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Abstract 

Soils are often at the heart of the services that ecosystems deliver, not only 
in terms of food production, but also in filtering, the cycling of nutrients, 
the storage and regulation of water and in providing habitats for soil biota. 
As a result of overuse, soils and their functions are under increasing 
pressure. Degradation of soils in the form of erosion, dust storms, 
salinisation, pollution, compaction, depletion, decomposition of organic 
matter and destruction of soil aggregates, is the result. The mapping of 
soil properties and functions and the monitoring of changes over time are 
important to secure soil functions in the future. Especially, spatially 
distributed soil information has become more important with the use of 
global and regional models, which often require full coverage soil 
information. The use of remote sensing can offer spatial and temporal 
quantitative soil information of extended areas, which can be acquired 
with limited fieldwork. Remote sensing under laboratory conditions or in-
field studies in semi-arid areas has shown promising results for soil 
purposes. However, when acquiring data with airborne or satellite sensors 
of extended areas in temperate zones, limitations by vegetation coverage 
and soil surface variations are driving coherent spatiotemporal data 
collection.  

The use of multi-temporal data in agricultural areas can be used to 
increase the bare soil area captured by remote sensing data. The 
alternation of crops results in bare fields at the moment of seeding and 
harvesting. We used spectrally and spatially high-resolution data from an 
airborne imaging spectrometer of three consecutive years to create a 
multi-temporal composite. This composite contained more than double 
the amount of bare soil pixels as compared to a singular acquisition. 
Global linear soil surface variations could be compensated based on the 
spectral differences only. In order to compensate for local non-linear soil 
surface variations, however, quantitative information was needed. Based 
on independent datasets of soil moisture and soil surface roughness, we 
were able to correct per wavelength for these local non-linear variations 
with a relative simple algorithm. The advantage of the independent 
datasets is that the used algorithm can be applied to all imaging 
spectroscopy data with known soil moisture and/or soil surface 
roughness. A better soil surface roughness dataset is needed in order to 
improve the results. Additionally, the concept of the multi-temporal 
composite was also applied to Landsat time series from 1985 to 2017. 
Although spectrally less detailed, these sensors provide denser time series 
and larger extents than the high-resolution airborne data. About 5 years of 
Landsat data were needed for a full-coverage composite (90% of the 
maximum bare soil area). We show the substantial potential of Landsat 
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time series for digital soil mapping, as well as for land management 
applications and policy making.  

This thesis shows that optical remote sensing for soil purposes offers 
valuable spatial soil information. Spectrally and spatially high-resolution 
data are able to show in-field variations. These are not covered by more 
standard soil mapping approaches like digital and conventional soil 
mapping. The need to correct for soil surface variations is, however, 
necessary in order to give a realistic picture of these in-field variations. 
The temporally high-resolution, but spectrally less detailed, data provides 
soil maps with very similar patterns compared to the available digital soil 
map. In areas with limited alternating crops, the use of remote sensing for 
soil purposes is limited. 

Finally, we discuss to which extent the focus of soil studies with remote 
sensing data should be on the standardisation of protocols and the 
necessary pre-processing steps. A further development of the scientific 
community in this context is desirable, especially since there is a need to 
map, monitor and model soil changes. The present work has shown the 
added value of remote sensing data and products for these purposes. 
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Zusammenfassung 

Böden spielen eine zentrale Rolle für viele Ökosystemdienstleistungen, 
nicht nur im Hinblick auf die Nahrungsmittelproduktion und als Habitat 
für die Bodenflora und -fauna, sondern auch bezüglich der Ausgleichs-, 
Speicher-, Puffer- und Filterfunktionen im Zusammenhang mit 
Nährstoffflüssen und dem Wasserhaushalt. Die zunehmende 
Übernutzung durch den Menschen verändert diese Eigenschaften und 
Funktionen des Bodens. Das kann sowohl zu Bodendegradierungen in 
Form von Erosion, Versalzung, oder Toxifikation als auch zum Abbau 
von organischem Material und zur Zerstörung der Bodenaggregate 
führen. Die Kartierung von Bodeneigenschaften und die Beobachtung von 
Bodenveränderungen über die Zeit ermöglichen wichtige Rückschlüsse, 
um die mit dem Boden verbundenen Ökosystemdienstleistungen auch in 
Zukunft zu gewährleisten. Insbesondere im Kontext von globalen und 
regionalen Modellierungsansätzen gewinnen hierbei flächendeckende und 
räumlich explizite Bodeninformationen an Bedeutung. Für die dafür 
benötigte Datengrundlage eignen sich vor allem die quantitativen und den 
raumzeitlichen Anforderungen gerecht werdenden Methoden der 
Fernerkundung. Bisherige Studien zeigen zwar vielversprechende 
Ergebnisse, sind aber primär unter Laborbedingungen oder in Regionen 
mit semiaridem Klima durchgeführt worden. Bei der Kartierung von 
Bodeneigenschaften in gemässigten Zonen wird die flugzeug- und 
satellitengestützte Datenaufnahme primär durch die Vegetationsbe-
deckung und die Oberflächenbeschaffenheit beeinflusst. In landwirt-
schaftlichen Gebieten kann man durch die Verwendung multi-temporaler 
Fernerkundungsaufnahmen Informationen über den Boden erhalten, 
wenn dieser, bedingt durch die jeweilige Anbaumethode, in einem 
vegetationslosen Zustand ist. 

In der vorliegenden Arbeit wurden multi-temporale, räumlich und 
spektral hoch aufgelöste Datensätze eines flugzeuggestützten abbildenden 
Spektrometers verwendet. Diese Daten umfassen Aufnahmen über einen 
Zeitraum von 3 Jahren, womit die flächenhafte Erfassung des Bodens im 
vegetationslosen Zustand im Vergleich zu einer einzelnen Aufnahme 
mehr als verdoppelt werden konnte. Die in den Aufnahmen global 
auftretenden, linearen Variationen der Oberflächenbeschaffenheit des 
Bodens konnten über die spektralen Differenzen ausgeglichen werden. 
Für die Korrektur der lokalen, nicht-linearen Variationen waren jedoch 
zusätzliche, quantitative Informationen notwendig. Hierfür wurden 
unabhängige Datensätze für die Bodenfeuchte und Oberflächenrauhigkeit 
verwendet und darauf basierend ein Algorithmus entwickelt, mit dem für 
jeden Wellenlängenbereich die nicht-linearen Variationen korrigiert 
werden konnten. Der Vorteil dieser Methode ist die einfache 
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Übertragbarkeit des Algorithmus auf andere Datensätze abbildender 
Spektrometer, solange Informationen über die Bodenfeuchte und/oder 
über die Oberflächenrauhigkeit vorliegen. Die Resultate können 
verbessert werden, wenn ein qualitativ hochwertigeres Produkt der 
Oberflächenrauhigkeit Verwendung findet. Das Konzept der Verwendung 
eines multi-temporalen Datensatzes wurde anschliessend auf Daten der 
Landsat-Satellitenmission übertragen. Über einen Zeitraum von 1985 bis 
2017 wurde ein Datensatz erstellt, der spektral und räumlich zwar weniger 
hoch aufgelöst war, dafür aber eine deutlich bessere zeitliche Auflösung 
und auch eine grössere Flächenabdeckung hatte. Die durchgeführte 
Untersuchung zeigte, dass Landsat-Aufnahmen in einem Zeitraum von 
ca. 5 Jahre notwendig sind, um ein flächendeckendes Komposit (90% der 
maximalen Fläche mit Boden im vegetationslosen Zustand) zu erstellen. 
Zusätzlich wurde das Potential von Landsat-Zeitserien für Vorhaben im 
Bereich der digitalen Bodenkartierung analysiert und wie die darauf 
basierenden Informationen auch im Landmanagement oder bei 
politischen Entscheidungsprozessen Verwendung finden könnten.  

Die vorliegende Arbeit zeigt, welchen Mehrwert die Fernerkundung für 
raumspezifische Fragestellungen mit Bezug zu Bodeneigenschaften liefern 
kann. Mit spektral und räumlich hochauflösenden Daten können 
Variationen innerhalb eines Feldes kartiert werden, was durch bisherige 
Kartierungsansätze, wie zum Beispiel dem «digital/conventional soil 
mapping», nicht berücksichtigt wird. Um Informationen über die 
Variation von Bodeneigenschaften innerhalb eines Feldes zu erhalten, 
muss allerdings eine Korrektur basierend auf der Oberflächenstruktur 
durchgeführt werden. Mit der hohen zeitlichen Abdeckung der Landsat-
Daten konnte trotz der geringeren spektralen Auflösung eine Kartierung 
der Bodeneigenschaften vorgenommen werden, die in ihren räumlichen 
Mustern eine hohe Vergleichbarkeit zu digitalen Bodenkarten aufwies. 
Eine Anwendung der vorgestellten Fernerkundungsmethoden auf Gebiete 
mit abweichenden Anbaumethoden (z.B. keine Fruchtfolgen) ist 
allerdings nur eingeschränkt möglich, da die Bodeninformationen im 
vegetationslosen Zustand Grundbedingung für die entwickelten Ansätze 
sind.  

Abschliessend wird diskutiert, inwieweit der Fokus von Bodenstudien mit 
Fernerkundungsdaten eher auf der Standardisierung von Protokollen und 
notwendiger Vorverarbeitungsschritte liegen sollte. Eine Weiterent-
wicklung der Wissenschaftsgemeinschaft in diesem Zusammenhang wäre 
wünschenswert, insbesondere da die Notwendigkeit gegeben ist, 
Bodenveränderungen zukünftig besser zu kartieren und zu modellieren. 
Mit der vorliegenden Arbeit konnte hierbei der Mehrwert von geeigneten 
Fernerkundungsdaten und -produkten für diesbezügliche Vorhaben 
aufgezeigt werden.  

 



 VII 

 
 
 
 
 

 
 
 
 

To my granddad Wim Klomp, 
the real scientist 



 VIII 



 IX 

Table of contents 

Chapter 1: Introduction 1 
 1.1.  The importance of soil  
 1.2.  Soil mapping  
 1.3.  Soil data  
 1.4.  Optical remote sensing for soil mapping   
 1.5.  Challenges for airborne and spaceborne soil 

spectroscopy 
 

 1.6.  Framework  
 1.7.  Structure of the thesis  
   
Chapter 2: Literature background: soil mapping and soil remote 

sensing 
21 

 2.1.  Soil mapping  
 2.2. Optical remote sensing soil purposes  
   
Chapter 3: Creating multi-temporal composites of airborne 

imaging spectroscopy data in support of digital soil 
mapping 

35 

 3.1.  Introduction  
 3.2.  Study area and soil types  
 3.3.  Materials and methods  
 3.4.  Results and discussion  
 3.5.  Conclusions and outlook  
   
Chapter 4: Minimising soil moisture variations in multi-

temporal airborne imaging spectrometer data for 
digital soil mapping 

65 

 4.1.  Introduction  
 4.2.  Soil moisture correction methods  
 4.3.  Study area  
 4.4.  Data  
 4.5.  Methods  
 4.6. Results  
 4.7.  Discussion and outlook  
 4.8.  Conclusion  
   
Chapter 5: Barest Pixel Composite for agricultural areas using 

Landsat time series 
89 

 5.1.  Introduction  
 5.2.  Study area  
 5.3.  Materials and methods   



 X 

 5.4.  Results  
 5.5.  Discussion and outlook  
 5.6.  Conclusion  
   
Chapter 6: Synthesis 121 
 6.1.  Main findings  
 6.2.  Reflection  
 6.3.  Outlook  
 6.4.  Conclusion  
   
Appendix 139 
References 151 
Curriculum vitae 167 
Acknowledgements 171 
 



 XI 

List of Abbreviations 

13C  carbon-13  
AIC  Akaike information criterion  
AIS Airborne Imaging Spectrometer 
ANN artificial neural networks 
APEX  Airborne Prism EXperiment  
ASD  analytical spectral devices  
ASTER Advanced Spaceborne Thermal Emission and Reflection 

radiometer  
AVIRIS Airborne Visible/InfraRed Imaging Spectrometer 
BRDF bidirectional reflectance distribution function 
BSI  bare soil index  
C  carbon  
CEC cation exchange capacity 
CL  cropland 
CLGL  cropland to grassland 
CRDS  cavity ring-down spectroscopy  
CRDS cavity ring-down spectroscopy 
CSM conventional soil mapping 
DEM digital elevation model 
df degrees of freedom 
DFT  discrete Fourier transform  
DRIFT diffuse reflectance infrared Fourier transform 
DSM digital soil mapping 
EMI electromagnetic induction  
EPO external parameter orthogonalisation 
ER electrical resistivity  
FDR frequency-domain reflectometry 
FFT  fast Fourier transformation  
GEE  Google Earth Engine 
GL  grassland 
GLCL  grassland to cropland 
GLSW generalised least squares weighting 
GPR ground-penetrating radar 
HIRIS high resolution imaging spectrometer 
IC inorganic matter 
IP induced polarization 
L5  Landsat-5 Thematic Mapper  
L7  Landsat-7 Enhanced Thematic Mapper+  
L8  Landsat-8 Operational Land Imager and Thermal 

Infrared Sensor 
LIBS laser-induced breakdown spectroscopy 



 XII 

Lidar light detection and ranging 
MARS multivariate adaptive regression splines 
MDR moisture determination ratio 
MERIS MEdium Resolution Imaging Spectrometer  
MIR mid-infrared 
MLR multiple linear regression 
MODIS MOderate Resolution Imaging Spectroradiometer  
MSS  MultiSpectral Scanner 
NABODAT national soil database of Switzerland (das Nationale 

Bodeninformationssystem’) 
nCAI normalised cellulose absorption index 
NDBI  normalised difference built-up index  
NDRBI normalised difference red blue index 
NDSI  normalised difference snow index  
NDVI normalised difference vegetation index 
NINSOL normalised index of near- and shortwave infrared 

domain for soil moisture content estimation from linear 
regression 

NINSON normalised index of near- and shortwave infrared 
domain for soil moisture content estimation from non-
linear regression 

NIR  near-infrared 
NRP National Research Programme 
NSMI normalised soil moisture index 
NSMI normalised soil moisture index 
OC organic carbon 
OLI Operational Land Imager 
P phosphorus 
PC principal component  
PCA principal component analysis 
PDI perpendicular drought index 
PLSR partial least squares regression  
PRISMA PRecursore IperSpettrale della Missione Applicativa 
radar radio detection and ranging 
RGB Red-Green-Blue 
RMSE  root mean squared error 
RT regression trees 
SISEX Shuttle Imaging Spectrometer EXperiment 
SLC  scan line corrector  
SM  soil moisture  
SMAPE symmetric mean absolute percentage error 
SMI soil moisture index 
SMPE symmetric mean percentage error 
SNR signal-to-noise ratio 
SNSF Swiss National Science Foundation 
SNSF Swiss National Science Foundation 



 XIII 

SOM  soil organic matter 
SR  surface reflectance  
SR surface reflectance 
SVM support vector machines 
SWIR  shortwave infrared 
TC total carbon 
TDR time-domain reflectometry 
TIR  thermal infrared 
TIRS Thermal InfraRed Sensor 
TM  Thematic Mapper 
UAV  unmanned aerial vehicles 
UV Ultraviolet 
VIS  visible 
VNIR visible and near-infrared 
VNIR-SWIR  visible, near- and shortwave infrared  
WISOIL water index soil 

 
 





 

1 
1.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Introduction 
 
 
 
 



Chapter 1 

 2 

“Each soil has had its own history.  
Like a river, a mountain, a forest, or any natural thing,  

its present condition is due to the influences of many things  
and events of the past.” 

 
Charles E. Kellogg  

(1868-1949) 
 

1.1. The importance of soil 
Soils drive and regulate hydrological and climatic processes, supply 
nutrients and water for plant growth and are a medium for a large variety 
of organisms, largely contributing to biodiversity. Furthermore, soils serve 
as a repository, recycling system and filter for wastes. For humans, soils 
form the basis for food and fuel production and they form the 
foundations for housing and infrastructure (Ben-Dor and Demattê, 2016a; 
Tye et al., 2013). Soils are more and more recognised as major 
contributors to ecosystem services in the terrestrial environment (Palm et 
al., 2007; Sanchez et al., 2009). In 2002 the European Commission defined 
five key environmental, economic, social and cultural functions that soils 
are providing: (i) food and other biomass production; (ii) storing, filtering 
and transformation; (iii) habitat and gene pool; (iv) physical and cultural 
environment for mankind; and (v) source of raw materials (European 
Commission, 2002).  
 
As a result of overuse, soils and their functions are under increasing 
pressure (Banwart, 2011; Bindraban et al., 2012; Lal, 2015; Palm et al., 
2007). Croplands and pastures have already become one of the largest 
terrestrial biomes of the Earth and cover ca. 40% of the surface 
(Amundson et al., 2015; Ramankutty and Foley, 1999). With the growth of 
the global population and wealth, an expansion and intensification of the 
agricultural area is necessary in order to meet the expected demand for 
food (Godfray et al., 2012). Additionally, cities have expanded radically 
and continue to expand; for example the geographical footprint of 
Europe’s cities has increased by nearly 80% since the 1950s. As a result 
natural resources are taken for immediate human needs and existing 
agricultural areas are intensified, mostly with the subsequent degradation 
of the environmental conditions (Foley et al., 2005). High-yielding 
cultivars, chemical fertilizers and pesticides and mechanisation and 
irrigation have drastically increased during and after the green revolution 
(Matson et al., 1997). Degradation of the soil in the form of erosion, dust 
storms, salinisation, pollution, compaction, depletion, the decomposition 
of soil organic matter and the destruction of soil aggregates is the result 
(Banwart, 2011).  
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Soil (or pedosphere) can be considered as the upper weathered crust of 
the Earth’s solid surface at the interface between the lithosphere and the 
biosphere, atmosphere and hydrosphere (Ben-Dor et al., 2009). The soil is 
a mixture of secondary and primary minerals, soil organic matter, air, 
water and living organisms. A soil is generally characterised by diagnostic 
horizons, which form together a soil profile. Typical horizons are the A 
horizon (the upper, mineral surface), the B horizon (the intermediate, 
illuvial horizon) and the C horizon (the lowest horizon that is little 
effected by pedogenesis). 
Soil formation is, according to Jenny (1941), dependent on the regional 
climate (cl), organisms and other biotic factors (o), relief and topographic 
setting (r), parent material (p), time (t) and other factors (...), like human 
influences (Völkel et al., 2011). As a result of the many interactions 
between these soil forming factors, soil is considered to be a complex 
material, variable in its physical and chemical composition (Ben-Dor and 
Demattê, 2016). Soil formation is a relatively slow process, inherent soil 
properties (e.g., texture) mainly change on the long-term (Jenny, 1941) 
and more dynamic properties (e.g., structure or soil organic matter) over 
the course of months or years. Nevertheless, there are also few soil 
properties that change much faster, over the course of days or weeks (e.g. 
soil moisture). As a result, soil can be considered a non-renewable 
resource (Stolte et al., 2016). 
 
The mapping of soil properties and functions and the monitoring of 
changes over time are important to secure soil functions in the future. 
However, the importance of these soil functions is often unnoticed and 
undervalued. That, while soil information is crucial in policy-making, 
land resource management and for monitoring the environmental impact 
of developments (Mulder et al., 2011). Recently, soils have returned on the 
political and global research agenda (Hartemink and McBratney, 2008). 
Especially, spatially distributed soil information has become more 
important with the use of global and regional models, which often require 
full coverage soil information (Mulder et al., 2011). Additionally, the 
development of global and regional models increased the demand for 
continuous soil data. These models play an important role to increase the 
understanding of climate change, land degradation and hydrological 
processes and often need spatial continuous soil input parameters 
(Mulder et al., 2011). 

1.2. Soil mapping 
Although research on soils began with the introduction of agriculture, soil 
mapping became important at the beginning of the 1800s (Hartemink, 
2016). The focus was mainly regional and became of more international 
interest in the 20th century. In the 1960s the need for standardisation was 
recognised and prioritised (Hartemink, 2016) and since the end of the 20th 
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century the major principles and practices can be considered more or less 
a standard (Mulder, 2013). Figure 1.1 shows the three main forms of soil 
mapping nowadays. The left map (a.) shows a conventional soil map 
(CSM), consisting of polygons. The CSM is based on soil surveys, where 
the observation locations are selected based on a conceptual soil-
landscape model. The middle and right image (b. and c.) show digital soil 
maps (DSMs), showing continuous grids of soil information. DSMs are 
based on mathematical and statistical models used to combine field and 
laboratory soil information and environmental covariates of soil (Carré et 
al., 2007b; Dobos et al., 2006). CSMs are still mainly used by policy 
makers. CSM’s soil classification provides the mechanism to summarise 
the huge amount of soil morphological and analytical data. These classes 
can be easily translated for policy and decision making that require the 
delineation of areas with sharp boundaries either for legal or practical 
reasons (Arrouays et al., 2014). Nevertheless, CSMs are not adequately 
expressing the complexity of the soil over the landscape (Sanchez et al., 
2009) and are especially inadequate to represent soil properties. For some 
purposes (e.g. climatic, hydrological, land management modelling) 
continuous information on soil properties is more adequate than 
traditional CSMs. The right map in Figure 1.1 shows a soil function map, 
combining different soil property maps to show a specific soil function. 
This is a relatively new approach in which the shift is made from the 
properties of different soils, towards the functions of different soils. Such 
an approach provides a new tool on soils in decision making that helps to 
deal with the complexity of individual soil property information provided 
by DSMs. This could help to clarify the role of soil science in land use 
decision making (Dobos et al., 2006). Section 2.1 gives more in depth 
information on the concept of conventional and digital soil mapping.   

 
a. b. c. 

Figure 1.1. Three different soil maps of the area south-east of Greifensee. Conventional soil map (a.), 
showing the correlation between the water retention capacity and the effective root zone depth of the 
soil. Digital soil map (b.), showing the soil organic matter content (ranging from 2.5% (dark orange) 
to 12.5% (dark purple). Soil function map (c.), showing the retention capacity (5 classes, ranging from 
bad (red) to good (dark green)) of a soil after a rainfall event (Greiner et al., in prep.) 
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1.3. Soil data 
Both CSM and DSM are data driven. The soil data needed to create soil 
maps are often based on soil surveys, however, the use of existing legacy 
data has become more popular, since it can reduce the expenses (Carré et 
al., 2007b). According to Kempen et al. (2012) the collection of field data 
makes up for 75% to 88% of the costs for digital soil mapping. As a result, 
around one third of the digital soil mapping studies is based on legacy 
data (Grunwald, 2009). Even though, these dataset often contain an 
enormous wealth of information (Nocita et al., 2015), the harmonisation 
of legacy data is tricky. Sampling locations are often purposively selected, 
which can result in spatially non-representative data (Carré et al., 2007b), 
additionally, sampling positions are often imprecise, especially when 
recorded without GPS coordinates (Carré et al., 2007b; Grimm and 
Behrens, 2010). Furthermore, these datasets often cover a large time frame 
and as a result samples have been collected by different scientists, with 
different protocols, instruments and analytical methods. This can severely 
affect the prediction performance of digital soil mapping (Soriano-Disla et 
al., 2014). Finally, the data is often out-dated, since new soil surveys are 
avoided in order to reduce the expenses (Carré et al., 2007b). This is also 
underlined by Omuto et al. (2013). They provide an overview of available 
soil products at global, regional and local scale. Although at local scale 
more recent data is available, soil data at global and regional scale were 
mainly collected between the 1960s and the 1990s. 

1.4. Optical remote sensing for soil mapping 
There is a growing need for low-cost, standardised and large-scale spatial 
soil data, however many countries have a lack of recent soil data. This, 
together with the shift towards digital soil mapping, offers potential for 
the use of remote sensing. Remote sensing can offer spatial and temporal, 
quantitative soil information of extended areas (Ben-Dor et al., 2009), 
which can be acquired with limited fieldwork. Therefore, remote sensing 
has the potential to: (i) support the design of sampling schemes; (ii) 
physically and empirically derive soil properties; (iii) provide support for 
digital soil mapping; and (iv) facilitate large-scale spatial information even 
in elusive areas (Mulder et al., 2011; Nocita et al., 2014; Viscarra Rossel et 
al., 2009, 2006).  
 
Remote sensing can be defined as the acquisition of information about an 
object by detecting its reflected or emitted energy without being in direct 
physical contact with it (Lillesand et al., 2015). It covers multiple sections 
of the electromagnetic spectrum, different spatial, spectral and temporal 
scales and several different techniques and sensors. We can categorise 
remote sensing in two main categories, active and passive remote sensing. 
Active remote sensors are emitting a signal; this signal is reflected by the 
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measured object and detected by the sensor again. Passive remote sensing 
sensors measure energy that is naturally emitted or reflected by the 
measured object (Lillesand et al., 2015). Reflected sunlight is the most 
common source of passive remote sensing (Ben-Dor and Demattê, 2016). 
Apart from this we can distinct four different scales: laboratory, field, 
airborne and spaceborne. Furthermore we can make the distinction 
between proximal and remote sensing. Proximal sensors are considered 
sensors that are in contact with or very close to the object (Viscarra Rossel 
et al., 2011). Section 2.2.1 summarises the use of remote sensing for soil 
purposes.  
 
In this thesis we focus on optical remote sensing. Optical sensors are 
passively measuring the incident light that is reflected by the measured 
surface at different wavelengths and records this data simultaneous. The 
source of the reflected incident light can be natural (sunlight) or artificial. 
The sun emits electromagnetic radiation over the full electromagnetic 
spectrum, however the most dominant range is from 100 nm to ca. 2500 
nm. Therefore, optical remote sensing mainly focuses on this range, which 
includes ultraviolet (UV: 100-380 nm), visible (VIS: 380-700 nm), near-
infrared (NIR: 700-1,000 nm) and shortwave infrared (SWIR: 1,000-2,500 
nm) (Ben-Dor and Demattê, 2016). Artificial light sources used in optical 
remote sensing try to reflect the spectrum of the sun and are mainly used 
in the laboratory and the field. Optical sensors can be divided in 
multispectral sensors and imaging spectrometers (or hyperspectral 
sensors). The difference between these is the amount of spectral bands 
and the spectral resolution. Imaging spectrometers record data in many 
spectrally contiguous, narrow, registered bands (resulting in a reflectance 
spectrum for each pixel), while multispectral sensors record data in fewer 
bands (typically up to 15 bands) with a coarser spectral resolution. In this 
thesis we mainly focus on airborne imaging spectroscopy (Chapter 3 and 
4) and multispectral satellite data (Chapter 5). Field and laboratory 
remote sensing data have been mainly used for calibration and validation 
purposes. The used data are introduced in each chapter. 
 
The reflected light of the measured surface can be plotted against the 
wavelength (reflectance [%]) as a function of wavelength [nm]), a so-
called reflectance spectrum, as shown in Figure 1.2. Local minima, or 
absorption features, are caused by groups of molecules (chromophores) 
absorbing the incident light that is characteristic of their structure (Ben-
Dor et al., 1999). Most fundamental vibrations can be found in the mid-
infrared range (MIR: 2,500-25,000 nm), only weak overtones and 
combinations of fundamental vibrations can be found in the VIS, NIR and 
SWIR (Viscarra Rossel et al., 2006). As a result, the MIR generates more 
accurate predictions than the VIS, NIR and SWIR (Reeves, 2010). Mainly 
because of the minor sample preparation and the better applicability 
under field conditions, optical remote sensing has become more 
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widespread than MIR remote sensing (Nocita et al., 2015). Section 2.2.2 
gives more detailed information on the characteristics of the reflectance 
spectrum of a soil and the quantification of soil properties.  
 
Unfortunately, remote sensing can only detect the upper few nanometres 
to maximal the upper few centimetres of the soil (ca. half the observed 
wavelength) (Ben-Dor et al., 2009). Soil profile information can only be 
detected from samples in the laboratory or with specific field sensors (e.g. 
contact probe). Airborne and spaceborne sensors are only detecting the 
upper soil horizon (A). Nevertheless, this horizon contains valuable 
information about the soils (Ben-Dor et al., 2009). Furthermore, most of 
the remote sensing techniques are non-destructive, rapid and relatively 
cheap, they do not require expensive and time consuming sample pre-
processing or the use of (environmentally harmful) chemical reagents. 
Additionally, a single spectrum allows for simultaneous characterisation 
of various soil properties (Viscarra Rossel et al., 2006). Section 2.2.3 gives 
more detailed information on the advantages and disadvantages of 
laboratory, field, airborne and spaceborne optical remote sensing.  
 

  
Figure 1.2. Soil spectra taken from a processed soil sample in the laboratory (ASD FieldSpec-3: 10 
April, 2015), taken in the field (ASD FieldSpec-3: 10 April, 2015), taken by an airborne imaging 
spectrometer (APEX: 10 April, 2015) and taken by a spaceborne sensor (Landsat OLI 8: 8 April, 
2015) at the sample location (47°17'53.0"N 8°44'57.8"E). 

1.5. Challenges for airborne and spaceborne 
soil spectroscopy 

Soil spectroscopy research still has a strong focus on laboratory conditions 
(Soriano-Disla et al., 2014). Fewer studies apply in-field soil spectroscopy 
(e.g. Gomez et al., 2008; Stevens et al., 2008; Udelhoven et al., 2003; 
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Viscarra Rossel et al., 2009), only about 10% (Soriano-Disla et al., 2014) 
and these studies are mainly located in (semi-) arid areas or applied to 
single fields. In this way, they avoid the challenges in-field soil 
spectroscopy is facing when applied outside of these areas (Denis et al., 
2014). As a result, the prediction of soil properties (see Section 2.2.2 for 
more detail) from these data is less accurate when applied outside of these 
areas (Lagacherie et al., 2008).  
 
However, there is a need to upscale from laboratory methods to airborne 
and spaceborne methods in order to cover larger extents of bare soil. The 
transfer of relationships established at the laboratory level up to higher 
scales poses a number of problems (Lagacherie et al., 2008). Challenges 
include soil surface variations - like soil moisture, soil surface roughness, 
(non-photosynthetic) vegetation coverage, particle size distribution, dust 
accumulation and the formation of physical/biogenic crusts – caused by 
meteorological conditions, land management practices and soil 
redistribution events (Adar et al., 2014; Denis et al., 2014). In addition, 
sensor characteristics such as spectral and spatial resolution, but also 
variations in illumination and view angle conditions are affecting spectral 
data. Finally, good radiometric calibration and atmospheric correction are 
still challenging (Lagacherie et al., 2008). Furthermore, there are several 
conditions that are hard to influence, sensors can only give information 
on the topsoil, when clouds and/or vegetation do not cover it. 
Additionally, also the availability of soil data for the prediction of soil 
properties is a challenge (see Section 1.2). The effects of these challenges 
on the surface reflectance are emphasised by the different spectra of 
Figure 1.2. The figure shows soil spectra taken from a processed soil 
sample in the laboratory (ASD FieldSpec-3: 10 April, 2015), taken in the 
field (ASD FieldSpec-3: 10 April, 2015), taken by an airborne imaging 
spectrometer (APEX: 10 April, 2015) and taken by a spaceborne sensor 
(Landsat OLI 8: 8 April, 2015) at the sample location (47°17'53.0"N 
8°44'57.8"E). In Section 2.2.3 the differences between and advantages and 
disadvantaged of these four scales are discussed in detail. Table 1.1 gives 
and overview of the advantages and disadvantages for optical airborne 
and satellite remote sensing and compares these to the advantages and 
disadvantages of CSM and DSM (Section 1.2 and 2.1). In addition also the 
unsolved problems are shown and the present and future contributions of 
these techniques are presented. We have to be aware that both CSM and 
DSM are techniques fully focussing on soil mapping. Optical remote 
sensing is in this sense slightly different, since it is a data source that can 
be used to support conventional and/or digital soil mapping. It has never 
been designed to fully focus on soil mapping. The table shows that optical 
airborne and spaceborne remote sensing is still dealing with several 
unsolved problems for soil purposes; unfortunately we are not able to 
solve all of them in this thesis.  
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In the next section we discuss the effects of the short-term variations in 
soil surface conditions, including (i) vegetation coverage and (ii) soil 
surface variations. These have been mentioned as the main challenges for 
in-field application of soil spectroscopy (Atzberger, 2000; Denis et al., 
2014). 

1.5.1. Vegetation cover 

Partial or complete coverage of the topsoil by vegetation disturbs the 
signal of bare soils drastically. According to Bartholomeus et al. (2007) 
vegetation cover becomes a problem for accurate soil estimation when the 
coverage is more than 20%. Therefore, using direct sensing conditions 
(Ben-Dor et al., 2009), i.e. excluding all covered parts, offers the best 
predicting solution (Mulder et al., 2011). However, around 56% of the 
global land areas are covered by green vegetation (Ben-Dor et al., 1999). 
As a result, bare soil areas are, especially in a temperate climate, sparse. 
Lagacherie et al. (2012) conclude that there is a need to increase the 
amount of bare soil area, before dealing with permanently vegetated areas.  
 
In areas with agriculture, crop rotation or other alternation between bare 
and vegetated states, the use of multi-temporal images can be explored to 
increase the observed bare soil area. In central European agricultural 
areas, most soils are bare in early spring, just before or after sowing of 
summer crops; and in late summer, just after harvesting and just before or 
after sowing of winter crops (Gerighausen et al., 2012). Because of crop 
rotation, sowing and harvesting periods change for each individual field. 
Since inherent soil properties mainly change on the long-term and more 
dynamic properties over the course of years (Section 1.1), we approximate 
that many soil properties remain more or less static within a time frame of 
several years. As a result multi-temporal acquisitions of multispectral or 
spectroscopy data offer a possibility to increase the area of bare soil. 
However, differences between the reflectance data of the same bare soil 
pixel in multiple years will be mainly caused by processes varying on short 
time scales, including weather conditions, land management practices and 
soil redistribution processes which can all result in soil surface variations 
(e.g. variations in soil moisture (Bowers and Hanks, 1965), soil surface 
roughness (Cierniewski, 1987) (see Section 1.4.2 and 1.4.3), (non-
photosynthetic) vegetation, soil particle size). Combining multi-temporal 
spectral data comes with the challenge of correcting for spectral variation 
caused by these processes.  
 
