Spectroscopy-supported digital soil mapping

V.L. (Titia) Mulder



Thesis committee

Thesis supervisor

Prof. dr. M.E. Schaepman

Professor of Remote Sensing, University of Ziirich, Switzerland
Professor of Geo-information Science and Remote Sensing,
Wageningen University, The Netherlands

Thesis co-supervisor

Dr. ir. S. de Bruin

Assistent Professor Laboratory of Geo-Information Science and Remote Sensing
Wageningen University, The Netherlands

Other members

Prof. dr. P.C. de Ruiter, Wageningen University, The Netherlands
Prof. dr. J. Wallinga, Wageningen University, The Netherlands
Dr. P. Lagacherie, UMR LISAH, INRA, France

Prof. dr. A. Stein, University of Twente, The Netherlands

This research was conducted under the auspices of the C.T. de Wit Graduate School of
Production Ecology & Resource Conservation (PE&RC)



Spectroscopy-supported digital soil mapping

V.L. (Titia) Mulder

Thesis
submitted in fulfilment of the requirements for the degree of doctor
at Wageningen University
by the authority of the Rector Magnificus
Prof. dr. M.J. Kropff,
in the presence of the
Thesis Committee appointed by the Academic Board
to be defended in public
on 21 October, 2013
at 4 p.m. in the Aula.



V.L. (Titia) Mulder
Spectroscopy-supported digital soil mapping
188 pages

Thesis, Wageningen University, Wageningen, NL (2013)
With references, with summaries in Dutch and English

ISBN 978-94-6173-690-1



Table of contents

Chapter 1

Chapter 2

Chapter 3

Chapter 4

Chapter 5

Chapter 6

Chapter 7

General introduction

The use of remote sensing in soil and terrain
mapping — A review

Representing major soil variability at regional scale
by constrained Latin Hypercube Sampling of remote
sensing data

Retrieval of composite mineralogy by VNIR spectroscopy

Quantifying mineral abundances of complex mixtures
by coupling spectral deconvolution of SWIR spectra
(2.1 pm — 2.4 pm) and regression tree analysis

Characterizing regional soil mineral composition using
spectroscopy and geostatistics

Synthesis

References
Summary/Samenvatting
Acknowledgements

List of publications

Short biography

PE&RC Education certificate

Page

15

51

69

79

107

137

149
174
180
182
185
187






Chapter 1

General introduction






Introduction

1.1 General introduction

In the epoch of the Antropocene, humans have become the main driver to global
environmental change (Steffen et al.,, 2004). Human-driven changes such as
population growth, land use change and greenhouse gas emissions have affected the
functioning of the Earth system. This has resulted in pressure on food security and
the necessity to adapt to climate change. As part of the Earth’s spheres, the
pedosphere is responding and contributing to these environmental changes (Macias
and Arbestain, 2010). Observed changes in the functioning of the pedosphere
renewed the recognition that soil resources provide key ecosystem services. Soils
play a fundamental role for assuring food security and are essential to be considered
in climate change adaptation (Global Soil Parnership, 2011; Grunwald, 2011). These
recent developments also led to the establishment of the Global Soil Partnership
(Global Soil Parnership, 2011). This partnership aims to enhance and apply
knowledge of soil resources, improve their global governance and standardization.

The return of soils on the political and global research agenda (Hartemink, 2008)
is also reflected by recent initiated research efforts which aim to respond to the need
for up-to-date and high resolution soil information, thereby exploring new techniques
and methodologies (Hartemink and McBratney, 2008). iSoil (van Egmond et al.,
2009) and Digisoil (Grandjean and DIGISOIL Team, 2011) are examples of projects
that focused on method development. Their main aim was to integrate new sensor
technologies with soil science and digital soil mapping (McBratney et al., 2003).
Research was conducted at small scale in order to fully exploit the data richness
offered by both the sensors and soil legacy data. Other research efforts were more
tailored to large-scale soil property mapping and harmonizing available soil data.
Such research is crucial to the identification of threats to soil resources as identified
by e.g. UN Convention to Combat Desertification (UNCCD) (United Nations, 1994)
and the EU Soil Thematic Strategy (Commission of the European Communities,
2006). Currently available continental or global soil data are incomplete and only
indirectly relate to problems of environmental change (Grunwald et al, 2011). For
example, the information content of the digital soil map of the world (Fig. 1.1)
provides the soil type along with specific profile descriptions that typifies the soil
unit. Opposite to soil properties, it is generally found that this information does not
provide direct information on soil resources. As a result, the GlobalSoilMap.net
project (Sanchez et al., 2009) and e-SOTER (van Engelen, 2008) were initiated as the
first steps to provide soil information for addressing the described current large-scale
environmental issues. The GlobalSoilMap.net project aimed to make a new digital
soil map of the world using state-of-the art technologies.
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Figure 1.1: Digital soil map of the world, (FAO, 2007).

The research presented in this thesis was carried out in the context of the EU
Seventh Framework Programme (FP7) project e-SOTER (van Engelen, 2008). The
Group on Earth Observation (GEO) initiated a Global Earth Observation System of
Systems (GEOSS). Within this framework, e-SOTER delivered a web-based regional
pilot platform with soil and terrain data, methodologies and applications (Battrick,
2008). The project had two major research objectives. The first objective was to
improve the current SOil and TERrain (SOTER) methodology (van Engelen and
Wen, 1995) at scale 1:1 million, focusing on harmonization of existing soil legacy
data and creating exhaustive soil maps using moderate-resolution optical remote
sensing (RS) combined with existing soil legacy data. The second objective aimed to
develop advanced RS applications within 1:250.000 scale study areas, including
geomorphic landscape analysis and RS of soil attributes. This thesis is the result of
the latter objective and contributed to the improvement of SOTER spatial and
attribute data by developing methods to obtain semantic soil data from remote and
proximal sensing (PS) data.

