
calibration sites, and interpolate the residuals at the unvisited sites,

3. If there is evidence of a spatial trend in the residuals, sum the residuals and the
environmental correlation prediction to arrive at a final prediction of the target
soil attribute at the unvisited sites.

Regression-kriging, when the regression component is a multiple linear regres-
sion model, is equivalent to universal kriging (Stein and Corsten 1991), or kriging
with external drift (Wackernagel 1998) or even kriging after de-trending (Goovaerts
1999). In such cases the soil attribute is some linear function of the predictors.
Regression-kriging differs from universal kriging when more complex models like
regression trees are used in practice.

12.2 Digital Soil Mapping

These various threads in soil spatial prediction research began to converge in the
early 2000s. Two seminal papers were published in 2003 that summarised historical
developments, albeit from different perspectives. Scull et al. (2003) wrote about
past research in soil spatial prediction from a physical geographic perspective and
coined the term predictive soil mapping to describe the general approach. About
the same time, McBratney et al. (2003) generalised the diversity of quantitative
mapping approaches into a framework they called scorpan, which uses a clorpt-like
framework not for mere explanation but rather empirical quantitative description of
soil-landscape relationships for the purpose of spatial prediction. They called these
activities digital soil mapping (DSM).

The scorpan framework is more formally known as scorpan-SSPFe,
which includes soil spatial prediction functions (SSPF) and autocorrelated errors
(e; McBratney et al. 2003). The scorpan factors are:

s: Soil, its classes or properties

c: Climate, including precipitation and temperature

o: Organisms, including vegetation, fauna and other factors of the biotic environ-
ment

r: Relief, or topography

p: Parent material, including lithology

a: Age

n: Space, or spatial position

The scorpan model is written as

Se =f(s,c,o,r,p,a,n)or S, =f(s,c,o,r,p,a,n)
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Table 12.1 Possible sources of information to represent the scorpan factors

scorpan factor | Possible representatives

Legacy soil maps, point observations, expert knowledge

Temperature and precipitation records

Vegetation maps, species abundance maps, yield maps, land use maps
Digital elevation model, terrain attributes

Legacy geology maps, gamma radiometric information

Weathering indices, geology maps

IS T T S oW ]

Latitude and longitude or easting and northing, distance from landscape
features, distance from roads, distance from point sources of pollution

where Sc is soil classes and Sp is soil properties or attributes. Considering soils are
sampled at spatial coordinates x, y at an approximate point in time, ¢, the model can
be expressed explicitly as

Slx,y, t1=f(slx,y, 1], clx,y, tl,olx,y, i1, rlx,y, ], plx, y, f,alx,y, tl,nlx,y, ,)
Soil (s) is included as a factor because soil can be predicted from its properties,
soil properties from its class or other properties (McBratney et al. 2003), as
earlier research has shown (e.g. McBratney and Webster 1983). This additional
soil information could be gathered from a prior soil map or from either remote or
proximal soil sensing or even expert knowledge. The n factor means that soil can be
predicted as a function of spatial position alone, as in the case of kriging, but it may
also be predicted as a function of the distance from some landscape feature such
as streams, hilltops, roads or point sources of pollution, etc. Information that may
represent the other scorpan factors is described in Table 12.1.

In the last 15 years, there has been a proliferation of high-resolution environmen-
tal spatial data, and many of these can be used to represent various scorpan factors.
Digital elevation models (DEMs; Minasny et al. 2008) and remotely and proximally
sensed data are two prominent examples (Mulder et al. 2011). Subsequently,
DSM techniques have been employed to build or populate spatial soil information
systems from relatively sparse datasets from the ground up (Lagacherie 2008). DSM
techniques have also been used to update or renew existing soil mapping (e.g.
Kempen et al. 2009, 2015; Nauman and Thompson 2014; Odgers et al. 2014).
Generally speaking, DSM is seen as a practicable framework for fulfilling the
current and future demand for relevant soil information (Sanchez et al. 2009). We
discuss the growth and operationalisation of digital soil mapping later in this chapter.

In practice, the creation of soil maps using the DSM approach was discussed
previously in the description of the environmental correlation and regression-kriging
approaches. Within some mapping domain, a set of new or existing soil observations
m are taken from explicit locations [x, y]. This is followed by fitting some
kind of mathematical or statistical function to a set of pedologically meaningful
environmental layers which are generally gridded raster layers of a given spatial
resolution. Once the model is fitted at the m observation points, the model is
extended to all grid cell nodes of the raster layers, giving a digital soil map. This
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three-component process is the hallmark of DSM (Minasny and McBratney 2016),
which entails (1) the input, (2) the modelling process and (3) the output.

This DSM approach is quite distinct from earlier notions of digital soil mapping
that simply involved the digitisation of conventional soil mapping via electronic
scanning. A more appropriate term for this would be digitised soil mapping.

12.2.1 Soil Spatial Prediction Functions

The modelling step is a crucial step in the digital soil mapping process and
fundamentally distinguishes it from digitised soil mapping. The form of the spatial
soil prediction function f() is usually determined at the outset of a digital soil
mapping project. When deciding which mathematical model is the most appropriate
for a given application, several factors are usually taken into account, including:

1. The operator’s familiarity with the model

2. The model’s ease of application in the context of the project, the availability of
covariates and the idiosyncrasies of the available soil information

3. The model’s complexity and its power to capture potentially complex soil-
landscape relationships within the target mapping domain

Many mathematical models are available to represent f(), and their development
continues with advances in statistical theory; McBratney et al. (2000, 2003) discuss
some important factors, and Hastie et al. (2009) review them in more detail.
Generally, some models, such as multiple linear regression or regression trees, are
suited to modelling continuous variables, whereas others, such as logistic regression
or classification trees, are suited to modelling ordinal or nominal categorical data.

Some of the simplest models are simple linear models with either ordinary or
generalised least-squares fitting. More complex models include generalised linear
and additive models (Hastie and Tibshirani 1990). Logistic regression models are a
type of generalised linear model suited to modelling categorical variables (Kempen
et al. 2009). Recursive partition models such as classification and regression
tree models are particularly favourable because of their non-parametric structure
and their capacity to deal with non-linear relationships between soil data and
environmental covariates (Breiman et al. 1984). For similar reasons neural networks
(Hastie et al. 2009) are often considered, as are advanced data mining or machine
learning algorithms such as Cubist models (Quinlan 1993b; http://www.rulequest.
com/), random forests (Breiman 2001), quantile regression forests (Meinshausen
2006) and support vector machines (Smola and Scholkopf 2004).

In terms of handling any spatial autocorrelation in the residual (e) that is likely
to result from fitting a scorpan model, a regression-kriging (alternatively scorpan
kriging; McBratney et al. 2003) or universal kriging methodology could be used.
Coupling a machine learning model with geostatistical modelling of the residuals
is also a generalised regression-kriging approach that is often used in digital soil
mapping studies (e.g. Malone et al. 2009).
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Lark et al. (2006) described a residual maximum likelihood-empirical best linear
unbiased predictor (REML-EBLUP) model. REML-EBLUP is intrinsically similar
to regression-kriging in that both are mixed models where the observed data are
modelled as the additive combination of fixed effects (the secondary environmental
data), random effects (the spatially correlated residuals e) and independent random
error. The difference is that REML estimates the parameters of the trend and
covariance functions without bias. These parameters are then used in the EBLUP, i.e.
a general linear mixed model. The statistical theory of REML-EBLUP is discussed
in Lark et al. (2006) and arose out of a need to rectify issues associated with normal
regression-kriging (the method proposed by Odeh et al. 1995) where estimation of
the variogram of residuals is theoretically biased (Cressie 1993). While regression-
kriging is an ad hoc method and may be theoretically suboptimal, the improvement
in prediction accuracy from REML-EBLUP has been demonstrated to be only small
when comparative analyses have been performed (e.g. Minasny and McBratney
2007).

The application of formal geostatistical modelling approaches to categorical
variables, such as soil classes, is relatively limited. Kempen et al. (2012) reminded
us that the popular methods for categorical prediction of soil types for the ultimate
creation of a digital soil type map—multinomial logistic regression, classification
tress, etc.—are actually nonspatial models, i.e. we do not consider spatial properties
of the target variable as we would do for continuous variables. Subsequently, they
explored a generalised linear geostatistical model framework that addressed this
issue. While the method they explored was geostatistically appealing, it was also
computationally cumbersome and ultimately did not yield significant accuracy gains
when compared to a nonspatial multinomial logistic regression model.

Overall, it is clear there are many potential models available to use for DSM,
and they can range from the very simple to the highly complex. Importantly,
most models are now freely accessible through open source software packages.
An example is the R computing software (R Core Team 2015) and the associated
caret package (Kuhn et al. 2016) where, as of March 2017, there are 448 types of
modelling algorithms available for both continuous and categorical target variables.
Although many of these will not be suited for DSM, a large number will be, and
algorithms will continue to be added to the caret package into the future.

12.2.1.1 Comparative Studies

A number of researchers have compared and contrasted suites of models for the
spatial prediction of soil classes and attributes with a view to identifying the
‘optimal’ model for a particular situation. For example, Taghizadeh-Mehrjardi et al.
(2016) evaluated the ability of six different models for mapping soil organic carbon
across a region in Iran. Brungard et al. (2015) performed a similar analysis for
mapping categorical variables in the south west of the United States, and Heung
et al. (2016) compared a number of machine learning algorithms for prediction of
soil classes in British Columbia in Canada. Generally speaking, the more complex
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models performed better than the simpler models. Reasons for this include that soil
data are often ill-suited for linear regression modelling because of non-normal or
unbalanced distributions, whereas this does not appear to be an issue for recursive
partitioning or machine learning-type algorithms. Secondly, the more complex
models are better at discovering patterns and non-linearity in the data that cannot
be easily discovered by simple linear modelling.

Despite this, there is a downside to this gain in predictive precision. First, the
more complex models require more parameters compared to the simpler models. In
turn, these parameters need to be optimised appropriately. Even for non-parametric
models such as regression trees and the related boosted regression algorithms,
the size and complexity of the fitted models can make them ultimately difficult
to interpret and cumbersome to apply spatially. Such complex models are often
referred to as black boxes, such that the practitioner is often not fully aware of their
inner workings. In situations like these, the model just becomes a processing object
where data is fed into it, processes it, and then outputs a computed result. The job of
the operator then is to interpret the computed result and describe the predicted target
variable spatial distribution in terms of the environmental variables that were used
as model predictors. Often such complex models will provide output that gives the
operator some idea of the importance of the predictor variables in the same way that
significance tests are used in linear models to distinguish good predictor variables
from poor ones. This information helps the operator to understand the strengths and
weaknesses of digital soil maps produced using the model.

12.2.1.2 Knowledge-Based Inference

An alternative to purely empirical modelling is knowledge-based inference (Zhu
and Band 1994). Knowledge-based inference enables the digital soil mapper to
integrate expert knowledge into the mapping process. One of the most well-known
knowledge-based tools is the soil-land inference model or SoLIM (e.g. Zhu et al.
1996, 1997, 2001). SoLIM allows an expert to manually build membership functions
that describe the presumed relationship between specific soil types and a range
of environmental and topographic variables. With these membership functions, the
expert is able to make predictions of soil type or properties at unobserved locations
via a weighted estimate that is based on an environmental similarity score to each
soil member. Subsequently, the appealing concept of fuzziness between soil objects
is maintained, as well as some quantitative means for assessing the uncertainty of
mapped predictions.

In similar work, Bui (2004) pointed out that the soil map legend, which is a
representation of the distilled knowledge of the soil surveyors’ mental model of
soil variation across a mapping domain, contains valuable and important structured
language that can be used for automating soil mapping if spatial coverage of
environmental predictors are available. Probably the closest empirical relative to this
approach is the decision tree type models, where data are recursively partitioned to
minimise some predictive variance.
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The idea of utilising existing soil mapping in new, quantitative, ways has
also found application in the spatial disaggregation of soil map units, where the
information contained in these map units can be downscaled in order to make spatial
predictions of the map units’ constituent soil types (e.g. Nauman and Thompson
2014; Odgers et al. 2014). Bayesian networks, described by Taalab et al. (2015),
also enable the operator to explicitly include expert knowledge. They are also able
to be tuned empirically. The methodology requires the need to first express prior
knowledge, in the form of probabilities, about the interaction between a target
variable and a set of environmental covariates. Using these prior probabilities
together with Bayesian inference, one is able to estimate either continuous or
categorical variables and then use the derived posterior probabilities as a quantitative
measure of uncertainty.

12.2.1.3 Uncertainty

It is relatively easy to quantify the accuracy of a digital soil map using a set of
soil observations held aside from the spatial modelling process for this purpose.
A range of statistical tests are available, and some of these are explored further in
Chap. 14. These statistics provide a global appraisal of model performance: that is,
they typically cannot tell us anything about the performance of a model at a specific
location in the prediction area.

On the other hand, the local appraisal of a model’s performance can be done
through examination of uncertainties, if they are available. Such uncertainties can
be quantified at each grid cell across the prediction area and are often expressed in
the form of a prediction variance or prediction interval for soil attributes (Malone
et al. 2011) or even probability estimate for soil classes (e.g. Odgers et al. 2014) or
exceedance thresholds (e.g. Brus et al. 2002; von Steiger et al. 1996).