The exact sowing and harvesting dates are weather dependent and occur 
within a period of several weeks up to some months because of 
meteorological conditions and the farmer’s decision. Since the collection 
of airborne spectroscopy data is also weather dependent and sun angles 
are low in early spring and late summer, the use of multi-temporal 
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airborne spectroscopy data might be challenging. Existing multispectral 
and upcoming imaging spectroscopy satellite missions provide freely 
available spectral data with a short return period and can solve this 
problem. This makes the use of multi-temporal spectroscopy data even 
more interesting. Multispectral satellite data is already available with a 
short return period and is mainly available as open access data. The huge 
advantage of these data is that time series go back a long time; Landsat 
data, for example, have time series since 1984 (Landsat TM 5). The large 
amounts of data that attend these can be handled using recent 
developments in image analysis, including the Google Earth Engine (GEE) 
platform (Google Earth Engine Team, 2015). 
 
The use of multi-temporal data is not new. Gerighausen et al. (2012) 
created a mosaic of multi-temporal soil property estimations. This 
method, however, asks for calibration data for each individual soil 
property map or for transferring the calibration model (extrapolation) to 
other fields in different years, which vary in soil surface conditions (e.g. 
soil moisture (Bowers and Hanks, 1965), soil surface roughness 
(Cierniewski, 1987) (see Section 1.4.2 and 1.4.3), (non-photosynthetic) 
vegetation, soil particle size distribution). Also Demattê et al. (2016a) uses 
the concept of multi-temporal images for the detection of bare soil, 
however, only a handful of Landsat scenes was used.  

1.5.2. Soil surface variation 

The performance of field and airborne soil spectroscopy is strongly 
limited as a result of varying soil surface conditions – like soil moisture, 
soil surface roughness, (non-photosynthetic) vegetation coverage, particle 
size distribution, dust accumulation and the formation of 
physical/biogenic crusts – caused by meteorological conditions, land 
management practices and soil redistribution events (Adar et al., 2014; 
Denis et al., 2014). Understanding the effects of environmental factors on 
field and airborne soil spectroscopy data and the consequences for the 
prediction accuracies, is crucial in order to optimise the use of airborne 
and satellite spectroscopy data for soil applications (Ji et al., 2015).  
 
For soil moisture it is known that the main effect is the increasing 
reflectance with decreasing soil moisture, although specific spectral 
features are more affected (Ben-Dor et al., 2009). Soil moisture is mainly 
affected by weather conditions, but also land management can influence 
soil moisture (irrigation or ploughing). According to Romkens and Wang 
(1986) soil surface roughness can be divided in classes at four different 
levels: from textural roughness to land management patterns and slope. 
On all levels the effect can be described as an increase of soil reflectivity 
with a decreasing soil surface roughness (Baumgardner et al., 1985; 
Cierniewski, 1987; Matthias et al., 2000). Both land management and 
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weather conditions influence soil surface roughness. But also soil 
composition influences the effect of soil surface roughness on reflectance 
properties (Bronick and Lal, 2005; Piekarczyk et al., 2016). Variations in 
soil moisture and soil surface roughness are considered as the main 
challenges for in-field application of soil spectroscopy (Denis et al., 2014; 
Wu et al., 2009), of which the effect of soil moisture is the most 
pronounced. The effects on surface reflection are described in more detail 
in the next two sections. Additionally, bare soil is often partially covered 
by vegetation (e.g. weeds) or non-photosynthetic (dry) vegetation (e.g. 
crop residuals, organic mulching or manure). Typical features of the 
(non-photosynthetic) vegetation are mixing into the reflectance spectra. 
Furthermore, accumulation of external materials like dust can cause 
changes in soil surface reflectance. Depending on the soil type and 
weather conditions, crusts can form at the surface of the bare soil. 
Goldshleger et al. (2001) show the effect of physical crusting and show 
that the crust shows an increased reflectance in the SWIR area compared 
to the original soil. This effect is highly related to the distribution of soil 
particle size. Karnieli et al. (1999) show the effect of a biogenic crust on 
the soil spectra, since the bacteria show photosynthetic activity, the 
resulting spectra shows characteristics of a red-edge feature.  

Soil moisture 
Bowers and Hanks (1965) described the effect of soil moisture content on 
reflectance for the first time. The main effect is the increasing reflectance 
with decreasing soil moisture, although some spectral features are more 
affected (Ben-Dor et al., 2009). The water absorption features around 1400 
and 1900 nm, for instance, change more with variations in soil moisture 
(Castaldi et al., 2015; Levitt et al., 1990), just like the SWIR range (Lobell 
and Asner, 2002). The VIS range shows only minor decreases in 
reflectance beyond ca. 20 g water g soil−1. Nevertheless, soil moisture still 
tends to mask the effect of other soil properties (e.g. soil organic matter 
and iron oxides) on soil colour (Leger et al., 1979). For the NIR and the 
SWIR ranges, this saturation only occurs with higher values of soil 
moisture. This means, since soil moisture of natural soils is commonly 
above 20 g water g soil−1 (Brady, 1990), that especially the SWIR range is 
important under varying soil moisture. The decrease of reflectance with 
increasing soil moisture is considered exponential (Lobell and Asner, 
2002) and although the reflectance difference between a dry and wet soil 
can differ significantly between soil types, the exponential change is 
independent of soil type (Idso et al., 1975; Lobell and Asner, 2002). 
 
The effect of soil moisture on surface reflectance can be explained by the 
difference in the refractive index. The refractive index of air, water and 
soil minerals is 1.00, 1.33 (Zajac and Hecht, 2003) and between 1.42 and 
1.73 (Ishida et al., 1991), respectively. As a result, the difference between 
the refractive indices is larger for dry soils than for wet soils, which results 
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in a lower scattering of incident light (Bach and Mauser, 1994). 
Additionally, the water film around the soil particles causes forward 
scattering, which results in deeper penetration of the light into the soil 
and decreases the surface reflectance (Somers et al., 2010).  
 
Many studies used the effects of soil moisture on the surface reflectance 
successfully to quantify soil moisture from surface reflectance (e.g. Bryant 
et al., 2003; Fabre et al., 2015; Haubrock et al., 2008a, 2008b; Liu et al., 
2015; Whiting et al., 2004). Three approaches are commonly used to 
estimate soil moisture content: (i) spectral indices; (ii) exponential or 
Gaussian spectral models; and (iii) geostatistical models (Fabre et al., 
2015). Out of these, only spectral indices are simple, can be calculated 
without a-priori knowledge and without calibration. Fewer studies focus 
on the reduction of the effect of soil moisture on reflectance data (e.g. 
Bogrekci and Lee, 2006; Castaldi et al., 2015; Ge et al., 2014; Liu et al., 
2015; Minasny et al., 2011). However, these studies are either complicated 
or they need additional laboratory analysis (Castaldi et al., 2015; Ge et al., 
2014; Liu et al., 2015; Minasny et al., 2011); they mainly focus on the 
improved prediction performance of only a single soil property (Bogrekci 
and Lee, 2006; Castaldi et al., 2015; Liu et al., 2015; Minasny et al., 2011) 
or are commonly not applied to airborne spectroscopy data (Bogrekci and 
Lee, 2006).  

Soil surface roughness 
Romkens and Wang (1986) classify soil surface roughness in four 
categories, (i) micro roughness: texture dependent roughness, very small 
soil aggregates (< 2 mm); (ii) random roughness: soil aggregates and clods 
(2 – 200 mm); (iii) orientated roughness: rows and tillage patterns (200 – 
400 mm); and (iv) higher order roughness: slope and field borders (> 400 
mm). Micro roughness is mainly influencing laboratory spectral 
measurements. Field spectral measurements are mainly influenced by 
random roughness, but also by micro roughness and depending on the 
method also by orientated roughness. Airborne and spaceborne spectral 
measurements are influenced by all categories of roughness. Considering 
individual pixels, higher order roughness becomes less important. The 
effect of orientated roughness might be most obvious at this scale, 
however also random roughness and micro roughness play an important 
role (see below). In this thesis, no clear distinction is made between 
random roughness and orientated roughness, as a result we consider soil 
surface roughness as roughness caused by land management, including 
aggregates and clods (2 – 200 mm) and row and tillage patterns (200 – 400 
mm). This definition of roughness can also be classified in several 
categories, (i) freshly ploughed; (ii) formerly ploughed; (iii) harrowed 
rough; (iv) harrowed fine; (v) seedbed; and (vi) rolled or smooth crusted 
(adapted from Marzahn et al., 2012).  
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The effect of soil surface roughness on reflectance data was first described 
by Kondratyev (1969) and is described as an increase of soil reflectivity 
with a decreasing soil surface roughness. This decreasing reflectivity can 
be explained by the increased shadow cast on the surface and the complex 
process of a greater proportion of diffuse scattering (Matthias et al., 2000). 
Additionally, the interaction between aggregates (i.e. light reflected by one 
aggregate will be reflected diffusely by another) (Cierniewski, 1987) and 
the presence of gaps in large, irregular aggregates which traps incident 
radiation (Coulson and Reynolds, 1971) lead to a lower overall reflectance. 
Moreover, soil aggregation is affected by the composition of the soil 
(Bronick and Lal, 2005), which results in complex interactions between 
the effect of soil composition and soil roughness on reflectance properties 
(Piekarczyk et al., 2016). Fine-grained soils, for instance, have a higher 
reflectance than coarse soils (Baumgardner et al., 1985). An increase of 
clay, on the other hand, results in more soil aggregates and a decrease of 
reflectance (Richter, 2010). Furthermore, soil surface roughness is one of 
the most unstable soil properties, both affected by land management and 
meteorological conditions (Cierniewski, 1987). Finally, the direction of 
solar irradiation, the observation direction of the surface by the sensor, 
together with the land management direction all influence the reflectance 
properties (Cierniewski et al., 2004; Wang et al., 2012). 
 
Validated geometrical models have been used to simulate the bidirectional 
reflectance of light from a rough soil (Cierniewski, 1987; Cierniewski et 
al., 1996), however, the applicability in the field is limited because input 
parameters are difficult to assess in practice (Denis et al., 2014). Several 
studies have been focussing on decreasing the effect of soil surface 
roughness on reflectance data (e.g. Croft et al., 2014; Denis et al., 2014; Ji 
et al., 2015; Wu et al., 2009). However these studies are either not 
applicable to airborne spectroscopy applications (Ji et al., 2015), focus on 
micro roughness and random roughness at laboratory scale (Croft et al., 
2014; Wu et al., 2009), or focus only on one aspect of the soil surface 
roughness effects like soil relative shadow (Denis et al., 2014). As a result, 
there is no robust method that accounts for the effects of soil surface 
roughness on surface reflectance, which is applicable on airborne or 
spaceborne spectroscopy data. 

1.6. Framework 

1.6.1. Research project  

This thesis was executed within the Swiss National Science Foundation 
(SNSF) national research project NRP68 Sustainable use of Soil as a 
Resource (www.nrp68.ch/en). The project aimed to improve our 
knowledge about the quality of soils; to develop tools for their assessment; 
and to elaborate concepts and strategies for their sustainable use. The 
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project covers four key aspects, (i) soil organic matter; (ii) soil biology; 
(iii) soils in agrosystems; and (iv) soil information and governance.  
Within this project, this thesis was part of the project Soil maps: Predictive 
mapping of soil properties for the evaluation of soil functions at regional 
scale, part of the fourth key aspect. The main aim of the project was to 
develop methods for high-resolution maps of basic soil properties using 
digital soil mapping and to convert this information into soil function 
maps (Papritz et al., 2012).  
Remote sensing data were recognised as valuable covariates in digital soil 
mapping. Airborne imaging spectroscopy products were provided as 
covariates for digital soil mapping The aim of the project considering 
remote sensing data was to optimise the use of remote sensing approaches 
by combining various technologies to minimise gaps in partly to fully 
vegetation-covered areas.   

1.6.2. Motivation  

Although the use of optical remote sensing for soil purposes has been 
proven to be successful in the laboratory and in (semi-) arid areas or at 
individual fields, the use of optical remote sensing for large-scale coverage 
brings challenges. In this thesis we focus on how airborne and spaceborne 
optical remote sensing can be optimally used to create large-scale coverage 
soil information. For this the focus is on Switzerland (Section 2.3), where 
the temperate climate emphasises the challenges that large-scale optical 
remote sensing is dealing with when applied to soils. The main aim of this 
thesis is to find an answer on the question:  
 
How can airborne and spaceborne optical remote sensing for large-scale soil 
mapping in temperate climates be optimised considering available soil data, 
available spectral data, spatial resolution, spatial coverage and spectral 
resolution? 
 
In order to achieve this objective, we broke this question down in the 
several, more specific, research questions. The first two are focusing on 
the challenges described in Section 1.4, while the last is focusing more on 
the wealth of multispectral data that is already available, but is only 
limitedly used.  
 
I. Can multi-temporal airborne and spaceborne optical remote sensing 

data be used to increase the bare soil area and solve the challenge of 
vegetation cover for soil remote sensing?  

Vegetation cover is one of the biggest challenges for soil remote sensing. 
The presence of agriculture and its alternation of crops offer potential to 
use multi-temporal spectral information to increase the bare soil area. We 
explore the use of such an approach and its challenges. 
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II. How can the effect of soil surface variations, in particular soil moisture, 
on imaging spectroscopy be reduced?  

Variations in soil surface are considerably affecting the soil surface 
reflectance under natural conditions. The effects of variations in soil 
moisture on surface reflectance are considered to be the most 
pronounced. These effects can change drastically in very short time 
frames, since soil moisture variations are caused and affected by 
meteorological events and land management. The aim is to create a 
robust, but straightforward, method to correct for the linear and non-
linear effects of soil moisture based on external databases.  
 
III. What do the time series of available spaceborne multispectral data have 

to offer soil remote sensing? 
The great wealth of freely available multispectral data and the recent 
development of tools to actually be able to process this amount of 
information, asks for the exploration of multispectral data for soil 
purposes. The availability of time series available for large areas is a rare 
concept in the soil remote sensing. By analysing the data availability of soil 
data and satellite multispectral data over time, we gain insight of what 
both data sources can offer us and how both data sources are best to 
combine. Additionally we explore the potential of this data for soil 
property prediction and other applications in soil science.  

1.7. Structure of the thesis 
Chapter 1 provides a background to the thesis and introduces its goals and 
research questions.  
 
Chapter 2 gives more detailed background information on the main 
themes of this thesis: soil mapping and remote sensing. The main purpose 
of this chapter is to provide more information for readers who are only 
known to one side of this interdisciplinary topic.  
 
Chapter 3 consists of a first-authored peer-reviewed scientific publication 
(Diek et al., 2016). It describes the use of multi-temporal spectroscopy 
data to increase the bare soil area. Additionally, it tries to deal with the soil 
surface variations caused by meteorological and land management 
differences between the used multi-temporal data. This chapter tries to 
find an answer to research questions I and II. 
 
Chapter 4 consists of a first-authored peer-reviewed scientific publication 
(Diek et al., under review). It describes the development of a 
straightforward method to compensate for the non-linear effects of soil 
moisture. This chapter tries to find an answer to research question II. 
 
Chapter 5 consists of a first-authored peer-reviewed scientific publication  
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(Diek et al., 2017). It describes the use of multi-temporal multispectral 
spaceborne data. Furthermore it explores the use of this data for soil and 
land management purposes. This chapter tries to find an answer to 
research questions I and III. 
 
Chapter 6 summarises and discusses the main findings from the 
publications presented in chapters 3 to 6 and provides an outlook on 
possible research directions. 
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2.1. Soil mapping 

2.1.1. Conventional soil mapping 

Conventional soil mapping is based on soil surveys. A conceptual soil-
landscape model is used to select suitable observation locations (Bregt, 
1992; Kempen et al., 2012). This conceptual soil-landscape model is 
created based on aerial photographs, topographical maps, geological 
information, digital elevation models, typical landforms and past 
experiences in similar landscapes. Soil profile descriptions, soil 
estimations and potential laboratory analysis provide soil information for 
these observation locations. Based on this information soil mapping units 
are delineated and refined by additional observation locations when 
necessary. This information typically results in soil type maps, with for 
each map unit a characteristic soil profile description. It is also possible to 
create soil property maps, based on the information from the observation 
locations and interpolation methods.  
Conventional soil mapping encounters several disadvantages. First of all 
the soil surveys are suspect to qualitative methods, which are dependent 
on expert knowledge of the surveyor (Hewitt, 1993; Kempen et al., 2012). 
Furthermore, conventional soil mapping is expensive (Kempen et al., 
2012), time consuming (Bui et al., 1999) and especially difficult in 
inaccessible areas (Mulder et al., 2011). As a result conventional soil 
mapping is irreproducible, map units are presented as discrete and 
homogeneous and is lacking quantitative measures of uncertainty 
(Goovaerts and Journel, 1995; Kempen et al., 2012).  

2.1.2. Digital soil mapping 

Digital soil mapping can be defined as the computer-assisted production 
of digital maps of soil properties or classes. Mathematical and statistical 
models are used to combine field and laboratory soil information and 
environmental covariates of soil (Carré et al., 2007a; Dobos et al., 2006). 
The environmental variables are exhaustive georeferenced data layers, 
including e.g. digital geological and soil maps, remote sensing data, digital 
elevation models and their derivatives, etc. At the basis of digital soil 
mapping are the pedometric models that control the spatial and temporal 
distribution of soil types and properties, like the soil forming factors of 
Jenny (1941) or the SCORPAN model of McBratney et al. (2003). Often 
many environmental covariates (100-1000) are used, based on automatic 
selection of the most important covariates the final prediction model is 
created (Brungard et al., 2015). This selection focuses on the best 
accuracy, rather than on the physical meaning of the covariates. There are 
no prerequisites on the mathematical and statistical models, regression 
models, regression trees and various other data mining techniques have 
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proven to be successful (Minasny and McBratney, 2016; Nussbaum et al., 
2017a). 
Digital soil mapping has many advantages over conventional soil 
mapping. Digital soil mapping is reproducible and flexible. Maps are easy 
to update, different mathematical and statistical models can be used and 
uncertainty can be quantified (Goovaerts, 2001; Heuvelink, 1996; Kempen 
et al., 2012). Nevertheless it also has some drawbacks. Transferability to 
other regions is limited because models are calibrated on the 
characteristics of a specific area, these are not necessarily applicable to 
other similar areas (Grunwald, 2009; Mulder, 2013). Digital soil mapping 
is data driven and therefore depends, just like conventional soil mapping, 
on the availability of up-to-date soil and environmental data (Kempen et 
al., 2012). Moreover, in contrast to conventional soil mapping, the 
methods for digital soil mapping are not standardised (Kempen et al., 
2012; Mulder, 2013). 
An example of digital soil mapping is the GlobalSoilMap.net project 
(www.globalsoilmap.net). This project aims to predict 10 soil properties at 
six specific depth intervals (up to 2 m depth) at a 100 m resolution, 
including an uncertainty estimate, across the globe.  

2.2. Optical remote sensing for soil purposes 

2.2.1. Soil and the electromagnetic spectrum – a history 

 
Figure 2.1. Electromagnetic spectrum. In grey we highlighted the parts of the spectrum used for soil 
purposes and discussed in the text (Section 2.2.1). In dark grey we highlighted the optical part of the 
spectrum (350-2,500 nm), this is the spectral range focused on in this thesis. Figure modified after 
Viscarra Rossel et al. (2011). 

 
The history of remote sensing for soil applications starts with 
photography. Black and white aerial photographs were already used in the 
1930s for soil surveys in the United States (Baumgardner et al., 1985). The 
use of reflectance properties of the soil, however, goes even further back. 
In the 1920s a committee was formed to form standards for soil colour, as 
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a result the Munsell Soil Color Charts (Munsell Color, 1975) were 
developed in 1975. This can be considered the first use of the visible part 
of the electromagnetic spectrum (Figure 2.1) to characterise soils.  
In the 1960s the spectral responses of soils and pure minerals were 
investigated. The first correlations between the spectral reflectance and 
soil moisture, particle size (Bowers and Hanks, 1965) and soil organic 
carbon (Obukhov and Orlov, 1964) were discovered in the 1960s. In 1962 
the first International Symposium on Remote Sensing of the Environment 
was held at the University of Michigan in the United States (Moore, 1979). 
Condit (1970) and Montgomery and Baumgardner (1974) explored the 
correlations between spectral reflectance and soil properties in a more 
systematic way, this resulted in 1980 in the first spectral library: “soil 
reflectance atlas” (Stoner et al., 1980). This led to the development of 
spectrometers and the exploration of the near infrared (NIR) and 
shortwave infrared (SWIR) of the electromagnetic spectrum.  
At the same time the preparations to launch the first multispectral scanner 
(Landsat-1), with the sole purpose of studying and monitoring the Earth, 
had started. The prime motivation for the development of Landsat-1 
multispectral scanner (MSS) in 1972 was geologic interpretation and more 
specifically the mineralogical mapping of surface soils and outcrops 
(Goetz, 2009). The field and laboratory research that followed resulted in 
1981 in the addition of the SWIR2 band to the Landsat Thematic Mapper 
(TM) (Goetz, 2009) and in the first direct detection of soil minerals from 
space with the use of five closely-spaced spectral channels in the 2,200–
2,500 nm region (Goetz et al., 1982). In 1983 the Airborne Imaging 
Spectrometer (AIS) flew for the first time successfully over the Cuprite 
Hills (Nevada, USA), after much pre-processing and normalising, many 
minerals were successfully identified (Goetz and Srivastava, 1985). This 
resulted in 1984 in the program to develop an advanced airborne sensor 
(the airborne visible/infrared imaging spectrometer (AVIRIS)) and two 
orbiting sensors (the shuttle imaging spectrometer experiment (SISEX) 
and the high resolution imaging spectrometer (HIRIS)). Although 
AVIRIS became one of the finest, best calibrated, airborne imaging 
sensors ever flown, both orbiting sensors never made it to the orbit 
because of a lack of support (Goetz, 2009). It took until 2000 until the first 
imaging spectrometer made it into the orbit. The Earth Observing-1 was 
launched with on board the imaging spectrometer Hyperion (USGS, 
2011).  
Meanwhile the multispectral satellite had become more and more 
available. Landsat-1 was followed by Landsat 2-3 MSS (1970s), Landsat 4-
5 Thematic Mapper (TM) (1980s), Landsat 7 Enhanced Thematic Mapper 
(ETM)+ (1990s) and Landsat 8 Operational Land Imager (OLI) and 
Thermal Infrared Sensor (TIRS) (2013). Other examples of land 
monitoring satellites are the Advanced Spaceborne Thermal Emission and 
Reflection Radiometer (ASTER) launched in 1999, the Moderate 
Resolution Imaging Spectroradiometer (MODIS) Terra (1999) and Aqua 
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(2002), MEdium Resolution Imaging Spectrometer (MERIS) launched in 
2002 and Sentinel-2 launched in 2015. The thermal band, present on 
many of these multispectral sensors, was used to detect soil surface 
temperature. As a result several methodologies were developed to derive 
soil moisture from multispectral sensors (e.g. Anderson et al., 2008; 
Mobasheri and Amani, 2016; Sánchez et al., 2015; Zeng et al., 2004). Based 
on the availability of satellite data, Google started to use satellite data for 
Google Earth in 2005.  
Despite all these developments, it took until the end of the 1990s before 
imaging spectroscopy became mainstream for soil applications. From this 
moment also soil spectral libraries were developed again (Clark et al., 
2007; Kokaly et al., 2017; Shepherd and Walsh, 2002). Since then soil 
spectroscopy has further developed ever since and by now most soil 
remote sensing applications rely on imaging spectroscopy. Soil 
spectroscopy has found its applications in soil surveying, agriculture, land 
management and mineral exploration, in Section 2.2.2 we will describe the 
use of optical remote sensing for soil properties in more detail. 
 
Parallel to the development of remote sensing for soil properties, remote 
sensing techniques developed for landform and terrain mapping (Moore 
et al., 1991) and for, as already mentioned, geology or, more specifically, 
mineral mapping. Both have a close link to the prediction of soil 
properties and are important for soil mapping (Mulder et al., 2011). 
Furthermore, their developments in remote sensing have resulted in 
advances in the soil remote sensing.  
Just like the origin of soil remote sensing, also for landform and terrain 
mapping it started with aerial photography and more specifically in the 
stereography (Delvit and Michel, 2016). Stereography uses two partly 
overlapping aerial photographs to create a 3D view of the surface. During 
and after world war II several non-photographic remote sensing systems 
were introduced (Moore, 1979); in the 1930s/1940s (active) microwave 
remote sensing (e.g. radio detection and ranging (radar)) (Moore, 1979) 
and later, in the 1960s, laser remote sensing (light detection and ranging 
(lidar)). These resulted in the digitalisation of landform and terrain 
mapping. Radar can detect the variation in the concentration of magnetic 
minerals (Singhroy and Molch, 2004) and the directional structures of the 
surface (Mulder et al., 2011). Therefore, this technique is mainly used to 
visually identify geological structures and landforms, but has also been 
used for digital elevation models (DEMs). Since the amount of radiation 
reflected by the surface is also determined by the characteristics of the 
material (e.g. the reflectance is increasing with an increase of electrical 
conductivity), radar is also used for the determination of water and soil 
moisture (Singhroy and Assouad, 2003). Lidar has mainly been used for 
the creation of DEMs, because of its high resolution (Mulder et al., 2011). 
But also stereography is nowadays still used for the creation of DEMs, 
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many UAVs (unmanned aerial vehicles) use this technique to create very 
high resolution (cm scale) DEMs (e.g. Kaźmierowski et al., 2015).  
The interest in the mining of minerals resulted in the development of 
many techniques for mineral mapping (Wilford et al., 1997). Gamma ray 
spectroscopy has been used since the 1970s for geological mapping based 
on the presence of uranium, thorium and potassium in surface rocks 
(Ward, 1981). Gamma ray spectroscopy has also proven to be useful to 
map soil properties (Herrmann et al., 2010). Good correlations have been 
found between gamma ray spectra and available-K, clay content, iron 
content, phosphorus and organic carbon, furthermore sandy soils and 
weathered granite soils can be identified (Mahmood et al., 2013). 
 
In the laboratory and the field, remote sensing has become a standard and 
has taken over several wet chemistry methods. A review of these 
techniques is given by Viscarra Rossel et al. (2011). Many of the soil 
properties measured by these techniques were already measured before 
the introduction of remote sensing, but the use of remote sensing has 
made these more common. In the laboratory diffuse reflectance infrared 
Fourier transform (DRIFT) spectroscopy is used to determine soil 
components (Janik et al., 1998; Mitchell, 1993). Furthermore, the 
introduction of the laser in 1960 resulted in the development of laser-
induced breakdown spectroscopy (LIBS) (Radziemski and Cremers, 2013) 
and the laser spectroscopy, which are used to determine the chemical 
composition and the particle size of the soil respectively. 
In the field proximal sensors have become common, mainly because of 
the increased interest in precision agriculture (Ge et al., 2011). Many of 
the remote sensing methods described before are also used for proximal 
soil sensing (e.g. gamma ray spectroscopy and optical remote sensing). 
There are many sensors measuring the soil electrical properties (e.g. time-
domain reflectometry (TDR), frequency-domain reflectometry (FDR) 
ground-penetrating radar (GPR), electromagnetic induction (EMI), 
induced polarization (IP), electrical resistivity (ER) (Viscarra Rossel et al., 
2011)), which are an indicator for the solute concentration, hydraulic 
properties, soil moisture concentration and a surrogate measure for many 
other soil properties. 

2.2.2.  Soil spectra characteristics and the quantification of soil 
properties  

The reflectance of soils is influenced by the concentration, size, 
arrangement and interaction of the composites of the soil: organic 
materials, mineral materials, water and air. This makes the spectral 
reflectance highly complex (Ben-Dor et al., 2009). Many absorption 
features overlap so that absorptions related to one soil component can be 
masked, distorted, or shifted where other soil components vary (Nocita et 
al., 2015). Figure 2.2a shows a characteristic soil spectrum, with for 
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comparison characteristic spectra for vegetation, dry vegetation and 
water. Soil spectra contain distinct absorption features, which give 
information on specific soil properties (Figure 2.2b and described in detail 
below).  
 
There are a few main chemical components (chromophores) in the soil 
that result directly in absorption features in the optical domain: (i) OH in 
water, soil water can be divided in three groups: gravitational water or free 
water in the soil pores, capillary water in the soil micropores and 
hygroscopic water as a thin film around the soil particles; (ii) clay 
minerals, such as illite, kaolinite, montmorillonite and smectite (see 
Figure 2.2c); (iii) non-clay minerals, which can be divided in 5 groups: 
silicates, phosphates, oxides and hydroxides, carbonates and sulphides 
and sulphates; and (iv) soil organic matter (Ben-Dor et al., 1999). Apart 
from this, there are also several physical properties that influence the 
scattering of the incident light and change the soil reflectance spectrum, 
without changing the chemical composition of the soil. These include 
particle size, sample geometry, viewing angle, radiation intensity, incident 
angle and azimuth angle of the source (Ben-Dor et al., 1999). Naturally, 
soil properties that are directly related to the above mentioned chemical 
and physical properties are generally better predicted (Nocita et al., 2015) 
than soil properties without this relation. Nevertheless, there are indirect 
interactions between soil properties and the above mentioned chemical 
and physical properties which can also result in accurate predictions of 
these soil properties (Ben-Dor et al., 1999). 
 
The soil spectrum is characterised by clear gravitational water absorption 
features at 1455 and 1915 nm. Weaker absorption features can be found at 
950 and 1200 nm. Many absorption features of hygroscopic water on the 
surface areas of clay minerals can be found in the SWIR. Three major 
spectral regions are active for clay minerals around 1400 nm, 1900 nm 
and between 2150 and 2500 nm (see Figure 2.2c) (Ben-Dor et al., 1999). 
Soil organic matter absorption features can be mainly found in the VIS 
and NIR and specifically at 665 nm (Bartholomeus et al., 2011; Ben-Dor et 
al., 1999; Nocita et al., 2015), the hygroscopic water absorption features of 
soil organic matter are mainly found in the SWIR. Moreover, soil organic 
matter has activity in the full optical domain, just like soil moisture (see 
also Section 1.4), as a result soil reflectance is decreasing with increasing 
soil organic matter or increasing soil moisture (Nocita et al., 2015). 
Absorption features of iron can be found at 400, 430, 450, 510, 550, 700, 
870 and 1000 nm (Ben-Dor et al., 1999).  
 



Chapter 2 

 28 

 
a. b. c. 

Figure 2.2. a. Characteristic spectra of bare soil, fresh vegetation, dry vegetation and water (Kokaly et 
al., 2017). b. Bare soil spectra with the location of specific properties (based on figure 24.3 in Demattê 
et al. (2016b) and figure 25.9 in Ben-Dor and Demattê (2016)). c. Continuum removed spectra of clay 
minerals illite, kaolinite and montmorillonite (Kokaly et al., 2017). 
 
As Figure 2.2 shows, the absorption features are weak, narrow and mixed 
and therefore difficult to detect (Ben-Dor et al., 2009). This makes it 
difficult to directly derive soil properties from multispectral data, 
nevertheless there are examples of multispectral data used to derive soil 
properties (e.g. Ahmadian et al., 2016; Boettinger et al., 2008; Breunig et 
al., 2008; Coleman et al., 1993; Demattê et al., 2009, 2007; Nawar et al., 
2014; Shabou et al., 2015). The use of imaging spectroscopy with detailed 
reflectance information, however, makes this detection easier. Imaging 
spectroscopy has been successfully used for soil processes (i.e. erosion and 
deposition, degradation, contamination, soil swelling) and for the 
quantification of specific soil properties (i.e. soil organic matter, iron 
content, particle size distribution, soil texture, soil moisture, salinity, CEC 
and carbonate content). An extensive review is given by Ben-Dor et al. 
(2009); Mulder et al. (2011); and Soriano-Disla et al. (2014).  
 
Quantification of soil properties is typically based on absorption feature 
analysis (Clark et al., 2003) or on mathematical or statistical procedures 
(Viscarra Rossel and Behrens, 2010). For the derivation of pure soil 
minerals from the soil spectrum absorption feature analysis is used. For 
this the characteristics of the diagnostic absorption feature are analysed, 
such as depth, width or area (Mulder, 2013). This is done for the 
continuum removed isolated absorption feature (see Figure 2.2c). 
However, when diagnostic absorption features are not known, when 
absorption features overlap, or when deriving a soil property, which can 
have a mixed chemical composition (e.g. soil organic matter or soil 
texture), mathematical and statistical procedures are needed. Over the 
past decades many statistical methods have been used to derive soil 
properties quantitatively from reflectance spectra. A description of most 
of these methods can be found in Viscarra Rossel and Behrens (2010). In 
the beginning the focus was mainly on linear methods, like (stepwise) 
multiple linear regression (MLR), multivariate adaptive regression splines 
(MARS), principal component analysis (PCA) (Hotelling, 1933) and 
partial least squares regression (PLSR) (Thomas and Haaland, 1990; 
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Wold, 1966). Where MLR and MARS are often sufficient when dealing 
with multispectral data, PCR and PLSR have the advantage that they can 
deal with a large number of highly correlated predictor variables and 
therefore are preferred when dealing with imaging spectroscopy data. 
Both these methods describe the original model by linear combinations of 
the original inputs (predictor variables). For PLSR, however, the linear 
combinations of the predictors are used to predict specific response 
variable(s) (McBratney et al., 2003), in this case the considered soil 
property. Moreover, PLSR is robust, rapid and easy to interpret (Soriano-
Disla et al., 2014). As a result the method is the most used for predicting 
soil properties from imaging spectroscopy data (Demattê et al., 2016b; 
Soriano-Disla et al., 2014; Viscarra Rossel et al., 2006), also in this thesis 
PLSR is often applied (Chapter 3 and 4) for the prediction of soil 
properties. Nevertheless, other non-linear methods, like support vector 
machines (SVM), regression trees (RT), wavelet analysis and artificial 
neural networks (ANN), might offer better results, even though they are 
often more difficult to interpret (Demattê et al., 2016b; Soriano-Disla et 
al., 2014; Viscarra Rossel and Behrens, 2010). 
 