The remainder of this chapter describes the framework in which the work of this
thesis was done. Section 1.2 introduces conventional and digital soil mapping (CSM
and DSM respectively). Section 1.3 provides the basic principles of RS and PS with
emphasis on the added value for DSM. In section 1.4, the objectives and research
questions are defined while the final section provides the outline of this thesis.
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1.2 Conventional and digital soil mapping

1.2.1 Conventional soil mapping (CSM)

One of the first soil scientists was perhaps Olivier Serries (1539 - 1619), who wrote
Thédtre d'Agriculture (1600), a famous textbook of French agriculture. Vasily
Dokuchaev (1846 - 1903) has been credited for laying the foundations of soil science
at the end of the 19™ century. Early 20™ century, the expert on pedology Eugene
Hilgard (1833 - 1916), was considered to be the father of ‘modern’ soil science in the
USA. This modern soil science is nowadays referred to as CSM which matured in the
second half of the 20™ century (Schelling, 1970). The original methodologies were
refined over time. At the end of the 20" century, the major principles and practices
for making and using soil surveys were described in the standard from the Soil
Survey Division Staff — the soil survey manual (Soil Survey Division Staff, 1993).
CSM typically employs the free survey method to create soil maps. First, a mental
soil-landscape model is made. Soil boundaries are defined based on landscape
features from aerial photograph interpretations. Next, sample locations are selected
that are likely to be most informative. The mental model is refined based on these
field observations. Additional samples might be obtained and finally the map unit
composition is determined. The map is a general-purpose map with soil classes and
additional soil profile descriptions characterizing each map unit (Bregt, 1992). The
CSM approach can result in accurate maps if the survey is well performed but there
are some major limitations to CSM. The practical limitation to CSM, especially for
large or inaccessible areas, is the intensive field work required to produce accurate
and detailed maps (Bui et al., 1999). Apart from that, the soil surveyor’s mental soil-
landscape model is difficult to reproduce. Also, the discrete homogeneous polygons
mapping units have a qualitative nature and lack quantified measures of accuracy
(Kempen, 2011). Central to CSM is the description of the soil by a soil classification
system (IUSS Working group WRB., 2006), which is a hierarchical and inflexible
system. To address current environmental issues, more flexible and quantitative
methods are required to study soils and their relation or function to environmental
factors and threats (Bouma et al., 2012; Hartemink and McBratney, 2008).

1.2.2 Digital soil mapping (DSM)

DSM relies on field, laboratory and RS and PS soil observations, integrated with
quantitative methods to infer spatial patterns of soils across various spatial and
temporal scales (Grunwald, 2010). Using a broad range of data sources and methods,
DSM aims to provide up-to-date and accurate soil maps to meet the current and
future need for soil information. The DSM approach is both data and environmental-
centred and so uses the data as a starting point to study the spatial distribution of
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soils and soil properties. This makes DSM flexible and more suitable in providing
soil information for specific applications compared to CSM.

The basis of DSM is the application of pedometric methods that predict the spatial
and temporal distribution of soil types and soil properties. The conceptual framework
in which the pedometric methods are applied is the State Factor Equation of soil
formation, first introduced by Jenny (1941). This work states that soils can be
described by the main environmental soil forming factors, which are: climate,
organisms, relief, parent material and time (CLORPT). DSM uses this concept to
develop empirical models that relate observations of soil properties with
environmental variables that describe the main soil forming factors (i.e. CLORPT).
Refinements of this modeling framework were made over the years, including the
SCORPAN (McBratney et al., 2003) framework which is spatially explicit, and the
STEP-AWBH (Grunwald, 2011) which is both spatially and temporally explicit.
Typically, the environmental variables are exhaustive georeferenced data layers,
including digitized geological and soil maps, satellite images and derivatives of the
latter. There are no prerequisites on the type of model; regression models, regression
trees and various other data mining techniques have been proven successful in
establishing the statistical relations. Overall, DSM is indeed flexible, quantitative
and accurate (Chapter 2 and references in there). Nevertheless, there are some critical
points to consider. First, the models are typically not easy to transfer to other regions
because the prediction models are based on the feature space of the study area which
may not be applicable in another area. Secondly, compared to CSM products, DSM
maps are developed for specific purposes rather than for general applications, which
reduces its use to a limited public. Finally, DSM is not standardized and the use and
interpretation of models by other users requires a clearly written report with
supplementary information and instructions.

1.2.3 Spatial modeling of soil properties at regional scale

DSM successfully delivers up to date soil information at smaller scales (Gomez et
al., 2012; Kempen, 2011). Still, difficulties remain for large-scale assessment with
respect to data availability and scaling issues (Minasny, 2012; Minasny et al., 2013).
In this work the following definitions of scale were used; local is smaller than 10*
km?, regional varies between 10* km? and 10’ km” and global is larger than 107 km?
(Mulder et al., 2011b). Larger spatial scales or studies refer to studies which are done
at a scale that reaches beyond the local scale. Typically, large-scale assessments rely
on relative sparse samples which impede the development of soil prediction models.
The relation between the target and predictor variable tends to decrease with
increasing scale and extent of the study area. Large-scale DSM is not straight
forward and involves more than simply applying existing methods to large scale
areas. Grunwald et al. (2011) emphasized that the assessment of spatial and temporal
autocorrelations depend on the density and distribution of soil observations within a
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landscape. Accordingly, the sample size of target variables and the sampled
variability of the soil and environmental observations influence the accuracy of soil
prediction models (Vasques et al., 2012). Advanced soil collection methods, suitable
for large-scale studies, are needed to advance DSM predictions in space and time. It
is expected that datasets, where the density and scale of soil observations more
closely resemble the spatial resolution of the CLORPT factors, can elucidate the
scaling behaviour of soil properties and processes across spatial and temporal scales.
Apart from that, advancements to quantify soil properties and processes are expected
in improved inference methods and less so on improved methodologies or models for
predicting soil properties.