Uncertainties may be computed using a range of methods. For example, it
is relatively straightforward to compute the kriging variance using geostatistics.
Minasny et al. (2011) demonstrated a model-based Bayesian approach. Bayesian
networks (Taalab et al. 2015) may offer a more expert-driven approach.

Machine-learning methods, and particularly those based on iterative resampling
and boosted model fitting, can provide empirical estimates of uncertainty. An
example here is the quantile regression forest algorithm that was used in France
by Vaysse and Lagacherie (2017).

Methods based on model perturbation through data resampling or bootstrapping
have been shown to be effective for quantifying uncertainties, particularly where the
number of model parameters is high, or for very large mapping extents the use of
model-based geostatistical approaches is computationally prohibitive. For example,
Viscarra Rossel et al. (2015) fitted complex Cubist models coupled with residual
kriging for spatial modelling of a number of soil properties across continental
Australia. Such an approach necessitated the use of bootstrapping to compute 90%
prediction intervals about the mapped predictions.
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Malone et al. (2011) demonstrated another empirical approach which is based
on data resampling and fuzzy k-means with extragrades. In their approach, the
environmental data space is partitioned into clusters which share similar model
errors. A prediction interval (PI) is constructed for each cluster on the basis of the
empirical distribution of residual observations that belong to each cluster. A PI is
then computed for each prediction grid cell according to the grade of its membership
to each cluster in the environmental data space. The approach is flexible because
the user is able to incorporate a complex model, such as a data mining model
with associated residual kriging, into the framework and also efficiently compute
prediction uncertainties across large spatial extents.

In quantifying prediction uncertainties, we explicitly acknowledge that a digital
soil map is not free from error. A major source of error is the sparseness of soil data,
both in the landscape space and the attribute space. Often the uncertainty created
by this error is of a magnitude that would preclude the use of a digital soil map
in many situations where fine precision is a requirement. Consequently, decisions
or policies developed on the basis of the mapping need to be made with a certain
amount of risk, although this risk can often be quantified. In order to reduce this
risk, the uncertainties may be used to prioritise data collection resources or direct
the application of alternative modelling approaches to improve the digital soil map
and reduce its uncertainty.

12.2.1.4 Case Study: Digital Soil Property Mapping

In this section we provide an example that demonstrates a typical digital soil
mapping workflow. We illustrate this workflow by fitting several different spatial
prediction functions that exemplify just a few of the models that may be considered
for DSM. The target variable in these examples is subsoil pH. The soil dataset
comprises of 506 observations collected from a small part of the lower Hunter Valley
region of New South Wales, Australia. For simplicity, the mapping is performed
across a small part (approximately 220 km?) of the area from which the samples
were collected. The spatial prediction functions we use in this example are (i)
multiple linear regression, (ii) Cubist models, (iii) Cubist models with kriging of
model residuals and (iv) random forest models.

A number of spatial datasets were assembled for this region; all were co-
registered from their original resolutions to a 25 m grid cell spacing; and all
were used as predictors or environmental covariates. In this example, these data
principally represent the r and o factors of the scorpan framework. The variables
representing r were derived from a digital elevation model, while those representing
o were derived from remotely sensed imagery captured by the Landsat 7 ETM+
satellite platform. These data are summarised in Table 12.2.

Some initial checks of the observed data are always performed to evaluate
their statistical properties and check their distribution (see Chaps. 2 and 3). Data
may need to be transformed so that their distribution becomes approximately
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Table 12.2 Environmental covariates used for digital soil mapping example. Covariates are all
co-registered to the same spatial resolution
scorpan factor | Source data Variable

r Digital elevation model Elevation, mid-slope position, multi-resolution
valley bottom flatness, terrain wetness index,
slope gradient, estimated incoming solar
radiation

o Landsat 7 ETM+ satellite | Landsat bands 1-5 and 7, normalised
data (retrieved Jan 2012) difference vegetation index (band 4 — band
3)/(band 4 + band 3))

normal. It is often necessary to remove outliers or obviously erroneous data. When
the covariate dataset is acceptable, a spatial intersection between it and the soil
observations is performed that retrieves the values of the covariate layers where
the soil observations are positioned.

Quantitative assessment of the performance of spatial prediction functions is a
distinguishing characteristic of DSM. According to Hastie et al. (2009), popular
model goodness-of-fit statistics include root mean square error (RMSE), mean
error (model bias), coefficient of determination (R2) and concordance correlation
coefficient (CCC; Lin 1989). Importantly, it is necessary to compute these statistics
using an independent test dataset in order to ensure that they are unbiased, to assess
the generalisation performance of a model and to provide guidance in regard to
selection of the optimal model. In a data-rich situation as recommended in Hastie et
al. (2009), it is required to divide a dataset into three parts: a training set, a validation
set and a test set. A typical split might be 50%, 25% and 25%, respectively, for each
of the datasets. The training set is used for model fitting, while validation and test
sets are used to evaluate to prediction and generalisation error, respectively. The test
set is ideally only used right at the end of an analysis once the ideal model has been
selected. In situations of data limitation, it is often recommended to implement data
reuse procedures for the validation set, where cross-validation and bootstrapping are
common examples of these (Hastie et al. 2009). In the proceeding examples, we split
the data 75% and 25% for training and validation sets, respectively. We evaluate the
goodness-of-fit functions of RMSE and CCC for the validation data for each of the
considered soil spatial prediction functions.

With respect to the considered models, the simplest, multiple linear regression
attempts to model the relationship between two or more explanatory variables and a
response variable by fitting a linear equation to observed data. A stepwise regression
is often implemented to filter out variables that don’t add to the performance of the
model. The Cubist model is a data mining algorithm which allows one to explore
non-linear relationships in observed data. It is similar to a typical regression tree
model in terms of it being a data partitioning algorithm. The Cubist model is based
on the M5 algorithm of Quinlan (1993b). The Cubist model recursively partitions
the data into subsets which are more internally homogeneous with respect to the
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target variable and covariates than the dataset as a whole. A series of rules defines
the partitions, and these rules are arranged in a hierarchy. Each rule takes the form:

if [condition is true]
then [regress]
else [apply next rule]

Each condition is based on a threshold for one or more covariates. For example,
the Cubist model of subsoil pH used regression on the covariates within that
partition. If the condition returns false, then the rule identifies the next node in the
tree to move to, and the sequence of if, then-else is repeated. The result is that a
separate regression equation is fit within each a threshold of <= 0.005 for MRVBF
for one of the rules in partitioning the input dataset. If the condition returns true
for this threshold, then the next step is the prediction of the target variable by OLS
partition, and the errors are smaller than they would be if a single regression was
fit to the entire dataset (Quinlan 1993b). Cubist models with residual kriging are
an enhancement to using just Cubist modelling alone. Here, after the Cubist model
has been trained, the model residuals (difference between observations and model
predictions) are retained in order to assess whether they display a spatial pattern
of their own (autocorrelation). This is assessed via variogram fitting to the residual
data, and then once a candidate model is selected, kriging ensues. Variogram fitting
could be performed locally for small neighbourhoods of data, or globally to all
available data, which is generally dependent on the amount of available data (see
Chap. 10). Ultimately, the regression model output and the kriged residuals are
then added together to result in a final prediction. Lastly, random forests are a
boosted decision tree model. Boosting is brought about via an ensemble learning
method for that operates by constructing a multitude of decision trees which are
later aggregated to give one single prediction for each observation in a dataset. One
is able to establish a reasonable idea of goodness of fit of the training model via what
is called ‘out-of-bag’ samples, which are data that are internally withheld during tree
building. Further information on the popular model can be found in Breiman (2001)
and Grimm et al. (2008) as an example of its application in DSM studies.

The relationship between target variable and spatial data is learned through the
model fitting stage. Once this has been realised, the parameters are then used to
predict the target variable across the mapping extent. Figure 12.1 shows the digital
maps that resulted from applying each of the models across the mapping extent.

From Fig. 12.1, subtle differences between the maps can be observed, but all
more or less show the same general spatial pattern. This may not always be the
case however for other DSM exercises. The information contained in Table 12.3
summarises the RMSE and CCC goodness-of-fit statistics for each of the models
both in terms of the training and validation datasets. It is generally the case that
goodness of fit to appear better for the training relative to validation. For the
MLR and Cubist model, this difference is minimal, indicating these models are
not overfitting, or, in other words, they appear to be generally applicable. Cubist
models with residual kriging results in the best predictions in terms of the validation.
The poorest model was the random forest, yet this model was the best in terms of
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Fig. 12.1 Subsoil pH mapping as a result of (a) multiple linear regression, (b) Cubist modelling,
(c) Cubist modelling with residual kriging and (d) random forest modelling

Table 12.3 Goodness of fit statistics for subsoil pH spatial models based on training and validation
datasets. (CCC) concordance correlation coefficient (RMSE) root mean square error

Training Validation

Cccc RMSE CCcC RMSE
Multiple linear regression 0.40 1.17 0.40 1.19
Cubist model 0.47 1.13 0.41 1.19
Cubist model with residual kriging 0.85 0.66 0.60 1.05
Random forest model 0.89 0.53 0.32 1.22

the training data. From this example, it is clear of the importance to assess model
goodness of fit via validation and not on the training data alone. The random forest
model gives the impression of being very accurate but is actually quite susceptible
to overfitting in this case.

12.2.1.5 Case Study: Digital Soil Class Mapping

The following example is used to demonstrate how soil classes may also be mapped
using digital soil mapping techniques. We illustrate two approaches using profile
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observations from across the Hunter Wine Country Private Irrigation District in
Pokolbin in the lower Hunter Valley, New South Wales, Australia (hereafter the
PID dataset), where the previous example was located. As in the previous example,
environmental conditions in the study area were represented by a range of terrain
attributes derived from a digital elevation model with a cell size of 25 x 25 m and by
spectral reflectance values derived from several bands of a Landsat 5 image captured
in October 2004, around the time the profiles were collected.

The PID dataset consists of 243 profiles allocated to the suborder level of the
Australian Soil Classification (ASC; Isbell 1996) although the predictions presented
here are made to order level. The dataset is unbalanced with respect to profile
class since soils belonging to the Dermosol order (55% of observations) dominate
the study area, whereas soils such as Calcarosols (1 observation) occur much
more sparsely. The data were randomly split into a calibration dataset (75% of
observations) and a validation dataset (25% of observations). We illustrate both
approaches here using the same calibration and validation datasets.

Classification trees may be used to calibrate a set of observations of soil profile
class to a set of environmental covariates. The C5.0 (or See5) algorithm (based
on Quinlan 1993a) is one of the more popular classification tree algorithms and
operates in a similar manner to the Cubist algorithm, a major difference being
the leaves of classification trees are predictions of a single class, not a regression
equation. Application of a C5.0 classification tree to the PID dataset yielded the
predictions of ASC order in Fig. 12.2a.

Multinomial logistic regression (MNLR) is used to model relationships between
a categorical variable and a set of numerical predictors. More specifically, the
log odds of the outcomes (classes) are modelled as a linear combination of the
predictors. The end result is not only a prediction of the most probable class but also
the underlying probabilities of occurrence of all the classes being modelled. Figure
12.2b contains the most probable ASC orders, and Fig. 12.3 contains predictions of
the probabilities of occurrence of several ASC orders.

The maps in Fig. 12.3 are generally similar to each other. Three features are
readily apparent: (i) Dermosols and, to a much lesser extent, Chromosols dominate
the slopes under viticultural and grazing use throughout the central part of the
private irrigation district; (ii) Kurosols are predicted under native woodland on the
periphery of the district; and (iii) less structured and less developed soils such
as Kandosols, Rudosols and Tenosols are predominant along drainage lines and
rugged slopes particularly in the southwest of the private irrigation district. In broad
terms the spatial distribution of soil orders as represented by these predictions
fits well with what we have experienced in the field although neither map is a
perfect depiction of reality. Dermosols are probably overpredicted in both maps,
and the diversity of patterns along the southwestern escarpment between both maps
warrants further investigation. In addition each map has its own pros and cons: for
example, while the multinomial logistic regression predictions better captured the
soil variability along drainage lines, Chromosols were possibly better predicted in
the classification tree map. Furthermore, it is known that soils like Sodosols and



12 Digital Mapping of Soil Classes and Continuous Soil Properties 389

(a) Classification tree prediction (b) Multinomial logistic regression
prediction (most probable ASC order)

012345km ASC Order - Chromosol - Kurosol
- [ Anthroposol [ | Dermosol [l Rudosol

Bl calcarosol [l Kandosol [ Tenosol
[

Fig. 12.2 Soil class predictions for the Hunter Wine Country Private Irrigation District using
(a) a classification tree and (b) a multinomial logistic regression model

Hydrosols occur in relatively minor extent in some marginal lands in low-lying parts
of the private irrigation district. These soils were not sampled in the PID dataset and
so were unable to be predicted by either model.