In order to smooth and correct for non-linearities, measurement and 
sample variations and noisy spectra, soil spectra are often pre-processed 
with mathematical functions. Pre-processing of the spectra is also applied 
to decrease the effect of non-linear light scattering, as a result of variations 
in particle size, soil surface roughness and soil moisture, which often 
results in baseline shifts and the overall curvature (Stenberg et al., 2010). 
An overview of the common used methods and their references for 
spectral transformations, smoothing of noisy spectra and the correction of 
baseline shifts and overall curvature can be found in Stenberg et al. (2010).  

2.2.3. Advantages and disadvantages of optical remote sensing 
for soil purposes at different scales and the existing 
standards and protocols 

Figure 1.2 in Chapter 1 shows soil spectra taken from a processed soil 
sample in the laboratory (ASD FieldSpec-3: 10 April, 2015), taken in the 
field (ASD FieldSpec-3: 10 April, 2015), taken by an airborne imaging 
spectrometer (APEX: 10 April, 2015) and taken by a spaceborne sensor 
(Landsat OLI 8: 8 April, 2015) at the sample location (47°17'53.0"N 
8°44'57.8"E). It shows that even though the same soil is measured, results 
differ according to the method that is used. This makes the interpretability 
of soils with optical remote sensing data difficult and the prediction of soil 
properties tricky. In this section we describe the protocols, standards and 
the advantages and disadvantages of each method. 
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Laboratory spectroscopy 
In the laboratory, conditions can be maintained constant. Soil samples are 
commonly prepared like wet chemistry analysis. Soil samples are oven 
dried (24 hours at 45 °C), grinded and milled to destroy aggregates and 
sieved to a size fraction smaller than 2 mm. As a result the spectral 
response is not influenced by variations in soil moisture and minimally 
affected by particle size distribution. Since the laboratory measurements 
are based on soil samples, the spectral measurements are not limited to 
the topsoil, but complete soil profiles can be measured. Even literally with 
the introduction of the laboratory imaging spectrometer (Buddenbaum 
and Steffens, 2011). 
Because of the constant conditions in the laboratory, these measurements 
are mainly used when creating soil spectral libraries. Well known soil 
spectral libraries are the ASTER spectral library version 2.0 (Baldridge et 
al., 2009), the USGS spectral library (Clark et al., 2007; Kokaly et al., 2017) 
and the global spectral library (Viscarra Rossel et al., 2016). These spectral 
libraries can partly replace laboratory measurements of soil properties and 
can be used to derive soil properties from soil spectra with unknown soil 
properties. Apart from the global libraries, there are also many local 
spectral libraries for local studies, each being built based on different 
protocols (Stevens et al., 2013), harmonising these is difficult and reduces 
prediction results when used in larger or other areas (Viscarra Rossel et 
al., 2016). Therefore, one of the big bottlenecks of laboratory soil 
spectroscopy is a common protocol (Nocita et al., 2014).  
 

 
Figure 2.3. Soil spectra of the same soil sample taken with different laboratory setups: (i) the 
contact probe setup, (ii) the pistol grip setup with turning table and (iii) the Muglight setup. 
 
Several attempts have been made to create a common protocol (e.g. Ben-
Dor et al., 2015), however even the protocol of Ben-Dor et al. (2015) 
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presents two set-ups, the contact probe and the pistol grip. It is also 
known that the Muglight has been used for laboratory soil spectroscopy 
(Mulder et al., 2013; Piekarczyk et al., 2016). Figure 2.3 shows that the 
resulting soil spectra using different set-ups differ. The use of a standard 
like suggested in Ben-Dor et al. (2015) can reduce this effect, however 
makes the measurement also dependent on this specific standard. 
Furthermore, the reproducibility of laboratory soil spectra is tricky 
because of differences in particle size distribution of the soil sample, the 
effects of humidity and temperature and the sensitivity for small 
differences in laboratory set-up.  

Field spectroscopy  
Where in the laboratory, the measurements are taken under controlled 
conditions, in the field the conditions are less controlled. As a result 
several parameters are unknown and their effects on the soil spectra might 
be unknown (Ben-Dor et al., 1999). Also for field measurements there is 
no fixed protocol. Most field measurements are taken hand-held with a 
pistol grip sensor (Milton et al., 2009), suitable for topsoil measurements. 
These measurements are affected by atmospheric conditions, sun 
elevation and changes in weather conditions. Furthermore, these 
measurements are drastically affected by soil surface variations (e.g. 
variations in soil moisture (Bowers and Hanks, 1965), soil surface 
roughness (Cierniewski, 1987) (see Section 1.4.2 and 1.4.3), (non-
photosynthetic) vegetation, soil particle size). Alternatives, like the contact 
probe or the SoilPro (Ben-Dor et al., 2017) are less affected by some of 
these disadvantages. The contact probe makes it also possible to measure 
the full soil profile in the field. However, both these methods are covering 
very small areas. As a result these methods are not very representative for 
larger areas and are not dealing well with irregular surfaces. Furthermore, 
these methods are far from optimal when field spectral measurements are 
used to make the link with airborne or spaceborne imaging spectroscopy. 
In order to derive soil properties from the field spectra soil spectral 
libraries can be used, however, the environmental conditions affecting the 
soil spectra might disturb the prediction capacity. Therefore, the 
prediction of soil properties from field spectra is often dependent on soil 
field data.  

Airborne spectroscopy 
Building upon the approaches successfully developed for field and 
laboratory spectroscopy, imaging spectroscopy using airborne sensors has 
shown the potential to map and to quantify topsoil properties (Nocita et 
al., 2015). Airborne imaging spectroscopy makes it possible to map large 
areas with a very high resolution and relatively limited field samples. In 
this way it is possible to capture in-field variability, which is only possible 
for laboratory and field methods when using very dense sampling 
schemes. This is especially demanding when mapping large areas. 
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Although the high resolution has a huge advantage, the drawback is that 
flights are often expensive and the organisation demanding, as a result the 
temporal resolution is extremely limited or not existing. Furthermore, 
airborne imaging spectroscopy brings also several other disadvantages. 
First of all the spectra are affected by absorptions of atmospheric gases 
and water vapour in the atmosphere. Atmospheric corrections (e.g. 
ATCOR (Schläpfer and Richter, 2015)) are necessary to correct for these 
absorptions, additionally radiometric and geometric calibration are 
needed (Lagacherie et al., 2008).  Furthermore, one of the biggest 
disadvantages is that only the topsoil can be measured. Nevertheless, the 
topsoil contains valuable information about the soil, which can be utilized 
by farmers and decision makers (Ben-Dor et al., 2009). Moreover, imaging 
spectroscopy sensors cannot penetrate cloud cover and vegetation. As a 
result only about 10% of the studies have been applied in-field and most 
of these in semi-arid areas, where there are less clouds and less vegetation 
(Soriano-Disla et al., 2014). Especially in temperate climates, good 
weather conditions and a sufficiently high sun angle are needed to capture 
a limited bare soil surface area. Additionally, the spectra are affected by 
soil surface variations (e.g. variations in soil moisture (Bowers and Hanks, 
1965), soil surface roughness (Cierniewski, 1987) (see Section 1.4.2 and 
1.4.3), (non-photosynthetic) vegetation, soil particle size). These might 
change over short time frames and are mainly affected by weather 
conditions and land management practices, but also by soil erosion and 
eolian accumulation. Also bidirectional reflectance distribution function 
(BRDF) effects are influencing the airborne acquisitions. These effects 
result from differences in illumination and viewing geometry and are 
dependent on the wavelength and the structural and optical properties of 
the surface (Weyermann et al., 2013). The prediction of soil properties 
from field spectra is, just like field spectra, often dependent on soil field 
data. For heterogeneous large-scale areas the prediction of soil properties 
is complicated by soil property extremes, which might demand local 
calibration models. 

Spaceborne spectroscopy and multispectral sensors 
In general spaceborne imaging spectroscopy suffers from the same 
advantages and disadvantages as airborne imaging spectroscopy. 
However, spaceborne sensors tend to have a lower spatial resolution, but a 
much higher temporal resolution. In the future spaceborne imaging 
spectroscopy sensors could provide global spectroscopic data for mapping 
soil properties at low costs (Nocita et al., 2015). However, at this moment 
not many spaceborne imaging spectroscopy sensors are available, only 
Hyperion on board of the EO-1 (USGS, 2011), but this sensor has very 
limited global surface coverage. Nevertheless, there are spaceborne 
spectroscopy sensors planned: EnMAP from Germany (DLR, 2016), 
HISUI from Japan (Iwasaki et al., 2011), PRISMA from Italy (Pignatti et 
al., 2013), SHALOM from Italy and Israel (ISA, 2014) and HyspIRI from 
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America (NASA, 2016). These will not only cover the VNIR-SWIR region, 
but also the TIR region, which makes them very suitable for soil mapping 
(Nocita et al., 2015).  
It will take many years to create a dense time series of imaging 
spectroscopy data. For multispectral spaceborne data there is already a 
huge dataset available that contains a lot of useful information (e.g. 
ASTER, Landsat, MERIS, MODIS, SPOT, Sentinel, VIIRS, see Figure 2.4). 
Even though these data don’t have the advantage of narrow band 
information and a very high spatial resolution, it has the advantage of a 
global coverage, with often a high temporal resolution and a long time 
series (going back to 1972). Some of these data have already been used for 
soil purposes (e.g. Ahmadian et al., 2016; Boettinger et al., 2008; Breunig 
et al., 2008; Coleman et al., 1993; Demattê et al., 2009, 2007; Nawar et al., 
2014; Shabou et al., 2015). Recent developments of cloud-based platforms, 
like Google Earth Engine, make it possible to access and process these 
large temporal and geospatial datasets (Gorelick et al., 2017).  
 

 
Figure 2.4. Band designations of several multispectral spaceborne sensors, below the bands 
designations the spatial resolution is indicated. On the left below the sensor names the repeat cycle 
in days and the launch date and end date of the mission. In the background a typical soil spectrum 
is shown to indicate how the main absorption relate to the spectral bands of the sensors. Note that 
this overview is not complete, but only shows the most important global coverage multispectral 
spaceborne sensors. Several more multispectral spaceborne sensors with a higher resolution are 
available (e.g. Worldview series and Quickbird), as a result of the high resolution; these sensors 
don’t have a repeat cycle.  
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Abstract  
An increasing demand for full spatio-temporal coverage of soil 
information drives the growing use of soil spectroscopy. Soil spectroscopy 
application performed under laboratory conditions or in-field studies in 
semi-arid areas have shown promising results. However, when acquiring 
data in temperate zones, limitations by vegetation-free coverage, variation 
in soil moisture and management are driving coherent spatio-temporal 
data collection. This study explores the use of multi-temporal imaging 
spectroscopy data to increase the total mapping area of bare soils in a 
heterogeneous agricultural landscape. Spectrally and spatially high-
resolution data from the Airborne Prism Experiment (APEX) were 
collected in September 2013, April 2014 and April 2015. Bare soils in all 
acquisitions were identified. To eliminate short-term differences in soil 
moisture and soil surface roughness, the empirical line method was used 
to calibrate the reflectance values of the singular images (2013 and 2015) 
towards the singular image with most bare soil pixels (2014). Difference 
indicators show that the calibration was successful (decrease in root mean 
square difference and angle difference, increase in R2 and gain and offset 
close to one and zero). Finally, the multi-temporal composite image 
contained more than double the amount of bare soil pixels as compared to 
a singular acquisition. Summary statistics show that reflectance values of 
the multi-temporal composite approximate the single image data of 2014 
(mean and standard deviation of 2014: 24.2 ± 8.9 vs. 24.0 ± 9.5 for the 
multi-temporal composite of 2013, 2014 and 2015). This indicates that 
global differences in soil moisture and land management have been 
corrected for. As a result, an improved spatial representation of soil 
parameters can be retrieved from the composite data. Spatial distribution 
of the correction factors and analysis of the spatial variability of all images, 
however, indicate that non-linear, short-term differences like variation in 
soil moisture and land management largely influence the result of the 
multi-temporal composite. Quantification and attribution of those factors 
will be required in the future to allow correcting for them. 
 
Keywords: imaging spectroscopy; multi-temporal composite; digital soil 
mapping; APEX; empirical line method 
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3.1. Introduction 
As described in Section 1.4.1 partial or complete coverage of the topsoil by 
vegetation disturbs the signal of bare soils drastically. Therefore, using 
direct sensing conditions (Ben-Dor et al., 2009)—i.e., excluding all 
covered parts—offers the best predicting solution (Mulder et al., 2011). 
Multi-temporal acquisitions of spectroscopy data offer a possibility to 
increase the area of bare soil (Gerighausen et al., 2012)§. Especially, in 
areas with agriculture, crop rotation or other alternation between bare and 
vegetated states this can be successful. However, combining multi-
temporal spectral data comes with the challenge of variations in soil 
moisture and soil surface roughness (Sections 1.4.2 and 1.4.3). Processes 
varying on short time scale cause these variations. Weather conditions 
influencing soil moisture and land management practices and 
precipitation events influencing soil surface roughness. Therefore, 
Eliminating these short-term effects of meteorology and land 
management is necessary in order to use a multi-temporal composite for 
deriving soil properties.  
The aim of this study is to create a multi-temporal composite of 
spectroscopy data in order to improve the application of soil spectroscopy 
in a heterogeneous, temperate environment. For this we focus on how to 
deal with short-term processes of meteorology and land management 
resulting in differences in soil moisture and soil surface roughness. Within 
the next chapters we show: (i) how the multi-temporal composite was 
created based on the empirical line method; (ii) the analysis of the spectral 
quality of the calibration and of the multi-temporal composite compared 
to the single acquisitions; and (iii) the potential of this methodology for 
digital soil mapping based on a case study in which we compare the 
predictions of sand percentages for the single acquisitions and the multi-
temporal composites. 

3.2. Study area and soil types  
The study area (Figure 3.1) is located in the Canton of Zurich 
(Switzerland), southeast of lake Greifensee. This area was repeatedly 
covered by oceans (Jurassic times), resulting in layers of marlstone, 
limestone, and sandstone. During the Alpine orogeny this site was part of 
a foreland basin (Molasse basin), where sediments (sandstone, siltstone, 
marlstone, limestone and conglomerates) from the developing mountain 
chain were collected. During the Quaternary, the ice ages formed the 
landscape in the Swiss highlands. Glaciers repeatedly covered the Swiss 
plain and created a landscape with typical glacier landforms, like 
moraines, drumlins, and lakes (Bolliger et al., 1988). 
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Figure 3.1. Study area and the distribution of the bare soil pixels, the colours show in which year(s) 
the considering bare soil pixel was present. The black rectangles show the locations of the focus area 
(used in most of the following figures) and the locations of the individual fields in Figures 3.7–3.10. 
 
The available soil map (Amt für Landschaft und Natur, 1997) and 
literature (Fachstelle Bodenschutz, 2012; IUSS Working Group WRB, 
2007; Jäggli et al., 1998) show that the soils underlying the area reflect the 
geologic history. Soils are classified as clay loam or loam and contain a lot 
of silt (sand, silt, clay, respectively around 30%, 40%, 30%). Soils contain 
high amounts of soil organic matter (on average around 10% in the upper 
10 cm) as a result of former impermeable peat soils (now drained); and 
some of the soils contain lime. In the lower areas, soils can be found that, 
without drainage, would be saturated with groundwater and pendular 
water. Redox processes result in gleyic colour patterns Gleyic Cambisols 
(Braunerde-Gley), Gleysols (Buntgley and Fahlgley), and Histosols or 
Histic Cambisols (Halbmoor). Because of the influence of the glaciers, 
which resulted in dense, impermeable layers, many Planosols (Braunerde-
Pseudogley and Pseudogley) can be found in the area as well. Other areas 
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are dominated by mineral Cambisols ((Kalk-Braunerde), which are 
characterised by a clear soil formation (A, B and C horizon). Furthermore, 
there are few Regosols in the area, these shallow and poorly developed 
soils are mainly found on rock outcrops (Fachstelle Bodenschutz, 2012; 
IUSS Working Group WRB, 2007; Jäggli et al., 1998). 
The area contains a valley with a small glacial lake (Greifensee) and two 
ridges in the northeast and southwest, both are northwest to southeast 
oriented. The elevation of the area ranges from ca. 405 m in the valley to 
ca. 845 m on the ridge in the southwest and to 930 m on the ridge in the 
northeast (Bundesamt für Landestopografie swisstopo, 2014a). The lower 
areas are dominated by cropland and (temporary) grasslands. As a result 
of direct payments, crop rotation is promoted to cover bare soils in winter 
to protect against soil erosion. Consequently, winter cereals and rapeseed 
dominate the croplands; furthermore, maize and some summer cereals 
and vegetables can be found. Table 3.1 shows the sowing and harvesting 
periods for the most dominant crops in the study area (Franzen et al., in 
prep.). The hilly areas in the northeast, southwest and towards the 
southeast are less suitable for agricultural purposes because of their hilly 
character and are mainly covered with (permanent) grasslands or (mixed) 
forest. 
 

Table 3.1. Sowing and harvest periods for the dominant crops (winter cereals, maize, and rapeseed) 
in the study area. Green is sowing period, while blue is the harvesting period. Information is based 
on Franzen et al. (in prep.). 
 Jan. Feb. Mar. Apr. May Jun. Jul. Aug Sep. Oct. Nov. Dec. 
Barley 
winter 

                  
             

 
    

Triticale 
winter 

                  
                 

Wheat 
winter 

                  
                  

Rye 
winter 

                 
                  

Spelt                 
                   

Maize 
corn 

                
                 

Maize 
silage1 

                    
                 

Rape-
seed 

                 
                 

The black vertical lines indicate approximately the date of the flights (3 September 2013, 11 April 
2014, 10 April 2015). 1 The light green for Maize silage indicates late sowing to grow green silage 
maize.  

 
The climate can be classified as a warm temperate humid climate 
(warmest month lower than 22 °C average, minimum of four months 
above 10 °C on average). Summers can be hot, with temperatures reaching 
30 °C. The area around Zurich receives around 1000 mm of annual 
precipitation on average. Precipitation is evenly distributed over the entire 
year, peaking in June and August. Winters are cold, but snow is only 
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occasionally falling in the area, which instead experiences fog during this 
period. 

3.3. Materials and methods 

3.3.1. Pre-processing of imaging spectroscopy data 

The Airborne Prism Experiment (APEX) is an airborne imaging 
spectrometer developed by a Swiss–Belgian consortium on behalf of ESA 
(Schaepman et al., 2015). The instrument is a dispersive pushbroom 
imager with a 28° field of view. The instrument is composed of two 
spectral channels, of which each has a given number of spectral bands. 
The channels cover the spectral range from 372–2540 nm with 1000 
across track pixels. Depending on the flight altitude, the ground pixel size 
ranges from 1.5–2.5 m. The unbinned configuration offers 312 spectral 
bands in the visible and near-infrared (VNIR) and 199 bands in the short-
wave infrared (SWIR) region of the electromagnetic spectrum (Hueni et 
al., 2013; Jehle et al., 2010).  
According to the seed and harvest periods shown in Table 3.1 the best 
period to collect bare soil spectral data is in early spring for summer crops 
(e.g., maize) and late summer/early autumn for winter crops. Since, 
spectroscopy data can only be collected under clear meteorological 
conditions the flight windows were set for both early April and 
September. Finally, APEX data were acquired on 3 September 2013, 11 
April 2014 and 10 April 2015 (for brevity, we refer to these images as ’13, 
’14 and ’15 respectively when used in difference images or in multi-
temporal composites). All data have been atmospherically corrected and 
orthorectified (Hueni et al., 2009), resulting in a surface reflectance (level 
2) data cube of 284 bands ranging from 400–2400 nm, and a spatial 
resolution of 2 × 2 m2. Subsequently, the following spectral bands were 
removed because of (i) interpolated bands: 691.0–735.9 nm; 752.9–770.8 
nm; 794.9–838.0 nm; 900.4–992.1 nm; 1072.4–1166.5 nm; 1283.0–1495.7 
nm; 1738.7–2028.7 nm; and (ii) low signal to noise (SNR) bands: below 
450 nm and above 2200 nm. This means that, e.g., clay cannot be 
determined by typical absorption features at 2200 nm, however there is no 
scientific purpose to apply noisy data to such an analysis. 

3.3.2. Selecting bare soil area 

Spectral indices were used to mask green vegetation (normalised 
difference vegetation index (NDVI, (Rouse et al., 1973; Tucker, 1979)), 
water (normalised difference red blue index (NDRBI, (Carter, 1991; 
Zakaluk and Sri Ranjan, 2008)), and residual vegetation (normalised 
cellulose absorption index (nCAI, (Nagler et al., 2003)). Based on these 
indices a soil dominant mask was created with help from the software 
HYSOMA (Chabrillat et al., 2011), the default settings and thresholds 
were used. Separation between built-up area and the bare soils was 
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performed using auxiliary data. For this, we used the agricultural field 
block map (Bundesamt für Landwirtschaft, 2014), which was updated 
based on available built-up footprints (Bundesamt für Landestopografie, 
2014a) and road information (Bundesamt für Landestopografie, 2014b). 
For further analysis, the overlapping bare soil pixels between the images of 
2013, 2014 and 2015 were selected. 

3.3.3. Multi-temporal calibration 

In order to correct for the differences between the reflectance values of the 
same pixel in multiple years, caused by short-term processes, we have 
used the empirical line method (Conel et al., 1987). The empirical line 
method is a methodology traditionally used for atmospheric correction of 
remotely sensed data from at-sensor radiance to at-surface reflectance, 
assuming that within the image one or more targets are present covering a 
wide range of reflectance values. At-surface reflectance measurements 
were taken and compared to the at-sensor radiances for each wavelength. 
This resulted in a calibration equation that predicts at-surface reflectance 
from at-sensor radiances (Smith and Milton, 1999). The actual calibration 
was done by multiplying the at-sensor radiance by the gain factor and 
adding the corresponding offset (Kruse et al., 1990). The use of more 
targets resulted in a more accurately determined linear relationship 
between at-sensor radiance and at-surface reflectance, and therefore more 
accurate estimation of the gain and offset used for calibration (Smith and 
Milton, 1999). We consider the overlapping bare soil pixels as indifferent 
targets within these three years and use them as input for the calibration 
model. Consequently, the overlapping bare soil pixels were used to 
calculate a linear regression that was used to create a calibration model. A 
separate calibration model was created for each wavelength. As a reference 
year we used 2014, which was the scene with the largest bare soil area. The 
calibration curve was calculated according to Equation 3.1.  
 
𝑅!"#,! = 𝛼! + 𝛽! ∙ 𝑅!"#,!  3.1 
 
where R is the reflectance [%] for the reference year ref and the calibration 
year cal, α is the offset and β is the gain of the linear correlation, i is the 
considered wavelength. The offset and gain values from this linear 
correlation are used to correct the reflectance values (Rcor) of the 
calibration year: 
 
𝑅!"#,! = 𝛼! + 𝛽! ∙ 𝑅!"#,!  3.2 
 
In order to calculate robust calibration models, we removed outliers for 
each calibration model based on Cook’s distance (see Section 3.4.2). 
Cook’s distance (Cook and Weisberg, 1982) is an estimation of the 
influence of a data point on the least squares regression. It therefore not 
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only considers the data points with large residuals (outliers), but also data 
points with a high leverage. These points are known to have a large 
influence on the outcome and the accuracy of the regression model (R2, 
RMSE, gain and offset values, etc.). Cook’s distance (Di) is based on the 
relation between the studentised residuals (ei) and the measure of leverage 
(hi) of a data point, which results in Equation 3.3. 
 

𝐷! =
𝑒!!

𝑝 ∙𝑀𝑆𝐸
ℎ!

(1 − ℎ!)
 3.3 

 
where MSE is the mean squared error of the calibration model and p the 
number of independent variables (in our case only one). Outliers were 
removed based on the rule-of-thumb (Bollen and Jackman, 1990) of: 
 

𝐷! >
4
𝑛

 3.4 

3.3.4. Analysis of the multi-temporal calibration 

Difference analysis 
The overlapping pixels were used to analyse the differences between the 
bare soil spectra of the three years. Differences between the spectra were 
analysed based on two indicators (Price, 1994): (i) the root mean square 
difference (D) between two spectra (Equation 3.5); and (ii) the difference 
angle (θ) between two spectra (Equation 3.6), where θ normalises for 
differences in offset. 
 

𝐷 =
1

𝑛 − 1
𝑅!(𝜆!) − 𝑅!(𝜆!)

!
!

!!!

 3.5 

θ = cos!!
𝑅! 𝜆! ∙ 𝑅! 𝜆!!

!!!

𝑅!(𝜆!)!!
!!! ∙ 𝑅!(𝜆!)!!

!!!

 3.6 

 
where R is the reflectance value [%] at wavelength λi of the spectra of year 
x and year y, and n is the number of spectral intervals. Price (1994) 
calculates Equation 3.6 with integrals instead of summations. We 
approximate integration using summation, which is a valid approach 
when using rectangular response functions. The imaging spectroscopy 
data are processed in such a way that it supports to use summation as an 
approximation for integration.  
 
Besides this, we considered the linear correlation (Equation 3.7) of the 
spectra between the years. In case of small differences between the 
reflectance (R) of overlapping bare soil pixels (j) in multiple years, 
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correlation values are close to the one-to-one line with, trivially, an offset 
(α) of zero and a gain (β) of one. 
 
𝑅!,! = 𝛼! + 𝛽! ∙ 𝑅!,!  3.7 
 
for the year combinations ‘13’14 and ‘15’14, the first year is year y and the 
second year is year x. Based on these linear correlations also the 
coefficient of determination (R2) was calculated.  
 
Summary statistics (mean and standard deviation), the difference 
indicators and the results of the linear regression between two years were 
calculated for the data without outliers (see Section 3.4.2) and both before 
and after calibration. Since soil properties can be derived from specific 
parts of the spectrum—e.g., clay can be determined by its typical hydroxyl 
absorption feature at 2200 nm (e.g. Breunig et al., 2008; Chabrillat et al., 
2002)) and the visible part of the spectrum is closely related to the amount 
of soil organic matter in the topsoil (e.g. Bartholomeus et al., 2008))—it is 
interesting to have a closer look at the effect of the calibration on specific 
parts of the spectra. Therefore, the summary statistics were not only 
calculated for the full spectra but also separately for the visible (VIS: 450–
700 nm), the near-infrared (NIR: 700–1400 nm) and the short-wave 
infrared (SWIR: 1400–2200 nm) ranges of the spectra.  

Spatial analysis 
In order to assess the differences between the original and the calibrated 
images spatially, we calculated the symmetric mean (absolute) percentage 
error (SM(A)PE, (Flores, 1986)):  
 

𝑀𝐴𝑃𝐸 =  
𝑅!"#,! − 𝑅!"#,!!

!!!

𝑅!"#,! + 𝑅!"#,!!
!!!

 3.8a 

𝑆𝑀𝑃𝐸 =  
𝑅!"#,! − 𝑅!"#,!!

!!!

𝑅!"#,! + 𝑅!"#,!!
!!!

 3.8b 

 
where R is the reflectance [%] for the original (org) and the corrected (cor) 
value per band (i). We calculated this error both for the absolute 
differences (SMAPE) and the relative differences (SMPE), since it is 
interesting to see if the reflectance values were corrected positively 
(moving upwards) or negatively (moving downwards). The values are 
between 0 and 1 for the SMAPE, and between −1 and 1 for the SMPE, 
were 1 indicates 100% difference and 0 indicates no difference. 
Furthermore we calculated the SM(A)PE also for the VIS (450–700 nm), 
NIR (700–1400 nm) and SWIR (1400–2200 nm) ranges.  
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3.3.5. Multi-temporal compositing 

The multi-temporal composite was then created, using a maximum bare 
soil pixel approach, by overlapping the corrected images. In case of soil 
pixels present in more than one year, the image with most bare soil pixels 
had higher priority. We then calculated the mean and standard deviation 
for the whole image for all individual images (2013, 2014, and 2015) and 
for all multi-temporal composites (‘13’14, ‘14’15, ‘13’15, and ‘13’14’15).  

3.3.6. Analysis of the multi-temporal composites 

We transformed the data with a principal component analysis (PCA) 
(Hotelling, 1933; Pearson, 1901) to analyse the spatial variability of the 
images of the different years. This means that a large set of correlated 
variables can be summarised with a smaller number of representative 
variables (principal components (PCs)) that together explain most of the 
variability in the original set (James et al., 2015). This makes PCA 
especially useful when a large amount of correlated predictor variables 
(like imaging spectroscopy data) are present (Haaland and Thomas, 1988; 
McBratney et al., 2003). PCA was calculated using the R-package stats (R 
Core Team, 2015).  
Based on the first PC of the PCA for each image, we calculated variograms 
(Cressie, 1993), which indicate the correlation between distance and data 
values. The variance (γ(xi,yi)) was calculated based on Equation 3.9: 
 

𝛾 𝑥! , 𝑦! =
1
2𝑛

𝑧 𝑥! − 𝑧(𝑦!
!

!

!!!

 3.9 

 
where n is the number of pairs of sample points in the respective distance 
and angle class, z is the data value, and xI and yi are the spatial locations. 
The spatial dependency can be plotted as a variogram with γ(xi,yi) against 
yi-xi. Since we expect anisotropy, yi-xi is in this case not equal to h (a 
vector in distance and angular class yi-xi). The characteristics of the 
variogram are described as: (i) the sill, which is the variance at which there 
is no spatial dependence between the data (or random field); (ii) the 
range, which is the distance at which there is no spatial dependence 
between the data; and (iii) the nugget, which is the measurement error or 
micro-scale variation of the data (value of γ(xi,yi) at yi-xi= 0).  
In order to explore the small-scale dependency we calculated, based on 
the first PC of the singular images (2013, 2014, and 2015), variograms for 
three agricultural fields that were present in all three years. Large-scale 
spatial dependency was explored by calculating variograms for the first PC 
of the singular images (2013, 2014, and 2015) and of the multi-temporal 
composites (‘13’14, ‘13’15, ‘14’15, and ‘13’14’15). Since it was 
computationally not possible to calculate the variograms based on all bare 
soil pixels present in the singular and multi-temporal images we 
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calculated the variograms based on a subset. The subset contained every 
30th bare soil pixel of the original image. In the results, we have split this 
up in two sections, one for small-scale spatial dependency and one for 
large-scale spatial dependency (Section 3.4.5). 
All variograms were calculated for both 45° (north-east) and 315° (north-
west) directions (width of the angle classes is 45°), following the 
orientation of the study area (north-west oriented). We used hypothetical 
variograms (Ettema and Wardle, 2002) to describe the spatial patterns we 
observed from the variograms based on the PCA images. Variograms 
were calculated using the R-package gstat (Pebesma, 2004, 1998). 

3.3.7. Case study 

Soil samples (89 samples) were collected in 2014 (16 samples) and 2015 
(73 samples) within two days from the overflight. Mixed samples of the 
topsoil (upper 5 cm) and the upper topsoil (upper 1 cm) were collected on 
the diagonal of a 2 × 2 m2 plot. Soil moisture was measured for the topsoil 
and the upper topsoil by weighing the sample directly in the field and after 
drying the sample at 45 °C for 24 hours. After drying, the topsoil samples 
were grounded and sieved to 2 mm for laboratory analysis. The data were 
analysed in an external laboratory for soil organic matter, sand, silt and 
clay percentages. 
In order to test the performance of the multi-temporal composite for 
digital soil mapping purposes we predicted one soil property (sand) based 
on partial least squares regression (PLSR). The concept of PLSR (Thomas 
and Haaland, 1990; Wold, 1966) is the same as PCA, however the linear 
combinations of the predictors are used to predict specific response 
variable(s) (McBratney et al., 2003).  
For each single image (2013, 2014, and 2015) and all multi-temporal 
composites (‘13’14, ‘14’15, ‘13’15, and ‘13’14’15) a prediction model was 
created based on the interception of soil sample and bare soil spectral 
information. Bootstrapped (250 repetitions) cross-validation of the 
predicted R2 was used to select the number of PCs with the best validation 
results. This number of PCs was then used to predict the soil property for 
the full bare soil area. Predictions above 100% or below 0% were 
considered as outliers and excluded from further analysis. 
In order to compare the different results, we selected the overlapping bare 
soil pixels in all three images (ca. 20,561 pixels) and statistically analysed 
these pixels.  