The use of geostatistical methods has some advantages as compared to the
“CLORPT”-approach. Geostatistical methods are data driven rather than knowledge
driven, and deal with geographical space rather than feature space. This allows for
transferability to other areas, as a result. Furthermore, in addition to the structural
part (drift or trend) that is modelled by the “CLORPT”-approach, the spatially
correlated random part of variation is modelled. Here, the trend-component can be
estimated using the auxiliary variables, using e.g. regression kriging (Hengl et al.,
2007a). Modelling both the structural part and the random part of variation generally
results in a higher prediction accuracy; kriging provides the best linear unbiased
estimator of an unknown location along with the prediction uncertainty (Goovaerts,
1999). Overall, geostatistical methods allow for more in-depth analysis of prediction
uncertainties and spatial processes compared to the ‘CLORPT’ approach. Despite the
many pros for using geostatistical methods some major limitations for large scale
mapping exist. Calibration of geostatistical models, generally requires higher
sampling densities and spatial dependence of the observations (Hengl et al., 2003).
Furthermore, geostatistical methods involving kriging have practical limitations for
large scale assessments. The most important limitation, besides data collection, is the
computational feasibility for large datasets. Currently, promising research is done to
ensure computation feasibility for large datasets (Katzfuss, 2011), which was
especially helpful for global environmental and climate change studies (Cressie and
Johannesson, 2008; De Jong et al., 2013; Furrer and Genton, 2011). They showed
that the computational requirements are not necessarily the limiting factor. So far,
few studies have used such approaches for soil prediction models and the soil science
community could take such methods into consideration.

Concluding, to make large-scale DSM successful: (I) advanced sampling and
inference methods are needed, (II) improving soil predictions requires compatibility
between the variability within the sample and the predictor variables, (III) data
driven geostatistical methods should be used to improve spatial predictions, and (IV)
the methods must be both time and cost efficient. RS and PS methods could provide
essential information to make regional-scale DSM successful, as this thesis will
demonstrate.
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1.3 Remote and proximal sensing of soils

1.3.1 Remote sensing

RS is about obtaining information from an object through the analysis of data
acquired by a device that is not in direct contact with the object of interest. Examples
of sensors used for such purpose include gravity meters measuring variations in force
distributions, and sonar measuring variations in acoustic wave distributions. This
thesis relied on sensors measuring variations in the emission and reflectance of
electromagnetic (EM) energy by objects. EM energy sensors collect data about the
emission and reflection of EM energy from objects. Sensors operating from satellite
and airborne platforms can provide information on various earth surface features.
This information supports inventorying, mapping and monitoring of earth resources,
including soils. Note that in this thesis, the term RS refers to EM RS while other
types of RS are not further discussed (Lillesand et al., 2008). The EM spectrum
ranges from gamma (y) rays at the shortest wavelengths to radio-waves at the longer
wavelengths (Fig. 1.2). Most common sensing systems operate in one or several of
the visible, infrared (IR) or microwave portions of the spectrum. Each part of the
spectrum provides typical information for various earth resources. Sensors obtaining
information from the y-rays (Wilford et al., 1997), X-rays (Bish and Plétze, 2011)
and the Mid-IR (Viscarra Rossel et al., 2006b) successfully retrieve soil information,
especially soil mineralogy. However these sensors are not fully operational for
spatial modelling at large scales. In this thesis, I limit myself to the use of the visible
and near infrared (VNIR), shortwave infrared (SWIR) and thermal infrared (TIR)
wavelength ranges. Sensor data covering these wavelengths are readily available
from both satellite and airborne platforms (Lillesand et al., 2008).
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Figure 1.2: Electromagnetic spectrum (Lillesand et al., 2008).
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1.3.2 Remote and proximal sensing methods

Deriving information from spectral data typically relies on methods such as
(un)supervised classification (Friedl et al., 2002), spectral unmixing (Keshava and
Mustard, 2002), band ratios (Hewson et al., 2012), absorption features analysis
(Clark et al., 2003) and partial least squares regression (PLSR) (Viscarra Rossel et
al., 2006b). Some spectral signatures, such as those from soil, water and vegetation,
can be easily discriminated and (un)supervised classification usually results in
reliable outputs. Nevertheless, satellite images take pixel-based measurements. These
pixels seldom consist of a single constituent but represent a mix of multiple
constituents. Fractional coverage estimates of pixel-constituents have been obtained
using spectral unmixing (Keshava and Mustard, 2002). Alternatively, information
from band ratios have been used for those constituents that show clear differences
between spectral bands in relation to some physical property, e.g. vegetation
properties (Tucker, 1979). Vegetation differentiates itself from other earth surface
resources by the major difference in reflectance between the red and near-infrared
wavelengths (Fig. 1.3a). Based on the difference between these spectral regions,
several indices have been developed to retrieve specific information for vegetation
properties (Tucker, 1979).

Quantitative information is typically retrieved from spectral data using radiative
transfer modeling (Laurent et al., 2011) or absorption feature analysis (Clark et al.,
2003; Sunshine and Pieters, 1998). This requires high-resolution spectral data to
ensure correct detection of the specific spectral characteristics. Absorption feature
analysis uses the continuum removal (CR) of the isolated feature to relate changes in
depth, width or surface of these features to physical properties, e.g. clay content (Fig.
1.3b). An alternative statistical approach is PLSR, where spectral bands are used to
model the relation between physical properties and reflectance (Viscarra Rossel et
al., 2011). This has been useful for the retrieval of various soil properties but
limitations occur when absorption features of constituents tend to overlap. In case
absorption features overlap, the relation towards the physical property of interest
becomes non-linear due to e.g. complex scattering behaviour of the constituents.