The predictions in Fig. 12.2 were validated using the validation dataset of 25%
of the PID profiles. It is convenient to summarise the results of a validation in a
confusion matrix. The confusion matrix for the validation of the classification tree
predictions is presented in Table 12.4 and that for the multinomial logistic regression
is presented in Table 12.5. The overall accuracy—that is, the proportion of validation
profiles whose ASC order was predicted correctly—is computed as the sum of the
elements on the major diagonal divided by the total number of validation profiles.
Thus the overall accuracy, A,, of the classification tree predictions is

A (0+0+1+26+0+2+0+0
O:

x 100 = 47.5%
61

The overall accuracy of the multinomial logistic regression predictions is 50.1%.
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(b)

Probability
012345km - 0.0
1.0

Fig. 12.3 Probabilities of occurrence from a multinomial logistic regression model for (a)
Dermosols, (b) Kandosols and (¢) Kurosols

Table 12.4 Confusion matrix for external validation of classification tree predictions of ASC
order

Observed ASC order Row sum
AN |CA |CH DE KA |KU |RU |TE
Predicted ASC order | AN |0 0 0 0 0 0 0 0 0
CA |0 0 0 0 0 0 0 0 0
CH |0 0 1 2 0 0 1 0 4
DE |0 0 12 |26 |3 4 1 0 46
KA |0 0 0 0 0 0 0 0 0
KU |0 0 3 6 0 2 0 0 11
RU |0 0 0 0 0 0 0 0 0
TE |0 0 0 0 0 0 0 0 0
Column sum 0 0 16 34 |3 6 2 0 61

AN Anthroposol, CA Calcarosol, CH Chromosol, DE Dermosol, KA Kandosol, KU Kurosol, RU
Rudosol, TE Tenosol

The overall accuracy does not indicate how the accuracy is distributed across the
individual soil orders. There are two ways to look at this: (i) from the perspective
of what we would expect the map to tell us based on what we observe in the field
and (ii) from the perspective of what we would expect to see at a site in reality
based on examination of the map. A measure that quantifies accuracy in the former
case is frequently known as the producer’s accuracy and in the latter case the user’s
accuracy (Story and Congalton 1986; Congalton 1991). For a given soil order, the
producer’s accuracy is computed by dividing its value on the major diagonal of
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Table 12.5 Confusion matrix for external validation of multinomial logistic regression predic-
tions of ASC order

Observed ASC order Row sum
AN |CA CH [DE KA KU |RU |TE
Predicted ASC order | AN |0 0 0 0 0 0 0 0 0
CA |0 0 0 0 0 0 0 0 0
CH |0 0 1 1 0 0 0 0 2
DE |0 0 13 28 |2 5 1 0 49
KA |0 0 1 0 1 0 0 0 2
KU |0 0 0 2 0 1 1 0 4
RU |0 0 0 2 0 0 0 0 2
TE |0 0 1 1 0 0 0 0 2
Column sum 0 0 16 34 |3 6 2 0 61

AN Anthroposol, CA Calcarosol, CH Chromosol, DE Dermosol, KA Kandosol, KU Kurosol, RU
Rudosol, TE Tenosol

Table 12.6 User and producer’s accuracies for predictions of Australian Soil Classification order

AN |CA |CH |DE KA |KU |RU |TE

User’s accuracy (%) C5.0 NA |NA |250 (565 |NA 182 |[NA | NA
MNLR |NA |NA |50 57.1 |50.0 [25.0 [0.0 |0.0

Producer’s accuracy (%) | C5.0 NA |NA |63 76.5 0.0 333 |00 |MNA
MNLR |NA |NA |63 824 |333 167 |00 |NA

AN Anthroposol, CA Calcarosol, CH Chromosol, DE Dermosol, KA Kandosol, KU Kurosol, RU
Rudosol, TE Tenosol

the confusion matrix by the corresponding column sum and multiplying by 100.
Likewise, its user’s accuracy is computed by dividing its major diagonal value by
the corresponding row sum and multiplying by 100.

Values of the user’s and producer’s accuracies are presented in Table 12.6. They
may be interpreted as follows (after Congalton 1991): 33.3% of the time, a site
observed to be a Kurosol was predicted as such by the classification tree map;
on the other hand, 18.2% Kurosol classification tree map predictions turn out to
be Kurosols in reality. According to Table 12.6, the map of multinomial logistic
regression predictions is generally more accurate than the map of classification
tree predictions. Several features of Table 12.6 are notable. Some user’s accuracies
are reported as NA because the relevant ASC orders were not predicted in the
given map. The number of user’s accuracy NAs varies between the C5.0 and
MNLR validations because the models do not make identical predictions. Some
producer’s accuracies are reported as NA because the relevant ASC orders were
present in the calibration dataset but not in the validation dataset. The number of
producer’s accuracy NA values is the same for both maps because they share the
same calibration dataset.
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12.2.2  Soil Depth Functions and Digital Soil Mapping

Soil survey, soil classification and conventional mapping of soils consider soil as a
three-dimensional (3D) entity or body (Hole 1953). In the words (or to that effect) of
American pioneering soil scientist Charles E. Kellogg: ‘soils have shape and area,
breadth and width, as well as depth’ (Kellogg 1949). Most initial DSM research
tended to focus only on the 2D sense of this general concept where predictions
of soil property variation were made for single depth intervals or horizons (and
predominantly only from the top soil) (Grunwald 2009). In fact, Grunwald (2009),
who reviewed 90 journal articles from high impact soil science journals, found that
28% of reviewed studies performed scorpan modelling for multiple soil layers or
horizons. Since the review by Grunwald (2009), however, an active area of research
in DSM has been the exploration of approaches for mapping of soil depth functions
of continuous variables which is discussed in more detail further on. As an aside,
the DSM of soil classes is an exception for 3D soil mapping and has much utility
because a number of soil properties can be inferred from one classification which
are usually derived from the modal profile of each class. However, the problem with
mapping soil classes is that the soil properties vary discretely in the taxonomical
space which may be problematic as soil variability across a mapping domain will
appear as a stepped function rather than a fully continuous function (Webster and
Oliver 20006).

It is quite a sensible undertaking to attempt to map the variation of soil properties
in both the lateral and vertical dimensions. Understanding the carbon sequestration
potential of soil and for carbon accounting (Bajtes 1996; Lal 2004), determining
the amount of water soils can hold across a field or even a watershed, determining
the depth to an impeding layer for crop growth across a farm and investigating soil
acidity (just to detail a few examples) will most likely require some understanding
of how soil properties vary with depth. Ponce-Hernandez et al. (1986) describe
that soil properties vary more or less continuously with depth. The variation is
often anisotropic for certain properties such as carbon (Hiederer 2009) and soil
texture (Myers et al. 2011), which may be the result of land use activity or the
gravitational vector of profile weathering and development or both (Hole 1961).
Exceptions to continuous soil property variation with depth is where there is
strong anthropogenic (cultivation, removal and replacement of soils), geologic
(contrasting parent materials) and pedological (the development of clear and abrupt
soil horizons) forcing for which sharp discontinuities in the depth distribution of
soil properties will occur.

Empirical functions describing the depth distribution of soil properties include
linear and polynomial functions (Colwell 1970; Moore et al. 1972) and exponential
and logarithmic functions (Russell and Moore 1968). Myers et al. (2011) introduced
an asymmetric peak function for modelling complex and anisotropic soil property
depth profiles with horizons of weathered loess. Smoothing splines for soil property
variation were introduced by Erh (1972) which was followed by work from Ponce-
Hernandez et al. (1986) and mathematical derivation by Bishop et al. (1999) of
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pycnophylactic (mass preserving) smoothing splines. The mass-preserving splines
model the continuous variation of soil properties with depth while maintaining the
average of the observed property through the observed horizons or layers. Bishop et
al. (1999) demonstrated successfully the application of the mass-preserving spline
for a number of soil properties with much success. The proviso for a ‘good fit’ is
that a sufficient number of observations at regular depths are required. Many of these
depth functions are described in Chap. 9.

The coupling of soil depth functions with DSM seems an intuitive advance
towards understanding soil variation in all its spatial dimensions. A study by
Minasny et al. (2006) used the negative exponential depth function to describe
soil carbon concentration variation with depth in the Edgeroi area, Australia. The
authors modelled the parameters of the exponential function using a modified
neural network approach, then predicted parameters of the exponential function over
the whole area, which enabled them to calculate the carbon distribution over the
profile and also the storage of carbon at any depth. Mishra et al. (2009) fitted an
exponential function to soil profile data from Indiana, USA, and then interpolated
the parameters independently using ordinary kriging. Meersmans et al. (2009)
performed something similar and developed empirical functions which predicted the
parameters of the exponential depth function for the area of Flanders in Belgium.
The functions were stratified based on land use, and the parameters were related
to particle size distribution and height of groundwater. Veronesi et al. (2012) used
a polynomial soil depth function for predicting soil penetration resistance. The
coefficients of the depth function were modelled spatially via a REML-EBLUP
geostatistical model.

Malone et al. (2009) described a regression-kriging approach using neural
networks coupled with the Bishop et al. (1999) mass-preserving spline for mapping
available water capacity and soil carbon stocks in Australia. The approach is
performed in two steps with the first being the standardisation of depth intervals
given a collection of soil profile data with the spline. Integrating the spline for the
specified depth intervals, for example, 0-5 cm, 5-15 cm, 30-60 etc., an average
value was defined for each depth for each soil profile. Not only are these values the
predicted means for a specified depth interval but are also parameters of the spline
function that can be used for subsequent refitting and soil information interrogation.
After the splines are fitted, for each specified depth interval, a spatial model is fitted
which is then ultimately used for mapping. With such a coupling of depth function
and DSM, Malone et al. (2009) were able to generate scenarios such as the depth
at which the cumulative total of soil carbon was equal to 5 kg m™2. The mass-
preserving spline in concert with DSM is widely used throughout the world with
salient examples being Adhikari et al. (2013) for national scale mapping in Denmark
and both Kidd et al. (2015b) and Viscarra Rossel et al. (2015) where spatial extents
were the state of Tasmania, Australia and continental Australia, respectively.

Poggio and Gimona (2014) describe a one-step approach to 3D digital soil
mapping using a hybrid GAM geostatistical model for carbon stocks in Scotland.
One-step approaches are naturally appealing as it reduces the complexity of
workflow. With the Poggio and Gimona (2014) approach, they are able to refrain
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from standardising soil prediction depth intervals, i.e. use the actual observed
values, and then model the 3D soil variability trend with a GAM and an associated
3D smoother with related covariates. The one-step approach was also appealing
to Orton et al. (2016), who introduced an area-to-point kriging methodology. This
model was able to include all the data in one statistical analysis and importantly
maintained the integrity of the soil profile data support as well as providing an
explicit methodology for quantifying the uncertainty of the fitted soil depth function.
Hengl et al. (2014) described a similar 3D geostatistical model except information
regarding the support of the soil profile observation was not considered. In their
global study, they assumed a point support soil depth function by fitting splines to
the values at mid-depths of observed soil horizons or depth intervals.

Kempen et al. (2011) developed a depth function that combines general pedo-
logical knowledge with geostatistical modelling. They modelled the distribution of
soil organic matter content based on typical horizons from ten soil types. Five depth
function building blocks were defined, and for each soil type, the depth function
structure was obtained by stacking a subset of modelled horizons. The parameters
of the depth function for each of the horizons were interpolated using a geostatistical
procedure combining environmental information.

One of the limitations for 3D DSM, particularly of using equivalents of the
negative exponential depth function, is that the function is only useful for certain soil
properties, such as soil organic carbon, that naturally have that type of anisotropic
variation down the soil profile. Polynomial soil depth functions also need to be
considered carefully because the value at one depth will affect the fit of the curve
at other depths too. Additionally, while pedologically the most appealing approach,
the horizon depth function method from Kempen et al. (2011) could be limiting
because its application is limited to the spatial extent in which it was developed or
otherwise in similar landscape contexts or soil types.

A general method, i.e. one that can be extended to a variety of soil properties and
can cope to some extent with discontinuous variation in soil properties, is the mass-
preserving spline method described in Bishop et al. (1999). The mass-preserving
features of this function are also appealing, particularly in instances where auditing
of soil variables (e.g. carbon stocks) is required. In contrast, specifying a depth
function based on midpoints observations as Hengl et al. (2014) proposed in their
one-step 3D geostatistical modelling approach would be of limited use where the
context for spatial soil mapping is for auditing purposes.

12.2.3 The Many Faces of Digital Soil Mapping

While most application of DSM is based in the using of observed soil point data
coupled with environmental covariates and a spatial predictive model function,
it is certainly not restricted to this nature of available data. For example, some
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Fig. 12.4 Decision tree of digital soil mapping approaches (Adapted from Minasny and McBrat-
ney 2010)

previous discussion of soil map disaggregation has been made where mapping units
are disaggregated into their constituent classes or series whose spatial pattern is
determined by a spatial prediction function.