3.4. Results and discussion  

3.4.1. Selecting bare soil area 

Selecting the bare soil pixels for each image resulted in 536,213 bare soil 
pixels (214.5 ha) in 2013; 814,240 bare soil pixels (324.7 ha) in 2014; and 
634,013 bare soil pixels (253.6 ha) in 2015. From all bare soil pixels, 63,066 
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pixels (25.2 ha) were overlapping for 2013 and 2014 and 178,075 pixels 
(71.2 ha) for 2014 and 2015 (Table 3.2). 
 
The image of 2013 has the smallest amount of bare soil pixels. This image 
was taken in autumn and the precipitation and temperature data (Figure 
3.2) show no extreme weather conditions. However, as we can see in Table 
3.1 maize and cereals are harvested and fields are prepared to seed winter 
crops in this period. The exact timing is, however, depending on the 
weather conditions. Probably many agricultural fields were not harvested 
yet (e.g., maize because of wet soil conditions), or crop residues after 
harvesting were covering the fields. The difference between the amount of 
bare soil in 2014 and 2015 is striking, since both images were taken in 
April. If we consider the precipitation and temperature data for both years 
(Figure 3.2), we can see that 2015 was colder and wetter (by temperatures 
above 0 °C). This most probably resulted in late planting of crops and 
consequently late ploughing and tilling of the soils in 2015. The amount of 
overlapping bare soil pixels is clearly related to the timing of the flight. 
Both 2014 and 2015 images were taken in April, which results in most 
overlapping bare soils. 
 
Table 3.2. Total number of bare soil pixels and the amount of overlapping 
pixels for the years 2013, 2014, and 2015. 

Year No. Pixels No. Overlapping 

Pixels 

2013 536,2131 (1.4%2|2.9%3) 
63,0661 

2014 814,2401 (2.1%2|4.4%3) 

178,0751 

2015 634,0131 (1.6%2|3.4%3) 
1 The area in m2 can be calculated by multiplying the number of pixels with the 
area of 4 m2 per pixel (2× 2 m). 2 Percentages show the coverage of the total 
study area (39,564,161 pixels) by bare soil. 3 Percentages show the coverage of 
the total agricultural area (18,647,218 pixels) by bare soil. The agricultural area 
was calculated based on the agricultural field block map (Bundesamt für 
Landwirtschaft, 2014). 
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Figure 3.2. Precipitation [l·m−2] and temperature data [°C] in the 28 days before the flight dates (3 
September 2013, 11 April 2014 and 10 April 2015).  

 
Figure 3.3 shows the results for the focus area of the bare soil selection for 
each year. Visually comparing the RGB image with the bare soil selection 
suggests that the bare soil pixels are correctly selected. However, there are 
several apparent bare soil pixels not selected, these are mixed pixels 
covered with young active vegetation after sowing or with residual 
vegetation after harvest. Figure 3.1 shows the distribution of the bare soil 
pixels over the full study area, the colours show in which year(s) the 
considering bare soil pixel was present. For all years, we see that the bare 
soil area decreases in south-east direction and towards the north-east and 
south-west. These areas are less suitable for agricultural purposes and are 
mainly covered with (permanent) grasslands or forest. 
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Figure 3.3. (a.–c.) RGB-image of the focus area of the spectroscopy data for all flight dates (3 
September 2013, 11 April 2014 and 10 April 2015); and (d.–f.) the corresponding selected bare soils 
for all three years.  

3.4.2. Multi-temporal calibration 

Figure 3.4 shows the results of the calibration for the mean reflectance 
values for all three years. Before calibration (Figure 3.4a) the spectra 
clearly reflects the differences in meteorological conditions and land 
management practices. Both an increase in soil moisture or an increase in 
soil surface roughness will result in a general decrease of reflectance 
(Levitt et al., 1990; Piekarczyk et al., 2016). The spectra of 2013 have on 
average the highest reflectance, followed by respectively 2014 and 2015. 
The calibration (Figure 3.4b) has resulted in bringing the spectra closer 
together, where 2014 was considered the reference data. In the next 
section (Section 3.4.3), we will analyse the differences between the three 
years and the results of the multi-temporal calibration in more detail.  
 
In the per-band calibration models, we identified between 2,955 and 3,947 
outliers for the year combination ‘13’14 (average 5.4% of the total 
overlapping bare soil pixels). For the year combination ‘15’14 we 
identified between 8272 and 9461 outliers (5.0%). Each spectrum 
containing one or more outliers was removed. This resulted in a 
remaining of 54,981 spectra for ‘13’14 (87.2% of the total overlapping bare 
soil pixels) and in a remaining of 154,270 spectra for 15’14 (86.6% of the 
total overlapping bare soil pixels). 
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a. b. 

Figure 3.4. Mean reflectance values for all three years (2013, 2014, and 2015): a. before; and b. after 
calibration.  

3.4.3. Analysis of the multi-temporal calibration 

Difference analysis 
Table 3.3 shows the mean and standard deviation of the differences in 
reflectance values before the calibration. The summary statistics are based 
on the differences of the overlapping bare soil pixels between the 
calibration year and the reference year for the full spectra, and for the VIS, 
NIR and SWIR ranges.  
 

Table 3.3. Difference [%] in mean reflectance before calibration. 
Year n1 All2 VIS3 NIR4 SWIR5 

‘13’14 54,981 2.57 ± 3.42 1.32 ± 1.94 3.64 ± 3.14 3.09 ± 4.31 

‘15’14 154,270 −2.23 ± 3.77 −1.34 ± 1.95 −2.48 ± 4.27 −2.97 ± 4.56 
1 number of observations; 2 All: full spectrum (450-2200 nm); 3 VIS: visible range spectrum 
(450-700 nm); 4 NIR: near-infrared range spectrum (700-1400 nm); 5 SWIR: shortwave-
infrared range spectrum (1400-2200 nm). 

 
Differences are positive between 2013 and 2014 and negative between 
2015 and 2014, which can be explained by the season and the 
meteorological conditions before the flight (Figure 3.2). The effect of soil 
moisture on reflectance spectra has—according to Levitt et al. (1990)—
two main effects: (i) a general decrease of reflectance, where the relative 
decrease is nearly equal in all non-water-absorbing bands; and (ii) a much 
greater decrease in water-absorbing bands. This means that reflectance 
values increase with decreasing soil moisture. The autumn image of 2013 
was taken under drier conditions than the spring images of 2014 and 
2015. The year 2015, on the other hand, was wetter than 2014 (Figure 3.2). 
Differences between 2013 and 2014 are slightly bigger than between 2015 
and 2014, this is confirmed by the absolute (Table 3.3) and relative 
differences (Appendix A1, Table A1.1). This corresponds with the season 
the images were taken (2013 in autumn and 2014 and 2015 in spring).  
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The variation of the differences for the three ranges of the spectra show 
small difference values for the VIS compared to the NIR and SWIR (Table 
3.3). However, looking at the relative difference values (Table 3A.1), the 
variation is small across all wavelength ranges (maximum 3.2% for 2013 
and 2014 and maximum 1.0% for 2014 and 2015). Since we masked out 
the major water-absorbing bands (~1400 nm and ~1900 nm), we indeed 
anticipated small variation in the differences for the ranges of the 
reflectance spectra (Levitt et al., 1990).  
 
Table 3.4. Difference indicators and linear correlation results before calibration.  

Year n1 D [%]2 θ [%]3 R2 [-]4 Offset [%]4 Gain [-]4 

‘13’14 54,981 0.33 ± 0.17 0.05 ± 0.03 0.97 ± 0.03 −0.29 ± 2.25 1.13 ± 0.16 

‘15’14 154,270 0.34 ± 0.18 0.05 ± 0.03 0.98 ± 0.04 0.07 ± 2.01 0.92 ± 0.17 
1 number of observations; 2 D: root mean square difference; 3 θ: difference angle; 4 based on the linear 
correlation between the spectra 
 
The difference indicators between the overlapping bare soil areas (Table 
3.4) are similar for both the ‘13’14 and the 15’14 calibration (D of 0.33 ± 
0.17 and 0.34 ± 0.18 respectively; and angle difference of 0.05 ± 0.03 and 
0.05 ± 0.03 respectively). The linear regressions (x = 2014, y = 2013 or 
2015) show strong R2 of 0.97 ± 0.03 and 0.98 ± 0.04, respectively. The 
offset and gain values show that the point cloud of ‘13’14 lies above the 
one-to-one-line and for ‘15’14 the point cloud lies below the one-to-one-
line, this follows the meteorological differences as described before. 
Furthermore, also these values show that ‘15’14 are closer together than 
‘13’14.  
 
Table 3.5. Difference [%] in mean reflectance after calibration.  

Year n1 All2 VIS3 NIR4 SWIR5 

‘13’14 54,981 0.02 ± 3.04 0.02 ± 1.81 0.07 ± 2.95 -0.03 ± 3.98 

‘15’14 154,270 −0.04 ± 3.34 −0.01 ± 1.77 −0.02 ± 3.72 −0.09 ± 4.19 
1 number of observations; 2 All: full spectrum (450-2200 nm); 3 VIS: visible range spectrum 
(450-700 nm); 4 NIR: near-infrared range spectrum (700-1400 nm); 5 SWIR: shortwave-
infrared range spectrum (1400-2200 nm). 
 
Table 3.6. Difference indicators and linear correlation results after calibration. 

Year n1 D [%]2 θ [%]3 R2 [-]4 Offset [%]4 Gain [-]4 

‘13’14 54,981 0.22 ± 0.14 0.04 ± 0.02 0.98 ± 0.03 0.07 ± 2.06 1.01 ± 0.15 

‘15’14 154,270 0.25 ± 0.15 0.04 ± 0.03 0.98 ± 0.03 0.19 ± 2.00 1.01 ± 0.17 
1 number of observations; 2 D: root mean square difference; 3 θ: difference angle; 4 based on the linear 
correlation between the spectra 
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Tables 3.5 and 3.6 show the mean and standard deviation, the difference 
indicators and the results of the linear regression after calibration of the 
reflectance values. Mean values for the differences became all close to zero 
and also the standard deviation reduced. The difference indicators for the 
calibration of the reflectance of 2013 (towards 2014) resulted in a root 
mean square difference of 0.22 ± 0.14, and an angle difference of 0.04 ± 
0.02, which is an improvement of respectively 51.0% and 16.3% compared 
to the original difference indicators.  
 
The difference indicators for the calibration of 2015 (towards 2014) 
resulted in a root mean square difference of 0.25 ± 0.15, and an angle 
difference of 0.04 ± 0.03, which is an improvement of respectively 34.9% 
and 16.3% compared to the original difference indicators. The linear 
regression results in an offset much closer to zero (0.07 for ‘13’14 and 0.19 
for ‘15’14) and a gain very close to one (1.01 for both ‘13’14 and ‘15’14). 
From all these values, we can conclude that the calibrated reflectance 
values of 2013 and 2015 are closer to the reflectance values of 2014 for the 
overlapping pixels.  

Spatial analysis 
The boxplots in Figure 3.5 show the distribution of the SMPE values for 
the full spectra and for the specific ranges of the spectra. Even though the 
ranges show high variability over the specific ranges of the spectra, we can 
observe only small differences when we only consider the box. Therefore 
we will focus on the full spectra in the next sections, as the described 
results also apply for the specific ranges of the spectra. 

 
 a. b 

Figure 3.5. Distribution of the SMPE values for: a. ‘13’14; and b. ‘15’14. Distribution is given for the 
full spectra (ALL: 450–2200 nm), and for the specific ranges of the spectra (VIS: visible spectrum 
450–700 nm, NIR: near-infrared spectrum 700–1400 nm, and SWIR: short-wave infrared 1400–
2200 nm).  
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a. b. 

Figure 3.6. Spatial distribution in the focus area of the SMPE values for: a. ‘13’14; and b. ‘15’14. 
 
Figure 3.6 shows the spatial distribution of the SMPE values for the 
differences between the uncalibrated and calibrated images per pixel. 
Following the results of the previous section, the SMPE values for ‘13’14 
are mainly negative (Figure 3.6a), and for ‘15’14 the SMPE values are 
mainly positive (Figure 3.6b). 
 

 
a. b. c. 

Figure 3.7. SMPE values for: a. ‘13’14 (a); and b. ‘15’14. c. DEM (overlaid with a hillshade: 315° 
azimuth and 45° altitude) for an individual agricultural field. 
 
When we look in more detail at the spatial differences of the SMPE values, 
we can see that there is a spatial pattern of the location of the minimal and 
maximal SMPE values. Figure 3.7 shows the SMPE values of an individual 
agricultural bare field. We can observe that the maximum negative SMPE 
values for ‘13’14 (Figure 3.7a) are located on opposite positions than the 
maximum positive SMPE values of ‘15’14 (Figure 3.7b). The 
corresponding digital elevation model (DEM (Figure 3.7c)), suggests that 
this is strongly influenced by local elevation differences. In ‘13’14 the 
maximum negative SMPE values are located at the high elevated areas and 
the low areas have SMPE values close to zero, meaning that differences 
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between 2013 and 2014 were biggest for the higher areas and smallest in 
the lower areas. For ‘15’14, the maximum positive SMPE values are 
located at the low elevated areas, which means that the differences 
between 2015 and 2014 are biggest at the lower areas. The high areas have 
SMPE values close to zero and, sometimes, even negative, meaning that 
some higher areas in 2014 were even slightly wetter than in 2015. 
 
This spatial pattern can be explained by soil moisture. Topsoil moisture is 
not only strongly influenced by precipitation and evapotranspiration and 
therefore also by temperature, but also by local elevation differences. The 
temperature and precipitation data 14 days before the flight for the three 
years (Figure 3.2), indicate that 2013 was very dry (total of 24.1 l m−2 over 
these 14 days) and warm (on average 16.7 °C); 2014 was dry (total of 31.2 l 
m−2 over these 14 days) but colder (on average 10.8 °C); and 2015 was very 
wet (total of 99.4 l m−2 over these 14 days) and even colder (on average 6.6 
°C). However, the precipitation data show that only three days before the 
flight of 2014 a big rain event (24 l m−2) took place, in 2015 this was 6, 8 
and 11 days before the flight (respectively 26, 23.3 and 35 l m−2) and in 
2013 this was even more than 14 days before the flight. The three days 
after the rain event of 2014 were probably not enough to dry the topsoil. 
The very wet spring of 2015 resulted in wet soils, especially in the lower 
areas; however, the topsoil had six days to dry. This resulted in large 
positive differences between ‘15’14 for the lower areas. In the higher areas, 
the six dry days of 2015 result in topsoils that are comparable or even 
drier than in 2014, meaning small or even negative SMPE values for the 
higher areas. Even though 2013 had very dry weather conditions, smaller 
rain events took place 6, 7 and 10 days before the flight. This resulted in 
moist soils for both 2013 and 2014 in the lower areas, resulting in small 
SMPE values for the lower areas. The higher elevated areas were dry for 
2013, but still wet for 2014, which results in bigger negative differences.  
 

 
 a. b. 

Figure 3.8. SMPE values for: a. ‘13’14; and b. ‘15’14 for an individual agricultural. 
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There are a few exceptions on the general trend: a good example is shown 
with the close up of an individual agricultural bare field (Figure 3.8). In 
contrast to the general negative SMPE values for ‘13’14, the agricultural 
field has positive SMPE values (Figure 3.8a). This implies that the spectra 
for this field were moved upwards instead of downwards. We concluded 
in earlier sections that the negative calibration values are linked to the 
drier circumstances in autumn 2013 compared to the circumstances in 
spring 2014. The positive values, therefore, could indicate that this specific 
agricultural field was wetter in 2013 than in 2014. This field was likely 
ploughed shortly before the flight in 2013, which results in higher topsoil 
moisture percentages, or it was irrigated for growing vegetables. Such 
local anomalies from the general trend need to be carefully considered in 
multi-temporal soil spectroscopy. 

3.4.4. Multi-temporal composite 

Combining the images of 2013, 2014 and 2015 resulted in a total of 
1,680,799 pixels (672.3 ha), which is an increase of 106.4% compared to 
the amount of bare soil pixels in 2014 (Table 3.7). 
 
Table 3.7. Total number of bare soil pixels and the corresponding increase 
compared to 2014 (814,240 pixels is equal to 100%) for the multi-temporal 
composites ‘13’14, ‘14’15, ‘13’15, and ‘13’14’15. 
Year No. pixels Increase (2014=100%) 

‘13’14 1,287,3871 (3.3%2|6.9%3) 158.1% 

‘14’15 1,270,1781 (3.2%2|6.8%3) 156.0% 

‘13’15 1,082,6391 (2.7%2|5.8%3) 132.9% 

‘13’14’15 1,680,7991 (4.2%2|9.0%3) 206.4% 
1 The area in m2 can be calculated by multiplying the number of pixels with the 
area of 4 m2 per pixel (2× 2 m). 2 Percentages show the coverage of the total study 
area (39,564,161 pixels) by bare soil. 3 Percentages show the coverage of the total 
agricultural area (18,647,218 pixels) by bare soil. The agricultural area was 
calculated based on the agricultural field block map (Bundesamt für 
Landwirtschaft, 2014). 
 
Table 3.8 shows the mean and the standard deviation of the reflectance 
values for the individual years and the combined multi-temporal image. 
Considering that the individual years were calibrated towards 2014, we 
can compare the values of the multi-temporal images with the values of 
2014. All mean spectra are very close to the original image (between 
−1.1% and 0.3%). The mean values of the multi-temporal images are 
generally slightly underestimated. For all multi-temporal images, the VIS 
range is closest to the original image of 2014, while the NIR and SWIR 
ranges show stronger deviations. This might be related to the sensitivity of 
the ranges of the spectrum to noise, which is higher in the NIR and SWIR 
than in the VIS. 
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Table 3.8. Mean and standard deviation [%] of the reflectance 
values for the individual and multi-temporal images. 
Year ALL1 VIS2 NIR3 SWIR4 

2013 26.0 ± 9.9 14.9 ± 5.3 31.0 ± 7.6 34.1 ± 6.1 

2014 24.2 ± 8.9 13.9 ± 3.7 28.4 ± 6.7 32.0 ± 6.3 

2015 21.7 ± 8.9 12.6 ± 3.7 25.4 ± 6.5 28.5 ± 5.7 

‘13’14 24.0 ± 9.6 13.8 ± 3.8 28.1 ± 6.5 31.8 ± 5.5 

‘14’15 24.1 ± 9.6 13.9 ± 3.5 28.3 ± 6.2 31.9 ± 5.5 

‘13’15 24.0 ± 9.1 14.0 ± 3.5 28.2 ± 5.5 31.7 ± 3.7 

‘13’14’15 24.0 ± 9.5 13.9 ± 3.7 28.1 ± 6.2 31.8 ± 5.1 
1 All: full spectrum (450-2200 nm); 2 VIS: visible range spectrum 
(450-700 nm); 3 NIR: near-infrared range spectrum (700-1400 
nm); 4 SWIR: shortwave-infrared range spectrum (1400-2200 
nm). 
 
Although the multi-temporal image shows very good results, few artefacts 
remain in the data. Figure 3.9 shows a close up of one agricultural field 
where the correction of the reflectance spectra of 2013 and 2015 did not 
provide perfect fitting spectra to 2014. The boundaries of the bare soils 
present in different years are clearly visible (Figure 3.9b). Nevertheless, the 
general pattern of the agricultural field is preserved (e.g., the darker spot 
in the middle of the field (i); and the lighter stripe (ii)), which is important 
for mapping spatial patterns of soil properties.  
 

 
a. b. 

Figure 3.9. Close-up of an individual agricultural field showing a. the year(s) each bare soil pixel 
was present; and b. the first PC of the multi-temporal composite. 

3.4.5. Analysis of the multi-temporal composite 

Figures 3.10 and 3.11 show the first PC of the PCA. The variance 
explained by the first PC is ranging between 84.1% and 89.2% for all 
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images. For all images four PCs are needed in order to explain at least 99% 
of the variance. Since the total variance changes for each image because of 
the changes in total bare soil area (Tables 3.1 and 3.6), it is hard to 
interpret these numbers. However, it gives a clear indication that the first 
PC is comparable for each image. 

Small-scale spatial variability 
Figure 3.10 shows the first PC of the PCA and its corresponding 
variograms for two agricultural fields present as bare field in all three 
years and Table 3.9 shows the sill and range values of the variograms.  
 
Table 3.9. Sill and range values for the small-scale variograms for 
the agricultural fields I and II (Figure 3.1).  

Year Field I Field II 

Sill Range Sill Range 

2013 8.3 69.5 31.3 685.6 

2014 11.7 63.8 8.2 49.3 

2015 2.8 54.9 13.6 128.9 

 
For both fields we can find the same general pattern more or less obvious 
in all three years. For 2013 and 2014, the patterns and values in all three 
fields are very similar (Figure 3.10d,k,e,l), 2015, however, is very different 
from the other years (Figure 3.10f,e,m). This is emphasised when we look 
at the variograms. For Field I the spatial dependency for the 45° direction 
shows a peak for 2013 and 2014 (Figure 3.10a,b), which has to do with the 
low values in the middle of the field. For 2015 there is almost no spatial 
dependency for both directions (Figure 3.10c). According to Ettema and 
Wardle (2002) a field is more patchy when the range is shorter and the 
semi-variance increases steeper. Following this, Field I is patchier in 2014, 
with a short range and a high sill. Field II shows almost no spatial 
dependency in 2013 and 2014 (Figure 3.10h,i); in 2015 the field has large-
scale heterogeneity in the 45° direction (Figure 3.10j). It is striking that 
even though the images of 2013 and 2014 were taken in different seasons 
(autumn and spring) the general spatial patterns are very similar (Figure 
3.10k,l), while the spring image of 2015 (Figure 3.10m) is very different 
from the spring image of 2014. This is probably related to the wet weather 
conditions, which have resulted in a decrease of local differences, while in 
2013 and 2014 the effect of recent rain events have caused larger 
differences at local scales.  
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Figure 3.10. The first PC values (d.–f. and k.–m.); the corresponding 45° and 315° variograms (a.–c. 
and h.–j.); and the DEM (overlaid with a hillshade: 315° azimuth and 45° altitude) of two individual 
agricultural fields (field I and field II, Figure 3.1) for all three years (2013, 2014, and 2015) (g. and n.). 
The axes of the variograms have the distance [m] on the x-axis and the semi-variance on the y-axis.  

 
Apart from the clear general spatial pattern that can be explained with the 
variograms, Figure 3.11 shows that there is also a lot of in-field variation 
that is not related to this general spatial pattern. The field in 2015 (Figure 
3.11c) contains stripes orientating from south-west to north-east (i). 
These seem to be the result of ploughing. The field in 2013 (Figure 3.11a) 
has a clear boundary approximately in the middle (ii), most likely the 
result of two different land usages of the field over summer. Apart from 
the in-field variation and the general pattern for each year, there is also a 
general spatial pattern visible which is present in all three years: e.g., the 
darker green colour in the north-west of the field (iii); the lighter colours 
in the north-east (iv); and the very striking light sweep in the south-east of 
the field (v). Especially, this general information, showing the long-term 
spatial characteristics, is interesting in order to predict soil properties. 
Short-term characteristics, like soil moisture, differences in soil surface 
roughness and mixed pixels as a result of partly coverage disturb the 
signal for the prediction of long-term soil characteristics.  
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a. b. c. d. 

Figure 3.11. In-field variability shown by the first PC values: (a.–c.) for an individual agricultural 
field for all three years (2013, 2014, and 2015). d. The corresponding DEM (overlaid with a hillshade: 
315° azimuth and 45° altitude).  

Large-scale spatial variability 
We calculated the first PC of the PCA for the years 2013, 2014, and 2015, 
and for the multi-temporal composites (‘13’14, ‘14’15, ‘13’15 and 
‘13’14’15). The spatial patterns are similar for both the individual years 
and the multi-temporal composites. However, the scattered distribution 
of the bare soils makes it hard to interpret the differences between the 
images. Therefore, we only show the variograms, since these give a more 
detailed insight in the differences of these spatial patterns (Figures 3.12 
and 3.13). Table 3.10 shows the sill and the range of the variograms of 
Figures 2.12 and 2.13. 
 
Table 3.10. Sill and range values for the large-scale variograms at 
short (750 m) and long (5000 m) distance (Figures 12 and 13). 
Year Long distance Short distance 

Sill Range Sill Range 

2013 87.5 312.9 64.2 95.1 

2014 108.5 317.8 100.7 222.5 

2015 113.2 358.1 95.2 194.4 

‘13’14 100.6 266.5 98.0 195.6 

‘14’15 112.5 275.3 106.6 189.4 

‘13’15 86.9 291.9 72.7 134.0 

‘13’14’15 101.6 234.5 99.2 170.2 

 
Figure 3.12 shows the spatial dependency at the long distances. The 
variograms of the singular images (Figure 3.12a–c) are for all years rather 
instable at short distances and become more stable over longer distances. 
The variogram of 2013 (Figure 3.12a) shows a very instable pattern 
compared to the other variograms. This could be related to the more 
scattered and limited amount of bare soil pixels for 2013. The variograms 
of the multi-temporal composites show a more stable pattern, with small-
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scale heterogeneity up to ca. 1000 m. The multi-temporal composites 
‘13’14 and ‘13’14’15 (Figure 3.12d,g) show, besides small-scale 
heterogeneity, also large-scale heterogeneity in the 45° direction (moving 
upwards from 3500 m). This is corresponding to the orientation of the 
elevation, where the area goes up in north-east and south-west direction 
The variograms of ‘13’15 (Figure 3.12f) are showing spatial dependency 
up to 5000 m in 45° direction and shows large-scale dependency for the 
315° direction, both are unexpected and the multi-temporal composite 
‘13’15 seems to be not representative for the area. 
 
When we zoom in to the spatial dependency at short distances (Figure 
3.13, maximum 750 m), we can see that all of the variograms show a steep 
increase of semi-variance on short distances. This implies small-scale 
heterogeneity, which probably includes both the in-field variability and 
inter-field variability of neighbouring fields. The small-scale dependency 
for the single images is largest for 2014 and 2015 (a range of respectively 
222.5 and 194.4 m), most pronounced in 45° direction (Figure 3.13b and 
c), and smallest for 2013 (a range of 95.1 m) (Figure 3.13a). The spatial 
dependency at short distances for the multi-temporal composites is 
similar to 2014 and 2015 (the range ranges from 170.2–195.6 m), except 
for ‘13’15 (Figure 3.13f), which has a smaller range (134.0 m). Variance is 
for all images similar (sill is ranging between 95.2 and 106.6), exceptions 
are lower sill values for 2013 and ‘13’15. 

 
Figure 3.12. The 45° and 315° variograms at long distances for the first PC values (a.–g.) for all single 
(2013, 2014, and 2015) and multi-temporal composites (‘13’14, ‘14’15, ‘13’15, and ‘13’14’15). On the x-
axis the distance [m] and on the y-axis the semi-variance 
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Figure 3.13. The 45° and 315° variograms at short distances for the first PC values (a.–g.) for all single 
(2013, 2014, and 2015) and multi-temporal composites (‘13’14, ‘14’15, ‘13’15, and ‘13’14’15). On the x-
axis the distance [m] and on the y-axis the semi-variance. 
 
We also did the PCA for the calibrated images of 2013 and 2015. The 
results show very similar results to the PCA of the uncalibrated images of 
2013 and 2015. This shows that the calibration method cannot account for 
the non-linear differences as a result of short-term changes in soil 
management and meteorological conditions. The per band calibration 
accounts for global offsets in soil moisture caused by meteorological 
conditions prior to the observation days, which brings the mean of the 
calibrated images close to the reference image. However, local non-linear 
variations in soil moisture and soil surface roughness remain. As a 
consequence, imaging spectroscopy data processed with this calibration 
methodology cannot be used to derive short-term soil properties. 

3.4.6. Case study 

Table 3.11. Summary statistics (mean and standard deviation) for the measured soil proper-
ties. 

Sand [%] Silt [%] Clay [%] SOM [%]1 SM [%] SMupper
 [%]2 

32.3 ± 10.0 38.2 ± 7.7 29.5 ± 11.4 10.3 ± 4.5 24.3 ± 7.6 2.6 ± 2.4 
1 SOM: Soil organic matter content; 2 upper topsoil (upper 1 cm) 
 
Table 3.11 shows the summary statistics (mean and standard deviation) of 
the measured soil properties. SOM values are high as a result of the 
former (now drained) peat soils, caused by the impermeable layers formed 
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by glaciers during the ice ages in the Quaternary. Soil moisture is 
relatively low in the area, especially the soil moisture of the upper topsoil. 
Since the spectroscopy data can only be collected under clear atmospheric 
conditions, the overflights are most of the time in periods with dry 
weather and sunny conditions. As a result, the soil has been drying up for 
several days. 
The intersection of the field samples with the spectral data resulted in 12 
samples for 2013, 41 for 2014, 73 for 2015, 51 for ‘13’14, 80 for ‘14’15, 75 
for ‘13’15, and 81 for ‘13’14’15 (Table 3.12). 
Table 3.12 shows the number of PCs used for the soil property prediction 
and the corresponding prediction R2. The optimal number of PCs was 
between 6 and 7 for all predictions. The prediction R2 ranged between 
0.55 ± 0.16 for ’13 and 0.63 ± 0.02 for ’15. This was anticipated because 
most field samples were taken in 2015, and, in 2013, the number of 
intersecting samples is very low. For ‘13’14’15 the predicted R2 was 0.58 ± 
0.02.  
 
Table 3.12. Partial least squares regression models and their performance 

Year No. of Samples No. of PCs1 R2 ± sd2 

‘13 12 6 0.55 ± 0.16 

‘14 41 6 0.63 ± 0.03 

‘15 73 6 0.63 ± 0.02 

‘13’14 51 7 0.61 ± 0.03 

‘14’15 80 7 0.57 ± 0.02 

‘13’15 75 6 0.63 ± 0.02 

‘13’14’15 81 7 0.58 ± 0.02 
1 PC: Principal components; 2 sd: standard deviation 
 
Table 3.13 shows the summary statistics for the predicted sand 
percentages and for the sampled sand percentages in the field. This is also 
visualised with boxplots in Figure A2.1 in Appendix A2. Table 3.13a 
shows that the differences between the predicted sand percentages of the 
overlapping bare soil pixels is very small. Mean and standard deviation, 
median and interquartile ranges all lay close together. Biggest differences 
can be found in the range of the sand percentages, but we can question 
how much we can trust the values outside of the range of the field samples 
(17.8%–64.9%). If we compare the other statistics to the statistics of the 
sampled sand percentages, we can see that the mean and standard 
deviation and the median are slightly lower. The interquartile range is 
narrower and the upper and lower values are smaller. Nevertheless we can 
conclude that we can predict the sand percentages for the multi-temporal 
composites according to a similar accuracy as for a single image. The big 
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advantage of the multi-temporal composite is that the area for which we 
can predict soil properties is substantially larger. 
 
 Table 3.13. Summary statistics of the results of predicted sand percentages of the overlapping bare 
soil pixels in all three years and of the sand percentages of the field samples (last row). 

Year n1 NAs2 Mean ± sd [%]3 Median [%] IQR [%]4 Min-Max [%]5 

‘13 25061 62 35.7 ± 11.6 36.6 28.5–44.0 0.4–99.5 

‘14 25061 101 35.7 ± 11.5 36.4 29.1–43.9 0.0–93.7 

‘15 25061 109 35.0 ± 11.9 34.0 26.2–44.4 0.0–83.7 

‘13’14 25061 352 39.3 ± 12.7 37.7 31.5–44.6 0.0–100.0 

‘14’15 25061 59 35.7 ± 11.6 36.6 28.6–44.0 0.1–90.0 

‘13’15 25061 7 36.3 ± 11.5 36.4 29.6–43.8 0.4–98.3 

‘13’14’15 25061 152 34.6 ± 12.4 34.2 25.9–43.3 0.0–82.3 

FW’14’15 89 0 32.3 ± 10.0 29.1 25.4–36.9 17.8–64.9 
1 number of observations; 2 number of excluded no data values; 3 sd: standard deviation, 4 
interquartile range; 5 minimum-maximum range. 
 
Predictions for other soil properties (silt, clay and soil organic matter 
percentages) can be predicted for the multi-temporal composite 
(‘13’14’15) with an R2 of 0.40 ± 0.04, 0.41 ± 0.04 and 0.39 ± 0.04 
respectively. Soriano-Disla et al. (2014) give an overview of the accuracies 
of the several predicted soil properties with spectroscopy data. The 
median of the R2 is 0.78, 0.78, 0.67 and 0.86 for, respectively, clay, sand, 
silt and soil organic matter percentages. Most of these studies make use of 
soil samples analysed spectrally in the laboratory, therefore the accuracy 
values are higher than the accuracy we reach. Nevertheless, it gives a good 
indication of how well spectroscopy data can predict certain soil 
properties. 
Following the above-mentioned results, we expect that the prediction of 
soil organic matter performs best, followed by the predictions of sand and 
clay. However, best results are shown for the prediction of sand, followed 
by the predictions of silt, clay and then soil organic matter, even though 
sand has no spectral absorptions in the VNIR–SWIR, but only around 
8300 nm (e.g. Breunig et al., 2008)). In contrast clay has spectral 
absorptions around 2200 nm (e.g. Breunig et al., 2008; Chabrillat et al., 
2002)) and the visible part of the spectrum is closely related to the amount 
of soil organic matter in the topsoil (e.g. Bartholomeus et al., 2008)). The 
soil organic matter prediction is most influenced by the presence of soil 
moisture, since both influence soil colour. The local, non-linear 
differences in soil moisture are disturbing the signal in a similar way as 
differences in soil organic matter percentage and therefore will influence 
the results of the PLSR. For clay the most likely explanation is that we 
have removed all bands above 2200 nm because of low SNR. Since most 
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absorption features of clay are located there, this will influence the PLSR 
results. 
Performances of the PLSR results can probably even improve when pre-
processing transformation would be applied to the spectral data (Paz-
Kagan et al., 2014), such as Savitzky–Golay smoothing (Savitzky and 
Golay, 1964) and/or generalised least squares weighting (GLSW) 
transformation (Fystro, 2002). Additionally, taking the average spectrum 
based on the 3 × 3 window surrounding the sample location instead of 
using a single spectrum located at the sample location might also increase 
the accuracy of the soil property predictions. Furthermore, the decision to 
calibrate towards the year with most bare soil pixels (2014) and not to the 
year with most field samples (2015) influences the accuracy of the soil 
property prediction. However, we consider the calibration as a data 
processing step independent of field data and prefer therefore to calibrate 
towards the year with most bare soil pixels.  