- 1.0 g
_ 10 _
1.0+ < —~
o) 3 =08
< 0.8 209 2
8 g € 0.6+
€ 0.6- 3 g
& ' s 8 0.4 -
@ 0.4- Vegetation =08 S
o £ 0.2 |
© 0.2
Water (% — pure smectite 40% smectite
0.0 T | ; : 0.7 {--- 50% i 15% cit 0.0 1 —Calcite  --- Kaolinite Muscovite|
05 1.0 1.5 20 25 21 22 23 24 05 1.0 15 20 25
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Figure 1.3: a) Spectra of soil, vegetation and water, (b) CR of SWIR reflectance of smectite spectra of varying
abundances, (c) Spectra of various minerals (Clark et al., 2007).
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Mineralogy is a clear example of a soil property for which the retrieval of
quantitative information is limited using a strictly linear approach (Clark and Roush,
1984). Many mineral diagnostic absorption features occur in the SWIR (Fig. 1.3c);
estimating mineralogy from a natural sample consisting of various minerals needs to
account for the non-linear behaviour in reflectance and overlapping absorption
features. To do so, specialized modeling approaches are needed to obtain an estimate
of abundance or characterization of the constituents.

1.3.3 Remote and proximal sensing for DSM

In this thesis, data collection by sensors on board of satellite or airborne platforms is
referred to as remote sensing (RS). Those measurements that are taken at the field or
laboratory level are referred to as proximal sensing (PS). An extensive review on the
potential of RS and PS for soil attribute retrieval is given in Chapter 2 of this thesis.
It was found that, RS provides exhaustive coverage of large areas, but with low
spectral resolution. RS and derived products are therefore very suitable as predictor
variables in DSM but less so to measure distinct absorption features. Satellite
products such as Landsat Thematic Mapper (TM), Advanced Spaceborne Thermal
Emission and Reflection radiometer (ASTER) and Moderate Resolution Imaging
Spectroradiometer (MODIS) have been used as representatives for the soil forming
factors soil, vegetation and parent material (CLORPT). In contrast, PS provides high
spectral resolution data from individually sampled sites (Fig. 1.4). RS and PS are
considered a cost and time efficient alternative compared to chemical and physical
laboratory measurements to obtain soil property information from sampled sites. RS
and PS are especially suitable for large-scale studies where soil legacy data is sparse.

0.6 —— ASTER
- B ——— High resolution
<X -
8 041 |/
8 |
[$}
()
E 0.2
0.0 ‘ ‘ ‘

Wavelength (um)

Figure 1.4: Spectral resolution of ASTER compared to laboratory spectroscopy (Clark et al., 2007).
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Despite the many benefits that RS and PS methods provide for DSM, some
critical issues need consideration. Optimal retrieval of detailed soil information
requires operational methods and high spectral resolution imagery, yet, both criteria
have not been met. Most state-of-the-art methods to retrieve soil properties are not
publicly available. Suitable high spectral and spatial resolution imagery are currently
not provided by satellite platforms. That is to say, no sensors are available with
spectral bands covering the wavelengths required for optimal soil property retrieval.
Using RS and PS is not straightforward and expert knowledge is required to maintain
quality control. Incorrect measurements and pre-processing of data may easily lead to
inaccurate results. Apart from these technical problems, a common criticism is that
RS observations are limited to the first few centimetres of the surface. It is well
known that many soil processes are best quantified using the full soil profile.
Nevertheless, RS allows spatial explicit characterization of soil properties at the
surface. Using pedotransfer functions, properties have been predicted for the full
profile (Hong et al., 2013; McBratney et al., 2002). A combination of the latter two
could result in a more refined description of soil properties within an area. Besides,
agricultural activities surely benefit from estimated topsoil parameters to optimize
crop growth conditions (White et al., 2012).

Following from sections 1.2 and 1.3, soil mineralogy became the central soil property
of this thesis for two reasons. First, the retrieval of soil mineralogy from PS is known
to be difficult due to the complex scattering behaviour within a sample (Clark and
Roush, 1984). Improving methods for such properties would substantially improve
the perspectives of using PS for DSM. Second, the presences of medium and long-
scale dependent spatial processes were assumed necessary to model the major soil
variability at regional scale using RS (section 1.2.3). Mineralogy meets the
requirements to test this hypothesis. It is known that in large areas the spatial
processes of mineral variability manifest themselves at shorter and longer spatial
scales (Jaquet, 1989).

1.4 Objective and research questions

The soil science community is expected to deliver large-scale soil information maps
that readily allow addressing the related environmental questions raised on the
political agenda of countries, continental and global organizations. Soil scientists
debate how to meet the demands from outside the community. Prominent soil
scientists have provided the community with envisions of research in the near future
(Bouma, 2009; Grunwald, 2011; Hartemink and McBratney, 2008). The ultimate goal
would be to develop a global soil model which is sufficiently flexible to predict
various soil properties at different spatial and temporal scales and in which existing
soil data and environmental data are integrated in a holistic fashion. To achieve this

11
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goal research priorities are among others, efficient data collection, spatial and
temporal modeling of soil properties and solving scaling issues affecting large-scale
assessments. Apart from that, harmonization of existing legacy data and improved
transferability over different areas is needed. RS and PS could take a key position in
providing data for the development of methods for large-scale modeling of soil
properties. Especially with the advancement in computer and sensing technologies,
methods for data collection and spatial modeling for large-scale areas might benefit
from using spectral data. From this, the main objective of this thesis is to exploit the
use of remote and proximal sensing methodologies for digital soil mapping in order
to facilitate soil mapping at larger spatial scales.