Before exploring that concept in further detail, it is worth pointing out the various
possible scenarios that could be encountered for DSM. These scenarios are framed
nicely by Minasny and McBratney (2010), who presented a decision tree for DSM
methodology on the basis of the nature of available legacy soil data (Fig. 12.4).
This tree was proposed as a general framework to aid in the delivery of a digital
global soil map product. It can be viewed though as guidance to practitioners in
‘what do I do?’ situations. Once the practitioner has defined an area of interest,
and assembled a suite of environmental covariates for that area, depending on
what available data there is to use, there are suggested approaches that could be
implemented for delivering digital soil maps. The most common approach obviously
is scorpan kriging and is performed exclusively when there is only point data but
can be used also when there is both point and map data available. The idea here is
that a fusion between scorpan kriging and soil map disaggregation is made via a
combinatorial approach such as model averaging. Malone et al. (2014) exemplified
such a procedure in an area of Queensland, Australia. The options are quite different
when there is only soil map information available. Bear in mind that the quality
of the soil maps depends on the scale and subsequently variation of soil cover,
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such that smaller-scaled maps, e.g. 1:100,000, would be considered better and more
detailed than large-scaled maps, e.g. 1:500,000. The elemental basis for extracting
soil properties from legacy soil maps comes from the central and distributional
concepts of soil mapping units. For example, modal soil profile data of soil classes
can be used to quickly build soil property maps. An early example of this is the
multilayer soil characteristics dataset for the conterminous United States (CONUS-
SOIL), which has been and continues to be used in many climate, hydrology and
land surface models (Miller and White 1998). Where mapping units consist of
more than one component, we can use a spatially weighted means type method,
i.e. estimation of the soil properties is based on the modal profile of the components
and the proportional area of the mapping unit each component covers, e.g. Odgers
et al. (2012). As a pre-processing step prior to creating soil attribute maps, it may
be necessary to harmonise soil mapping units (in the case of adjacent soil maps)
and/or perform some type of disaggregation technique in order to retrieve the map
unit component information. Some approaches for doing so have been described in
Bui and Moran (2003).

More recently, research into the spatial disaggregation of soil map units has
emerged as a means of downscaling choropleth soil mapping. Many studies have
been published in the last several years (e.g. Héring et al. 2012; Kerry et al.
2012; Odgers et al. 2014; Subburayalu et al. 2014; Thompson et al. 2011). For
example, the DSMART algorithm (Odgers et al. 2014) spatially disaggregates a
choropleth map by iteratively resampling it to build a series of classification trees
that create realisations of the potential soil class distribution. The realisations of
the soil class distribution are merged to estimate the probabilities of occurrence
for all the soil classes in the choropleth map area. The DSMART algorithm has
been used to spatially disaggregate the legacy soil mapping coverage of large river
catchments (Odgers et al. 2014), the French region of Brittany (Vincent et al. 2016),
the Australian state of Western Australia (Holmes et al. 2015) and the contiguous
United States (Chaney et al. 2016). The spatially disaggregated soil mapping can
then be used to map soil properties. For example, Odgers et al. (2015b) introduced
the PROPR algorithm which takes probability outputs from DSMART together with
modal soil profile data of given soil classes, to estimate soil attributes and associated
uncertainties.

How do we do digital soil mapping in an area that doesn’t have any soil data? In
such areas (‘recipient’ areas), it may be possible to extrapolate using a model that
was constructed in an area with plentiful soil data (a ‘donor’ area). The rationale,
called homosoil (Mallavan et al. 2010; Minasny and McBratney 2010), is that if
the recipient area is sufficiently homologous to the donor area with respect to the
strength and expression of soil-forming factors, then perhaps extrapolation can be
made without an unacceptable degree of uncertainty. Identification of potential
donor areas is based on the computation of the similarity to the recipient area in
terms of the relevant soil-forming factors. Malone et al. (2016) provided a real-
world application which compared different extrapolation functions.
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12.2.4 Operationalisation of Digital Soil Mapping

Although numerical methods have been available for several decades now, the
operationalisation of digital soil mapping has really only been talked about for
about the last 10 years (e.g. Grunwald et al. 2011; Lagacherie and McBratney 2007,
Sanchez et al. 2009). Nevertheless it is becoming an important tool in mainstream
soil survey work, and several important projects have been completed in the last
few years, including the Soil and Landscape Grid of Australia (Grundy et al. 2015)
and the enterprise suitability mapping programme in Tasmania (Kidd et al. 2014,
2015a). Not all operational work has focussed on the development of digital soil
maps ab initio. For example, government-sponsored work has led to the updating of
legacy maps using digital techniques (e.g. Kempen et al. 2009). Agencies in other
jurisdictions are working to integrate digital soil mapping methods with existing
survey procedures (e.g. Hewitt et al. 2010; Moore et al. 2010).

12.3 GlobalSoeilMap

12.3.1 Origins: From Pedometric Practice to Global Product

Soil mapping at the global extent is not a recent or new endeavour. The FAO-
UNESCO soil map of the world (FAO-UNESCO 1988) was the first published
(1981) world soil map and used a single map legend that accounted for the global
diversity of soils. During the 2nd Global Workshop on Digital Soil Mapping in Rio
de Janeiro in 2006, a proposal for a new global grid of the most important soil
functional properties was made. Later that year, the GlobalSoilMap.net consortium
was formed with the aim of making a new, high-resolution digital soil map of
the world using state-of-the-art and emerging technologies. The consortium was
inspired in part because of ‘policy-maker’s frustrations’ about not being able to
get quantitative answers to questions such as how much carbon is sequestered or
emitted by soils in a particular region? or what is its impact on biomass production
and human health? or how do such estimates change over time? (Sanchez et al.
2009).

12.3.2 Technical Specifications of GlobalSoilMap

The technical specifications of GlobalSoilMap are laid out in the specifications
document (Arrouays et al. 2014b). That publication articulates not how digital soil
maps should be created but the standard to which they should conform to in order to
permit collation for the assemblage of a global product. This specification promotes
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innovation in digital soil mapping practice and recognises that practitioners may
prefer certain methods and that different methods may perform better in different
environments.

Key aspects of the specifications include the spatial entity such as the data
support and resolution at which mapping should be created, the soil properties
to be predicted, the date associated with their prediction as well as an explicit
communication of the prediction uncertainty and accuracy. Other aspects include
documentation standards and reproducibility and the data release policy. The
following paragraphs will discuss these technicalities in more detail which is
sourced from Arrouays et al. (2014b) and Arrouays et al. (2014a).

12.3.2.1 Raster Specifications

GlobalSoilMap products will be delivered as raster grids with cell dimensions of
3 arcseconds x 3 arcseconds. The resolution was chosen in order to match the 3-
arcsecond Shuttle Radar Topography Mission (SRTM) DEM since elevation is a
fundamental environmental covariate and the DEM extent accounts for most of the
habitable surface of the Earth.

The horizontal datum of GlobalSoilMap products will be WGS84 (geographic),
and the vertical datum will be EGM 96.

12.3.2.2 Tiered Products

The GlobalSoilMap specifications identify four tiers of product. Tier 1 products
could be thought of as ‘entry-level’ products not with respect to quality but with
respect to the complexity of the methods involved in producing them. The higher
tiers are hierarchical in the sense that they build on products produced to a lower-
tier specification, particularly with respect to validation and uncertainty analysis.

It is expected that mapping products meeting Tier 1 or Tier 2 specifications can
be derived entirely from legacy soil information. It is possible that collection of
additional soil data will be required in order to successfully complete a Tier 3 or
Tier 4 product.

12.3.2.3 Soil Attributes

Soil attribute predictions will be made at six depth intervals in the soil profile: 0—
5 cm, 5-15 cm, 15-30 cm, 30-60 cm, 60-100 cm and 100-200 cm. The values
of 12 attributes will be predicted at each prediction location; they are described in
Table 12.7.
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Table 12.7 GlobalSoilMap soil attributes (Arrouays et al. 2014a)

Soil attribute Units Description

Soil depth

Depth to rock cm Depth to lithic or paralithic contact (Soil Survey Staff
(1993))

Plant-exploitable cm Effective depth as defined in Soil Survey Staff (1993)

depth

Primary soil

properties

Organic carbon gkg™! Mass fraction of carbon by weight in <2 mm fraction as

determined by dry combustion at 900 °C
pH pH of 1:5 soil-water suspension

Clay content gkg™! <2 pm fraction of <2 mm soil material determined
using pipette method

Silt content gkg™! 20-50 pm fraction of <2 mm soil material determined
using pipette method

Sand content gkg™! 50 pm-2 mm fraction of <2 mm soil material
determined using pipette method

Coarse fragments m? m—3 Mass fraction of soil material >2 mm

Effective cation mmol, kg~! | Cations extracted using BaCl, plus exchangeable Al

exchange capacity and H

Derived soil

properties

Bulk density Mg m™3 Bulk density of whole soil, including coarse fragments,
equivalent to the core method but determined using
pedotransfer function

Bulk density Mg m™3 Bulk density of <2 mm fraction, equivalent to the core
method but determined using pedotransfer function

Available water mm Determined by pedotransfer function using previous

capacity predictions of organic carbon, sand, silt, clay and bulk

density

It is left to individual jurisdictions to determine whether additional soil attributes
are worth predicting. For example, the Soil and Landscape Grid of Australia, which
is Australia’s initial contribution to GlobalSoilMap, includes total N and total P in
addition to the attributes identified in Table 12.7 (Grundy et al. 2015).

Definitions and methods of soil analysis for most soil properties are in accor-
dance with Annex 1—Methods for Soil Analysis (ISO standards) of the FAO report
outlining the World Reference Base for Soil Resources (IUSS Working Group WRB
2007). Particle size limits conform to the USDA system. Soil properties that are not
routinely measured will be predicted with region-specific pedotransfer functions.
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12.3.2.4 Uncertainty

It is intended that soil attribute predictions will be accompanied by an estimate of
their uncertainty at each prediction location. Although the benefit of uncertainty
information is clear, and research into the uncertainty of soil maps is not new,
its incorporation in the specifications of a soil mapping project of this extent is
unprecedented. It has directly inspired further research (e.g. Helmick et al. 2014;
Malone et al. 2014).

Tier 1 and Tier 2 specifications require uncertainty to be expressed as the upper
and lower limits of a 90% prediction interval about the soil attribute predictions, and
a range of studies have shown how this may be accomplished (e.g. Helmick et al.
2014; Malone et al. 2011; Odgers et al. 2015a; Padarian et al. 2017).

12.3.3 Examples of the GlobalSoilMap Product: What Has
Been Achieved So Far?

The GlobalSoilMap project has stimulated a large amount of research since its
inception. Some of the first efforts are described in Boettinger et al. (2010) and
Minasny et al. (2012). The first GlobalSoilMap conference was held in Orléans,
France, in 2013 with the aim of showcasing GlobalSoilMap-inspired research.
The proceedings of this meeting are published in Arrouays et al. (2014c). In the
following sections, we will describe a few GlobalSoilMap products in more detail.

GlobalSoilMap products have been produced for many regions, including Aus-
tralia (e.g. Soil Research 53(8), 2015), Chile (Padarian et al. 2017), Denmark
(Adhikari et al. 2013, 2014), Europe (de Brogniez et al. 2015; Ballabio et al. 2016),
France (Lacoste et al. 2016; Mulder et al. 2016), South Korea (Hong et al. 2012)
and the United States (Bliss et al. 2014; Hempel et al. 2014; Odgers et al. 2011);
Fig. 12.5 shows maps of 0-20 cm soil texture fractions.

Australia is currently one of the countries that is leading the GlobalSoilMap
effort in producing nationwide soil attribute maps, using soil legacy data and new
soil property estimates derived from vis-NIR soil spectra (Viscarra Rossel et al.
2015). Australia’s contribution is produced under the Soil and Landscape Grid of
Australia (SLGA) and is publically available online via the following web service
architecture: www.csiro.au/soil-and-landscape-grid. Figure 12.6 shows an example
of how the new product compares to existing Australia wide soil attribute maps. It
becomes clear that the new Soil Grid of Australia is more accurate and contains less
artefacts and generally represents the variability of soils across the country better.

Spatial disaggregation of soil class maps employing the DSMART algorithm has
been applied on the national scale (e.g. POLARIS, United States; Chaney et al.
2016), state level (e.g. Western Australia; Holmes et al. 2015) and regional scale
(e.g. Dalrymple Shire central Queensland, Australia; Odgers et al. 2014). Figure
12.7 shows an example on the regional scale. Here, DSMART was used to sample
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Fig. 12.6 Comparing maps of clay content for the 0-30 cm layer derived by attribution of clay
content to polygons from the atlas of Australian soil (AAS); area-weighted means where the level
of detail depends on the survey coverage in each region (ASRIS); and depth-weighted average to
30 cm from the fine spatial resolution multi-scale maps of the Soil and Landscape Grid of Australia
(SLGA). Blue areas on the maps represent lakes and other inland water bodies (Reproduced from
Viscarra Rossel et al. (2015), with permission from CSIRO Publishing)
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Fig. 12.7 (a) Probability surfaces for three of the 72 Dalrymple Shire soil classes, created by
running DSMART on the 3058 soil polygons for n = 100 iterations at m = 15 sampling points per
polygon. (b) Zoomed-in view (Changed after Odgers et al. 2014)

soil class polygons of a legacy soil map and subsequently derives potential soil class
distributions via a classification tree. This was done through a number of realisations
to estimate the probability of occurrence of an individual soil class (Fig. 12.7a).