3.5. Conclusions and outlook 
With this study, we have focused on one of the challenges of in-field soil 
spectroscopy in a temperate climate: soil surface coverage. The presence 
of crop rotation made it possible to select various bare soils in three 
subsequent years and has shown to be useful to increase observable bare 
soil area. Unlike previous studies using crop rotation to increase the bare 
soil area based on soil property derivations, we show that using the 
original spectroscopy data of multiple years, as opposed to compositing 
derived soil products, is successful. However, calibration is necessary to 
correct for differences in soil moisture and soil surface roughness as a 
result of changing weather and land management conditions. The 
difference indicators show that the calibration was successful (decrease in 
root mean square difference and angle difference, increase in R2 and gain 
and offset close to one and zero). Creating a multi-temporal composite of 
the calibrated imaging spectroscopy data has resulted in more than double 
the area (106.4%) of bare soils available in a single image. This composite 
image did not only show similar summary statistics compared to the 
reference image (mean and standard deviation of 2014: 24.2 ± 8.9 vs. 24.0 
± 9.5 for the multi-temporal composite ‘13’14’15), but also revealed the 
general long-term spatial pattern that is necessary for deriving soil 
properties at larger scales. Although global linear variability in short-term 
processes, such as variation in soil moisture and soil surface roughness, 
was accounted for, local non-linear variability in short-term processes 
could not be accounted for.  
Naturally, this also means that there are still challenges to solve for in-field 
soil spectroscopy in temperate climates. Firstly, it is necessary to correct 
for the local non-linear short-term processes, which are causing variation 
in soil moisture and soil surface roughness. Unfortunately, only few 
studies focus on in-field measurements (e.g. Denis et al., 2014)), and to 
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our knowledge no study combines both the effect of soil moisture and soil 
surface roughness. Therefore, more research is necessary to remove both 
the effect of soil moisture and the effect of soil surface roughness on 
spectroscopy data. Secondly, in order to make remote sensing—and 
spectroscopy in particular—widely applicable and accepted within the soil 
science, it is necessary to further extent sparse bare soil observations to 
full-coverage maps (Mulder et al., 2011). This calls for sophisticated 
interpolation and even extrapolation methods that use all available a-
priori information for a best prediction of soil parameters in covered areas 
(Mulder et al., 2011). Although some research has been done on this 
subject (Lagacherie et al., 2012), the challenge remains to retain as much 
of the small scale variability that is offered by the spectroscopy data as 
possible. Increasing the bare soil area is possible by creating a multi-
temporal composite, however, the question of how (spectral) information 
can be used to provide detailed information on soil properties in 
permanently covered areas remains. We are planning to make these 
challenges the focus of our follow-up papers.  
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Abstract  
Bare soil surfaces vary spatially and temporally as a result of – among 
other - meteorological conditions and land management practices. 
Literature shows that most of the existing soil surface corrections are 
dependent on laboratory measurements. These measurements are time 
consuming and therefore unsuitable for large amounts of airborne or 
satellite spectroscopy data. Soil moisture and soil surface roughness 
present main challenges for in-field and remote sensing application of soil 
spectroscopy and soil moisture has substantial influence on surface 
reflectance. Here, we present a straightforward method for soil moisture 
reduction applicable to large amounts of airborne or satellite spectroscopy 
data. 
Multi-temporal airborne imaging spectrometer data was collected with 
the Airborne Prism EXperiment (APEX) in September 2013, May 2014 
and May 2015 on the same pilot site. A new soil moisture index was 
developed to quantify the soil moisture of the airborne imaging 
spectroscopy data (R2 of 0.59). The index appeared to be closely related to 
the existing NINSOL index. A, laboratory based, independent soil 
moisture spectral dataset was used to quantify the correction factor per 
wavelength based on the wavelength dependent relative differences. 
After minimizing the effect of soil moisture variability, the airborne 
spectrometer data better approximate the reference dry-soil spectra (up to 
21.3%). Then, the corrected data were tested for soil properties prediction 
(soil organic matter (SOM), sand silt and clay). The soil moisture 
corrected spectra performed marginally better for SOM (RMSE from 3.13 
to 3.10) and silt (RMSE from 5.74 to 5.72), although not for clay (RMSE 
from 9.14 to 9.33) and sand (RMSE from 5.98 to 6.31). The methodology 
shows that field spectra can be corrected to better match laboratory 
conditions, focusing on soil moisture as main varying factor. Next step 
should include the various types of soil surface variation and their 
interactions. A better understanding of these interactions is needed and 
can be achieved by field-scale experiments and by modelling the different 
processes. 
 
Keywords 
Soil spectroscopy, soil moisture, soil surface variation, digital soil 
mapping, airborne spectroscopy 
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4.1. Introduction 
Understanding the soil as a complete system, including its mechanisms 
and processes, is important for policy-making, land resource management 
and monitoring the environmental impact of spatial developments. This 
has resulted in a growing need for low-cost, standardised, large-scale, full 
coverage soil information (Mulder et al., 2011). Variations in soil 
moisture (SM) and soil surface roughness are considered as the main 
challenges for in-field application of soil spectroscopy (Denis et al., 2014; 
Wu et al., 2009), of which the effect of SM is the most pronounced 
(Section 1.5.2).  
Dealing with these soil surface variations will become even more pressing 
with the upcoming multispectral and imaging spectroscopy satellite 
missions. These missions will provide freely available imaging 
spectroscopy data with a short return period and ask for automated 
correction methodologies to correct for disturbing influences. These 
methods exist for atmospheric, radiometric and geometric influences, 
however, barely exist for surface variation influences, which highly affect 
the usage of satellite spectroscopy for soil purposes. The use of multi-
temporal composites to deal with vegetation cover and increase the 
available bare soil area (Diek et al., 2017; Rogge et al., 2017), emphasise 
the need for these automated corrections. These composites are created 
based on available bare soil pixels from images at different moments in 
time. The pixels in the resulting composite are thus collected under 
different conditions, resulting in variations in soil surface conditions.  
In this paper we aimed to develop and test a simple method to correct for 
the effects of one of the main soil surface variations, i.e. soil moisture on 
soil reflectance spectra, which could be automatically applied to a large 
amount of imaging spectroscopy data. We discuss the advantages and 
disadvantages of such a methodology and give an outlook of possible 
future directions in this field. 

4.2. Soil moisture correction methods  
Many studies used the effects of SM on the surface reflectance successfully 
to quantify SM from surface reflectance (e.g. Bryant et al., 2003; Fabre et 
al., 2015; Haubrock et al., 2008a, 2008b; Liu et al., 2015; Whiting et al., 
2004). Methods are mainly based on specific band combinations (indices), 
characteristics of the water absorption features or the Gaussian 
characteristics of the SWIR region. Fewer studies focus on the reduction 
of the effect of SM on reflectance data (e.g. Bogrekci and Lee, 2006; 
Castaldi et al., 2015; Ge et al., 2014; Liu et al., 2015; Minasny et al., 2011; 
Wijewardane et al., 2016) and, as far as we know, even fewer of these 
studies focused on the applicability outside of the laboratory (e.g. Castaldi 
et al. (2015); Whiting et al. (2005)).  
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Castaldi et al. (2015) accounted for SM on the prediction of clay content 
in three different ways: (i) predicting clay content for four separate SM 
classes; (ii) calculating synthetic dry reflectance spectra, based on adding 
average band depth differences for three SM classes; and (iii) calculating 
synthetic dry reflectance spectra, based on adding average band depth 
differences for three SM classes based on the external dataset. The SM 
classes are dry, little wet, wet and very wet and are classified based on the 
gravimetric SM content. The first method was most successful (RMSE of 
5.0% on average), however the disadvantage of this method is that 
sufficient samples in each SM class are needed to make accurate clay 
predictions. Using the synthetic dry reflectance spectra for clay prediction 
was slightly less successful (RMSE of 6.4% on average and of 6.8% on 
average based on the external dataset). For higher SM classes the 
methodology became less accurate. The first two methods are applicable 
to airborne spectroscopy data and were even already applied on simulated 
PRISMA data. As expected the accuracy decreases was clearly affected by 
the atmospheric conditions of the season. Results were better for summer 
conditions and worst for winter conditions.  
 
All other studies reduce the effect of SM on soil reflectance based on 
laboratory experiments. Bogrekci and Lee (2006) reconstructed dry 
spectra based on the moisture determination ratio (MDR) and the SM 
unit (1%) spectrum to improve the prediction of phosphorus. The MDR is 
based on the absorbance at 1450, 1940 and 340 nm. The SM unit (1%) 
spectrum is based on an average of the calibration dataset. Minasny et al. 
(2011), Ge et al. (2014), Liu et al. (2015) and Wijewardane et al. (2016) 
applied an algorithm named external parameter orthogonalisation (EPO) 
to reduce the effect of SM. An important element in the EPO process is to 
select the number of EPO components. For all studies cross validation was 
used to do this, only Wijewardane et al. (2016) used additional methods to 
do this. Minasny et al. (2011) show the results of the reduction of SM on 
SOC content; Liu et al. (2015) on soil salinity; Wijewardane et al. (2016) 
on organic carbon (OC), inorganic matter (IC), total carbon (TC), sand, 
clay, pH, phosphorus (P) and cation exchange capacity (CEC); and Ge et 
al. (2014) on clay and organic carbon. Interesting in their analysis is that 
they do not only look at the reduction of SM, but also at the reduction of 
other types of soil surface variation (intact core scans) and the 
combination of both factors. Taking into account both SM and other 
types of soil surface variation showed most improvement. 
 
The laboratory experiments show much better results than the field 
experiments. The improvements are much better than the results found 
when applied to airborne or satellite spectroscopy data. Additionally, 
results are probably more accurate when creating a model based on a 
selection of samples from within the study area, however this is not always 
possible, especially for large areas of airborne or satellite spectroscopy 
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data. Even though all these methods are theoretically applicable to 
imaging spectroscopy data, the laboratory measurements of SM are 
extremely time consuming. Correction methods not dependent on 
additional laboratory measurements are rarely available. This paper 
focuses on a methodology with no need for additional laboratory 
measurements of SM. This would offer a big advantage, as it is then widely 
applicable for large-scale soil mapping based on airborne or satellite 
spectroscopy data. 
 

 
Figure 4.1. Location of the study area within Switzerland (a.) and the study area (b.), with the bare 
fields in the multi-temporal airborne spectroscopy data (2013-2015) and location of field data. 
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4.3. Study area  
The study area (Figure 4.1) in the Canton of Zurich (Switzerland) is 
located southeast of Lake Greifensee. A detailed description of the study 
area can be found in Diek et al. (2016). The area is ca. 1500 ha in size, in 
September 2013 42.9 ha; in Mai 2014 58.9 ha and in Mai 2015 37.6 ha was 
classified as bare soil. The soils underlying the area reflect the geologic 
history (Amt für Landschaft und Natur, 1998; Fachstelle Bodenschutz, 
2012; IUSS Working Group WRB, 2007; Jäggli et al., 1998). In the valleys, 
most soils are drained and have characteristically high amounts of organic 
matter and redoximorphic features because of impermeable layers. Other 
areas are dominated by mineral soils with a clear soil formation. The area 
consists of a valley, draining into a small glacial lake (Lake Greifensee) just 
north of our study site. Land use in the valley is characterised by cropland 
and (temporary) grasslands. The higher areas are less suitable for 
agricultural purposes and are mainly covered with (permanent) grassland 
and (mixed) forest. The climate is temperate, humid and with warm 
summers.   

4.4. Data  
The location of the data used in this study is shown in Figure 4.1. We 
divided these data in spectral data (airborne, field and laboratory) and 
field data. 

4.4.1. Spectral data 

Airborne spectroscopy data 
Airborne spectroscopy data were collected with the Airborne Prism 
Experiment (APEX). Unbinned characteristics on the APEX sensor, 
operation and the pre-processing chain can be found in Hueni et al. 
(2013) and Schaepman et al. (2015).  
The best period for collecting bare soil spectra in Switzerland is early 
spring or late summer/early autumn (Diek et al., 2016), before the green 
season or after harvest. As such, spectroscopy data were acquired on 3 
September 2013, 11 April 2014 and 10 April 2015 (respectively APEX13, 
APEX14 and APEX15). Separated flightlines were atmospherically corrected 
and orthorectified (Hueni et al., 2009), and mosaicked. The surface 
reflectance (level 2) data cube has 284 bands ranging from 400 to 2400 nm 
and a spatial resolution of 2 x 2 m. Several spectral regions were excluded 
because (i) they were interpolated after the atmospheric correction: 691.0–
735.9 nm; 752.9–770.8 nm; 794.9–838.0 nm; 900.4–992.1 nm; 1072.4–
1166.5 nm; 1283.0–1495.7 nm; 1738.7–2028.7 nm; or (ii) have a low 
signal-to-noise ratio (SNR) below 450 nm and above 2200 nm.  
The HYSOMA software (Chabrillat et al., 2011), with default settings and 
default thresholds, was used to mask out green vegetation (normalised 
difference vegetation index (NDVI) (Rouse et al., 1973; Tucker, 1979)), 
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oceanic water (normalised difference red blue index (NDRBI) (Carter, 
1991; Zakaluk and Sri Ranjan, 2008)) and residual dry vegetation 
(normalised cellulose absorption index (nCAI) (Nagler et al., 2003)). 
Built-up areas were excluded using an agricultural field block map 
(Bundesamt für Landwirtschaft, 2014), updated with building footprints 
(Bundesamt für Landestopografie swisstopo, 2014a) and road information 
(Bundesamt für Landestopografie swisstopo, 2014b). 
 
Field spectroscopy data 
In-situ field spectrometer measurements were collected with an Analytical 
Spectral Devices (ASD) FieldSpec-3 (ASD Inc., Boulder, USA). The 
instrument collects radiation in the range 350 – 2500 nm by a bare fibre 
optic with a 25° field of view. It contains three detectors, one in VNIR, 
with a spectral resolution of ca. 3 nm; and two in the SWIR (SWIR1 and 
SWIR2), with a spectral resolution of 10 – 12 nm, respectively. ASD RS3 
software was used to collect the data. The target was measured by 30 
measurements slowly moving across the 3 x 3 m plot, keeping the bare 
fibre at nadir at approximately 1.6 m distance, after and before acquisition 
of 5 measurements over a Spectralon® white reference panel.  
 
Laboratory spectroscopy data 
Spectral measurements were performed with the same ASD spectrometer 
as used in the field. The processed soil samples (see Section 4.4.2.) were 
placed in pure quartz sample holders (with a diameter of 4.9 cm) to avoid 
scattering from the sample holder, since quartz lacks distinct absorption 
features in the measured wavelength region (Breunig et al., 2008). The soil 
samples were measured using a reflectance setup using a Dedolight Basic 
DLH4 150W (7158XHP 150W halogen lamp). The lamp was situated at 
ca. 20 cm distance from the soil sample and the distance between the 
sample and the sensor was ca. 8 cm. The lamp (incident radiation) was 
inclined 30° (zenith angle) and the sensor was positioned at nadir. The 
surface of the samples was homogenized by compressing the sample and 
by flattening the surface. Nevertheless, small differences between spectra 
were observed by repeated measurements, therefore a turning table was 
used to minimize anisotropy effects by averaging the spectral signal. Also 
here we used the measuring sequence of 5 measurements of the white 
reference, 30 measurements of the target soil and again 5 measurements 
of the white reference. 

4.4.2. Soil data 

Field data were collected at 73 locations in the study area within the 4 
(dry) days after and on the flight date of April 10th 2015. The sampling 
scheme was driven by the availability of bare soils. As a result, most 
samples were collected on the northwest – southeast diagonal of the study 
area. For each agricultural field, we randomly selected from 2 to 6 



Chapter 4 

 72 

locations (depending on the field size) for 3 x 3m plots. A 3 x 3 m plot was 
chosen in order to cover the pixel size of the airborne spectroscopy data (2 
m resolution). The centre of the 3 x 3 m plot (based on GPS coordinates) 
was matched to the closest centre of an APEX pixel. Since all soils were 
agricultural and subject to land management, the properties of the upper 
10 cm of the soil were considered to be homogeneous. As a result, the 
airborne spectroscopy data was considered representative for the upper 10 
cm of the soil. However, the highly dynamic SM property was excluded 
from this assumption. Since the upper topsoil (ca. 1 - 2 cm) is influenced 
more as a consequence of direct sunlight, we made a distinction between 
the upper topsoil and the topsoil (upper 10 cm), while we expected that 
the upper topsoil would correlate better to the airborne spectroscopy data 
than the topsoil. 
 
For each of these plots, topsoil characteristics were described and soil 
samples were taken. The description of the topsoil characteristics 
contained estimations of plant and residual cover, coarse surface 
fragments coverage. Finally, two soil samples (upper topsoil and topsoil) 
were taken for laboratory analysis. Each sample consisted of a mix taken 
from 10 locations along the diagonals of the plot with a bulb planter for 
the topsoil and by hand for the upper topsoil. A subsample was stored in 
airtight sample bags in order to determine SM in the laboratory. 
SM content was analysed for both the upper topsoil and the topsoil 
samples. Texture and organic matter content were analysed only for the 
topsoil. Analyses were done in the laboratory. All samples were oven dried 
(24 hours at 45 °C) and weighed before and after drying to analyse SM. 
After this, all soil samples were grounded with a mortar and pestle and 
subsequently milled with a ball mill (Retsch, MM200) during 10 minutes 
with an intensity of 8. This was repeated for all samples twice and for 
samples containing more clay even three times. Subsequently, the samples 
were sieved with a 2 mm sieve to remove all coarse fragments. A Picarro 
G2131-i Cavity Ring-Down Spectroscopy (CRDS) analyser was used to 
measure the amount of Carbon (C) and Carbon-13 (13C) in the soil 
samples. A small subsample of approximately 10 – 15 mg was taken from 
all soil samples. This subsample was packed in small aluminium tubes. We 
used the approximation that 58% of the soil organic matter (SOM) 
consists of C (van Bemmelen, 1890; Wolff, 1864), this results in the 
conversion in Equation 4.1: 
 
𝑆𝑂𝑀 = 𝐶 ∗  1.72 4.1 

Texture was analysed according to the sedimentation method (DIN ISO 
11277, 2002) by an external laboratory.  
 
In order to analyse the effect of SM on reflectance data and to derive a 
correction factor for this effect we used the soil spectral SM dataset 



Minimising Soil Moisture Variations in Multi-Temporal Airborne Imaging Spectrometer Data for Digital Soil Mapping  

 73 

analysed by Nocita et al. (2013). 107 topsoil samples (0 - 5 cm) were 
collected in 36 fields located along a north-south transect (~60 km long 
and ~7 km wide) crossing 4 out of 5 agro-ecological zones of the Grand-
Duchy of Luxembourg. Soil samples were air-dried for 7 days, and 
subsequently sieved (< 2 mm). Each soil sample was weighed in a petri 
dish and then water was added. Soil spectra of in total 6 SM treatments, 
corresponding to the SM contents of ca. 0.05, 0.10, 0.15, 0.20, and 0.25 g 
water g soil-1 were analysed. Eventually, the database was characterised by 
642 soil spectra, including the 107 dry soil spectra. Note that we refer to 
this dataset as reference SM dataset. In Appendix B1 the reference SM 
dataset is compared with our data. 

4.5. Methods 

4.5.1. Soil moisture prediction 

Three approaches are commonly used to estimate SM content: (i) spectral 
indices; (ii) exponential or Gaussian spectral models; and (iii) 
geostatistical models (Fabre et al., 2015). Out of these, only spectral 
indices can be calculated without a-priori knowledge and calibration. 
Therefore, we used spectral indices to create a SM index map for the bare 
soil area. We analysed the performance of the water index soil (WISOIL); 
the normalised soil moisture index (NSMI); the normalised index of 
NSWIR domain for soil moisture content estimation from linear 
regression (NINSON); the normalised index of NSWIR domain for soil 
moisture content estimation from non-linear regression (NINSOL) (Fabre 
et al., 2015). Moreover, we created an additional normalised difference 
index (SMI). This index was systematically calculated for all wavelength 
combinations of the airborne spectroscopy data and the performance was 
validated based on the laboratory SM measurements of the field plots (See 
Appendix B2 for more detailed information). 

4.5.2. Soil moisture correction 

We used the reference SM dataset to correct for the influence of SM on 
surface reflectance. The spectral data collected in the laboratory were 
resampled to the APEX wavelengths and the SMratio was calculated at each 
of these wavelengths (𝜆) as the relative difference between the reflectance 
(𝑅) of soil sample 𝑖 with SM content 𝑗 and the reflectance of the driest 
(𝑗!"#) soil sample 𝑖 (Equation 4.2). These results were plotted against the 
corresponding values of the SM index (calculated on the laboratory 
spectra of the reference SM dataset). 
 

𝑆𝑀!"#$%(𝜆)!,! =
𝑅(𝜆)!,!
𝑅(𝜆)!,!!"#

 4.2 
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A natural cubic spline model was derived for each scatterplot (each 
wavelength). The ratio values, by design, range between 0 and 1 and we 
forced the model on the upper side towards 1 (reflectance of dry soil 
sample 𝑖 divided by reflectance of dry soil sample �). We tested several 
non-linear models to fit this complexity and the best fitting model was a 
natural cubic spline model. Based on the root mean squared error of the 
spline models with different amounts of degrees of freedom, we selected 5 
degrees of freedom for all models. The R-package splines (Hastie, 1992) 
was used to calculate these regression models. The RMSE and R2 were 
calculated for each regression model. Based on the regression model and 
the SM index map, a correction factor was derived for each pixel and each 
wavelength. The original airborne spectra of APEX13, APEX14 and APEX15 
were corrected with these corrections factors. 

4.5.3. Soil properties prediction 

Apart from the use of SM corrected spectra in radiative transfer models or 
in time series, ultimately, the SM correction should also bring the 
prediction of the soil properties of airborne spectroscopy data closer to 
the predictions based on laboratory spectra. We therefore compared the 
soil properties predictions (SOM, sand, silt and clay percentages) based on 
(i) the laboratory spectra; (ii) the original airborne spectroscopy data; and 
(iii) the SM corrected spectra. The prediction was done based on a partial 
least squares regression (PLSR, (Thomas and Haaland, 1990; Wold, 
1966)). PLSR is a statistical method that describes the original model by 
linear combinations (principal components (PCs)) of the original inputs 
(predictor variables). The concept of PLSR is the same, however the linear 
combinations of the predictors are used to predict specific response 
variable(s) (McBratney et al., 2003). In this paper we are treating the 
properties sand, silt and clay as individual soil properties, since it has no 
effect on the aim of our analysis to check the performance of the soil 
moisture correction. Nevertheless, sand, silt and clay percentages should 
add up to 100% and modelling them separately could lead to inconsistent 
results (e.g. texture percentages above 100%). A possibility to avoid this, is 
to transform the texture variables in log-ratios with the additive log-ratio 
transform (Aitchison, 1982; Lark and Bishop, 2007). This method creates 
one new variable that can be used in further analysis. 

4.5.4. Validation 

Soil moisture prediction 
The SM indices were validated based on the reference SM dataset and the 
measured field data. A leave-one-out cross validation was done to select 
the best performing index, this was done based on both R2 and RMSE. 
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Soil moisture correction 
In order to validate the results of the SM correction we compared the 
airborne spectroscopy data before and after corrections (visually and 
quantitatively) with the corresponding laboratory spectra. Differences 
between the spectra were analysed based on two indicators (Price, 1994), 
(i) the root mean square difference (D) between two spectra and (ii) the 
difference angle (θ) between two spectra, where θ normalises for 
differences in offset. Besides this, we calculated the linear correlation 
between the spectra. In case of small differences between the corrected 
spectra and the laboratory spectra, the correlation is close to the one-to-
one line with a high R2, an offset (α) of zero and a gain (β) of one. The 
relative difference between the mean and standard deviation of the 
laboratory spectra and the original, SM corrected airborne spectroscopy 
spectra were also calculated. Since soil properties can be derived from 
specific parts of the spectrum and the effect of SM is non-linear over the 
spectral range, this was separately done for the VIS (450-700 nm), the NIR 
(700-1400 nm) and the SWIR (1400-2200 nm) ranges of the spectra. A 
more detailed description of the methodology used for the difference 
analysis can be found in Diek et al. (2016). 

Soil properties prediction 
The PLSR was calculated for the airborne spectroscopy data of 2015 
(APEX15, n=73). The number of components was selected based on the 
cross-validation estimate of the highest prediction R2 and the lowest 
RMSE of prediction resulting from a leave-one-out cross validation. Both 
give also an indication of the prediction performance of the models. The 
prediction R2 was calculated according to Equation 4.3: 
 

𝑝𝑟𝑒𝑑𝑖𝑡𝑖𝑜𝑛 𝑅! = 1 −
𝑆𝑆𝐸
𝑆𝑆𝑇

 4.3 

where 𝑆𝑆𝑇 is the (corrected) total sum of squares of the response and 𝑆𝑆𝐸 
is the sum of squared error for the cross-validated predictions (i.e., the 
PRESS). The PLSR, the prediction R2 and the RMSE of prediction were 
calculated with the R-package pls (Mevik et al., 2016). 

4.6. Results 

4.6.1. Soil moisture prediction 

The SMI was defined as the normalised difference between the reflectance 
(𝜌) at wavelength 2051 nm and 2195 nm (Equation 4.4). 
 

𝑆𝑀𝐼 =
𝜌!"#$ − 𝜌!"#$
𝜌!"#$ + 𝜌!"#$

 4.4 
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Based on the validation results (R2 and the RMSE ) we choose the best 
performing index (Table 4.1). The performance of the adapted indices 
(Table 4.1, indicated with subscript) was, as anticipated, slightly lower 
than the original index. We concluded that the NINSOL and the closely 
related SMI index were performing best (R2 of 0.76 and 0.59 respectively 
and a RMSE of 0.031 and 1.54 respectively). The NINSOL index cannot be 
applied to the airborne spectroscopy data, therefore, we decided that the 
SMI is most suitable to calculate the SM index map for all bare soil pixels 
of the airborne spectroscopy data. 
 
Table 4.1. Validation results of the soil moisture (SM). 

SM indices 

SM [g water g soil-1] 

reference SM dataset 

SM [%] 

Field 

 R2 [-] RMSE [-]6 R2 [-] RMSE [-] 

NSMI [-]1 0.73 0.033 -  

NSMI1 [-] 0.71 0.034 0.39 1.89 

WISOIL [-]2  0.73 0.033 -  

WISOIL1 [-] 0.67 0.036 0.28 2.05 

NINSON [-]3 0.65 0.038 -  

NINSON1 [-] 0.51 0.045 0.41 1.85 

NINSOL [-]4 0.76 0.031 -  

NINSOL1 [-] 0.70 0.035 0.51 1.69 

SMI [-]5 0.75 0.032 0.59 1.54 
1 normalised soil moisture index; 2 water index soil; 3 normalised index of the 
NIR and SWIR domain for soil moisture content estimation from non-linear 
regression; 4 normalised index of the NIR and SWIR domain for soil moisture 
content estimation from linear regression; 5 soil moisture index. Subscripts 
indicate the adapted indices applicable on the airborne imaging spectroscopy 
data, more information can be found in Appendix B2. The numbers in bold 
indicate the best performing indices. 
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Figure 4.2. Spatially distributed soil moisture index (SMI) on the bare soil pixels in the airborne 
spectroscopy data (2015) and the soil moisture measurements of the topsoil taken around the flight 
date of the airborne spectroscopy data. 

 
The SM index calculated according to SMI were used to perform the SM 
correction of the airborne spectroscopy data. Figure 4.2 shows the 
resulting SMI map for the focus area of the airborne spectroscopy data of 
2015. 

4.6.2. Soil moisture prediction 

Correction model 
Figure 4.3a shows the spline regression model between the SMI and the 
SMratio to dry soil (= 1) of the SM spectral dataset at 450.79 nm. The grey 
line is the spline regression line (R2 0.82, RMSE 0.067) with its confidence 
interval (99%) in dotted grey. The grey vertical lines indicate the location 
of the knots (df=5). Figures 4.3b and c show the R2 and the NRMSE of the 
spline regression models for each wavelength. The R2 ranges between 0.82 
and 0.88, the NRMSE between 0.10 and 0.14. The model becomes more 
scattered and thus uncertain, below an SMI value of ca. -0.05 and above 
ca. 0.04. However, the distributions of the SMI values of the airborne 
spectroscopy data (shown in the top margin of Figure 4.3a) show that 
most of the values of the airborne spectroscopy data fall within this [-0.05, 
0.04] range. 
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Figure 4.3. (a) Spline regression model for the 450.79 nm wavelength based on soil moisture index (SMI) data 
using the reference soil moisture (SM) dataset with 99% confidence intervals and distribution of the SMI 
applied on the airborne spectroscopy data, (b) performance (R2) of the spline regression models per 
wavelength and (c) performance (RMSE) of the spline regression models per wavelength. 
 
The correction clearly shows non-linearity over the full spectral range 
(Figure 4.4). The figure shows the SM correction factors for each 
wavelength derived from the spline models for SMI values of -0.04, -0.02, 
0.00, 0.02 and 0.04. The SWIR is more affected than the rest of the 
spectrum and this effect increases with an increasing SM (lower SMI 
values). The same can be observed for the end of the VIS range (red: 620–
750 nm) and around 1500 nm. 
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Figure 4.4. Wavelength dependent soil moisture correction factors for 5 different levels of soil 
moisture index (SMI). 

Validation 
The SM corrected spectra of APEX13 (n=15, dry), APEX14 (n=42, humid) 
and APEX15 (n=75, wet) all approach the dried laboratory spectrum 
(Figure 4.5). The figure shows the average of the original and SM 
corrected airborne spectroscopy data intersecting with the field plots and 
the corresponding ASD field (n=75) and laboratory spectra (n=75). 
Moreover, the average spectra of the three years are approaching each 
other, which means that there is less variability among the airborne 
spectroscopy data of the different years. This was our goal, since we aimed 
to exclude SM, which is very variable over the years. The figure also 
indicates that the SM correction works better under wet conditions and 
that correction works best for the VIS part of the spectrum. Appendix B3 
gives more information on the performance based on this weather 
dependency and the performance for the different parts of the spectrum. 
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Figure 4.5. Average (n=73) surface reflectance spectra comparison between laboratory, field and 
airborne acquisitions (uncorrected and soil moisture (SM) corrected). 
 
Table 4.2. Difference indicators and linear correlation results 
of the original and soil moisture corrected spectra, compared 
to the corresponding laboratory spectra for APEX15 (n=73). 
 APEX15  

 Original SM cor. 

D [%]1 1.60 ± 0.70 1.08 ± 0.59 

θ []2 0.10 ± 0.03 0.08 ± 0.03 

R2 [-] 3 0.95 ± 0.04 0.97 ± 0.02 

Offset [%]3 -0.27 ± 3.43 0.64 ± 4.69 

Gain [-]3 0.57 ± 0.12 0.74 ± 0.17 

1 D: root mean square difference; 2 θ: difference angle; 3 based 
on the linear correlation between the spectra. . The numbers 
in bold indicate which spectra (original or SM corrected) are 
closer to the laboratory spectra according to the considered 
difference indicator. 
 
By observing the quantitative differences between the original and SM 
corrected airborne spectra and the corresponding laboratory spectra for 
APEX15, which has the most intersecting field data (Table 4.2), we see that 
the SM corrected airborne spectra are closer to the laboratory spectra. We 
can see that D decreases from 1.60% ± 0.70% to 1.08% ± 0.59%, θ 
decreases from 0.10 ± 0.03 to 0.08 ± 0.03 and the R2 of the linear 
regression increases from 0.95 ± 0.04 to 0.97 ± 0.02, also the offset and the 
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gain are moving closer to the 1:1 line. Nevertheless, it also shows that 
some difference between the laboratory spectra and the SM corrected 
spectra persists. 

4.6.3. Soil properties prediction 

The number of PCs we chose to build the final PLSR models for the 
laboratory spectra and the original, SM corrected airborne spectroscopy 
spectra are shown in Table 4.3 and in the corresponding Figure 4.6. These 
are based on the cross-validated estimate of the highest R2 and the lowest 
RMSE of prediction, also shown in Table 4.3. The number of PCs is 
constant for SOM for the laboratory, original and SM corrected spectra 
(respectively 8, 8, 8), for the other soil properties the amount of PCs is 
constant for the original and SM corrected spectra, but higher for the 
laboratory spectra, this could be related to the higher number of samples 
(n=94). When we look at the prediction performance (prediction R2 and 
RMSE of prediction in Table 4.3), we can see that the performance is more 
or less constant, with a slight increase, for both SOM and silt, a slight 
decrease for clay and a decrease for sand. The biggest improvement is for 
SOM, with a prediction R2 from 0.56 to 0.57, RMSE of prediction from 
3.13% to 3.10%. 