To achieve this objective, an experiment at regional scale was designed. In this
experiment, each step involved in the process of data collection, data retrieval from
spectral data and spatial modeling of soil properties, was critically reviewed.
Temporal modeling of soil properties and harmonization of legacy data was left
aside. This stepwise approach allowed for the identification of the major bottlenecks
which are addressed by the research questions outlined below.

1: What is the current state-of-art in the use of remote sensing for soil and terrain
mapping?

This question is addressed by reviewing recent findings on the use of optical and
microwave data for soil science applications with the emphasis on (I) spatial
segmentation of the landscape, (II) measurements or prediction of soil properties by
means of physically-based and empirical methods and (III) supporting spatial
interpolation of sparsely sampled soil property data as a primary or secondary data
source.

2: Can major soil variability at regional scale be represented by a sparse remote
sensing-based sampling approach?

The collection of a representative soil sample for a large area, in the absence of
legacy data and limited acquisition resources, demands flexibility and adaptation of
sampling strategies. The challenge is to adequately plan the data collection within a
sound theoretical framework using the full potential of the available RS data.

3: Which methods allow retrieval of mineralogy from complex mixtures using
proximal sensing?

It was deemed necessary to demonstrate two recently proposed methods that
allow advanced modeling of soil mineralogy using proximal sensing. The complex
scattering behaviour of minerals within a soil sample may be addressed by model
approaches that assume either linear or non-linear reflectance of the constituents. In
this thesis, the opportunities and limitations for spectroscopic analysis of minerals

12
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were evaluated under the assumptions of both linear and non-linear reflectance
behaviour.

4: Can scale-dependent variability be extracted from remote sensing and do model
predictions improve by using scaled remote sensing data that match the variability of
the sample?

The aim is characterizing regional soil mineral composition using predictor
variables derived from RS data. The sparse sample used in this work represents the
major variability of soils but bears few compatibility in variability with the high-
resolution RS data. The feasibility to predict soil properties using such a sample is
likely to increase if the RS data represent a similar spatial scale of variability. The
latter might be achieved by smoothing the RS data to medium- and long-range spatial
structures, using a geostatistical approach.

1.5 Structure of this thesis

The key principles about soil mapping and RS and PS were described in this
introductory chapter. Chapters 2 to 6 constitute the core of this thesis and address the
objective and research questions presented in section 1.4.

Chapter 2 reviews previous studies related to DSM and RS and PS of soil
properties. Here, the major opportunities and limitations of using spectral
information for DSM were identified. This review was used as the starting point of
this thesis. Chapter 3 describes a RS-based sampling approach for data collection in
large areas. The sampling was constrained by lack of accurate soil legacy data and
limited acquisition resources. This chapter shows how, despite these limitations, RS
data allowed collecting a sample representing major soil variability at regional scale.
This sample was further used for the research carried out in this thesis. Chapters 4
and 5 demonstrate two methods to retrieve soil mineralogy from PS. These chapters
demonstrate advances in soil spectroscopy and also raise awareness to acquire soil
information from PS. In Chapter 6, the previously described methods were integrated
which allowed to characterize the regional soil mineral composition using
spectroscopy and geostatistics. This chapter demonstrates the full potential of RS and
PS for large-scale DSM. Chapter 7 concludes this thesis by summarizing and
discussing the main findings in relation to the problem setting discussed in this
chapter. Literature references have been combined in the References section at the
end of the thesis.

13



14



Chapter 2

The use of remote sensing in soil and terrain
mapping — A review
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Chapter 2

This chapter is based on:

V.L. Mulder, S. de Bruin, M.E. Schaepman, T.R. Mayr (2011). The use of remote
sensing in soil and terrain mapping — A review. Geoderma, 162 (1-2), 1-19.

DOI: 10.1016/j.geoderma.2010.12.018

Abstract

This article reviews the use of optical and microwave remote sensing data for soil
and terrain mapping with emphasis on applications at regional and coarser scales.
Remote sensing is expected to offer possibilities for improving incomplete spatial
and thematic coverage of current regional and global soil databases. Traditionally,
remotely sensed imagery have been used to support segmentation of the landscape
into rather homogeneous soil-landscape units for which soil composition can be
established by sampling. Soil properties have also been inferred from optical and
microwave data using physically-based and empirical methods. Used as a secondary
data source, remotely sensed imagery may support spatial interpolation of sparsely
sampled soil property data. Soil properties that have been measured using remote or
proximal sensing approaches include mineralogy, texture, soil iron, soil moisture,
soil organic carbon, soil salinity and carbonate content. In sparsely vegetated areas,
successful use of spaceborne, airborne, and in-situ measurements using optical,
passive and active microwave instruments has been reported. On the other hand, in
densely vegetated areas, soil data acquisition typically relied on indirect retrievals
using soil indicators, such as plant functional groups, productivity changes, and
Ellenberg indicator values. Several forms of kriging, classification and regression
tree analyses have been used jointly with remotely sensed data to predict soil
properties at unvisited locations aiming at obtaining continuous area coverage. We
expect that remotely sensed data from existing platforms and planned missions can
provide an important data source supporting digital soil mapping. Yet, most studies
so far have been performed on local scale and only few on regional or smaller map
scale. Although progress has been made, current methods and techniques still bear
potential to further explore the full range of spectral, spatial and temporal properties
of existing data sources. For example, spaceborne spectroscopy has been of limited
use in retrieving soil data when compared to laboratory or field spectroscopy. To
date, there is no coherent methodology established, where approaches of spatial
segmentation, measurements of soil properties and interpolation using remotely
sensed data are integrated in a holistic fashion to achieve complete area coverage.
Such approaches will enhance the perspectives of using remotely sensed data for
digital soil mapping.