Estimates were conducted on a raster grid to overcome some of the limitations of
the discrete polygon boundaries of the original soil legacy map (see Fig. 12.8 which
shows the most probable soil class).
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Spatial disaggregation of soil classes employing the PROPR algorithm has also
been applied on the state level (e.g. Western Australia; Odgers et al. 2015a) and
regional scale (e.g. Dalrymple Shire central Queensland, Australia; Odgers et al.
2015b). This approach is useful when sufficient soil profile point observations are
limiting but where soil legacy polygon maps are available.

12.3.4 Uses of GlobalSoilMap Products

As outlined earlier the intention behind the GlobalSoilMap effort is to provide high-
resolution soil attribute maps that can ultimately be used in a variety of applications.
Sanchez et al. (2009) emphasised that ‘maps can provide soil inputs (e.g. texture,
organic carbon and soil-depth parameters) to models predicting land-cover changes
in response to global climatic and human disturbances’. Here, we will discuss a few
examples.

Maps of more readily available soil properties can be used to estimate other
more costly or difficult to measure soil attributes. For example, Ballabio et al.
(2016) used soil texture maps (%clay, %silt and %sand) created using topsoil
data from the European land use and cover area frame statistical survey (LUCAS)
(refer to Fig. 12.5) to derive bulk density, USDA soil texture classes and AWC.
These soil attributes may then be employed to assess the C sequestration potential
of topsoils (bulk density), assess the soil-water holding potential of agricultural
soils for informed soil management or estimate soil compaction hazards (texture
classes). High-resolution soil attribute maps can also be employed for monitoring
and forecasting of biophysical properties. More explicitly, these soil attribute maps
may be used as input soil information to drive physical system simulation models
(e.g. crop simulation models such as APSIM) or for land suitability assessment.

A nice example of the use of fine-resolution 3D soil attribute maps in land
suitability assessment that contributed to the GlobalSoilMap effort in Australia
(Kidd et al. 2015b) comes from Tasmania, Australia, and is outlined in Kidd et
al. (2015a). Here, digital soil assessment was used to inform on the agricultural
land suitability of 20 different crops (perennial horticultural, cereal and vegetable
crops) in a new irrigation scheme ‘Water for Profit Program’ commissioned by the
Tasmanian state government. Together with 3D soil attribute maps (80 x 80 m),
climate grids (e.g. growing degree days and frost risk) were applied to a range
of defined enterprise suitability rulesets to produce enterprise suitability maps.
All maps created are stored on a publically available spatial Internet portal
(Land Information Services Tasmania, LISTmap https://www.thelist.tas.gov.au/app/
content/data#) and can be used interactively to perform a range of land management-
based assessments, such as identifying limiting soil and climate conditions. Outputs
also include an enterprise versatility index; and the highest-valued agricultural land
for the highest earning potential for individual commodities can also be identified
with the product.


https://www.thelist.tas.gov.au/app/content/data

406 B.P. Malone et al.

References

Adhikari K, Kheir RB, Greve MB, Bgcher PK, Malone BP, Minasny B, McBratney AB, Greve MH
(2013) High-resolution 3-D mapping of soil texture in Denmark. Soil Sci Soc Am J 77:860-876

Adhikari K, Hartemink AE, Minasny B, Bou Kheir R, Greve MB, Greve MH (2014) Digital
mapping of soil organic carbon contents and stocks in Denmark. PLoS One 9:¢105519

Arnold RW (2006) Soil survey and soil classification. In: Grunwald S (ed) Environmental
soil landscape modeling: geographic information technologies and Pedometrics. Taylor and
Francis, Boca Raton, pp 37-60

Arrouays D, Grundy MG, Hartemink AE, Hempel JW, Heuvelink GBM, Hong SY, Lagacherie P,
Lelyk G, McBratney AB, McKenzie NJ, Mendonca-Santos MDL, Minasny B, Montanarella
L, Odeh IOA, Sanchez PA, Thompson JA, Zhang G-L (2014b) GlobalSoilMap: toward a fine-
resolution global grid of soil properties. Adv Agron 125:93-134

Arrouays D, McBratney A, Minasny B, Hempel J, Heuvelink G, MacMillan R, Hartemink A,
Lagacherie P, McKenzie N (2014c) The GlobalSoilMap project specifications. In: Arrouays
D, McKenzie NJ, Hempel J, de Forges AR, McBratney AB (eds) GlobalSoilMap: basis of the
global spatial soil information system. CRC Press, London, pp 9-12

Arrouays D, McKenzie NJ, Hempel J, de Forges AR, McBratney AB (eds) (2014a) Global-
SoilMap: basis of the global spatial soil information system. CRC Press, London

Ballabio C, Panagos P, Monatanarella L (2016) Mapping topsoil physical properties at European
scale using the LUCAS database. Geoderma 261:110-123

Batjes NH (1996) Total carbon and nitrogen in the soils of the world. Eur J Soil Sci 47(2):151-163

Bell JC, Cunningham RL, Havens MW (1992) Calibration and validation of a soil-landscape model
for predicting soil drainage class. Soil Sci Soc Am J 56(6):1860-1866

Bell JC, Cunningham RL, Havens MW (1994) Soil drainage class probability
mapping using a soil-landscape model. Soil Sci Soc Am J 58:464-470.
doi:10.2136/sssaj1994.0361599500580002003 1x

Bishop TFA, McBratney AB, Laslett GM (1999) Modelling soil attribute depth functions with
equal-area quadratic smoothing splines. Geoderma 91(1-2):27-45

Bliss NB, Waltman SW, West LT, Neale A, Mehaffey M (2014) Distribution of soil organic
carbon in the conterminous United States. In: Hartemink EA, McSweeney K (eds) Soil carbon.
Springer International Publishing, Cham, pp 85-93

Boettinger JL, Howell DW, Moore AC, Hartemink AE, Kienast-Brown S (eds) (2010) Digital
soil mapping. Bridging research, environmental application, and operation. Springer, The
Netherlands

Breiman L (2001) Random forests. Mach Learn 45(1):5-32

Breiman L, Friedman JH, Olshen RA, Stone CJ (1984) Classification and regression trees.
Wadsworth, Belmont

Brown DJ (2006) A historical perspective on soil-landscape modelling. In: Grunwald S (ed)
Environmental soil landscape modeling: geographic information technologies and Pedometrics.
Taylor and Francis, Boca Raton, pp 61-104

Brungard CW, Boettinger JL, Duniway MC, Wills SA, Edwards TC Jr (2015) Machine learning
for predicting soil classes in three semi-arid landscapes. Geoderma 239-240:68-83

Brus DJ, de Gruijter JJ, Walvoort DJJ, de Vries F, Bronswijk JJB, Romkens PFAM, de Vries W
(2002) Mapping the probability of exceeding critical thresholds for cadmium concentrations in
soils in the Netherlands. J Environ Qual 31:1875-1884. doi:10.2134/jeq2002.1875

Bui EN (2004) Soil survey as a knowledge system. Geoderma 120(1-2):17-26

Bui EN, Moran CJ (2003) A strategy to fill gaps in soil survey over large spatial extents: an example
from the Murray-Darling basin of Australia. Geoderma 111(1-2):21-44

Burgess TM, Webster R (1980a) Optimal interpolation and isarithmic mapping of soil
properties: 1. The semi-variogram and punctual kriging. J Soil Sci 31:315-331.
doi:10.1111/j.1365-2389.1980.tb02084.x

Burgess TM, Webster R (1980b) Optimal interpolation and isarithmic mapping of soil properties:
II. Block kriging. J Soil Sci 31:333-341. doi:10.1111/j.1365-2389.1980.tb02085.x


http://dx.doi.org/10.2136/sssaj1994.03615995005800020031x
http://dx.doi.org/10.2134/jeq2002.1875
http://dx.doi.org/10.1111/j.1365-2389.1980.tb02084.x
http://dx.doi.org/10.1111/j.1365-2389.1980.tb02085.x

12 Digital Mapping of Soil Classes and Continuous Soil Properties 407

Burrough PA (1989) Fuzzy mathematical methods for soil survey and land evaluation. J Soil Sci
40:477-492. doi:10.1111/§.1365-2389.1989.tb01290.x

Burrough PA, McDonnell RA (1998) Principles of geographic information systems: spatial
information systems and geostatistics. Oxford University Press, New York

Burrough PA, Beckett PHT, Jarvis MG (1971) Relation between cost and utility in soil survey. J
Soil Sci 22(3):359-394

Burrough PA, van Gaans PFM, Hootsmans R (1997) Continuous classification in soil survey:
spatial correlation, confusion and boundaries. Geoderma 77(2—4):115-135

Chaney NW, Wood EF, McBratney AB, Hempel JW, Nauman TW, Brungard CW, Odgers NP
(2016) POLARIS: a 30-meter probabilistic soil series map of the contiguous United States.
Geoderma 274:54-67

Colwell JD (1970) A statistical-chemical characterization of four great soil groups in southern New
South Wales based on orthogonal polynomials. Aust J Soil Res 8:221-238

Congalton RG (1991) A review of assessing the accuracy of classifications of remotely sensed
data. Remote Sens Environ 37:35-46. doi:10.1016/0034-4257(91)90048-B

Cressie NAC (1993) Statistics for spatial data. Wiley, New York

Davies BE, Gamm SA (1970) Trend surface analysis applied to soil reaction values from Kent,
England. Geoderma 3:223-231

de Brogniez D, Ballabio C, Stevens A, Jones RJA, Montanarella L, van Wesemael B (2015) A map
of the topsoil organic carbon content of Europe generated by a generalized additive model. Eur
J Soil Sci 66:121-134

Erh KT (1972) Application of spline functions to soil science. Soil Sci 114(5):333-338

FAO-UNESCO (1988) Soil map of the world: revised legend (with corrections and updates), World
Soil Resources Report 60. Rome, Food and Agriculture Organisation

Goovaerts P (1999) Geostatistics in soil science: state-of-the-art and perspectives. Geoderma 89(1—
2):1-45

Grimm R, Behrens T, Mirker M, Elsenbeer H (2008) Soil organic carbon concentrations and stocks
on Barro Colorado Island—digital soil mapping using random forests analysis. Geoderma
146(1-2, 102):-113

Grundy MJ, Viscarra Rossel RA, Searle RD, Wilson PL, Chen C, Gregory LJ (2015) Soil and
landscape grid of Australia. Soil Res 53:835-844. doi:10.1071/SR15191

Grunwald S (2009) Multi-criteria characterization of recent digital soil mapping and modeling
approaches. Geoderma 152(3-4):195-207

Grunwald S, Lamsal S (2006) The impact of emerging geographic information technology on soil-
landscape modelling. In: Grunwald S (ed) Environmental soil landscape modeling: geographic
information technologies and Pedometrics. Taylor and Francis, Boca Raton, pp 127-154

Grunwald S, McSweeney K, Rooney DJ, Lowery B (2001) Soil layer models created with profile
cone penetrometer data. Geoderma 103(1-2):181-201

Grunwald S, Thompson JA, Boettinger JL (2011) Digital soil mapping and modeling at
continental scales: finding solutions for global issues. Soil Sci Soc Am J 75:1201-1213.
doi:10.2136/sssaj2011.0025

Hiring T, Dietz E, Osenstetter S, Koschitzki T, Schroder B (2012) Spatial disaggregation of
complex soil map units: a decision-tree based approach in Bavarian forest soils. Geoderma
185-186:37-47. doi:10.1016/j.geoderma.2012.04.001

Hartemink AE, Hempel J, Lagacherie P, McBratney AB, McKenzie NJ, MacMillan RA,
Minasny B, Montanarella L, Mendonca-Santos ML, Sanchez P, Walsh M, Zhang G (2008)
GlobalSoilMap.net- a new digital soil map of the world. In: Boettinger JL, Howell DW,
Moore AC, Hartemink AE, Kienast-Brown S (eds) Digital soil mapping: bridging research,
environmental application, and operation. Springer Science, Dordrecht

Hastie TJ, Tibshirani RJ (1990) Generalized additive models. Chapman and Hall/CRC, London

Hastie T, Tibshirani R, Friedman J (2009) The elements of statistical learning: data mining,
inference, and prediction. Springer-Verlag, New York


http://dx.doi.org/10.1111/j.1365-2389.1989.tb01290.x
http://dx.doi.org/10.1016/0034-4257(91)90048-B
http://dx.doi.org/10.1071/SR15191
http://dx.doi.org/10.2136/sssaj2011.0025
http://dx.doi.org/10.1016/j.geoderma.2012.04.001

408 B.P. Malone et al.

Helmick JL, Nauman TW, Thompson JA (2014) Developing and assessing prediction intervals
for soil property maps derived from legacy databases. In: Arrouays D, McKenzie NJ, Hempel
JW, Richer de Forges AC, McBratney AB (eds) GlobalSoilMap: basis of the global spatial soil
information system. Taylor & Francis, London, pp 359-366