 

Table 4.3. Number of principle components (PCs) used for the partial least squared 
regression (PLSR) models, based on the cross-validated estimate of the highest 
prediction R2 and the lowest RMSE of prediction and their standard deviation for 
the laboratory spectra (n=94) and the airborne imaging spectroscopy data (original, 
soil moisture (SM) corrected) (n=73). 

  PC R2 [-] RMSE [%] 

OM [%] Laboratory 8 0.66 ± 0.02 2.76 ± 0.08 

 APEX15 Original 8 0.56 ± 0.03 3.13 ± 0.09 

 APEX15 SM corrected 8 0.57 ± 0.03 3.10 ± 0.09  

Sand [%] Laboratory 11 0.76 ± 0.02 4.77 ± 0.22 

 APEX15 Original 6 0.63 ± 0.02 5.98 ± 0.19 

 APEX15 SM corrected 7 0.58 ± 0.02 6.31 ± 0.20 

Silt [%] Laboratory 13 0.62 ± 0.03 4.76 ± 0.19 

 APEX15 Original 5 0.45 ± 0.02 5.74 ± 0.15 

 APEX15 SM corrected 6 0.45 ± 0.03 5.72 ± 0.12 

Clay [%] Laboratory 11 0.55 ± 0.04 7.76 ± 0.35 

 APEX15 Original 6 0.38 ± 0.04 9.14 ± 0.27 

 APEX15 SM corrected 7 0.36 ± 0.03 9.33 ± 0.25 

The numbers in bold indicate which of the airborne imaging spectroscopy data 
(original or SM corrected) are better predicting the considered soil property. 
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Figure 4.6. Measured vs. predicted soil property values of the field data (n=73) for soil organic matter (SOM), 
clay, silt and sand [%] - in black the correlation line between the measured and predicted values. The dotted line 
shows the 1:1 line. The corresponding R2 and root mean squared error (RMSE) of the prediction can be found in 
Table 4.3. 
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4.7. Discussion and outlook 

4.7.1. Soil moisture prediction 

The exclusion of the interpolated water absorption bands at 1400 and 
1900 nm of the airborne spectroscopy data (Section 4.4.1) made it 
impossible to apply many of the existing SM indices to the airborne 
spectroscopy data. For this reason we developed a new SM index based on 
the airborne spectroscopy data, but validated on the reference SM dataset. 
The new index is appeared to be closely related to the existing NINSOL 
index (Fabre et al., 2015), however, performs much better on the airborne 
spectroscopy data than the adapted NINSOL index (R2 of 0.59 vs. 0.51, 
respectively and RMSE of 1.54 vs. 1.69, respectively). Performance of the 
new index is very comparable to the NINSOL index when the full soil 
spectra of the reference SM dataset are used (R2 of 0.75 and 0.76, 
respectively and RMSE of 0.032 and 0.031, respectively). This makes the 
new index interesting for general applications. 

4.7.2. Soil moisture correction 

This paper shows the results of a first effort to develop a straightforward 
methodology, applicable to imaging spectrometer data, to reduce the 
effect of soil surface variations. The methodology has been developed for 
SM, which is seen as one of the most important disturbances for soil 
surface reflectance (Denis et al., 2014; Wu et al., 2009). In contrast to 
existing SM correction, our method is not dependent on additional 
spectral SM information, but we make use of a spectral SM database. The 
advantage of using an independent spectral SM dataset is the possibility to 
apply this method consistently to different datasets. To our knowledge we 
are the first to have done this and we see in this approach great potential 
for upcoming satellite spectroscopy data. 
The SM correction shows, like Lobell and Asner (2002), an exponential 
decrease of reflectance with increasing SM. This relation was however, 
best captured with a spline model. The first results of the applied SM 
correction are promising: with the SM correction we were able to bring 
the airborne spectra much closer to the laboratory spectra. Where the 
original airborne spectroscopy spectra had an offset of on average -43.1% 
from the laboratory spectra, the offset of the corrected spectra was only -
21.9%. As shown in figure 4 the correction is non-linear and the ranges in 
the SWIR, just before 1500 nm (close to the water absorption feature of 
1450 nm) and the end of the VIS range are more affected. It is known 
from literature that the SWIR range of the spectrum and the 
waterabsorption features around 1450 and 1900 nm are more affected by 
changes in SM content (Haubrock et al., 2008b; Lobell and Asner, 2002; 
Sadeghi et al., 2015). However, according to literature, the VIS range 
should be less affected. Nevertheless, the correction worked best for the 
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VIS range of the spectra and the effect of SM for the SWIR range was 
underestimated. 

4.7.3. Soil properties prediction 

In Section 4.2 we described several existing methods to reduce the effect of 
SM and their results. Most of the presented studies, however, are applied 
under laboratory conditions, which can be better controlled. Under these 
controlled conditions of the laboratory, almost all studies present an 
expected improvement of R2 and RMSE of PLSR predicted soil properties 
after SM reduction. Only the study of Castaldi et al. (2015) presented a 
very similar methodology as presented in this study. They also made use 
of an independent dataset to reduce the effect of SM and applied an 
averaged correction factor for each SM class instead of for continuous SM 
levels. Unfortunately, it is not possible to compare our results to their 
study, since their soil property predictions before correction are 
unknown. 
 

 
Figure 4.7. Soil moisture correction model dependency on soil organic matter variation (left) and soil type 
variation (right). 
 
In our study, the soil property prediction based on the corrected spectra 
shows only very slight improvement for SOM and silt, which was 
unexpected after the first very positive results. There are many factors that 
could explain these results. Firstly, Wijewardane et al. (2016) describes 
that a good laboratory model is needed in order for the SM correction to 
work, since the correction will not introduce spectral components to the 
corrected spectra. Our laboratory results are, however, promising: SOM 
laboratory R2 of 0.64 and RMSE of 2.88; sand laboratory R2 of 0.75 and 
RMSE of 4.93; silt laboratory R2 of 0.58 and RMSE of 4.72; and clay 
laboratory R2 of 0.48 and RMSE of 7.87. Nevertheless, Wijewardane et al. 
(2016) also finds only marginal improvements for sand and clay, even 
though their laboratory models shows good results. Secondly, the 
exclusion of the interpolated and high signal to noise ratio bands of the 
airborne spectroscopy data (Section 4.4.1) might affect the results of the 
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soil property prediction of the SM corrected spectra. Water absorption 
features at 1400 and 1900 nm and typical clay absorption features at 
around 2200 nm (Ben-Dor et al., 1999) were removed. Applying the SM 
correction to the field ASD data showed, however, similar results as 
presented here (results not shown) and we can therefore conclude that 
this is not the reason that the soil properties prediction did not show 
improvements. Thirdly, the soil property variation of the study area is 
larger than the variation of the reference SM dataset (see Appendix B1). 
Figure 4.7 shows this effect and suggests that the correction factor indeed 
changes per soil type. The effect of different levels of SOM has no 
influence, however soil texture seems to affect the correction factor. A 
correction factor per soil type could improve the correction methodology; 
unfortunately our dataset was too limited to look at this in more detail. 
The inclusion of more external spectral SM databases could improve this 
(e.g. Castaldi et al. (2015) and Fabre et al. (2015)). Fourthly, the soils in 
the field are influenced by other types of soil surface variation, including 
soil surface roughness, (non-photosynthetic) vegetation coverage, particle 
size distribution, dust accumulation and the formation of 
physical/biogenic crusts. The interaction of the types of soil surface 
variation with SM or the disturbance of these types of soil surface 
variation of the surface reflectance might affect the results of the SM 
correction. Applied the SM correction to a selection of the ASD field data 
with less than 5% of coarse fragments and (non-photosynthetic) 
vegetation, showed similar soil property prediction performances (results 
not shown). We can conclude that the disturbance of coarse fragments 
and (non-photosynthetic) vegetation did not influence the SM correction. 
However, it was not possible to look in more detail at the influence of 
other types of soil surface variation, like soil surface roughness. 

4.7.4. Outlook 

As far as we know, there are no studies available that are focusing on a 
better understanding of the possible interactions between different types 
of soil surface variation. Several studies have looked at the physical 
understanding of soil surface roughness, which is together with SM seen 
as the most important soil surface variation factor (Denis et al., 2014; Wu 
et al., 2009). The effect of soil surface roughness on the soil reflectance 
spectra is however much smaller than SM (Ge et al., 2014). Cierniewski 
(1987) and Cierniewski et al. (1996) created a validated geometrical model 
to simulate the bidirectional reflectance of light from a rough soil. 
However, the applicability in the field is limited because input parameters 
are difficult to assess in practice (Denis et al., 2014). Gilliot et al. (2017) 
and Piekarczyk et al. (2016) show the use of photogrammetry to map soil 
surface roughness at detailed scale for small areas with simple RGB 
cameras. We did a first experiment with this method in order to create a 
soil surface roughness correction model for land management patterns 
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(e.g. ploughing) based on an external dataset, however, the dataset 
appeared too small. Collecting an independent dataset on soil surface 
roughness in the field is challenging because soil properties may co-vary 
in space and because SSR can change fast and drastically.  
Only a few studies have tried to correct for total soil surface variation by 
using the empirical line method (Diek et al., 2016), derivatives (Wu et al., 
2009) or EPO (Ge et al., 2014). However, these methods are only 
correcting for linear global differences, the linear offset or are fully 
dependent on laboratory data, respectively. Ge et al. (2014) included both 
SM and “intactness of the soil profile” (laboratory scan of the intact soil 
core) in their EPO correction. In their study it was shown that the 
correction of only intactness shows very little improvement, of SM shows 
clear improvement for both clay and organic carbon predictions, but 
taking into account both SM and “intactness of the profile” showed most 
improvement. This suggests that there is an interaction between SM and 
other types of soil surface variation and that a correction method based on 
all types of soil surface variation is what is needed. Ji et al. (2015) 
corrected for all soil surface variation based on the direct standardisation 
algorithm (Wang et al., 1991, 1995). The results of that methodology look 
very promising. However, the question is, if it is possible to upscale the 
methodology to airborne or satellite spectroscopy data, since field data 
were acquired with a contact probe and as a result coarse fragments were 
avoided and the surface was flattened before measurements were taken. 
 
We see a need to reduce the effects of all these types of soil surface 
variation, in order to improve the application of airborne and satellite 
spectroscopy for soil purposes. For this, a better understanding is needed 
on the interactions between different soil surface variation types. Large-
scale laboratory experiments and process modelling would be required to 
better understand these interactions.  
A controlled field or laboratory field-scale experiment with non-grounded 
samples under different land management conditions, e.g. with the FIGOS 
goniometer (Sandmeier and Itten, 1999) would be necessary to explore 
and quantify the effects of different types of soil surface variation and 
their interactions under changing directions on reflectance spectra of 
different soils.  
Modelling the effect of soil surface variation on surface reflectance 
includes: 
(i) the processes of increased shadow cast on the surface and the 

complex process of a greater proportion of diffuse scattering with 
greater aggregates and coarse surface fragments (Matthias et al., 
2000);  

(ii) the interaction between soil particles and aggregates (i.e. light 
reflected by one aggregate will be reflected diffusely by another) 
(Cierniewski, 1987);  



Minimising Soil Moisture Variations in Multi-Temporal Airborne Imaging Spectrometer Data for Digital Soil Mapping  

 87 

(iii) the presence of gaps in large, irregular aggregates which traps 
incident radiation (Coulson and Reynolds, 1971);  

(iv) the complex interactions between the effect of soil composition 
and soil roughness (Piekarczyk et al., 2016), e.g. fine-grained soils 
have a higher reflectance than coarse soils (Baumgardner et al., 
1985), however, an increase of clay results in more soil aggregates, 
resulting in a decrease of spectral reflectance (Richter, 2010);  

(v) the difference between the refractive indices between dry and wet 
soils (Bach and Mauser, 1994);  

(vi) the forward scattering of water films around the soil particles 
(Somers et al., 2010); and  

(vii) the mixed effect of (non-photosynthetic) vegetation of soil pixels; 
under different sun angles, different flying directions and 
different land management directions. 

4.8. Conclusion 
Literature shows that most of the existing soil surface corrections are 
dependent on laboratory measurements. Soil surface correction methods 
based on laboratory measurements are time consuming and therefore 
unsuitable for large amounts of airborne or satellite spectroscopy data. We 
present a first attempt to reduce the effect of SM variation on reflectance 
data of soils, independent of new laboratory measurements. SM was 
determined by a new developed SM index, similar to the existing NINSOL 
index, and was applicable to both field and airborne spectroscopy data (R2 
of 0.75 and 0.59, respectively; RMSE of 0.032 and 1.54, respectively). We 
found that SM requires wavelength dependent, non-linear compensation. 
We used a two-step approach and successfully derived SM content 
spatially from an adapted spectral index. Subsequently, compensation for 
SM variations in airborne spectroscopy data is feasible based on an 
external spectral SM dataset. Our results show that the SM compensated 
airborne spectra better represent laboratory spectra (up to 21.3%). Soil 
predictions, however, showed marginal improvements for SOM (RMSE 
from 3.13 to 3.10) and silt (RMSE from 5.74 to 5.72) and a decline for clay 
(RMSE from 9.14 to 9.33) and sand (RMSE from 5.98 to 6.31). This might 
be related to the effect of other types of soil surface variation affecting the 
airborne spectra. The methodology shows that field spectra can be 
corrected to better match laboratory conditions, but focuses on SM as 
main varying factor. Next step should include the different types of soil 
surface variation and their interactions. For this we need to create a better 
understanding from field-scale experiments and by modelling the 
different processes. 
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Abstract 
Many soil remote sensing applications rely on narrow-band observations 
to exploit molecular absorption features. However, broadband sensors are 
invaluable for soil surveying, agriculture, land management and mineral 
exploration, amongst others. These sensors provide denser time series 
compared to high-resolution airborne imaging spectrometers and hold 
the potential of increasing the observable bare soil area at the cost of 
spectral detail. The wealth of data coming along with these applications 
can be handled using cloud-based processing platforms such as Earth 
Engine. We present a method for identifying the least-vegetated 
observation, or so called barest pixel, in a dense time series between 
January 1985 and March 2017, based on Landsat 5, 7 and 8 observations. 
We derived a Barest Pixel Composite and Bare Soil Composite for the 
agricultural area of the Swiss Plateau. We analysed the available data over 
time and concluded that about five years of Landsat data were needed for 
a full-coverage composite (90% of the maximum bare soil area). Using the 
Swiss harmonised soil data, we derived soil properties (sand, silt, clay, and 
soil organic matter percentages) and discuss the contribution of these soil 
property maps to existing conventional and digital soil maps. Both 
products demonstrate the substantial potential of Landsat time series for 
digital soil mapping, as well as for land management applications and 
policy making. 
 
Keywords: soil remote sensing; Landsat time series; barest pixel 
composite; Earth Engine 
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5.1. Introduction 
Today, multispectral sensors provide invaluable time series of data since 
the 1970s with global coverage. Several studies have shown that 
multispectral data can be used for soil applications despite spectral 
features of soils often being weak, narrow and mixed (Ben-Dor et al., 
2009). For instance, Demattê et al., (2007) predicted different physical and 
chemical soil attributes in an area in Brazil using a single Landsat ETM+ 7 
(Landsat 7 Enhanced Thematic Mapper+) image and showed promising 
results for clay and sand. Nanni et al., (2012) used similar methods to 
discriminate soil pixels into the different soil classes in a study area in 
Brazil. This showed that 14 out of 16 soil classes could be predicted with a 
success rate of >40%. Similar studies with satellite sensors were conducted 
by Shabou et al., (2015) and Fiorio and Demattê, (2009). 
However, around 56% of the global land areas are covered by green 
vegetation (Ben-Dor et al., 1999). Therefore, in these studies, the 
application is limited to the amount of bare soil visible in a single 
acquisition. This reduces the usability of remote sensing techniques in soil 
science; especially for generating large and continuous soil maps showing 
the spatial variation of different soil properties. To reduce this problem, 
several studies used multi-temporal images (Demattê et al., 2016a; Diek et 
al., 2016; Gerighausen et al., 2012). However, these methods were limited 
to a handful of scenes. 
We now used all available Landsat scenes between 1985 and 2017 in order 
to maximise the bare soil coverage over a large agricultural area. We built 
on the methodology for creating the well- established Greenest Pixel 
Composite and aimed to modify this to detect the least-vegetated 
observation in a dense time series of Landsat resulting in the counterpart, 
the Barest Pixel Composite. The large amounts of data that attend these 
Landsat time series can be handled using recent developments in image 
analysis, including the Google Earth Engine (GEE) platform (Google 
Earth Engine Team, 2015). The value of the GEE platform for digital soil 
mapping has already been demonstrated using soil profile data and 
various topographical and meteorological covariates (Padarian et al., 
2015). We explored the availability of the satellite data and the Swiss 
harmonised soil data over time in order to define the aggregation window 
(in years) that is needed for a full-coverage soil product. Based on a bare 
soil index, we created the Barest Pixel Composite for the agricultural area 
of the Swiss Plateau. We used imaging spectroscopy data to define a 
spectral threshold for bare soil detection in Landsat data and generated 
the according Bare Soil Composite that we used for predicting soil 
properties (sand, silt, clay and soil organic matter). Finally, we show a 
comparison between the remote sensing soil property maps and available 
conventional and digital soil maps. 
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5.2. Study area 
Switzerland can be divided in three geographical regions: (i) the Jura, (ii) 
The Swiss Plateau and (iii) the Alps. The Swiss Plateau covers ca. 30% of 
Switzerland and cover an area of 1,249,875.5 ha (Figure 5.1). At the same 
time, two-thirds of the population and the majority of industry, 
manufacturing and farming are located in the Swiss Plateau. It is bordered 
by Lake Geneva in the south-west, Lake Constance and the Rhine in the 
north-east, the Jura in the north and the foot of the Alps in the south. The 
average elevation is ca. 580 m, the highest point is located in the south-
east (1304 m) and the lowest point is in the Rhine valley close to Basel 
(244 m).  
 

 
Figure 5.1. Study area: The Swiss Plateau. Upper left: the Swiss Plateau (dark grey) is located in 
Switzerland between the Jura and the Alps (light grey). The Swiss Plateau is characterised by its 
agricultural area in grey and the lakes in blue. Several main cities, lakes and peaks are indicated with 
their name, as well as the lowest and highest point. In black small dots all soil measurements of the 
national soil database of Switzerland (NABODAT) dataset, in orange dots the soil field 
measurements and in red the soil laboratory measurements intersecting with the agricultural area of 
the Swiss Plateau. 
 
The climate is classified as a Maritime Temperate climate. Temperatures 
range between −1 and 1 °C in January and between 16 and 20 °C in July, 
and they decrease from west to east. Annual precipitation ranges from 800 
mm near the Jura to ca. 1400 mm at the foothills of the Alps. Snow is rare, 
but present depending on the height. In winter, the valleys experience fog. 
The main categories of land use are agriculture (49.5%); forests and 
woodland (24.3%); and built-up (16%) (Eidgenössisches Departement für 
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auswärtige Angelegenheiten, 2016). The agricultural area is covered by 
permanent grassland (60%), arable land (39%) and special crops (1%), 
e.g., orchards, vineyards, or vegetables. Farms are generally small and the 
main crop types are (silage) maize, winter wheat, triticale, and winter 
barley (Gomez Gimenez et al., 2016); temporary grassland is commonly 
included in the crop rotation. 
 
The base geological layer of the Swiss Plateau is formed by crystalline 
basement. Mesozoic sediments cover this, originating from a shallow sea. 
On top of these sediments, you can find the Molasse formed during the 
Alpine origin, consisting of accumulated materials from the Alps. At the 
foot of the Alps, huge fans can be found (e.g., Napf and Hörnli (peak of 
the fan)). Conglomerates and sandstone were predominantly deposited 
near the Alps; in the centre, you can find mainly finer sandstones and near 
the Jura clays and marl. The uppermost layer was formed by the ice age 
glaciers. The glaciers have resulted in a hilly landscape, with many valleys, 
rivers and lakes. Typical glacial landforms can be found all over the Swiss 
Plateau (Gnägi and Labhart, 2015). 
The Swiss Plateau is mainly covered by Cambisols ((saure) Braunerde), 
which are characterised by a clear soil formation (A, B and C horizon). 
The valleys are characterised by Planosols (Pseudogleyige Braunerde), 
with dense, impermeable layers, because glaciers covered them. In the low 
areas around the glacial lakes, soils can be found that, without drainage, 
would be saturated with groundwater and pendular water (Gleyic 
Cambisols (Braunerde-Gley), Gleysols (Buntgley and Fahlgley), and 
Histosols or Histic Cambisols (Halbmoor)). Redox processes result in 
gleyic colour patterns and the soils contain high amounts of soil organic 
matter. A good example is the Grand Marais between Lake Neuchâtel, 
Lake Biel and Lake Morat. At rock outcrops, there are shallow and poorly 
developed soils (Regosols). Around the big rivers, Luvisols 
(Parabraunerde) can be found, characterised by clay leached and a clay 
accumulation layer. At the foot of the Alps, the soils are described as acid 
Cambisols (Braunpodzol and Podzolige, saure Braunerde) (Bundesamt 
für Landestopographie, 1984). 

5.3. Materials and methods 
The generation of the barest pixel composite and the bare soil composite 
is described in the flowchart in Figure 5.2 and in this section we follow the 
same order. We describe (A) the pre-processing steps of the satellite data 
including the selection of the aggregation window (Section 5.3.1); (B) the 
generation of the Barest Pixel Composite, including a description of the 
used bare soil index (Section 5.3.2); and (C) the generation of the Bare Soil 
Composite, including the selection of the threshold (Section 5.3.3). 
Finally, we describe the methodology used for the soil property prediction 
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based on the Bare Soil Composite, including a description of the used soil 
data (Section 5.3.4). 
 

 
Figure 5.2. Flowchart methodology: (A) preprocessing of the data (Section 5.3.1), (B) barest pixel 
composite (Section 5.3.2), and (C) bare soil composite (Section 5.3.3). Abbreviations used: L4–8 for 
corresponding Landsat satellites, BSI for Bare Soil Index.  

5.3.1. Preprocessing 

Satellite data 
All available Landsat surface reflectance (SR) images were collected for the 
period between 1 January 1985 and 1 March 2017 (n = 3030). This 
includes 52 Landsat scenes from Landsat 4 Thematic Mapper (L4), 731 
scenes from Landsat 5 Thematic Mapper (L5), 1739 scenes from Landsat 7 
Enhanced Thematic Mapper+ (L7) and 508 scenes from Landsat 8 
Operational Land Imager (L8). L4 was operational between July 1982 and 
December 1993, L5 was operational between March 1984 and January 
2013, L7 from April 1999 till present and L8 was launched in February 
2013 (USGS, 2017a). Since 31 May 2003 the scan line corrector (SLC) of 
L7 failed. Without an operating SLC, the sensor records a zigzag pattern 
along the satellite ground track, resulting in a duplicated area. The 
duplicated area is removed in Level-1 processing. The remaining 78% of 
the pixels can be normally used (USGS, 2017b). For all sensors, the 
approximate scene size is 170 km north-south by 183 km east-west and 
the bands have a spatial resolution of 30 m (USGS, 2017c). The accuracy 
of the geometry is less than 12 m for all Level 1 data (USGS, 2017d). This 
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means that there is a maximum inaccuracy of one pixel between two 
scenes. 
Figure 5.3 shows the calculated bare soil index (BSI, Section 5.3.2) for a 
representative pixel in the Grand Marais area. Each point represents a 
satellite observation and the colours indicate the specific sensor (red: L4, 
purple: L5, green: L7, and orange: L8). The figure shows that very few 
Landsat data are available for the study area between 1990 and 2000. This 
was probably caused by the commercialisation strategy of NASA in the 
1990s that affected the collection priorities. Furthermore, the on-board 
recorders of L5 broke and data could be only collected when the satellite 
was overhead and all the other data ended up on remote stations. We 
therefore excluded this time period from the analysis, including the very 
few available scenes. Furthermore, L4 offers very limited data in the 
period 1985–1990 (only 18 scenes for the full study area). We decided to 
exclude L4 from the analysis, since the added value for detecting bare soil 
is low. 
 

 
Figure 5.3. Bare Soil Index (BSI) values [-] for a pixel in the bare soil area of the agricultural area of 
the Swiss Plateau (located in the Grand Marais). In purple L5, in green L7 and in orange L8, the dotted 
line is the used threshold of 0.021, in grey, the period we excluded from the analysis because Landsat 
data were generally not available. 

 
We focused on the bands in the visible (VIS), near- (NIR) and shortwave- 
(SWIR) infrared (or VNIR–SWIR) spectral ranges (Table 5.1), although 
some Landsat sensors provide additional bands. These spectral ranges are 
known to contain information on soil properties (Demattê et al., 2016a). 
Cloud-free pixels were selected based on the cfmask property (classifies 
every pixel according to five classes: clear, water, cloud shadow, clouds, 
and snow), equal to clear; snow pixels were excluded based on the 
normalised difference snow index (NDSI) (Hall et al., 1995), threshold of 
0.7. Pixels with negative reflectance values were also excluded, as well as 
the upper 5% quartile of each band—both in order to remove outliers and 
to minimise the effects of artefacts like shades of clouds and trees, 
saturated pixels and coloured striping. 
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Table 5.1. Overview of the wavelengths of the used Landsat satellite bands and their alignment. 

 Landsat TM 5 Landsat ETM+ 7 Landsat OLI 8 

 λ3 [μm] No.4 λ3 [μm] No.4 λ3 [μm] No.4 

Blue 0.45-0.52 1 0.45-0.52 1 0.45-0.51 2 

Green 0.52-0.60 2 0.52-0.60 2 0.53-0.59 3 

Red 0.63-0.69 3 0.63-0.69 3 0.64-0.67 4 

NIR1 0.76-0.90 4 0.77-0.90 4 0.85-0.88 5 

SWIR12 1.55-1.75 5 1.55-1.75 5 1.57-1.65 6 

SWIR22 2.08-2.35 7 2.09-2.35 7 2.11-2.29 7 
1 NIR: near infrared; 2 SWIR: shortwave infrared, 3 λ: wavelength, 4 band number. 

Selection of aggregation window 
The aggregation window, defined as the period needed to reach 90% of 
the maximum bare soil area, was calculated based on the monthly 
cumulative growth of the bare soil area. For five starting points (1985, 
2000, 2005, 2010 and 2015), we calculated the monthly increase for time 
periods up to 10 years. Because of the crop rotation practices in the area, 
we expected a steep increase of detected bare soil area in the beginning of 
the time period and a slow saturation towards the maximum bare soil 
area. In order to explore after how much time this maximum is reached, 
we fitted exponential models on the monthly cumulative area for each 
time period. Based on these models, we estimated the total bare soil area 
[ha] and the time (years) required for mapping this total bare soil area. 
Since the fitted models are exponential and the maximum will never be 
reached, we considered the maximum bare soil area at 90% of the 
estimated total bare soil area. 

5.3.2. Barest Pixel Composite 

Bare soil index 
In order to select the barest pixel in the Landsat time series, we used a bare 
soil index. Piyoosh and Ghosh, (2017) give a good overview of the 
available bare soil indices. Many of them are not specifically developed to 
detect bare soil pixels, but to map bare soil and built-up area, in order to 
distinguish these classes or to map vegetation. Nevertheless, these are also 
useful to detect bare soil pixels, since reflectance response is very similar 
for built-up and bare soil and because low vegetation indices indicate 
water, snow, bare soil and built-up areas. 
Given the aim to apply the bare soil index to all Landsat SR images, we 
only considered generic indices. Most of the indices use the thermal 
infrared (TIR) band or are more complex than a simple band ratio. 
Processing of these indices is possible, however, only with additional data 
(Level 1 data) and additional analysis. Since we exclude water, snow and 
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built-up areas from the analysis, the use of the minimum normalised 
difference vegetation index (NDVI (Rouse et al., 1973; Tucker, 1979)) 
should indicate bare soil. However, test results (not shown) indicated that 
there is confusion with tree shadow, cloud shadow and low hanging 
clouds. A combination between NDVI and a bare soil or urban index 
would be a good alternative and was already used by several studies (He et 
al., 2010; Rikimaru et al., 2002; Stathakis et al., 2012; Zha et al., 2003). 
Because of the high trade-off between bare soil status and vegetation 
status, the combination of these two indices results in a continuum 
ranging from high vegetation conditions to exposed soil conditions 
(Rikimaru et al., 2002). Moreover, the index enhances the contrast 
between bare soil and other land cover types compared to the individual 
indices. 
Rikimaru et al., (2002) introduced the bare soil index (BSI [-]) (Equation 
(1)). This index is based on a combination of the NDVI and the 
normalised difference built-up index (NDBI) (Zha et al., 2003). The BSI 
has mainly been used in forest research to differentiate between bare soil 
and other land cover types (Deka et al., 2013; Jamalabad and Abkar, 2004; 
Rikimaru et al., 2002), but was also used for the mapping and monitoring 
of bare soil areas (Chen et al., 2004; Zhao and Chen, 2005). The original 
BSI used SWIR1 reflectance, but we found SWIR2 to be more sensitive in 
terms of classification accuracy with our field sites (results not shown). In 
this modified case, the BSI is still a combination of a vegetation index and 
a bare soil index, the latter now being the urban index (UI (Kawamura et 
al., 1996)) instead of the NDBI. Tests results (not shown) indicated that 
the BSI performed substantially better than the minimum NDVI in terms 
of confusion with tree shadows, cloud shadows and low hanging clouds: 
 

𝐵𝑆𝐼 =
𝑅!"#$! + 𝑅!"# − (𝑅!"# + 𝑅!"#$)
𝑅!"#$! + 𝑅!"# + (𝑅!"# + 𝑅!"#$)

 5.1 

 
where R is the surface reflectance [%] of the SWIR2, NIR, red and blue 
spectral regions. Values range between −1 and 1, where a higher value 
indicates a higher change on bare soil. 

Barest Pixel Composite  
In order to create the Barest Pixel Composite, we divided the study area 
in two parts: (i) the agricultural area and (ii) the non-agricultural area 
(Figure 5.1). The outline of the agricultural area was defined using the 
Swiss national vector map 1:25,000 (Bundesamt für Landestopografie 
swisstopo, 2008) and includes the classes cropland and (permanent) 
grassland (both included under the remaining land-use class), and 
orchards, vineyards and tree nurseries. For all pixels in the agricultural 
area, the maximum BSI value was calculated; this value was considered as 
the barest moment in the Landsat time series. For the non-agricultural 
area and the other excluded pixels (artefacts, cloudy and snowy pixels), 
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we calculated the cloud-free maximum NDVI based on the months 
March-September. This was purely for visualisation purposes and these 
pixels were not used in any further analysis. The results for both the 
agricultural area and the non-agricultural area were combined to form the 
Barest Pixel Composite. 

5.3.3. Bare Soil Composite 

Thresholding of the BSI 
We used a threshold for the BSI [-] in order to make a distinction between 
bare soil and dry vegetation or mixed pixels. The threshold was calculated 
based on bare soil reference data. For this, we used airborne imaging 
spectrometer data from the Airborne Prism Experiment (APEX) 
(Schaepman et al., 2015). These data provide higher spatial resolution (2 
m) and more spectral bands (surface reflectance (level 2) data cube: 284 
bands), for which bare soils can be detected with high confidence. The 
APEX scenes were binary classified in two classes (bare soil (1) and non-
bare soil (0)) based on the default thresholds of the HYSOMA software 
(Chabrillat et al., 2011) which masked the green vegetation (NDVI), water 
(normalised red blue index (NDRBI) (Carter, 1991; Zakaluk and Sri 
Ranjan, 2008)), and residual vegetation (normalised cellulose absorption 
index (nCAI) (Nagler et al., 2003)). Built-up area was masked out based 
on the agricultural field block map (Bundesamt für Landwirtschaft, 2014), 
updated with available built-up footprints (Bundesamt für 
Landestopografie swisstopo, 2014a) and road information (Bundesamt für 
Landestopografie swisstopo, 2014b). We used seven scenes of several 
locations in the agricultural area of the Swiss Plateau (Oensingen (n = 2), 
Eschikon (n = 2), Greifensee (n = 3)) at different dates (Table 5.2). We 
then searched for the closest Landsat scene(s) in the three days around the 
APEX acquisition date. When L7 did not provide full coverage because of 
the broken SLC, we added the closest L8 scene. Pixels with clouds, snow 
and artefacts were excluded; therefore, the agricultural area was never 
100% covered by Landsat pixels (Column 6, Table 5.2). The APEX 
reference scenes were resampled to the Landsat resolution and coordinate 
system. Since the BSI values were only calculated for the agricultural area 
of the Swiss Plateau (Figure 5.1), we excluded the non-agricultural area of 
the APEX reference scenes as well. The resulting bare soil coverage [%] of 
the APEX reference scenes is given in Table 5.2. For the Landsat scenes, 
we binary classified (bare soil (1) and non-bare soil (0)) the agricultural 
area based on a range of BSI thresholds (between −0.15 and 0.15 with 
steps of 0.002). In order to evaluate the accuracy of these classifications, 
we calculated the user’s and producer’s accuracy of the bare soil class, the 
total accuracy and the Kappa statistic. We optimised the performance of 
the bare soil classification by optimising both the user’s and producer’s 
accuracy of the bare soil class. Therefore, for each scene, the threshold was 
selected when the user’s accuracy of the bare soil class equalled the 
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producer’s accuracy of the bare soil class. The mean of the scene specific 
thresholds determined the final threshold. All pixels with BSI values above 
this threshold were considered as bare soil. 
 