16



Remote and proximal sensing for soil and terrain mapping

2.1 Introduction

Soil and terrain information is needed for policy-making, land resource management,
and for monitoring the environmental impact of development. Lack of comprehensive
information about global, national or local land resources increases the risk of
releasing uninformed policy decisions, avoidable continued degradation of land and
water resources, and excessive carbon emission to the atmosphere and renders it
finally less likely that the Millennium Development Goals will be achieved. The
viability and cost of vital infrastructure is affected by this information shortage just
as much as the food and water security and response to environmental change (van
Engelen, 2008). Global and regional models that address climate change, land
degradation and hydrological processes need soil input parameters with complete
area coverage, but currently there are only few spatially exhaustive datasets available
(Anderson et al., 2008; Bastiaanssen et al., 2005).

In recent decades the soil science community has made great efforts to develop
regional and global soil and terrain databases. Currently, there are several
georeferenced soil databases available at map scales smaller than 1: 250.000; namely
the Harmonized World Soil Database at a map scale of 1:5 M (million) developed by
the FAO-UNESCO (FAO et al., 2008); The European Soil Database at a map scale of
1:1 M, which is part of the European Soil Information System — EUSIS (Le Bas et
al., 1998). The latter is the product of a collaborative project involving all the
European Union and neighbouring countries, that has been active for the past 20
years (King et al., 1994). Further, the latest version of the European Soil Database
(v2.0) includes an extended geometric component ‘The Soil Geographical Database
of Eurasia’ (Lambert et al., 2002), which also covers the Russian Federation,
Belarus, Moldova and Ukraine (Morvan et al., 2008); The Soil and Terrain Digital
Database (SOTER), which incorporates quantitative information on soils and terrain
at map scales 1:1 M and 1:5 M (Oldeman and van Engelen, 1993); Although partly
implemented, the geo-referenced Soil Database for Europe at a map scale of
1:250.000, is an extendable database to which users can submit their local soil and
terrain databases. For the latter, there is a manual aiming for consistence among soil
surveyors (Finke et al., 2001). Other examples of soil databases with a continental
scale are the SOTER database for different parts of Africa at a scale of 1:2 M
(Dijkshoorn, 2003; van Engelen et al., 2006) and the SOTER database for Latin
America and the Caribbean at a scale of 1:5 M (Dijkshoorn et al., 2005). There are
many national soil databases such as the American Web Soil Survey (WSS) (Soil
Survey Staff - Natural Resources Conservation Service) and the Soil Survey
Geographic Data Base (SSURGO) from the Natural Resources Conservation Service
(NRCS) (Soil Survey Staff - Natural Resources Conservation Service); the Australian
Soil Resource Information System (ASRIS) from CSIRO Australia (Australian
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Department of Agriculture Fisheries and Forestry); Available from the Agriculture
and Agri-Food Canada: the Canadian Soil Information System (CANSIS) and the
National Soil Database (NSDB) of Canada (Agriculture and Agri-Food Canada.,
2010); and the Russian Soil map at a scale of 1: 2.5 M (Stolbovoi and McCallum,
2002). For an extended inventory of available soil databases we refer to Rossiter
(2004) and Nachtergaele (1999).

The above suggests there is already much soil information available.
Nevertheless, a major problem is inconsistency in data acquisition because the data
have been collected nationally at various scales, using different standards and
methods. Apart from that, developing and transitional countries typically lack digital
and accessible soil information. Available data sets for these countries are mostly at
small to medium scales and have been produced through international projects.
Larger scale digital soil data are limited in availability to the USA, Canada, Australia
and Europe. However, available soil databases mapped at large scale often have
inconsistencies, e.g. the present geographical coverage for the European continent is
uneven between and even within countries. National and regional European networks
are much denser in northern and eastern regions than in southern Europe (Morvan et
al., 2008).

Remote sensing (RS) may offer possibilities for extending existing soil survey
data sets. The data it provides can be used in various ways. Firstly, it may help
segmenting the landscape into internally more or less homogeneous soil-landscape
units for which soil composition can be assessed by sampling using classical or more
advanced methods. Secondly, RS data can be analysed using physically-based or
empirical methods to derive soil properties. Moreover, RS imagery can be used as a
data source supporting digital soil mapping (DSM) (Ben-Dor et al., 2008; Slaymaker,
2001). Finally, RS methods facilitate mapping inaccessible areas by reducing the
need for extensive time-consuming and costly field surveys.

Although RS and soil spectroscopy have been recognized as a potentially
effective and cost-efficient technology, they are not yet routinely used in soil
surveys. Our knowledge of how to apply advances in RS to soil and terrain mapping
is still incomplete (Ben-Dor et al., 2008). The ability to apply RS methods and
improve coherence in soil and terrain mapping on a global scale, could contribute to
the Global Soil Observing System, which is planned by the Global Earth Observation
System of Systems (GEOSS) to meet the need for land resources information
(Battrick, 2005). Using more coherent data sets with exhaustive coverage would also
improve the identification of threats to soil quality as identified by e.g. UNCCD
(United Nations, 1994), the EU Soil Thematic Strategy (Commission of the European
Communities, 2006), the Canadian Soil Quality Program (Spiess, 2003), the United
States Natural Resources Conservation Service (United States Department of
Agriculture, 2006 ) and the Australian natural resource management (NRM)
programs (Australian Government, 2010). RS has been used to identify these threats
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and to support soil functional mapping such as water and nitrogen stress (Liaghat and
Balasundram, 2010; Yi et al.,, 2008) and soil erosion (Ben-Dor et al., 2009;
Metternicht and Fermont, 1998).