Hempel JW, Libohova Z, Thompson JA, Odgers NP, Smith CAS, Lelyk GW, Geraldo GEE (2014)
GlobalSoilMap north American node progress. GlobalSoilMap: basis of the global spatial soil
information system — proceedings of the 1st GlobalSoilMap conference, p 41-45

Hengl T, de Jesus JM, MacMillan RA, Batjes NH, Heuvelink GBM, Ribeiro E, Samuel-Rosa
A, Kempen B, Leenaars JGB, Walsh MG, Gonzalez MR (2014) SoilGridslkm ? Global soil
information based on automated mapping. PLoS One 9(8):105992

Heung B, Ho HC, Zhang J, Knudby A, Bulmer CE, Schmidt MG (2016) An overview and
comparison of machine-learning techniques for classification purposes in digital soil mapping.
Geoderma 265:62-77

Heuvelink GBM, Huisman JA (2000) Choosing between abrupt and gradual spatial variation? In:
Mowrer HT, Congalton RG (eds) Quantifying spatial uncertainty in natural resources: theory
and applications for GIS and remote sensing. Ann Arbor Press, Chelsea, pp 111-117

Heuvelink GBM, Webster R (2001) Modelling soil variation: past, present, and future. Geoderma
100(3—4):269-301

Hewitt AE (1993) Predictive modelling in soil survey. Soil Fertilizers 56:305-314

Hewitt AE, McKenzie NJ, Grundy MJ, Slater BK (2008) Qualitative survey. In: McKenzie NJ,
Grundy MJ, Webster R, Ringrose-Voase AJ (eds) Guidelines for surveying soil and land
resources. CSIRO Publishing, Collingwood, pp 285-306

Hewitt AE, Barringer JRF, Forrester GJ, McNeill SJ (2010) Soilscapes basis for digital soil
mapping in New Zealand. In: Boettinger JL, Howell DW, Moore AC, Hartemink AE,
Kienast-Brown S (eds) Digital soil mapping: bridging research, environmental application, and
operation, progress in soil science. Springer, p 297-307. doi:10.1007/978-90-481-8863-5_24

Hiederer R (2009) Distribution of organic carbon in soil profile data, EUR 23980 EN. Office for
Official Publications of European Communities, Luxembourg

Hole FD (1953) Suggested terminology for describing soils as three-dimensional bodies. Proc Soil
Sci Soc Am 17:131-135

Hole FD (1961) A classification of pedoturbations and some other processes and factors of soil
formation in relation to isotropism and anisotropism. Soil Sci 91(6):375-377

Holmes KW, Griffin EA, Odgers NP (2015) Large-area spatial disaggregation of legacy soil maps:
evaluation over Western Australia. Soil Res 53:865-880. doi:10.1071/SR14270

Hong SY, Kim YH, Han KH, Hyun BK, Zhang YS, Song KC, Minasny B, McBratney AB (2012)
Digital soil mapping of soil properties for Korean soils. Digital soil assessments and beyond —
proceedings of the fifth global workshop on digital soil mapping, p 435438

Hudson BD (1992) The soil survey as paradigm-based science. Soil Sci Soc Am J 56(3):836-841

Isbell RF (1996) The Australian soil classification. CSIRO Publishing, Melbourne, 152 pp

TUSS Working group WRB (2007): World reference base for soil resources 2006, first update 2007.
World Soil Resources Reports No. 103. FAO, Rome

Kellogg CE (1949) Soil classification- introduction. Soil Sci 67(2):77-80

Kempen B, Brus DJ, Heuvelink GBM, Stoorvogel JJ (2009) Updating the 1:50,000 Dutch soil
map using legacy soil data: a multinomial logistic regression approach. Geoderma 151(3—
4):311-326

Kempen B, Brus DJ, Stoorvogel JJ (2011) Three-dimensional mapping of soil organic matter
content using soil type-specific depth functions. Geoderma 162(1-2):107-123

Kempen B, Brus DJ, Heuvelink GBM (2012) Soil type mapping using the generalised linear
geostatistical model: a case study in a Dutch cultivated peatland. Geoderma 189:540-553

Kempen B, Brus DJ, de Vries F (2015) Operationalizing digital soil mapping for nationwide
updating of the 1:50,000 soil map of the Netherlands. Geoderma 241-242:313-329

Kerry R, Goovaerts P, Rawlins BG, Marchant BP (2012) Disaggregation of legacy soil data
using area to point kriging for mapping soil organic carbon at the regional scale. Geoderma
170:347-358. doi:10.1016/j.geoderma.2011.10.007


http://dx.doi.org/10.1007/978-90-481-8863-5_24
http://dx.doi.org/10.1071/SR14270
http://dx.doi.org/10.1016/j.geoderma.2011.10.007

12 Digital Mapping of Soil Classes and Continuous Soil Properties 409

Kidd DB, Webb MA, Grose CJ, Moreton RM, Malone BP, McBratney AB, Minasny B
(2014) Operational digital soil assessment for enterprise suitability in Tasmania, Australia.
In: Arrouays D, McKenzie NJ, Hempel JW, Richer de Forges A, McBratney AB (eds)
GlobalSoilMap: basis of the global spatial soil information system. Taylor & Francis, London,
pp 113-119

Kidd D, Webb M, Malone B, Minasny B, McBratney A (2015a) Digital soil assessment of
agricultural suitability, versatility and capital in Tasmania, Australia. Geoderma Reg 6:7-21

Kidd D, Webb M, Malone B, Minasny B, McBratney A (2015b) Eighty-metre resolution 3D soil-
attribute maps for Tasmania, Australia. Soil Res 53:932-955

Kuhn M, Wing J, Weston S, Williams A, Keefer C, Engelhardt A, Cooper T, Mayer Z, Kenkel B,
R Core Team., Benesty M, Lescarbeau R, Ziem A, Scrucca L, Tang Y, Candan C (2016) Caret:
classification and regression training. R Core Team, http://www.R-project.org/

Lacoste M, Mulder VL, Richer-de-Forges AC, Martin MP, Arrouays D (2016) Evaluating large-
extent spatial modeling approaches: a case study for soil depth for France. Geoderma Reg
7:137-152

Lagacherie P (2008) Digital soil mapping: a state of the art. In: Hartemink AE, McBratney
AB, Mendonca-Santos ML (eds) Digital soil mapping with limited data. Springer Science,
Australia, pp 3-14

Lagacherie P, Holmes S (1997) Addressing geographical data errors in a classification tree for soil
unit prediction. Int J Geogr Inf Sci 11(2):183-198

Lagacherie P, McBratney AB (2007) Spatial soil information systems and spatial soil inference
systems: perspectives for digital soil mapping. In: Lagacherie P, McBratney AB, Voltz M
(eds) Digital soil mapping—an introductory perspective, developments in soil science, vol 31.
Elsevier B.V., Amsterdam, pp 3-22

Lagacherie P, Legros JP, Burrough PA (1995) A soil survey procedure using the knowledge of soil
pattern established on a previously mapped reference area. Geoderma 65(3—4):283-301

Lagacherie P, Cazemier DR, vanGaans PFM, Burrough PA (1997) Fuzzy k-means cluster-
ing of fields in an elementary catchment and extrapolation to a larger area. Geoderma
77(2-4):197-216

Lal R (2004) Soil carbon sequestration to mitigate climate change. Geoderma 123(1-2):1-22

Lark RM, Cullis BR, Welham SJ (2006) On spatial prediction of soil properties in the presence of
a spatial trend: the empirical best linear unbiased predictor (E-BLUP) with REML. Eur J Soil
Sci 57(6):787-799

Laslett GM, McBratney AB, Pahl PJ, Hutchinson MF (1987) Comparison of several spatial
prediction methods for soil pH. J Soil Sci 38(2):325-341

Lin LI-K (1989) A concordance correlation coefficient to evaluate reproducibility. Biometrics
45:255-268. doi:10.2307/2532051

Mallavan BP, Minasny B, McBratney AB (2010) Homosoil: amethodology for quantitative
extrapolation of soil information across the globe. In: Boettinger JL, Howell DW, More AC,
Hartemink AE, Kienast-Brown S (eds) Digital soil mapping: bridging research, environmental
application, and operation. Springer, London, pp 137-149

Malone BP, McBratney AB, Minasny B, Laslett GM (2009) Mapping continuous depth functions
of soil carbon storage and available water capacity. Geoderma 154(1-2):138-152

Malone BP, McBratney AB, Minasny B (2011) Empirical estimates of uncertainty for mapping
continuous depth functions of soil attributes. Geoderma 160(3—4):614-626

Malone B, Minasny B, Odgers N, McBratney A (2014) Using model averaging to combine soil
property rasters from legacy soil maps and from point data. Geoderma 232-234:34-44

Malone B, Jha SK, Minasny B, McBratney A (2016) Comparing regression-based digital soil
mapping and multiple-point geostatistics for the spatial extrapolation of soil data. Geoderma
262:243-253

McBratney AB, de Gruijter JJ (1992) A continuum approach to soil classification by modified
fuzzy k-means with extragrades. J Soil Sci 43(1):159-175

McBratney AB, Webster R (1983) Optimal interpolation and isarithmic mapping of soil properties.
5. co-regionalisation and multiple sampling strategy. J Soil Sci 34(1):137-162


http://www.r-project.org/
http://dx.doi.org/10.2307/2532051

410 B.P. Malone et al.

McBratney AB, Degruijter JJ, Brus DJ (1992) Spatial prediction and mapping of continuous soil
classes. Geoderma 54(1-4):39-64

McBratney AB, Odeh IOA, Bishop TFA, Dunbar MS, Shatar TM (2000) An overview of
pedometric techniques for use in soil survey. Geoderma 97(3—4):293-327

McBratney AB, Mendonca-Santos ML, Minasny B (2003) On digital soil mapping. Geoderma
117(1-2):3-52

McKenzie NJ, Austin MP (1993) A quantitative Australian approach to medium and small-scale
surveys based on soil stratigraphy and environmental correlation. Geoderma 57(4):329-355

McKenzie NJ, Ryan PJ (1999) Spatial prediction of soil properties using environmental correlation.
Geoderma 89(1-2):67-94

McSweeney K, Slater BK, Hammer RD, Bell JC, Gessler PE, Petersen GW (1994) Towards a
new framework for modeling the soil-landscape continuum. In: Factors of soil formation: a
fiftieth anniversary retrospective, SSSA Special Publication. Soil Science Society of America,
Madison, p 127-145

Meersmans J, van Wesemael B, De Ridder F, Van Molle M (2009) Modelling the three-dimensional
spatial distribution of soil organic carbon (SOC) at the regional scale (Flanders, Belgium).
Geoderma 152(1-2):43-52

Meinshausen N (2006) Quantile regression forests. J Mach Learn Res 7:983-999

Miller DA, White RA (1998) A conterminous United States multilayer soil characteristics dataset
for regional climate and hydrological modeling. Earth Interact 2:1-26

Minasny B, McBratney AB (2007) Spatial prediction of soil properties using EBLUP with the
Matern covariance function. Geoderma 140(4):324-336

Minasny B, McBratney AB (2010) Methodologies for global soil mapping. In: Boettinger JL,
Howell DW, More AC, Hartemink AE, Kienast-Brown S (eds) Digital soil mapping: bridging
research, environmental application, and operation. Springer, London, pp 429-436

Minasny B, McBratney AB (2016) Digital soil mapping: a brief history and some lessons.
Geoderma 264(Part B):301-311

Minasny B, McBratney AB, Mendonca-Santos ML, Odeh I0A, Guyon B (2006) Prediction
and digital mapping of soil carbon storage in the Lower Namoi Valley. Aust J Soil Res
44(3):233-244

Minasny B, McBratney AB, Lark RM (2008) Digital soil mapping technologies for countries with
sparse data infrastructures. In: Hartemink AE, McBratney AB, Mendonca-Santos MD (eds)
Digital soil mapping with limited data. Springer, Australia, pp 15-30

Minasny B, Vrugt JA, McBratney AB (2011) Confronting uncertainty in model-based geostatistics
using Markov Chain Monte Carlo simulation. Geoderma 163(3—4):150-162

Minasny B, Malone B, McBratney A (eds) (2012) Digital soil assessments and beyond. Digital soil
assessments and beyond. CRC Press, Leiden

Mishra U, Lal R, Slater B, Calhoun F, Liu D, Van Meirvenne M (2009) Predicting soil organic
carbon stock using profile depth distribution functions and ordinary kriging. Soil Sci Soc Am J
73(2):614-621

Moore AW, Russell JS, Ward WT (1972) Numerical analysis of soils: a comparison of three soil
profile models with field classification. J Soil Sci 23:193-209

Moore ID, Gessler PE, Nielsen GA, Peterson GA (1993) Soil attribute prediction using terrain
analysis. Soil Sci Soc Am J 57(2):443-452. doi:10.2136/ss52j1993.03615995005700020026x

Moore AC, Howell DW, Haydu-Houdeshell C, Blinn C, Hempel J, Smith D (2010) Building digital
soil mapping capacity in the Natural Resources Conservation Service: Mojave Desert oper-
ational initiative. In: Boettinger JL, Howell DW, Moore AC, Hartemink AE, Kienast-Brown
S (eds) Digital soil mapping: bridging research, environmental application, and operation,
progress in soil science. Springer, Dordrecht, pp 357-367. doi:10.1007/978-90-481-8863-5_28