Table 5.2. Overview of the scenes used to derive the threshold. 
 Location Date of APEX 

scene 

Date of Landsat 

Scene(s)1 

Difference 

between 

dates 

Agricul- 

tural area 

[ha]2 

Bare soil 

coverage 

Scene 1a Oensingen 21 April 2015 24 April 2015 (L8) +3 1,514.70 

(98.11%) 

9.85% 

Scene 1b Oensingen 24 June 2015 27 June 2015 (L8) +3 1,530.45 

(99.12%) 

2.73% 

Scene 2a Eschikon 10 April 2015 9 April 2015 (L7) 

8 April 2015 (L8) 

-1 

-2 

292.32 

(96.40%) 

19.74% 

Scene 2b Eschikon 18 July 2014 18 July 2014 (L7) 

19 July 2014 (L8) 

+0 

+1 

346.86 

(96.45%) 

1.50% 

Scene 3a Greifensee 

(Large) 

11 April 2014 13 April 2014 (L7) 

14 April 2014 (L8) 

+2 

+3 

10,857.96 

(98.79%) 

4.29% 

Scene 3b Greifensee 

(Large) 

10 April 2015 9 April 2015 (L7) 

8 April 2015 (L8) 

-1 

-2 

9,457.74 

(97.39%) 

3.89% 

Scene 4a Greifensee 18 July 2014 18 July 2014 (L7) 

19 July 2014 (L8) 

+0 

+1 

3,056.49 

(99.30%) 

1.25% 

1 L7: Landsat 7 ETM+; L8: Landsat 8 OLI. 2 In brackets the percentage of the agricultural area that is covered 
by Landsat pixels. 

Bare Soil Composite 
For the Bare Soil Composite, we only considered the agricultural area. 
Within this area, we selected all pixels with a BSI value above the selected 
threshold. For pixels with multiple BSI values above the threshold (which 
means that the soil was bare in multiple scenes), the spectral data from all 
observations were used. The corresponding reflectance values were 
averaged, in order to reduce the variability over the years. The resulting 
product was used for the prediction of soil properties. 

5.3.4. Soil property prediction 

Soil data 
Soil surveys in Switzerland began in the early 1950s as a basis for 
agricultural planning. Surveys were first local, but later also regional and 
eventually even national. In 1977, a long-term project started to survey 
soils of the whole country for a national soil map at 1:25,000 scale, and 
priority was given to the agricultural area of the Swiss Plateau. However, 
today, the best available digital soil map for the whole of Switzerland is the 
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Map of Soil Capacity for Agriculture in Switzerland 1:200,000 (Bonnard, 
2005; Frei et al., 1980). For some cantons, the 1:25,000 soil maps are 
digitally available (e.g., for the canton of Zürich) or regional large-scale 
maps (1:5000-1:10,000). Most data were not stored in a national database, 
but were only available within each canton. The national soil database of 
Switzerland (‘das Nationale Bodeninformationssystem’ or NABODAT) is 
the first effort to collect and harmonise all soil data of Switzerland and 
became operational in 2012 (Rehbein et al., 2011). We used the soil data 
from this database, which, at the moment, included data from two 
cantons (Zurich and Berne) and one national forest soil dataset. In total, 
the database contains 15,862 sample locations, of which 12,738 have only 
laboratory (and thus no field) measurements (Figures 5.1 and 5.4). 
Walthert et al. (2016) showed a considerable difference in the estimation 
of the soil texture in the field and the more reliable measurements of soil 
texture in the laboratory. The soil samples within the database were taken 
between 1970 and 2014, with a peak between 1992 and 1997. For the 
purposes of our study, the database was filtered for soil texture (sand, silt, 
clay), and soil organic matter (SOM), and for measurements taken from 
the topsoil (i.e., top mineral soil horizon). A soil sample was selected when 
it was located within a 30 × 30 m bare soil pixel 
 

 
Figure 5.4. Yearly histogram of the soil data—in blue, the laboratory measurements and, in grey, 
the laboratory and field measurements; below the graph, the considered time periods are shown 
 
For the soil data, we calculated the cumulative number of soil samples 
(locations with laboratory measurements only and locations with 
laboratory measurements and field estimates) that intersected with the 
total bare soil area of that month. This data gives an indication on the 
availability of soil data. As a result, the most suitable period in terms of 
available satellite and soil data was selected for prediction of soil 
properties. 
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Calibration  
From the harmonised soil database, only the locations with laboratory 
measurements were used for calibration and validation of a multi-linear 
regression model. The variables, i.e., Landsat bands to include in the 
model, were selected based on a backward stepwise selection according to 
the Akaike information criterion (AIC). The best multi-linear regression 
model, in terms of AIC, was selected. The soil data were divided in a 
calibration and a validation set, of which 75% were calibration and 25% 
validation. The performance of the calibration dataset was quantified with 
a 10-fold cross validation. Based on this, we calculated the root mean 
square error (RMSE) and the coefficient of determination (R2). The RMSE 
was compared to a prediction model based on the mean of the measured 
soil property. 

Validation 
In order to validate the prediction performance, we predicted the soil 
properties for the validation dataset and calculated the corresponding 
RMSE and the R2. The RMSE was compared to a prediction model based 
on the mean of the measured soil property. Additionally, we plotted the 
measured versus predicted data and visually analysed the performance. 

Visual comparison available soil maps 
In order to get an impression of the potential of Bare Soil Composite for 
soil mapping, we compared the resulting soil property maps to available 
conventional and digital soil maps. For the canton of Zurich, we had a 
1:5000 conventional soil map available for the agricultural area (Amt für 
Landschaft und Natur, 1997), and, based on the texture triangle used for 
this map (Fachstelle Bodenschutz, 2012), we were able to classify the 
polygons in five different clay classes (Appendix C1). Additionally, for the 
area around the Grand Marais and the area around Zurich, we had digital 
soil maps available of the topsoil properties clay and soil organic matter 
(SOM) (Nussbaum et al., 2017a, 2017b). Based on this information, we 
did a visual comparison between the soil property prediction based on the 
Bare Soil Composite and the conventional and digital soil maps 

5.4. Results 
This section follows the same structure as Section 5.3 and as Figure 5.2. 
We show the result of (A) the preprocessing steps of the satellite data 
including the selection of the aggregation window (Section 5.4.1); (B) the 
generation of the Barest Pixel Composite (Section 5.4.2); and (C) the 
generation of the Bare Soil Composite, including the selection of the 
threshold (Section 5.4.3). Finally, we show the result of the soil property 
prediction based on the Bare Soil Composite (Section 5.4.4). 
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5.4.1. Preprocessing 

Selection of aggregation window  
Figure 5.5a shows the cumulative sum of the bare soil area of five years of 
Landsat data for each time period (starting years 1985, 2000, 2005, 2010, 
and 2015). We can see that, as expected, for all time periods, the increase 
of bare soil area saturates with time. However, we can also see that there 
are fixed moments in time where the increase is stronger than the average. 
These moments are mainly in spring and at the end of summer, which are 
known to be seeding and harvest periods (Diek et al., 2016). The exact 
moment is weather dependent and therefore hard to predict. 
Table 5.3 shows the results of the fitted exponential models on these 
trends. The bare soil area is largest for the time period 2000 and smallest 
for the period 1985; however, this seems to be related to the small dataset 
of satellite data in this period. It is unexpected that the total area of 
cropland would almost double from 1985 to 2000; this is also confirmed 
by the land use statistics of Switzerland. In the heterogeneous agricultural 
area of the Swiss Plateau, it takes on average 4 years and 6 months, 
rounded up to 5 years, to reach 90% of the total bare soil area. These five 
years were selected as the aggregation window for further analysis. The 
variability between the periods becomes larger when getting closer to the 
full bare soil coverage: in order to reach 95% of the maximum area we 
needed, on average, 5 years and 10 months, but it fluctuated between 3 
years and 1 month and 7 years and 3 months (Table 5.3) 
 

 
a. b. 

Figure 5.5. Development of satellite data. The cumulative sum of the bare soil area [ha] (a) and the 
cumulative number of satellite images considered for the bare soil area (b) for the different time 
periods. 
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Table 5.3. Extrapolation results of the size of the bare soil area. 

Time 

period 

Total 

agricultural 

area [ha] 

Total 

bare soil 

area [ha] 

Time to 

reach 90% 

max. area 

Time to 

reach 95% 

max. area 

Bare soil area [ha] 

after 5 years 

1985-1990 896,268.60 262,190.57 5y 1m 6y 8m 236,529.7 (26.4%) 

2000-2005 896,534.28 436,053.68 5y 6m 7y 3m 384,340.4 (42.9%) 

2005-2010 896,433.03 414,039.10 5y 1m 6y 8m 354,855.8 (39.6%) 

2010-2015 896,523.12 422,322.54 4y 2m 5y 6m 385,536.8 (43.0%) 

2015-2017 896,443.74 404,752.94 2y 5m 3y 1m 337,883.4 (37.7%) 
1 In brackets the bare soil area as percentage of the total agricultural area. The area of the Swiss Plateau 
(1,249,875.5 ha) was used to calculate the bare soil area as percentage of the Swiss Plateau. Note that 
the period 2015–2017 is shorter than the aggregation window of 5 years. 

 
Figure 5.5b shows the monthly cumulative count of the number of 
Landsat images. The availability of the satellite data appeared more or less 
steady over the year. There are small fluctuations as a result of cloud 
cover, which is often the case in winter. However, the total amount of data 
(steepness of the line) changed over the years, and this can also be 
observed in Table 5.4. The period 1985–1990 is only based on L5 data, 
resulting in a clearly smaller dataset. The periods 2000–2005 and 2005–
2010 are based a combination of L5 and L7 data. The last two time 
periods, 2010–2015 and 2015–2017 are also based on a combination of L7 
and L8 data (from 2013 on), this is clearly visible in the steep steady line 
(Figure 5.5b); fluctuation seems to be less present. 
 
Table 5.4. Count of the satellite data used for each composite. 
Time period L51 L72 L83 Total 

1985-1990 215 - - 215 

2000-2005 120 534 - 654 

2005-2010 171 331 - 502 

2010-2015 169 510 223 902 

2015-2017 - 290 285 575 
1 L5: Landsat 5 TM, 2 L7: Landsat 7 ETM+, 3 L8: Landsat 8 
OLI. Note that the period 2015–2017 is shorter than the 
aggregation window of 5 years. 

5.4.2. Barest Pixel Composite 

The Barest Pixel Composite shows the true colour Red-Green-Blue (RGB) 
of the least vegetated pixels; for visualisation reasons, the permanently 
covered areas (e.g., forest, water bodies, built-up) are shown as a cloud-
free greenest pixel composite. Figure 5.6 shows the RGB of the Barest 
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Pixel Composite of 2000–2005. The image clearly shows more bare soils in 
the south-west of the Swiss Plateau, with the highest concentration 
around the Lakes Neuchâtel, Biel and Morat (Grand Marais). There is a 
general southwards pattern with decreasing bare soil area, related to the 
grass-dominated land cover at the foot of the Alps. In addition, towards 
the northeast, less bare soils are present. 
 

 
Figure 5.6. Barest Pixel Composite for the time period 2000–2005 showing Landsat data (true 
colour Red-Green-Blue (RGB)). Pixels outside the agricultural area (e.g., water bodies, forest and 
built-up area) are shown as a cloud-free greenest pixel composite. 

5.4.3. Bare Soil Composite 

Thresholding the BSI 
Table 5.5 shows the resulting user’s and producer’s accuracy of the bare 
soil class, the total accuracy and the Kappa statistic, when setting the 
threshold where the user’s accuracy equals the producer’s accuracy. We 
excluded Scene 2b because the user’s and producer’s accuracy and the 
kappa statistic were very low. Analysing these results, we should keep in 
mind that changes in bare soil can happen fast because of land 
management during the harvest and seeding periods or changing weather 
conditions, even when we took a maximum difference of three days. 
Furthermore, differences between the view angle of APEX and the sun 
elevation might also affect the threshold values (Table 5.2). The resulting 
mean of 0.021 was applied for all further analysis (i.e., values above 0.021 
were considered bare soil). The variation around the mean (standard 
deviation 0.015) indicates that the threshold may be specific for the test 
site and environmental or land management conditions. 
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Table 5.5. User’s, Producer’s, and total accuracy [%] and the Kappa statistic [%]; and the 
corresponding threshold [-] when the User’s accuracy is equal to Producer’s accuracy 

 Date 
User’s 

Accuracy 

Producer’s 

Accuracy 

Total 

Accuracy 

Kappa 

statistic 
Threshold 

Scene 1a 21 April 2015 0.68 0.68 0.94 0.65 0.034 

Scene 1b 24 June 2015 0.63 0.63 0.98 0.62 0.010 

Scene 2a 10 April 2015 0.75 0.75 0.90 0.69 0.020 

Scene 2b 18 July 2014 0.05 0.05 0.97 0.04 0.042 

Scene 3a 11 April 2014 0.66 0.66 0.97 0.65 -0.002 

Scene 3b 10 April 2015 0.62 0.62 0.97 0.61 0.028 

Scene 4a 18 July 2014 0.29 0.29 0.98 0.29 0.038 

Scene 2b (in red) was excluded because of the low user’s and producer’s accuracy and the low kappa 
statistic. 

Bare Soil Composite  
The Bare Soil Composite shows the true colour RGB of the mean 
reflectance values of the bare soil pixels (defined as BSI above the 0.021 
threshold). The true colour RGB of the resulting bare soil area for 2000–
2005 is shown in Figure 5.7. The composite shows that the bare soil areas 
are most dominant at the north side of the Swiss Plateau and, especially in 
the west, just south of the Jura. Besides this, we see that the colours of the 
soils vary over the full area. This is an indication of the soil characteristics 
in the area. When we look at the zoomed area, we can clearly see a darker 
stripe from south-west to north-east; this area is known as the Grand 
Marais and its soils are high in soil organic matter, which are in general 
darker soils. Table 5.4 shows the amount of bare soil area of the 
aggregation window of five years for each time period. For the period 
2000–2005, 42.9% of the agricultural area was covered by bare soils pixel, 
which is 30.8% of the total Swiss Plateau. 
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Figure 5.7. Bare Soil Composite for the time period 2000–2005. Bare soil pixels are shown as true 
colour RGB of the Landsat data. The pixels within the agricultural area of the Swiss Plateau that 
showed Bare Soil Index (BSI) values below the threshold of 0.021 (e.g., grassland) are marked grey. 
Pixels outside the agricultural area (e.g., water bodies, forest and built-up area) are white. 

5.4.4. Soil property prediction 

Soil data availability  
Considering the available periods of satellite data (1985–1990 and 2000–
2017), most soil measurements were taken in the period 1985–1990. 
Appendix C2 shows the cumulative count of locations with laboratory 
measurements only (a), and locations with laboratory measurements and 
field estimates (b) intersecting with the bare soil area. It becomes clear 
from this graph that, only for the time period 1985–1990, a considerable 
amount of intersecting soil data is available. The other time periods show 
less than 100 (most of the time even less than 30) intersecting locations 
with in situ soil observations. However, in the 1985–1990 period, the 
observed bare soil area is limited because of the satellite data availability 
(Section 5.3.1). Therefore, we focused on the period 2000–2005 as the best 
trade-off between Landsat availability and representativeness of the in situ 
data. For the soil property prediction, we included the soil data from the 
five years prior to this time period up to the end of the time period (1995–
2005). This resulted in 387 soil locations for SOM and 389 for soil texture 
intersecting with the agricultural area. 
The in situ soil data shows that the soils in the area can be on average 
defined as loam, but also clay loam, sandy clay loam and sandy loam soils 
can be found. SOM is on average 3.87% with a standard deviation of 
2.59%. The summary statistics of the soil properties are shown in Table 
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5.6. These data were used for the multi-linear regression with reflectance 
values derived from the Bare Soil Composite. 
 

Table 5.6. Summary statistics of the soil properties. 
Property n1 Mean Min-Max2 95% percentile 

SOM [%] 387 3.87 ± 2.59 1.10-24.10 1.60-10.37 

Clay [%] 389 23.20 ± 7.87 8.36-53.44 12.60-44.27 

Silt [%] 389 32.90 ± 7.01 7.54-68.00 19.17-48.36 

Sand [%] 389 43.89 ± 11.18 9.00-84.10 20.22-64.08 
1 number of observations; 2 range of the minimum and maximum values. 3 soil organic 
matter 

Calibration  
Table 5.7 shows the results of the 10-fold cross validation of the 
calibration dataset. The R2 indicates that the models for clay and SOM 
performed best, with R2 values of 0.22 and 0.26, respectively. The models 
for sand and silt performed poorly with R2 values below 0.1 and high 
RMSE values. For both clay and SOM, the RMSE of the regression model 
are, as expected, lower than the mean model. For sand and silt, on the 
other hand, the RMSE is above the RMSE of the mean model, which 
means that the mean of the soil property is a better predictor than a multi-
linear model. This illustrates that the prediction of these soil parameters is 
not straightforward at large spatial scales. For this reason, we only show 
the SOM and clay prediction maps in this section. 
 

Table 5.7. Soil property prediction: results of the 10-fold cross validation of the calibration dataset 
and the results of the validation dataset. R2, root mean square error (RMSE), and RMSE of mean 
model (RMSEm) for SOM [%], clay [%], silt [%] and sand [%] 

 Calibration Validation 

Property R2 [-] RMSE [%] RMSEm [%] R2 [-] RMSE 

[%] 

RMSEm 

[%] 

SOM 0.26 ± 0.16 1.83 ± 0.48 2.12 ± 0.80 0.78 2.40 3.49 

Clay 0.22 ± 0.16 7.11 ± 1.23 7.78 ± 1.14 0.26 6.37 7.39 

Silt 0.05 ± 0.10 6.85 ± 0.95 6.71 ± 0.77 0.01 7.22 7.14 

Sand 0.08 ± 0.08 10.97 ± 1.15 10.86 ± 1.08 0.03 10.61 10.73 

 
Figure 5.8 shows in grey the measured versus predicted soil properties of 
the 10-fold cross validation of the calibration dataset. These figures show 
clearly what was already described before. The prediction models are most 
stable for SOM and clay. The prediction models for sand and silt are very 
unstable, shown by the wide range of regression lines. 
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Figure 5.8. Measured vs. predicted soil property values for soil organic matter (SOM), clay, silt and 
sand [%]—in grey, the results of the 10-fold cross validation of the calibration dataset and in black 
the results of the validation dataset. The dotted line shows the 1:1 line and the solid lines the 
multiple- linear regression lines. The corresponding R2 and root mean square error of the 
prediction can be found in Table 5.7. 
 
Figure 5.9 shows the prediction results of the multi-linear regression for 
SOM and clay. Comparing the summary statistics of the predicted values 
(Table 5.8) with the summary statistics of the soil properties of the soil 
database (Table 5.6), we can see that the mean is very similar, the standard 
deviation of the predicted values is, however, much smaller. This is also 
emphasised by the range of the 95% percentile of the data. The range of 
the predicted values is much narrower than the range of the soil database. 
This means that high and low values are not well predicted. Patterns are 
similar for all soil properties. The figures of the predicted soil properties 
show a clear pattern for SOM and clay, which fit the geology and soil 
description of the Swiss Plateau (Section 5.2). SOM and clay are mainly 
high in the Grand Marais and are, in general, lower in the higher areas. 
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Table 5.8. Summary statistics of the predicted soil properties. n = 4,270,458 pixels. 

Property Mean Min-Max2 95% percentile 

SOM [%]1 3.37 ± 1.01 0.00-100.00 2.11-5.89 

Clay [%] 22.92 ± 4.76 0.00-100.00 14.15-32.21 

Silt [%] 32.66 ± 1.66 0.00-100.00 29.09-35.13 

Sand [%] 44.53 ± 3.79 17.78-100.00 37.70-50.98 
1 SOM: soil organic matter; 2 range of the minimum and maximum values. 

 
 

 
a. b. 

Figure 5.9. Soil property maps for (a) soil organic matter (SOM) and (b) clay [%] for the time period 
2000–2005. The pixels within the agricultural area of the Swiss Plateau that showed Bare Soil Index 
(BSI) values below the threshold of 0.021 (e.g., grassland) are marked grey. Pixels outside the 
agricultural area (e.g., water bodies, forest and built-up area) are white. 

 
When we look at the multiple-linear regression equations in more detail 
(Table 5.9), we should explain the band selections for SOM and clay. For 
SOM, it is known that the visible part of the spectrum is often most 
predictive (Mulder et al., 2011). Although most of the absorption features 
for SOM are present in the VIS and NIR, the whole spectrum is influenced 
by SOM (Nocita et al., 2015). This might be the reason that the SWIR 
region appeared important in the regression. For clay, it is known that 
many absorption features can be found in the SWIR region of the 
spectrum (Soriano-Disla et al., 2014). The red band, on the other hand, is 
less clear. However, this can probably be attributed to iron and its 
corresponding oxidation features that are often substantially present in 
clayey soils (Ben-Dor et al., 1999). For sand and silt, there are no clear 
absorption features in the VNIR–SWIR (Breunig et al., 2008), but they are 
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inversely related with clay. All in all, SWIR appeared a powerful spectral 
region in the regression analysis, as anticipated from the design of the BSI. 
 
Table 5.9. Multiple-linear equation to derive the soil properties. 

Property Multiple-linear equation 

SOM1 2.9470429299 − 0.0019428105 ∙ Green + 0.0001621927 ∙ SWIR1 

Clay 58.921888496 − 0.006854451 ∙ Red − 0.006211345 ∙ NIR

+ 0.008700700 ∙ SWIR1 − 0.015130522 ∙ SWIR2 

Silt 28.432522580 + 0.010296555 ∙ Red − 0.003522337 ∙ SWIR1 

Sand 14.92585306 + 0.01242835 ∙ SWIR2 
1 SOM: soil organic matter. 

Validation  
The validation results using the validation dataset show very similar 
values as the performance results of the calibration dataset (Table 5.7). It 
is striking, however, that the validation dataset for SOM performs much 
better than the cross-validation of the calibration dataset. The R2 is 0.78 
compared to the 0.26 in the cross validation and the RMSE improves 
much more compared to the mean model. This might have to do with the 
random selection of the validation dataset and the widespreadness of the 
SOM values of the validation dataset (Figure 5.8).  
Figure 5.8 shows in black the measured versus predicted soil properties of 
the validation dataset. These figures show clearly what was already 
described before. Additionally, we can see that the patterns are well 
predicted for clay and SOM; however, the range of the predicted values is 
clearly narrower than of the measured values. For sand and silt, we have to 
be very careful using these prediction models, since there is no clear 
pattern in the regression line. 

Visual comparison available soil maps  
Figure 5.10 shows the comparison of the Barest Soil Composite prediction 
map with the available digital soil map (Nussbaum et al., 2017a, 2017b) 
for predicted soil organic matter (SOM) properties in north-east of the 
Grand Marais. Comparison between the maps is possible, since they are 
based on the same legacy data (harmonised NABODAT dataset (Rehbein 
et al., 2011; Walthert et al., 2016)). Nevertheless, we have to be aware of 
small differences. The Barest Soil Composite map is only based on the 
legacy soil data between 1995 and 2005 intersecting with the bare soil area 
of the remote sensing data. 
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Figure 5.10. Comparison between digital soil map (DSM) and the Barest Soil Composite prediction 
map. Predicted soil organic matter (SOM) [%] for the north-east of the Grand Marais, respectively for 
the DSM and the Barest Soil Composite prediction map.  

 
The Barest Soil Composite prediction maps show very similar patterns as 
the digital soil map. However, the high and low values are not well 
predicted, the digital soil map shows, for example, much higher SOM 
values in the Grand Marais. A more quantitative comparison of the results 
would be necessary to check the performance capacities of the Barest Soil 
Composite data for soil prediction. In addition, considering that the soil 
predictions are only based on the six reflection bands of Landsat and 
already can reproduce the spatial pattern of the digital soil map, it is a 
promising result.  

5.5. Discussion and outlook 

5.5.1. Discussion of the results  

The results showed that, for the agricultural area of Switzerland, Landsat 
data could offer detailed (30 m spatial resolution) soil information 
between 1985 and 1990 and from 2000 until now. Although the Landsat 
bands have limited capacity for predicting soil properties (Section 5.4.4), 
the prediction results for SOM and clay are moderate and spatial patterns 
were predicted as expected. Other studies that predicted soil properties 
based on Landsat data (Demattê et al., 2007; Fiorio and Demattê, 2009; 
Shabou et al., 2015) have shown similar or slightly better results, although 
comparison is difficult with only R2 as a performance indicator. Moreover, 
when discussing these results, we must be aware that these are exclusively 
based on Landsat data while most digital soil maps used many more 
covariates. When comparing the soil information Landsat can offer to the 
national soil map of Switzerland (Amt für Landschaft und Natur, 1997), it 
becomes clear that the property prediction may be less accurate at the in 
situ points, but the spatial detail is much better (results not shown). 
Moreover, the demonstrated method is fast and available for several time 
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periods since 1985. Unfortunately, the digital soil information available 
for Switzerland is limited and mostly based on soil information from the 
1990s, which makes the monitoring of changes difficult. Similarly, at the 
regional and global scale, soil data were mainly collected between the 
1960s and 1990s (Omuto et al., 2013). With the increasing demand for full 
coverage soil property maps for the use in regional and global models 
(Mulder et al., 2011), there is great potential for the use of remote sensing 
supporting digital soil mapping (Grunwald et al., 2011). Nevertheless, the 
actual use of remote sensing for mapping extended areas is still limited. 
We are among the first, as far as we know, to show the potential of 
Landsat time series for the quantitative mapping of soil properties for 
extended areas. We conclude that the Barest Pixel Composite and the Bare 
Soil Composite offer valuable information for the design of sampling 
schemes and deriving soil properties and recommend such soil specific 
composites to be included in digital soil mapping efforts.  
 
A few characteristics of the Barest Pixel Composite and the Bare Soil 
Composite should be carefully considered. The use of crop rotation in 
agricultural areas resolves the challenge of vegetation cover for 
temporarily covered soils. However, full coverage mapping of soils based 
on remote sensing data is difficult. Geostatistics and indirect correlations 
of soil properties with vegetation contribute to a solution (e.g. Lagacherie 
et al., 2012; Mulder et al., 2011; Singh et al., 2004) but require the 
development of new methods in order to retain the spatial detail that 
remote sensing data can offer. 
 
Within agricultural areas, the nature of what is considered as bare soil is 
not always clear. These may, for instance, be natural (unmanaged bare 
soil), artificial (e.g., construction) or crop rotation. Although the bare soil 
in our study area is dominantly the result of crop rotation, it is possible 
that confusion with other types exist. Depending on the application, this 
might affect the results. Furthermore, we selected the observation dates 
(and thus reflectance values) based on the mean above the BSI threshold 
of 0.021. However, the threshold may be site or soil specific and 
determining it requires field observations or expert interpretation of the 
imagery. Using the maximum BSI value (and thus the Barest Pixel 
Composite instead of the Bare Soil Composite) has the advantage of its 
universal applicability: the Barest Pixel Composite can be calculated for 
any region and period with a sufficient Landsat coverage. On the other 
hand, taking the mean BSI above a certain threshold and the mean of the 
corresponding Landsat bands (i.e., the Bare Soil Composite) reduces the 
sensitivity to anomalous observations or conditions and gives as such a 
more realistic picture of the mean bare soil conditions. For this reason, we 
have selected this approach for the soil property prediction. In this study, 
we based the prediction of soil properties for the time period 2000–2005 
on the soil data from 1995–2005. This means that a large part of the data 
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was excluded from the prediction model. Depending on the purpose of 
the prediction, it might be better to include all soil data. However, when 
considering that soil properties may change over longer time periods (e.g., 
decades), the selection of a limited time period will better represent the 
soil properties of this time period. For monitoring reasons, we decided to 
select the 1995–2005 period. When including all soil data (SOM: n = 1473; 
clay, sand and silt: n = 1525), the prediction performance increased 
marginally (Appendix C3, Table C3.1). 

5.5.2. Variability of the results  

We get an idea of the variability of the used Landsat data over time when 
we predict the soil properties for each moment in time that a pixel was 
bare (BSI > 0.021). Figure 5.11 shows the predicted soil property 
variability for SOM and clay over time for a single pixel in the Grand 
Marais. It is clear that the variability over time is high and that the 
deviation from the mean can be large, especially in the recent time periods 
(2010–2015 and 2015–2017). This variability can be caused by differences 
between the Landsat sensors, including differences in atmospheric 
correction, differences between the bands, or differences in view angle. 
Additionally, the variability can be caused by differences in weather 
conditions and land management in the different time periods cause 
differences in soil moisture and soil surface roughness, which both 
influence the surface reflectance of the soil (also discussed in Diek et al. 
(2016)). Using the mean over the time periods reduces the variability; 
however, as Figure 5.11 shows, the bareness frequency changes for each 
time period. 
 

 
Figure 5.11. Variability of soil organic matter (SOM) (top) and clay (bottom) over time for a single 
pixel in the Grand Marais (47°01′07.2′′N, 7°11′26.0′′E). Multi-linear regression functions of Table 
5 . 9 were applied to each moment in time the considered pixel was bare. The grey block is indicating 
the time period 1990–2000, which was excluded because of limited available Landsat data. Below the 
different aggregation windows are indicated (blue: 1985–1990; purple: 2000–2005; green: 2005–
2010; orange: 2010–2015; red: 2015–2017). 
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The variability for a single pixel is relatively easy to interpret. However, 
when we do a similar analysis for the focus area used in Figures 5.6–5.8, it 
becomes more difficult to interpret the results. Figure 5.12 shows the 
variability over time for the mean SOM and clay values of the focus area. 
It is possible to observe a seasonal change, where values for SOM and clay 
are high in winter and low in summer. Since these soil properties do not 
change in such a short time period, this variability can be most probably 
related to soil moisture, which is higher in winter and lower in summer. 
Moreover, this figure could also be used for monitoring of soil properties 
over time for example, for SOM, we can see a small increase over time. 
However, the interpretation of this figure should be done with care 
because the amount of pixels the calculation is based on varies over time. 
This is shown in the bar plot on top of the figure, which shows the 
percentage of pixels that are taken into account for the calculation of the 
mean soil property. 
 

 
Figure 5.12. Variability of the mean soil organic matter (SOM) (middle) and clay (bottom) values 
over time for the focus area used in Figures 5.6–5.8, located in the Grand Marais. Multi-linear 
regression functions of Table 5.9 were applied to each moment in time for all bare soil pixels in the 
focus area. The grey area around the mean values indicates the standard deviation of the soil 
properties. The grey block is indicating the time period 1990–2000, which was excluded because of 
limited available Landsat data. Below the different aggregation windows are indicated (blue: 1985–
1990; purple: 2000–2005; green: 2005–2010; orange: 2010–2015; red: 2015–2017). The bar plot on top 
shows the percentage of the focus area that was bare and taken into account for the calculation of the 
mean and standard deviation. 

Differences between sensors  
Although the bands of each sensor cover similar spectral regions, they are 
not exactly the same (Table 5.1). This means that using composites based 
on a combination of data of several sensors can result in uncertainties. 
Additionally, differences in atmospheric correction and view angle 
between sensors can result in differences between the sensors. We 
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compared several overlapping scenes of different sensors that were 
acquired within 24 h from each other to study this potential uncertainty. 
We did this for the individual reflectance bands of Landsat, for the 
derived BSI values and for the derived soil properties (Table 5.10, the 
mean of the considered pixel values can be found in Appendix C4, Table 
C4.1). Some of the variation may be attributed to different acquisition 
conditions (e.g., rain events, land management, etc.), although the scenes 
were taken within 24 h from each other. 
 

Table 5.10. R2 of the linear regression, root mean square error (RMSE) and Mean Error between the 
bands of Landsat 5 TM vs. Landsat 7 ETM+ (L5L7) and Landsat 7 ETM+ vs. Landsat 8 OLI (L7L8), the 
derived bare soil index (BSI) and the derived soil properties. L5L7 reflectance bands and BSI: n = 
8,027,616; soil properties: n = 71,987; L7L8 reflectance bands and BSI: n = 7,868,682; soil properties: n 
= 106,114. 

 L5L7  L7L8 

 R2 RMSE [%] Mean Error  R2 RMSE [%] Mean Error 

Blue 0.11 2.96 -0.12  0.19 2.78 0.88 

Green 0.37 2.29 0.26  0.35 2.47 -0.09 

Red 0.61 2.44 0.34  0.60 2.58 -0.11 

NIR 0.67 6.04 -1.89  0.71 6.25 -1.56 

SWIR1 0.53 4.24 -0.96  0.54 4.64 -0.66 

SWIR2 0.66 3.29 -0.23  0.60 3.72 -1.13 

BSI 0.87 0.08 0.03  0.85 0.09 -0.02 

SOM1 0.82 0.68 0.12  0.70 1.84 -0.16 

Clay 0.79 4.63 3.07  0.63 5.96 1.65 

Silt 0.75 1.34 -0.38  0.73 1.39 -0.11 

Sand 0.74 3.91 -2.62  0.57 5.07 -1.65 
1 SOM: soil organic matter. 

 
For the spectral bands, the RMSE results were slightly lower than what 
(Roy et al., 2016) reported. However, the mean error was in general 
smaller for the VIS reflectance bands, but bigger for the NIR and SWIR 
region; and the R2 values were lower for the VIS reflectance bands. This 
might be related to the focus on the agricultural area, which reduces the 
range of the reflectance data, especially in the VIS range. For the derived 
BSI values, the results were very good (high R2 values). RMSE and mean 
error were low, which means that the influence on the BSI is small. 
Differences were slightly larger between L7 and L8. For the derived soil 
properties, the results were also good (high R2 values). Differences were 
especially small for silt and SOM, which both seemed least influenced by 
the differences of the sensors. For sand and clay, there was a more clear 
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deviation from the 1:1 line, especially for L5L7 (positive mean error, bias 
towards L5). 
 