This paper aims to review publications from a wide range of sources and outlines
a methodological framework that facilitates soil and terrain mapping from a soil
survey-oriented view in combination with remote and proximal sensing (RS and PS)
methodologies. The review focuses on the use of optical and microwave data for soil
science applications. Airborne geophysical (e.g. magnetic, electromagnetic and
radioactive) surveys have been used in geological and soil mapping (Martelet et al.,
2006; Saunders et al., 1999; Wilford et al., 1997). However, the data used in these
surveys are not as extensively available as optical and microwave data, which makes
them less suitable for regional soil and terrain mapping.

The structure of this paper is based on the well-known State Factor Equation of
soil formation, where soil is described as a function of CLimate, Organisms, Relief,
Parent material and Time, referred to as CLORPT (Jenny, 1941) and its closely
related SCORPAN soil spatial prediction function (SCORPAN — SSPFe). SCORPAN
includes the same factors as CLORPT but also spatial (cross) correlation of soil
properties and presence of spatially autocorrelated errors (McBratney et al., 2003).
Several factors of soil formation can be derived from RS (Buis et al., 2009; French et
al., 2005; Schmidtlein et al., 2007; Singhroy et al., 2003).

We review the use of RS and PS for (1) identifying any of the factors of soil
formation to stratify the landscape, i.e. into large relatively homogeneous soil-
landscape units which can be used as covariate for DSM or whose soil composition
can be determined by classical sampling, (2) allowing measurement or prediction of
soil properties by means of physically-based and empirical methods, and (3)
supporting spatial interpolation of sparsely sampled soil property data as a primary or
secondary data source. Note that in this review we use the term proximal sensing
(PS) for laboratory and field measurements. The following definition of DSM is
adopted: ‘the creation and population of spatial soil information by the use of field
and laboratory observational methods coupled with spatial and non-spatial soil
inference systems (Lagacherie et al., 2007; McBratney et al., 2003)’ (Carré et al.,
2007).

2.2 Spatial stratification of the landscape

A common way of spatially segmenting the landscape is to divide it into internally
more or less homogeneous and mutually contrasting landform units (Hewitt, 1993;
Hudson, 1992). Soil-landform units are specialized landform units expected to be
relatively homogeneous in terms of the main factors including parent material (Hengl
and Reuter, 2009; McBratney et al., 2003). Soil-landform maps thus provide a tool
for identifying locations where different geomorphic processes dominate. Landform
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maps are typically suitable predictors of soil types because soil development often
occurs in response to the underlying lithology and water movement in the landscape
(Ballantine et al., 2005; McKenzie and Ryan, 1999). For classical soil mapping, such
as the SOTER methodology, the landform maps can be used to draw soil boundaries.
Within these units, soil samples can be taken and a soil type or soil association can
be assigned to the different units (van Engelen and Wen, 1995). In DSM, soil
landform maps may be used as auxiliary data source (discussed later).

2.2.1 Landform mapping

Traditionally, landform mapping is done by visually interpreting aerial photographs
(Dent and Young, 1981). Nowadays, with access to fast computers and digital
sources such as Digital Elevation Models (DEMs) — typically acquired by RS — it can
be done digitally. Typically, the surface is parameterized by attributes such as
elevation, slope, aspect, plan and profile curvature, and flow accumulation (Moore et
al., 1993) to obtain relief or surface topography units (Fig. 2.1). These attributes
quantify the role of topography in redistributing water in the landscape and in
modifying the amount of solar radiation received at the surface which may affect the
pedogenesis and thereby the soil characteristics (Wilson and Gallant, 2000). There
are many definitions for landform mapping, as is described by Dehn et al. (2001).

2y & o

Figure 2.1: (Left) Landform delineations: red hatch — mountains, yellow hatch - alluvial fans, green hatch —
valleys, blue hatch - wash drainage areas, unshaded - unclassified areas and (right) the corresponding shaded
relief : 4x vertical exaggeration (right). (Reprinted with permission, Leighty (2004))
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In this review the description of landform mapping given by Minar and Evans (2008
p. 1) is being adopted; Hence, the main objective of landform mapping is “The
identification of the most specific geometrical geomorphic elements with maximal
change of genetic, geometric and process character” (Minar and Evans, 2008 p. 1). In
other words, the internal homogeneity and external contrasts of landforms in terms of
their geometry should reflect their genesis and recent dynamic (Minar and Evans,
2008). Consequently, the land surface form is characterized by a complex structure
of nested hierarchies of relief units (Dikau, 1989). Three types of relief units are
distinguished, based on increasing complexity. Firstly, elementary forms, which
represent the smallest and simplest geometric units. Secondly, the landforms that are
composites of elementary forms and thirdly, the landform patterns which are
associations of landforms (Minar and Evans, 2008). Most of these topographic
attributes are calculated from directional derivatives of a DEM (Florinsky, 1998).
Supervised or unsupervised classification for landscape segmentation can be
performed using crisp or fuzzy clustering methods, ranging from local up to global
studies (Dobos et al., 2005; Klingseisen et al., 2008; Moore et al., 2003; Prima et al.,
2006; Schmidt and Hewitt, 2004; Tribe, 1992; van Asselen and Seijmonsbergen,
2006), as well as object-based landform mapping (Otto et al., 2010a; Otto et al.,
2010b; Raper and Livingstone, 1995).