Mulder VL, de Bruin S, Schaepman ME, Mayr TR (2011) The use of remote sensing in soil and
terrain mapping—a review. Geoderma 162(1-2):1-19 1235

Mulder VL, Lacoste M, Richer-de-Forges AC, Arrouays D (2016) GlobalSoilMap France: high-
resolution spatial modelling the soils of France up to two meter depth. Sci Total Environ
573:1352-1369


http://dx.doi.org/10.2136/sssaj1993.03615995005700020026x
http://dx.doi.org/10.1007/978-90-481-8863-5_28

12 Digital Mapping of Soil Classes and Continuous Soil Properties 411

Myers DB, Kitchen NR, Sudduth KA, Miles RJ, Sadler EJ, Grunwald S (2011) Peak functions for
modeling high resolution soil profile data. Geoderma 166(1):74-83

Nauman TW, Thompson JA (2014) Semi-automated disaggregation of conventional soil maps
using knowledge driven data mining and classification trees. Geoderma 213:385-399

Nettleton WD, Brasher BR, Borst G (1991) The tax adjunct problem. Soil Sci Soc Am J
55(2):421-427

Nortcliff S (1978) Soil variability and reconnaissance soil mapping- statistical study in Norfolk. J
Soil Sci 29(3):403-418

Odeh I0A, McBratney AB, Chittleborough DJ (1992) Soil pattern recognition with fuzzy c-
means: application to classification and soil-landform inter-relationships. Soil Sci Soc Am J
56(2):505-516

Odeh IOA, McBratney AB, Chittleborough DJ (1994) Spatial prediction of soil properties from
landform attributes derived from a digital elevation model. Geoderma 63(3—4):197-214

Odeh I0OA, McBratney AB, Chittleborough DJ (1995) Further results on prediction of soil
properties from terrain attributes- heterotopic co-kriging and regression kriging. Geoderma
67(3-4):215-226

Odgers NP, McBratney AB, Minasny B (2011) Bottom-up digital soil mapping. II Soil series
classes. Geoderma 163:30-37. doi:10.1016/j.geoderma.2011.03.013

Odgers NP, Libohova Z, Thompson JA (2012) Equal-area spline functions applied to a legacy soil
database to create weighted-means maps of soil organic carbon at a continental scale. Geoderma
189-190:153-163

Odgers NP, Sun W, McBratney AB, Minasny B, Clifford D (2014) Disaggregating and harmonising
soil map units through resampled classification trees. Geoderma 214-215:91-100

Odgers NP, Holmes KW, Griffin T, Liddicoat C (2015a) Derivation of soil-attribute estimations
from legacy soil maps. Soil Res 53:881-894

Odgers NP, McBratney AB, Minasny B (2015b) Digital soil property mapping and uncertainty
estimation using soil class probability rasters. Geoderma 237-238:190-198

Orton TG, Pringle MJ, Bishop TFA (2016) A one-step approach for modelling and mapping soil
properties based on profile data sampled over varying depth intervals. Geoderma 262:174-186

Padarian J, Minasny B, McBratney AB (2017) Chile and the Chilean soil grid: a contribution to
GlobalSoilMap. Geoderma Reg 9:17-28

Poggio L, Gimona A (2014) National scale 3D modelling of soil organic carbon stocks with
uncertainty propagation—an example from Scotland. Geoderma 232-234:284-299

Ponce-Hernandez R, Marriott FHC, Beckett PHT (1986) An improved method for reconstructing
a soil-profile from analysis of a small number of samples. J Soil Sci 37(3):455-467

Protz R, Presant EW, Arnold RW (1968) Establishment of the modal profile and measurement of
variability within a soil landform unit. Can J Soil Sci 48:7-19. doi:10.4141/cjss68-002

Quinlan JR (1993a) C4.5: programs for machine learning. Morgan Kaufmann, San Mateo

Quinlan JR (1993b) Combining instance-based and model-based learning. In: Utgoff (ed) Machine
learning ‘93. Morgan Kaufmann, San Mateo

R Core Team (2015) R: a language and environment for statistical computing. R Foundation for
Statistical Computing, Vienna. http://www.R-project.org/

Ruhe RV, Walker PH (1968) Hillslope models and soil formation. I. Open systems. Presented at
the transactions of the 9th international congress of soil science, Adelaide, South Australia,
p 551-560

Russell JS, Moore AW (1968) Comparison of different depth weightings in the numerical analysis
of anisotropic soil profile data. Trans 9th Int Congr Soil Sci 4:205-213

Sanchez PA, Ahamed S, Carré F, Hartemink AE, Hempel J, Huising J, Lagacherie P, McBratney
AB, McKenzie NJ, Mendonga-Santos MDL, Minasny B, Montanarella L, Okoth P, Palm CA,
Sachs JD, Shepherd KD, Vagen T-G, Vanlauwe B, Walsh MG, Winowiecki LA, Zhang G-L
(2009) Digital soil map of the world. Science 325:680-681

Scull P, Franklin J, Chadwick OA, McArthur D (2003) Predictive soil mapping: a review. Prog
Phys Geogr 27(2):171-197


http://dx.doi.org/10.1016/j.geoderma.2011.03.013
http://dx.doi.org/10.4141/cjss68-002
http://www.r-project.org/

412 B.P. Malone et al.

Shovic HF, Montagne C (1985) Application of a statistical soil-landscape model
to an order III wildland soil survey. Soil Sci Soc Am J 49:961-968.
doi:10.2136/sssaj1985.03615995004900040034x

Simonson RW (1989) Historical highlights of soil survey and soil classification with emphasis on
the United States, 1899-1970. International Soil Reference and Information Centre Technical
Paper 18, Wageningen, The Netherlands

Skidmore AK, Ryan PJ, Dawes W, Short D, O’loughlin E (1991) Use of an expert system to map
forest soils from a geographic information system. Int J Geogr Inf Syst 5(4):431-445

Smola AJ, Scholkopf B (2004) A tutorial on support vector regression. Stat Comput 14:199-222

Soil Survey Staff (1993) Soil survey manual, U. S. Department of Agriculture Handbook 18.
United States Department of Agriculture Soil Conservation Service

von Steiger B, Webster R, Schulin R, Lehmann R (1996) Mapping heavy metals in polluted soil
by disjunctive kriging. Environ Pollut 94:205-215. doi:10.1016/S0269-7491(96)00060-7

Stein A, Corsten LCA (1991) Universal kriging and co-kriging as a regression procedure.
Biometrics 47(2):575-587

Story M, Congalton RG (1986) Accuracy assessment: a user’s perspective. Photogramm Eng
Remote Sens 52:397-399

Subburayalu S, Jenhani I, Slater BK (2014) Disaggregation of component soil series using
possibilistic decision trees from an Ohio County soil survey map. Geoderma 213:334-345.
doi:10.1016/j.geoderma.2013.08.018

Taalab K, Corstanje R, Zawadzka J, Mayr T, Whelan MJ, Hannam JA, Creamer R (2015) On the
application of Bayesian networks in digital soil mapping. Geoderma 259-260:134—-148

Taghizadeh-Mehrjardi R, Nabiollahi K, Kerry R (2016) Digital mapping of soil organic carbon
at multiple depths using different data mining techniques in Baneh region, Iran. Geoderma
266:98-110

Thompson JA, Odgers NP, Libohova Z, Waltman SW, D’Avello T (2011) Disaggregation of
polygon soil class maps to produce raster soil property maps using digital soil mapping
techniques. Presented at the 2011 ASA-CSSA-SSSA International Annual Meetings, San
Antonio, Texas

Triantafilis J, Ward WT, Odeh IOA, McBratney AB (2001) Creation and interpolation of
continuous soil layer classes in the lower Namoi valley. Soil Sci Soc Am J 65:403—413

Vaysse K, Lagacherie P (2017) Using quantile regression forest to estimate uncertainty of digital
soil mapping products. Geoderma 291:55-64

Veronesi F, Corstanje R, Mayr T (2012) Mapping soil compaction in 3D with depth functions. Soil
Tillage Res 124:111-118

Vincent S, Lemercier B, Berthier L, Walter C (2016) Spatial disaggregation of complex soil map
units at the regional scale based on soil-landscape relationships. Geoderma

Viscarra Rossel RA, Chen C, Grundy MIJ, Searle R, Clifford D, Campbell PH (2015) The
Australian three-dimensional soil grid: Australia’s contribution to the GlobalSoilMap project.
Soil Res 53(8):845-864

Wackernagel H (1998) Multivariate geostatistics: an introduction with applications. Springer,
Berlin

Webster R, Burgess TM (1980) Optimal interpolation and isarithmic mapping of
soil properties: III. Changing drift and universal kriging. J Soil Sci 31:505-524.
doi:10.1111/j.1365-2389.1980.tb02100.x

Webster R, Cuanalo de la Cerda HE (1975) Soil transect correlograms of North Oxfordshire and
their interpretation. J Soil Sci 26(2):176-194

Webster R, Oliver MA (2006) Modeling spatial variation of soil as random functions. In: Grunwald
S (ed) Environmental soil landscape modeling: geographic information technologies and
pedometrics. Taylor and Francis, Boca Raton, pp 241-288

Wilding LP, Jones RB, Schafer GM (1965) Variation of soil morphological properties within
Miami, Celina, and Crosby mapping units in west-central Ohio. Soil Sci Soc Am Proc
29:711-717. doi:10.2136/ss52j1965.03615995002900060033x

Wright JK (1944) The terminology of certain map symbols. Geogr Rev 34:653-654


http://dx.doi.org/10.2136/sssaj1985.03615995004900040034x
http://dx.doi.org/10.1016/S0269-7491(96)00060-7
http://dx.doi.org/10.1016/j.geoderma.2013.08.018
http://dx.doi.org/10.1111/j.1365-2389.1980.tb02100.x
http://dx.doi.org/10.2136/sssaj1965.03615995002900060033x

12 Digital Mapping of Soil Classes and Continuous Soil Properties 413

Zadeh LA (1965) Fuzzy sets. Inf Control 8(3):338-353

Zhu AX, Band LE (1994) A knowledge-based approach to data integration for soil mapping. Can
J Remote Sens 20:408-418

Zhu AX, Band LE, Dutton B, Nimlos TJ (1996) Automated soil inference under fuzzy logic. Ecol
Model 90:123-145. doi:10.1016/0304-3800(95)00161-1

Zhu AX, Band L, Vertessy R, Dutton B (1997) Derivation of soil properties using a soil land
inference model (SoLIM). Soil Sci Soc Am J 61(2):523-533

Zhu AX, Hudson B, Burt JE, Lubich K, Simonson D (2001) Soil mapping using GIS, expert
knowledge, and fuzzy logic. Soil Sci Soc Am J 65:1463-1472


http://dx.doi.org/10.1016/0304-3800(95)00161-1

Chapter 13
Vis-NIR-SWIR Remote Sensing Products

as New Soil Data for Digital Soil Mapping

Philippe Lagacherie and Cécile Gomez

“If you were born without wings, do nothing to prevent them
from growing”.

Coco Chanel

13.1 Introduction

Since the early ages of soil surveys, air photographs have been intensively used by
soil surveyors for depicting the soil variations across landscapes. The variations of
soil surfaces, specifically color and ratio of vegetation cover, that were revealed
by this early remote sensing product were a great help for interpolating the
scarce soil observations and for delineating the soil class boundaries. This was
further transposed in digital soil mapping (McBratney et al. 2003), thanks to the
large availability of remote sensing images provided by the emerging spatial data
infrastructures. Up to now, digital soil mappers have mainly used remote sensing
images as spatial data inputs for representing the landscape variables that are related
with soil, such as vegetation and parent material (the soil covariates). Boettinger
et al. (2008) reviewed the main indicators that could be retrieved for estimating
these soil covariates, using multispectral data acquired in the visible near-infrared
and short-wave infrared (VIS, 400700 nm; NIR, 700-1100 nm; SWIR, 1100-
2500 nm) spectral domain. After a spatial overlay with the sparse sets of observed
and measured sites collected in a given area, the indicators derived from remote
sensing have been used as independent variables in regression-like models or as
external drift in geostatistic models (McBratney et al. 2003, Chap. 12 of this book).
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The modern airborne hyperspectral sensors (such as the HyMap sensor and the
AISA-Dual sensor) reach spectral resolutions (5—-10 nm) that become closer and
closer to the laboratory spectrometers (1 nm). Moreover the near future launching
of hyperspectral satellites (such as the German EnMAP sensor (Guanter et al. 2015)
and the French HYPXIM sensor (Briottet et al. 2013)) would provide additional
hyperspectral data sources. Based on the large successful attempts of soil property
estimations using Vis-NIR-SWIR laboratory data (Viscarra Rossel et al. 2006),
and the more modest successful attempts of mapping soil properties on bare soil
surfaces using Vis-NIR-SWIR hyperspectral images (Ben-Dor et al. 2008), the latter
can now be envisaged as a potential cost-efficient way for acquiring soil property
measurements. Thus, it is expected that Vis-NIR-SWIR hyperspectral data can
partially overcome the lack of soil data that has been acknowledged as the main
limitation of digital soil mapping performances (Lagacherie et al. 2008). Some
recent promising results have been obtained that describe complex spatial patterns
of soil properties (Fig. 13.1, Ben-Dor et al. 2006; Schwanghart and Jarmer 2011;
Gomez et al. 2012a).

This technological evolution leads to a full revision on how the (digital) soil
mapper can use remote sensing products in their activities. This chapter describes
the pedometric tools, their applications, and their limitations for producing estima-
tions of soil properties from Vis-NIR-SWIR imagery, denoted further “VNS-I soil
products” (Sect. 13.2). It then details how these VNS-I soil products constitute new
sources of soil data and can be used to improve the mapping of soil properties across
landscapes (Sect. 13.3).

13.2  Soil Property Estimated from Vis-NIR-SWIR Imagery

Some introductive notions about soil spectral signatures are presented in Sect. 13.2.1
(see also Chaps. 5 and 7 of this book). Then the developed approaches for soil
property estimation are summarized in Sect. 13.2.2, and their performances are
presented in Sect. 13.2.3, both from laboratory to imaging spectrometry.

13.2.1 Introductive Notions

The spectral signature of a material in the Vis-NIR-SWIR (VIS, 400-700 nm;
NIR, 700-1100 nm; SWIR, 1100-2500 nm) spectral domain is characterized by
(1) its general shape; (2) its reflectance intensity, also called albedo; and (3) its
specific absorption bands. The absorption phenomenon results from electronic and
vibrational transitions due to the absorption of specific photon energy within ionic
and molecular components of the observed material. Spectral characteristics of soils
have been largely studied in laboratory VIS-NIR-SWIR spectroscopy for decades
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and described, among others, by, e.g., Ben-Dor et al. (1998). The following section
presents a summary of these spectral characteristics.

The general shape of the reflectance spectrum through a change of spectral
intensity and absorption bands depth may be influenced by the soil structure linked
to its particle size, the sample geometry, the view angle, and the geometry of the
light source (incident angle and azimuth angle) (Baumgardner et al. 1985; Ben-Dor
and Banin 1995). In particular, the more the soil grain size increases, the more the
surface of spectral distribution decreases, and so the more the reflectance spectrum
intensity decreases (Baumgardner et al. 1985). Thus, a spectrum of clay soil will
tend to have more albedo than a spectrum of sandy soil. Finally, the soil structure
usually doesn’t affect the absorption band’s position (Ben-Dor and Banin 1995).

Three major chemical components affect the soil spectrum, through specific
absorption bands: minerals (clay, ferric, and carbonate), organic matter (OM), and
water (Stoner and Baumgardner 1981). Calcium carbonate (CaCOs3) in soil causes
an absorption band around 2340 nm, due to vibrations at the molecular level
associated with the C-O bond (Gaffey 1987). Clay minerals such as kaolinite,
montmorillonite, and illite in the soil induce an absorption band around 2200 nm
due to the combination of vibrations associated with the OH bond and the OH-
Al-OH bonds (e.g., Hunt et al. 1971; Chabrillat et al. 2002). Other clay minerals
have specific spectral responses in the SWIR spectral domain, relative to vibrations
associated with Mg and Fe-OH bonds. Iron in its trivalent state produces three
absorption bands between 400 and 1000 nm due to electronic processes. The
hematite is characterized by absorption bands centered at 550, 630, and 860 nm,
and goethite is characterized by absorption bands centered at 480, 650, and 920 nm
(Hunt et al. 1971; Morris et al. 1985). The absorption bands around 500 nm and
900 nm dominate the reflectance in the visible spectrum, while the absorption band
around 640 nm is seldom marked.

Organic matter (OM) is an important soil component and has a strong influence
on soil reflectance characteristics throughout the entire Vis-NIR-SWIR domain (i.e.,
Tables 13.2 and 13.3 in Ben-Dor et al. 1997). The vibrations of O-H and C-H bonds
cause absorptions, particularly due to lignin and cellulose (i.e., Tables 13.2 and 13.3
in Ben-Dor et al. 1997). The physicochemical complexity of the soil organic matter
(fresh or dry) explains the difficulty in precisely identifying specific absorption
bands. Nevertheless, OM has a low effect on the spectrum when its content is below
2% (Baumgardner et al. 1970).

Water content in soil induces three phenomena: (i) a general reduction in
reflectance along the spectrum due to light absorption by water, (ii) a reduction or
increase of absorption bands associated to minerals (e.g., carbonate around 2340 nm
and for clay around 2200 nm, respectively), and (iii) the appearance of absorption
bands at 1400 and 1900 nm due to the presence of liquid water (H,O) or associated
with the OH bond in soil (Bowers and Hanks 1965).

Some primary soil properties, such as pH and cation-exchange capacity (CEC),
have no particular spectral characteristics and therefore cannot be determined by
direct spectral analysis.
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13.2.2  Soil Property Estimation Approaches

Quantitative estimation of soil properties can be achieved by developing estima-
tion models called spectrotransfer functions (STFs). These STFs link a set of
Y-dependent variables (soil property) and a set of X predictor variables (Vis-NIR-
SWIR spectrometric measurements). In this section, we present two approaches
allowing STF development (Sects. 13.2.2.1 and 13.2.2.2) and the principle of
calibration and validation of the STFs (Sect. 13.2.2.3).

13.2.2.1 Spectral Indices

Spectrotransfer functions for estimating some primary soil properties can be devel-
oped by analyzing absorption bands and spectrum geometry. The general principle
is based on relationships between a spectral index and a soil property. Spectral
indices are based on ratio of (at least) two reflectance values focusing on absorption
band area, depth, and asymmetry or also slope between two reflectance values (Van
Der Meer 2004). Some of these indices are calculated from the continuum removed
reflectance. The continuum removed function is usually defined as a convex hull, but
can also be defined as a straight line (often named baseline) if a single absorption
feature is investigated (Kokaly and Clark 1999). Removing the convex hull allows
to highlight absorption bands related to physicochemical properties, by removing
the baseline (“‘continuum”) that contains target measurement parameters (humidity
differences between targets, illumination between shots, etc.). Table 13.1 presents
some spectral indices related to primary soil properties. Initially dedicated to
multispectral sensors such as the LANDSAT satellite sensor, some spectral indices,
such as the brightness, color, and redness index (Table 13.1), can be used from
all spectroscopic sensors (hyperspectral, superspectral, and multispectral, on field,
laboratory, or by imaging). Conversely, some spectral indices, such as the SWIR_FI,
CR1ay, CReaco3 and SOC, can be computed from hyperspectral sensor outputs only
because they require fine spectral resolution.

As spectral indices are based on absorption bands and spectrum geometry, some
soil properties such as pH and CEC that have not any specific spectral features may
not be studied using spectral indices, which constitutes the major drawback of this
STF approach. In the same time, spectral indices are independent from the study
area, soil property distribution, and range, which constitute the main advantage of
this STF approach.

Finally, spectral indices’ development without calibration provides relative
predictive values (e.g., Gomez et al. 2016). To obtain absolute values, a calibration
process of these spectral indices is needed and is described in Sect. 13.2.2.3.
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13.2.2.2 Regression Models

Multivariate regression methods based on building statistical models to estimate
the soil property, using a calibration base, are largely used in Vis-NIR-SWIR
spectroscopy, from laboratory to field (Chap. 5, Sect. 5.5.2.1 of this book) and
remote sensing. Two multivariate regression methods are commonly used:

— Multiple linear regression (MLR) is used for both multispectral (e.g., by Nanni
and Dematté 2006) and hyperspectral (e.g., by Ben-Dor et al. 2002) data from
remote sensing. This method is useful when the Vis-NIR-SWIR reflectance
spectra are acquired in a small number of wavelengths (multispectral data
case) and when there is little collinearity between reflectance values at each
wavelength. The MLR regression model used to estimate a y soil property is
written as

where N is the number of wavelength, b; is the regression coefficient associated
with the wavelength i, x; is the reflectance value at the wavelength i, and a is the
residue.

— Partial least squares regression (PLSR) is widely used in Vis-NIR-SWIR hyper-
spectral remote sensing (e.g., by Stevens et al. 2008). This method allows
the management of (1) colinearity between the reflectance values at different
wavelengths and (2) a number of predictors (wavelengths) that are larger than
the number of samples composing the database [X, Y]. PLS regression is used
to minimize the covariance between X (descriptive variables: wavelengths) and
the dependent variable Y (soil property). The PLSR projects the variables X and
Y in an area of reduced size (set of orthogonal vectors, called latent variables,
maximizing the covariance between X and Y). A detailed description of the
PLSR is given in Wold et al. (2001).

13.2.2.3 Cal/Val Models

The implementation of STFs often requires the establishment of a database [X, Y]
consisting of Vis-NIR-SWIR reflectance spectra acquired by the sensor on bare soil
surfaces (descriptive variable X) associated with the soil property measured on a
laboratory soil sample collected on the same bare soil surfaces (dependent variable
Y). There are no precise figures on the minimum number of samples needed to
build a database for soil property estimation. Nevertheless, it is accepted that a data
number [X, Y] inferior to 50 does not allow developing robust estimation model,
whatever the size of the study area.

The use of a calibration [X.,,Y.a] and validation [Xy,,Yva] database (sub-
databases of [X, Y]) allows the calibration of STFs presented above and their
validations, respectively. The data allocation in the calibration [Xca,Yca] and
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validation [Xy,,Yva] database is an important and complex step. If the two sets
([Xcat, Year] and [Xya1, Yvar]) are too similar, the model may be too optimistic (underes-
timation of the prediction error). Inversely, if the two sets ([Xca1,Year] and [Xya, Yvarl)
are too different, the model may seem excessively inaccurate (overestimation of the
prediction error).

To ensure model robustness, it is necessary to build a calibration database
representative of the study area in terms of either soil properties or of spectral
signatures. It is also necessary that when a validation database is available, it
is homogeneous regarding the calibration database, again either in terms of soil
properties or of spectral signatures. In theory, calibration [X.,,Yc,] and validation
[Xva1,Yval] databases would have to fulfill the following criteria: (1) similar dis-
tribution of Y, and Yy, variables and (2) maximum spectral variability within
Xcal» While the spectra remain in a realistic domain (avoiding outliers). These two
criteria are difficult to meet at the same time. Different calibration [X.a,Yca] and
validation [Xy,,Yya] database construction methods exist, relying on either of the
above criteria. Similar distribution of Y., and Yy, variables is frequently used. The
Y variables need to be sorted in ascending order. Then, both samples having the
lowest Y soil properties are assigned to the calibration database. Then, the next
sample is placed in the validation set, and the procedure is continued by alternately
placing both following samples in the calibration set and the next sample in the
validation set. The assignment of samples in each of the bases follows this process
until the last sample, thereby constructing two uniform sets containing two thirds
and one third of the samples, respectively. To ensure a significant spectral variability,
methods such as Kennard-Stone (Kennard and Stone 1969) or DUPLEX (Snee
1977) can also be used.

13.2.3 Prediction Performances and Limitations,
Using VIS-NIR-SWIR Imagery

13.2.3.1 Rules to Predict Soil Properties

The soil property estimation approaches presented above have been largely applied
in laboratory spectrometry and can also be applied from reflectance spectra provided
by VIS-NIR-SWIR imagery. It was highlighted that to be predicted, the soil property
has to respect the following rules (Ben-Dor et al. 2002):

— The soil property has a specific spectral signature due to a chemical or physical
structure or is correlated to a soil property having a specific spectral signature
due to an associated chemical or physical structure.

— And the soil property has a wide range of values. Thus, the predictability of a
primary soil property depends, among other things, on the soil diversity of the
study site.
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Fig. 13.2 Spatial distribution of predicted (a) organic carbon content and (b) total nitrogen content
across a reference field, using the MLR method (Extracted from Selige et al. 2006)

The case of an accurate prediction (using STF and remote sensing data) of soil
properties having specific spectral signatures can be illustrated by the successful
mapping of predicted organic carbon in Selige et al. (2006) (Fig. 13.2a). An
accurate prediction (using STF and remote sensing data) of soil properties without
specific spectral signature but correlated to a soil property having a specific spectral
signature due to an associated chemical or physical structure can be illustrated
by the successful mapping of predicted total nitrogen (N) in Selige et al. (2006)
(Fig. 13.2b). Indeed, total nitrogen (N,) beneficiates from a high correlation (R? not
communicated) between organic carbon and N; over the study area (Selige et al.
2006). Finally, an inaccurate prediction (using STF and remote sensing data) of soil
properties having specific spectral signatures can be illustrated by the result obtained
by Gomez et al. (2012a) for SOC prediction over a Mediterranean context, due to
poor values and variation of SOC (mean and standard deviation of 0.9% and 0.4%,
respectively).
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13.2.3.2 Performances from Lab to Imagery

In laboratory condition, air-dried and sieved soil samples in small cups are measured
with laboratory spectrometers (e.g., ASD FieldSpec Pro FR, ASD AgriSpec, FOSS
NIRSystem 6500 sensors) under controlle