There are several general problems which occur with the use of most automated
landform classification methods. One of these problems concerns scale-dependence
of the geomorphic elements that can be recognized. To determine the scale on which
the desired elements can be retrieved, the algorithms should be applied over DEMs at
various resolutions. Secondly, the definition of class boundaries and semantics may
differ for different classification methods, which makes it difficult to compare them
(Dehn. et al., 2001). Furthermore, the recognition of geomorphic elements is strongly
dependent on the input data used, and it is influenced by DEM accuracy (outlined
below). Separation of small geomorphic wunits and recognition of different
geomorphic elements in flat areas is often hindered by the presence of vegetation;
therefore research is on-going for the correction of DEM’s for vegetation cover
(Gallant and Read, 2009; Hofton et al., 2006; Petersen et al., 2009). Another problem
is that segmentation methods developed for mountainous areas do not work well in
flat areas. Therefore, when dealing with large heterogeneous landscapes, methods for
different terrain types have to be combined (Dobos et al., 2005; Ehsani and Quiel,
2008; Ehsani and Quiel, 2009; Klingseisen et al., 2008; Moore et al., 2003; Prima et
al., 2006; Rasemann et al., 2004; Schmidt and Hewitt, 2004). The LandMapR
program developed by MacMillan et al. (2004) has been very successful in
classifying a hierarchy of landform entities over a full range of spatial scales.
Iwahashi and Pike (2007) developed a global terrain map with an automated nested-
means classification of topography. Their map of terrain classes for the world is
freely available online [http://gisstar.gsi.go.jp/terrain/front_page.htm].
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2.2.2 Landform mapping based on combined data sources

The combination of a DEM with spectral data can improve landform classification in
complex landscapes. From a DEM the basic morphometric identifying parameters are
derived, as described in section 2.1, and additional spectral segmentation has been
used to refine morphometrically similar landforms (Saadat et al., 2008). Different
landform models have been developed for using spectral data in combination with
data from SRTM and Landsat Thematic Mapper+ (TM+). The combination of these
data sources resulted in better classification of landform types which are dominated
by slope processes (Ehsani and Quiel, 2009; Martin and Franklin, 2005; Taramelli
and Melelli, 2009). Other satellites whose data have been used for landform
recognition in combination with a DEM are e.g. ASTER (Glasser et al., 2008; Saadat
et al.,, 2008; Schneevoigt et al., 2008), Satellite Pour 1'Observation de la Terre
(SPOT) (Hansen et al., 2009) and Compact High Resolution Imaging Spectrometer
(CHRIS) (Ulrich et al., 2009). All studies referred to above concluded that spectral
data improved classification, because of increased distinction between
topographically similar landforms. Unlike these studies, which were carried out at
local scale, Ballantine et al. (2005) and Iwahashi and Pike (2007) used MODIS
(Moderate Resolution Imaging Spectroradiometer) — and SRTM30 data respectively
as the sole data source for producing a general landform map at global or regional
scale.

Applications of Synthetic Aperture Radar (SAR) data and combinations of SAR
and multispectral data have also been extensively studied within the context of
improved landform recognition on a local scale (Madhavan et al., 1997; Singhroy and
Molch, 2004). Different wavelengths of the SAR signal enable structural analysis of
elements in specific size classes, while polarization angles are particularly sensitive
for directional structures. The lineament orientations or faults of geomorphological
units are enhanced by different single polarized images and multipolarization
combinations from SAR (Fig. 2.2). Moreover, SAR is cloud-penetrating while the
strength of backscatter depends on the dielectric properties of surface materials (e.g.
soil water content), and the copolarization sensitivity to surficial sediments, both
improve the classification of exposed surficial sediments (Singhroy and Molch,
2004).

Singhroy et al. (2003) fused RADARSAT with TM images and employed spectral
classification for distinguishing surficial deposits, moisture conditions and vegetation
cover, which facilitated the interpretation and delineation of terrain units within an
area of about 4800 km? (Singhroy et al., 2003; Singhroy, 2000). Subsequently, C-
band SAR images were used in densely vegetated areas to produce an image of the
surface envelope of the canopy enhanced by highlights and shadows related to
surface structures and erosional features. The above examples illustrate how
automated analyses can benefit from complementary information provided by radar
and spectral imagery. Combinations of SAR and multispectral images have also
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Figure 2.2: (Left) Original map of geological setting and (right) different structural orientation interpreted from
each polarization. (Reprinted with permission, Singroy and Molch (2004))

been visually interpreted for identifying geological structural features. However,
visual interpretation is time consuming and it is sensitive to human interpretation
errors (Madhavan et al., 1997).

2.2.3 Digital elevation models

The most widely used sources of DEM data are Light Detection and Ranging
(LIDAR) and SAR and stereo-correlation of images. Dependent on the sensor flight
altitude, LIDAR allows highly accurate and very densely sampled elevation points
(Woolard and Colby, 2002). Processing of LIDAR data involves filtering irregularly
spaced data points to obtain terrain elevation projected onto a regular grid (Brennan
and Webster, 2006; Hodgson et al., 2003). SAR data are typically processed using
interferometric techniques. SAR data are either airborne or spaceborne; near-global
coverage, between approximately 60° northern latitude and 56° southern latitude has
been achieved with the Shuttle Radar Topography Mission (SRTM) (Farr, 2000).
Compared to typical LIDAR data sets, SRTM has much poorer spatial resolution, but
unlike the former, SRTM data is easily accessible and even available for free (Farr,
2000). Recently, the ASTER Global Digital Elevation Map (GDEM), created by
stereo-correlation of ASTER imagery, has been made available for free to the public.
The ASTER GDEM has a spatial resolution of 30m and has near global coverage
(METI/ERSDAC, 2009). A fine resolution (2.5 m) DEM c