In conclusion, the differences between Landsat sensors may have 
influenced the results of, especially, the soil property predictions but less 
the Landsat composite products. Biases are in general small, which makes 
it extremely difficult to correct for the biases. Taking the mean of the 
reflectance values over time further reduces the differences between 
sensors. 

Differences in temporal coverage  
The revisit time of Landsat satellites depends on the overlap between 
paths or rows and is not everywhere the same. Figure 5.13 shows the 
temporal coverage of the Landsat data for the Swiss Plateau for the 2000–
2005 time period. Three south-west to north-east strips regions were 
clearly less covered than the rest of the Swiss Plateau. On the other hand, 
two west–east oriented strips show a higher coverage, probably due to 
overlap between consecutive Landsat images. These overlapping rows 
provide little additional information in comparison to overlapping paths 
because the images are acquired with minimal time difference and 
therefore largely under identical environmental and weather conditions. 
When we zoom in and look at the number of pixels that were actually 
classified as bare soil in this period, we can see a large variation. The 
temporal coverage is not only dependent on the Landsat coverage, but 
also on the weather conditions, the crop type and the land management 
system. 
 

 
(a) (b) 

Figure 5.13. Temporal coverage for the time period 2000-2005 of Landsat images for the full Swiss 
Plateau (a) and the number of times a pixel is classified as bare soil (BSI > 0.021) in the focus area (b). 
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Differences in soil moisture  
It is known that soil moisture affects the reflectance data, and this effect 
was first described by (Bowers and Hanks, 1965). The main effect is the 
increasing reflectance with decreasing soil moisture. Some spectral 
features are more affected (Ben-Dor et al., 2009), especially the water 
absorption features around 1400 and 1900 nm and the SWIR range 
(Castaldi et al., 2015; Levitt et al., 1990; Lobell and Asner, 2002). As a 
result, soil moisture tends to mask the effect of other soil properties (e.g., 
soil organic matter and iron oxides) (Leger et al., 1979). Compositing data 
from different dates, like in the Barest Pixel Composite and in the Bare 
Soil Composite, results in a great variation of soil moisture. This might 
affect the derived soil properties. 
The BSI was tested for its sensitivity to differences in soil moisture based 
on an independent dataset (results not shown) and based on a soil 
moisture index applied on the Landsat data (methodology described in 
Appendix C5.1) The results showed no correlation between the BSI and 
soil moisture (Figure 5.14). In this study, the bare soil selection is based on 
the highest BSI (Barest Pixel Composite) or the mean BSI above a certain 
threshold (Bare Soil Composite). Therefore, the results indicate that the 
bare soil pixel selection is not influenced directly by soil moisture (i.e., no 
biased selection towards only wet or dry pixels). Nevertheless, we can 
anticipate that some areas have been acquired under drier or wetter 
conditions than others. This may influence the result of the Bare Soil 
Composite and particularly the prediction of the soil properties. This 
effect is demonstrated by the results in Appendix C5.2. Especially, clay 
and sand showed a certain co-variation with soil moisture, positive and 
negative, respectively. The water holding capacity of clay may partly 
explain this: soil with more clay, and thus less sand and/or silt, hold more 
water and the other way around. This is similar for SOM because it is 
known that soils with more SOM hold more water (Hudson, 1994). The 
effect of soil moisture can be spectrally corrected but existing methods 
(e.g. Bogrekci and Lee, 2006; Castaldi et al., 2015; Diek et al., 2016; Ge et 
al., 2014; Liu et al., 2015; Minasny et al., 2011) were developed for imaging 
spectroscopy data and are not easily applicable to multispectral data. Soil 
surface roughness also affects the reflectance of a bare soil. The effects are 
similar to the effect of soil moisture on reflectance, but are less severe and 
more linear over the spectrum. In general, an increase of soil surface 
roughness leads to a decrease in reflectance values, mainly as a result of 
shadow (Matthias et al., 2000). It is almost impossible to estimate this 
effect from Landsat data and correct for it. The impact can be expected to 
be low, especially for observations with a bigger spatial resolution and a 
high solar angle that results in fewer shadows. 
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Figure 5.14. Effect of soil moisture (perpendicular drought index (PDI) [-]; low values indicate a 
high soil moisture, high values a low soil moisture) on the bare soil index (BSI) [-]. Outliers were 
excluded from the figure because of visualisation reasons. 

5.5.3. Outlook  

Potential for upscaling 
There is a clear potential to upscale this information to national, 
European or even global scale. Similar upscaling to global scale was 
recently done for forest (Hansen et al., 2013) and for surface water bodies 
(Pekel et al., 2016). Main condition is that agricultural fields are bare after 
harvesting and/or before seeding, which may not be the case everywhere. 
Other auxiliary data than used in this study is necessary for masking 
forest, built-up, water and natural areas. For European scale, candidates 
are the Hansen Global Forest Change dataset (Hansen et al., 2013) for 
forest and for water, wetlands, natural grassland and built-up it is possible 
to use data from the Copernicus Land Monitoring Service, respectively, 
the Permanent Water Bodies dataset, the Wetlands dataset, the Natural 
Grassland dataset, and the Imperviousness dataset. All datasets are 
available in 20 and 100 m resolution. For global scale, the same data may 
be used for masking forest. For water, the JRC Global Surface Water 
Mapping Layers (Pekel et al., 2016) are available and for built-up the 
Global Urban Footprint (Esch et al., 2017). There are no readily available 
sources for masking natural (vegetated) areas at high spatial resolution 
and global extent but available land-cover products provide feasible 
alternatives. Soil properties could be predicted based on Harmonized 
Global Soil Profile Dataset (HGSPD (Batjes, 2009)). The HGSPD is one of 
the global datasets used to create the Harmonized World Soil Database 
(HWSD (Nachtergaele et al., 2012)) and consists of 10,250 soil profiles, 
with some 47,800 horizons, from 149 countries. The dataset contains, 
however, several extended areas with lacking or a very low sampling 
density and the profiles are not uniformly sampled, described, and 
analysed, but vary according to methods and standards in use in the 
originating countries. 
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As a demonstration, we calculated the Barest Pixel and Bare Soil 
Composites for Europe for the time period 2010–2015. This resulted in a 
collection of 69,746 Landsat scenes (12,183 L5; 35,535 L7; 22,028 L8). As 
an indication of the processing efforts, the Barest Pixel Composite of 
Europe with a resolution of 30 m. Furthermore, 30 GB in size and 
required ca. 30 h of processing time on the Earth Engine platform. 

Application potential 
Products like the Barest Pixel Composite or the Bare Soil Composite have 
many more applications than the prediction of soil properties. Alternative 
applications are mainly of interest for land management modelling and 
policymaking. In this section, we list a few products that can be derived 
from the Barest Pixel Composite.  
Based on the assumption that the alternation between bare soil and 
vegetation indicates crop rotation, it is possible to distinguish between 
cropland and grassland within the agricultural area (i.e., a pixel is 
considered cropland when the pixel has been bare at least once in the 
considered time period). This is of great value for land management 
modelling, mainly because these data are not always publicly available 
(Gomez Gimenez et al., 2016).  
Information of the BSI over time can give us information on when 
croplands are bare, how often and how long. This information is useful, 
especially in Switzerland, where policies enforce full year coverage of soils 
in order to prevent soil erosion.  
 

 
a. b. 

Figure 5.16. Normalised difference vegetation index (NDVI) and the BSI time series for cropland (a) 
and grassland (b). The NDVI is shown with the green dots, the green line is a fitted spline model. 
The BSI (after thresholding) is shown in purple dots, where 0 is vegetated and 1 is bare soil. Based on 
the NDVI fluctuations and the moments of bare soil, we can classify summer crops (short growing 
season, peak in late summer, seeding in spring, harvest in autumn) and winter crops (longer growing 
season, peak early summer, seeding in autumn, harvest late summer). 
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We can even make a step further by including NDVI and gain 
information on types of land management. The moment of bare soil and 
the development of the NDVI over time can give us information on when 
crops were seeded and harvested. With relative simple logic, it is possible 
to classify winter crops, summer cops and grasslands. Summer crops have 
a short growing season, NDVI peak in late summer, are seeded in spring, 
and harvested in autumn; winter crops have a longer growing season, 
NDVI peak early summer, are seeded in autumn, and harvested late 
summer; grasslands are always vegetated and have small fluctuations in 
NDVI. An example of this is shown in Figure 5.16. The different 
combinations of certain crops over the period of crop rotation can give 
information on the land management type of the field. Such an analysis 
could be complemented with the research done by Thenkabail et al. 
(2009) and Ozdogan et al. (2010), who focus on the use of remote sensing 
in order to distinguish irrigated agriculture. 

5.6. Conclusion  
This study shows that Landsat time series from 1985 to 2017 (excluding 
1990–2000 because of limited availability of Landsat data) can be used to 
create a Barest Pixel Composite, from which soil properties can be 
derived. For a full coverage Bare Soil Composite, in a heterogeneous 
agricultural area like the Swiss Plateau in Switzerland, ca. 5 years of 
Landsat data were required to cover 90% of the total bare soil area. Clay 
fraction and soil organic matter could be derived from this Bare Soil 
Composite and may be used as additional data sources to traditional soil 
maps. Furthermore, prediction results were promising, in particular given 
the singular data source. Moreover, our method is computationally fast 
and available for several time periods since 1985. The composites further 
offer potential for use in land management modelling and can be up-
scaled to European or global level. We conclude that the Barest Pixel 
Composite and the Bare Soil Composite offer valuable information for the 
design of soil sampling schemes as well as deriving soil properties. It is 
highly desirable that such soil-specific composites will be included in 
digital soil mapping in the near future. 
 
Acknowledgments  
This study was funded by the Swiss National Science Foundation (SNSF) and the 
Bundesamt für Umwelt (BAFU) in the frame of the National Research 
Programme "Sustainable use of Soil as a Resource" (NRP 68). Within the NRP 68, 
the study was part of the project “Predictive mapping of soil properties for the 
evaluation of soil functions at regional scale” (www.nfp68.ch). The contribution 
of M.E.S. is supported by the University of Zurich Research Priority Program on 
‘Global Change and Biodiversity’ (URPP GCB). APEX data acquisition was 
supported by the Swiss Earth Observatory Network (http://www.seon.uzh.ch) 
project. We would like to thank the people who harmonised the NABODAT 
dataset (https://nabodat.ch).  



 

6 
1  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Synthesis 
 
 
 
 
 
 
 
 
 
 
 
 



Chapter 6 

 122 

6.1. Main findings 
The use of airborne and satellite optical remote sensing can offer valuable 
information for the large-scale mapping of soil properties. The application 
of airborne, and future satellite, imaging spectroscopy is, however, 
hindered by challenges like vegetation cover and soil surface variations. 
Additionally, available satellite optical remote sensing data might be less 
suitable for soil purposes because of the multispectral band information. 
In this thesis I have tried to answer the following overall objective: How 
can airborne and spaceborne optical remote sensing for large-scale soil 
mapping in temperate climates be optimised considering available soil data, 
available spectral data, spatial resolution, spatial coverage, and spectral 
resolution? 
In Section 1.5 the research questions were presented that helped us to 
answer this overall objective. Below, the research questions are revisited 
and the results are discussed in relation to the problem setting discussed 
in Chapter 1. 

6.1.1. Research Question I 

Can multi-temporal airborne and spaceborne optical remote sensing data 
be used to increase the bare soil area and solve the challenge of vegetation 
cover for soil remote sensing?  
 
Vegetation cover is one of the challenges that airborne and spaceborne 
optical remote sensing are facing. This is clearly a problem when we 
consider that 56% of the global land area is covered by green vegetation 
(Ben-Dor et al., 1999). The alternation of crops as a result of harvesting 
and seeding in agricultural areas demands the presence of bare soils. Crop 
rotation results in changing harvest and seeding moments. The use of 
multi-temporal data in order to deal with vegetation cover and to increase 
the bare soil area is described by the use of airborne spectroscopy data in 
Chapter 3 and by the use of spaceborne multispectral data in Chapter 5. 
Both approaches are successful examples of the use of multi-temporal data 
to deal with vegetation cover.  
 
Chapter 3 describes the use of multi-temporal airborne imaging 
spectroscopy data to increase the total bare soil area by creating a 
composite of the bare soil pixels from each individual image. The 
composite is based on three scenes of three consequent years, two from 
spring and one from autumn. The final composite contains more than 
double the amount of bare soil area compared to one single acquisition. 
The fields that are present in multiple acquisitions show that there are 
differences in spectral information. This is most likely not the result of 
differences in soil properties. Meteorological conditions and land 
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management explain these differences better. It is possible to divide these 
variations in global linear variations and local non-linear variations. As 
shown in Chapter 3 the empirical line method can be used to reduce the 
effects of the global linear variations. In order to correct for the local non-
linear changes, however, additional quantitative information on soil 
surface variation is needed.  
 
One of the big limitations of the use of airborne data is that the temporal 
coverage is limited. Three moments in time are of course not enough to 
cover all bare soils in the area. Although it would be possible to fly more 
regularly, the dependence of airborne spectroscopy on sun angle and 
meteorological conditions makes this complex; additionally the costs for 
each flight are high. In contrast, spaceborne multispectral data has a large 
spatial and temporal coverage. The huge wealth of freely available satellite 
images make it possible to use hundreds of scenes to create a multi-
temporal image. Chapter 5 uses the data of Landsat TM 5, ETM+ 7 and 
OLI 8 to create a mosaic of bare soil pixels over a period of 5 years. This 
methodology makes it possible to approach the maximal bare soil surface 
of the agricultural area. In the 5-year time period we are able to capture 
90% of the total bare soil area for the considered time period. The amount 
of scenes used in this approach, however, also brings challenges. It is 
difficult to correct, in the same way as in Chapter 3, for global linear soil 
surface variations and the multispectral data doesn’t allow correcting for 
the local non-linear soil surface variations in a similar way as in Chapter 4. 
However, the use of the mean reflectance of all bare soil pixels in the 
considered time period is diminishing the variation in soil surface 
variations. Nevertheless, we also show that the predicted soil properties 
are varying over time (Section 5.2.2), probably mainly as a result of 
differences in weather conditions and land management practices, 
resulting in soil surface variation which affect the reflectance values. 
Additionally, we show that the predicted soil properties are highly 
correlated to soil moisture (Appendix C5.2), which might mask the actual 
variation of the soil properties.  
 
In conclusion it is possible to solve the challenge of vegetation cover in 
agricultural areas with the use of multi-temporal data. We have proven 
that we are able to collect all bare soils present in the agricultural area, 
provided that we have data with a sufficient temporal resolution and time 
range.  

6.1.2. Research Question II 

How can the effect of soil surface variations, in particular soil moisture, on 
imaging spectroscopy be reduced?  
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The effect of soil surface variation – like soil moisture, soil surface 
roughness, (non-photosynthetic) vegetation coverage, particle size 
distribution, dust accumulation and the formation of physical/biogenic 
crusts – on surface reflectance is especially a problem when comparing or 
combining spectral images for soil applications from multiple years or 
when comparing laboratory derived spectra with field, airborne or 
spaceborne derived spectra. Understanding the effects of environmental 
factors on field and airborne soil spectroscopy data and the consequences 
for the prediction accuracies, is crucial in order to optimise the use of 
airborne and satellite spectroscopy data for soil applications. Apart from a 
global linear effect of differences between two images, there are also local 
non-linear effects of soil surface variation (as shown in Chapter 3). The 
global linear effects can be corrected without quantitative information on 
the variation, however, in order to reduce the effects of these local non-
linear effects, quantitative information on the soil surface variation is 
needed.  
 
Variations in soil moisture and soil surface roughness are considered as 
the main challenges for in-field application of soil spectroscopy, of which 
the effect of soil moisture is the most pronounced. As described in 
Chapter 4 the spectral reflectance is decreasing with increasing soil 
moisture. The effect of soil moisture is non-linear over the different 
wavelengths. Especially, the water absorption features and the SWIR 
region are more influenced. Furthermore, the effect is independent of the 
soil type. Based on an independent soil moisture spectral dataset we 
derived a correction factor per wavelength. The wavelength dependent 
relative difference between soil spectra with given soil moisture and their 
corresponding dry soil spectrum was determining the correction factor.  
 
In order to create the correction factor a new soil moisture index was 
introduced to quantitatively predict the soil moisture of the airborne 
spectroscopy data. The new soil moisture index is closely related to the 
existing NINSOL index, but is applicable to data where the water 
absorption features are interpolated. The correction factors are based on 
an independent dataset; therefore no additional laboratory measurements 
are needed. Furthermore, the method is applicable to airborne and 
satellite imaging spectroscopy data with known soil moisture. The 
correction model was successfully applied to reduce the effects of soil 
moisture. Soil spectra became closer to the laboratory spectra. Soil 
properties prediction based on the corrected spectra showed, however, 
unexpected results. Predictions showed only improvements for OM and 
silt. There are many factors that could explain these results. The 
correction factor is influenced by soil type and not all types of soil surface 
variation and their interactions have been taken into account.  
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In conclusion we were the first to create a robust and straightforward 
method to reduce the effects of soil moisture independent of additional 
laboratory measurements and applicable to airborne and satellite imaging 
spectroscopy data. With this method it is possible to bring airborne 
spectroscopy spectra closer to the laboratory spectra. However, the 
method can be improved when more datasets and not only soil moisture 
is considered. More information is needed on the different types soil 
surface variation, their effects and their interactions in order to create a 
better method to correct for soil surface variation.  

6.1.3. Research Question III 

What do the time series of available spaceborne multispectral data have to 
offer soil remote sensing? 
 
Today, multispectral sensors provide invaluable time series of data since 
the 1970s with global coverage (e.g. ASTER, Landsat, MERIS, MODIS, 
SPOT, Sentinel, VIIRS). These data contain a lot of useful information 
and can be limitedly used for soil applications despite spectral features of 
soils often being weak, narrow and mixed. Even though these data don’t 
have the advantage of narrow band information and a very high spatial 
resolution, it has the advantage of a global coverage, with often a high 
temporal resolution and a long time series. Recent developments of cloud-
based platforms, like Google Earth Engine, make it possible to access and 
process these large temporal and geospatial datasets and explore their 
possibilities for soil purposes. 
 
Where time series of remote sensing data in other fields of study are 
commonly used to analyse and monitor changes or are used to make 
future predictions, the time series used for soil remote sensing, as shown 
in Chapter 5, are in the first place used to create a multi-temporal 
composite of the total bare soil area over a certain time period (see also 
Section 6.1.1). We concluded that in a temperate climate like Switzerland 
approximately 5 years from the considered starting time is needed in 
order to reach 90% of the total bare soil area. The total bare soil area is 
partly dependent on the availability of the satellite data. When the 
temporal resolution is limited, like when only Landsat 5 was available, the 
total bare soil area is most likely underestimated. More recently, the 
temporal resolution has increased with the availability of both Landsat 5 
and Landsat 7 and later with the availability of Landsat 7 and Landsat 8. 
Soils are mainly bare in spring, late summer and autumn, which 
correspond to the most common seeding and harvest periods. Depending 
on the meteorological conditions these periods are varying slightly over 
the years.  
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Soil property prediction for the multi-temporal composite (Bare Soil 
Composite) of time period 2000-2005, using soil data between 1995 and 
2005 was successful for clay and soil organic matter. A visual comparison 
with the available digital soil map for SOM shows that patterns are 
predicted well, however, extreme values are not well predicted. Even 
though prediction performance is only moderate, we have to consider that 
the prediction is based on only one data source, while for the better 
performing digital soil mapping many more covariates are used that offer 
information. For this reason, the results are very promising and we 
recommend using the Bare Soil Composite in digital soil mapping.  
Chapter 5 also describes that the available soil data of Switzerland are 
mainly taken before 2000, with a peak of soil measurements in the 1990s. 
Unfortunately in this period no Landsat data are available for Switzerland. 
This shows that there is a clear mismatch in data availability. When a soil 
map is created based on spectral data from after 2000 (best availability of 
Landsat data), the soil prediction can only be executed with additional soil 
data from before 2000. Creating soil maps based on all available soil data 
will reflect the state of the soil of the 1990s or even before.  
 
In conclusion spaceborne multispectral data can offer valuable 
information for soil science. Not only is it possible to create multi-
temporal composites that can cover up to 90% of the total bare soil area in 
5 years, it is also possible to make soil property predictions based on these 
data.  

6.2. Reflection 
As stated in the Chapter 1, the overall objective of this thesis was to find 
an answer to the question: How can airborne and spaceborne optical 
remote sensing for large-scale soil mapping in temperate climates be 
optimised considering available soil data, available spectral data, spatial 
resolution, spatial coverage, and spectral resolution? Unfortunately, there is 
not one answer to this question. Nevertheless, this thesis shows that 
optical remote sensing can be used for large-scale soil mapping and how 
can be dealt with the challenges that are coming with this. It has become 
clear from this thesis that airborne spectroscopy data and spaceborne 
multispectral data have both their own advantages. Airborne imaging 
spectroscopy has the advantage of a high spectral and spatial resolution, 
which makes it extremely suitable for the prediction of soil properties, 
which even is able to show variations at in-field scale. However, it lacks 
the temporal coverage, both in frequency and in time series. Especially, 
this temporal scale appears to be important, since vegetation cover 
hinders the use of optical remote sensing data for soil purposes (Section 
1.5.1 and Chapter 3). This is what satellite data can offer, the huge amount 
of open access data offers time series that go back to the 1970s and a 
temporal resolution up to every 7 days. But, these data have a spatial 
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resolution of max. 30 m and only offer multispectral information, which is 
not optimal for the prediction of soil properties. At this moment, the 
advantages of both are impossible to combine. With the planned 
spaceborne imaging spectroscopy missions in the near future (e.g., 
European Sentinel 2B (2017) (ESA, 2016), German EnMAP (2018) (DLR, 
2016), Italian PRISMA (2018) (Pignatti et al., 2013), Japanese HISUI 
(2018) (Iwasaki et al., 2011), Italian-Israeli SHALOM (2021) (ISA, 2014), 
and American HyspIRI (2022) (NASA, 2016)) it will be possible to at least 
combine the temporal and spectral resolution. Airborne and satellite 
imaging spectroscopy, however, still suffers from challenges that are not 
affecting laboratory imaging spectroscopy, including variations of the soil 
surface, of sensor characteristics, in illumination and view angle 
conditions; the need for radiometric, geometric calibration and 
atmospheric correction; the focus on topsoil and the limitations because 
of (non-photosynthetic) vegetation and clouds (Section 1.5). In order to 
use these data successfully for large-scale soil predictions, standardised 
methods that are easy to apply need to be developed in order to deal with 
these challenges. Chapter 3 and 4 show methods to deal with part of these 
challenges, also considered the main challenges: vegetation cover and soil 
surface variation focusing on soil surface variation (in this case: soil 
moisture). Although imaging spectroscopy is mainly used for soil remote 
sensing, these data offer no regular temporal data. This is offered by 
existing multispectral spaceborne data with time series dating back to the 
1970s. Although there is a huge wealth of open access satellite remote 
sensing data, storing, managing and analysing this amount of data asks for 
high-performance computing resources (Gorelick et al., 2017). The 
development of cloud-based platforms, like Google Earth Engine, make it 
possible to access and process large temporal and geospatial datasets 
(Gorelick et al., 2017). This has offered the possibility to explore the 
potential of multispectral satellite data for soil purposes. Chapter 5 shows 
the potential of the Landsat time series for soil and land management 
purposes.  

6.2.1. Challenges of large-scale mapping 

Figure 6.1 shows the predicted clay values [%] for an area south-east of 
Greifensee (canton Zurich). From left to right it shows the digital soil map 
(Nussbaum et al., 2017b, 2017a), the remote sensing map based on 
Landsat data (Chapter 5) and the remote sensing maps based on APEX 
data, the upper map contains the multi-temporal composite (Chapter 3) 
and the lower map the agricultural fields corrected for soil moisture 
variations (Chapter 4). The digital soil map (20 m) is based on the full 
legacy dataset (harmonised NABODAT dataset from 1969-2014 (Rehbein 
et al., 2011; Walthert et al., 2016)), the Landsat remote sensing map (30 
m) is based on Landsat data between 2000 and 2005 and on the legacy 
data between 1995 and 2005 (harmonised NABODAT dataset (Rehbein et 



Chapter 6 

 128 

al., 2011; Walthert et al., 2016)) and the APEX remote sensing maps (2 m) 
are based on APEX data from 2013, 2014 and 2015 and on fieldwork and 
laboratory measurements performed in 2014 and 2015. This makes it 
impossible to compare the maps quantitatively. Quantification of the 
accuracy and uncertainty of both conventional and digital (incl. remote 
sensing) soil maps is necessary in order to actually compare digital and 
conventional methods with each other. Nevertheless, there are two issues 
that can be discussed based on the maps shown in Figure 6.1.  
 

 
Figure 6.1. Comparison between the digital soil map (left), the Landsat remote sensing soil map 
(middle), and the APEX remote sensing map (right) of the predicted clay values [%] for the area 
south-east of Greifensee (canton Zurich). The top APEX remote sensing map is the multi-temporal 
composite; the bottom map shows the agricultural fields corrected for soil moisture variations.  
 
Firstly, the maps give a clear overview of the total mapped area. The 
Landsat remote sensing map shows the soil prediction for 90% of the total 
bare soil area in the period between 2000 and 2005 (Chapter 5). For the 
multi-temporal composite of the APEX remote sensing map it is known 
that this map contains more than double the amount of bare soil area in 
comparison to a single acquisition (Chapter 3). Using crop alternation to 
increase the bare soil area has proven to be extremely successful in 
agricultural areas (Chapter 3 and 5). Although other studies have used this 
concept before (Demattê et al., 2016a; Gerighausen et al., 2012), the 
strongest points of our method are that (i) we make composites of the 
reflectance data, which does not require an increase of calibration data; 
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and (ii) we show that the method is applicable for a large number of 
images. In areas with no or only a limited area of agriculture, and thus 
without alternating crops, this method will not offer a solution and the use 
of remote sensing in these areas for soil purposes will be extremely 
limited. Here, geostatistics could offer a solution to interpolate to 
vegetated areas without bare soil remote sensing information, based on 
the areas with bare soil remote sensing information (Lagacherie et al., 
2012). Except for indirect information from vegetation in the form of 
patterns and indices (Mulder et al., 2011; Singh et al., 2004), which offers 
limited information in man-made landscapes, there is no information 
available on soils and auxiliary data is needed for this interpolation. 
Geostatistics, however, need to develop so that the great wealth of spectral 
information of the bare soils can be used (Mulder, 2013) and in order to 
preserve the variability in the data. Existing methods (e.g. kriging) are 
smoothing out drastically and as a result lots of information is lost. Using 
patterns in the vegetation cover could be explored to solve this.  
 
Secondly, what clearly appears from the maps in Figure 6.1 is that the 
APEX remote sensing map shows in-field variability. The digital soil map 
does not show this. In the Landsat remote sensing map, this variability is 
less visible, but there are few areas that show similar patterns as the APEX 
remote sensing map. This micro scale information can be extremely useful 
to farmers and for policy making. Normally, detailed or iterative soil 
surveying is needed to be able to map this information. High-resolution 
imaging spectroscopy offers the potential to capture this micro-scale 
pattern in digital soil mapping. The question is, however, how realistic the 
picture given by the multi-temporal composite of the APEX remote 
sensing map is. As a result of soil surface variability, the micro-scale 
patterns might have been exaggerated and changed. This is shown by the 
second APEX remote sensing map, where the influence of soil moisture 
has been corrected. These results underline the need to correct for soil 
surface variability, especially when considering these high-resolution 
(spatial and spectral) data. Many different methods exist in order to 
correct for soil surface variability in imaging spectroscopy data (e.g. 
Bogrekci and Lee, 2006; Castaldi et al., 2015; Ge et al., 2014; Liu et al., 
2015; Minasny et al., 2011 for soil moisture variations and Croft et al., 
2014; Denis et al., 2014; Ji et al., 2015; Wu et al., 2009 for soil surface 
roughness variability). These methods might even perform better than the 
method we present. The strong point of our method, however, is that it is 
an independent and robust method that is easy to apply. With the 
upcoming imaging spectroscopy satellite missions there is a need for 
standardised methods that are able to deal with the large amount of data 
that the high temporal resolution is bringing.  
 
For the Landsat remote sensing map the effect of soil surface variability 
has been diminished by the larger pixel size and by taking the mean 
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reflectance of all bare pixels in the considered time period. However, there 
is a variation in the amount of pixels used to define this mean and it is not 
clear if pixels defining this mean are representing different meteorological 
conditions. We emphasised this in Section 5.5.2, where we showed the soil 
property variation over time for a single pixel and a focus area. As a result, 
the effect of soil surface variability on Bare Soil Composite is unclear. 
Unfortunately, methods are mainly developed for imaging spectroscopy 
data and not easily transferable to multispectral data. Other satellite 
sensors could offer a solution to derive information on soil moisture and 
soil surface roughness (e.g. radar for soil moisture and lidar for soil 
surface roughness).  

6.2.2. Potential of spaceborne multispectral data 

 
Figure 6.2. Comparison between the conventional soil map (CSM), digital soil map (DSM) and the 
Barest Soil Composite prediction map. On top (a–c) predicted clay values (%) for the area south-
east of Greifensee (area 1), respectively for the CSM, DSM and the Barest Soil Composite prediction 
map. The bottom (d,e) shows the predicted soil organic matter (SOM) (%) for the north-east of the 
Grand Marais (area 2), respectively for the DSM and the Barest Soil Composite prediction map. The 
conventional soil map was divided in five classes based on the texture triangle given by Fachstelle 
Bodenschutz (2012). 
 
A visual comparison between a digital soil map and the Landsat remote 
sensing map was made in Section 5.4.4. Figure 6.2 completes this 
comparison by including a conventional soil map of the area. Apart from 
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the comparison of the Landsat remote sensing map (Chapter 5) with the 
available digital soil map (Nussbaum et al., 2017a, 2017b) for predicted 
soil organic matter (SOM) values in north-east of the Grand Marais (d,e), 
it shows the comparison between a conventional soil map (Amt für 
Landschaft und Natur, 1997), digital soil map (Nussbaum et al., 2017a, 
2017b) and the Landsat remote sensing map (Chapter 5) for clay values in 
the area south-east of Greifensee (a-c). Texture classes for the topsoil were 
given for the conventional soil map, we divided the texture classes in five 
classes based on the triangle given by Fachstelle Bodenschutz (2012), 
details on the classification can be found in Appendix C1. Comparison 
between the maps is possible, since all maps are based on the same legacy 
data (harmonised NABODAT dataset (Rehbein et al., 2011; Walthert et 
al., 2016)). Nevertheless, we have to be aware of small differences. 
Polygons of the conventional soil map are drawn based on additional, not 
registered, soil samples (Nussbaum, 2017); and the Landsat remote 
sensing map is only based on the legacy soil data between 1995 and 2005 
intersecting with the bare soil area of the remote sensing data.  
 
There are large differences between the conventional soil map and the 
other two maps. Some patterns are recognisable in all three maps, 
however, it seems that the conventional soil map is not representing the 
clay variation in this area very well. It is hard to say if this is related to the 
accuracy of the conventional soil map, or that this is related to the 
categorisation of the conventional soil map for clay values. Although 
conventional maps are useful for policy makers (Arrouays et al., 2014), 
especially for decisions or policies that require the delineation of areas 
with sharp boundaries either for legal or practical reasons, for some 
purposes (e.g. climatic, hydrological, land management modelling) there 
is a demand for continuous information on soil properties. The polygons 
of conventional soil maps do not adequately express the complexity of the 
soil over the landscape (Sanchez et al., 2009).  
As already mentioned in Chapter 5, the Landsat remote sensing maps 
show very similar patterns as the digital soil map. However, the extreme 
values are not predicted well. A more quantitative comparison of the 
results would be necessary to check the performance capacities of Landsat 
remote sensing data for soil prediction. Apart from this the figure also 
shows that the potential of the Landsat data for soil purposes is more 
promising in areas with a large area of alternating crops. The area of the 
Grand Marais is known for its high suitability for agriculture, while the 
area south-east of Greifensee is less suitable for agriculture when the 
slopes become steeper on the north-east, this is also where soil 
information is missing in the Landsat remote sensing map.   
 
As far as I know, we are the first that are exploring the use of Landsat time 
series between 1984 and 2017 for soil purposes for an extended area (At 
the time of the acceptance of Chapter 5 (Diek et al., 2017), the paper by 
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Rogge et al. (2017) was published as well, which is presenting a similar 
methodology to create multi-temporal composites based on Landsat data 
(1984-2014)). The idea of cloud-free composites of satellite images is, 
however, not new. The most well-known cloud-free composite product is 
the Greenest Pixel Composite, based on the maximum NDVI. However, 
this product focuses on vegetation and is therefore unsuitable for soil 
purposes. The idea of the Barest Pixel Composite is based on the same 
concept, but focusing on bare soil. Chapter 5 shows that this product has 
many applications in soil science and land management modelling. We 
were able to quantitatively derive soil properties, but also to make a 
distinction between temporal and permanent grassland, and categorise 
land manage systems based on the distinction of winter and summer 
crops and temporary grassland. However, especially the methods for land 
management modelling are not validated yet or need further 
development. I do expect, that Google Earth Engine will gain popularity 
for this kind of purposes in the near future, and I am sure that the 
applications I mention and probably new applications for soil purposes 
and land management modelling will be further developed.  
 

 
Figure 6.3. Barest Pixel Composite 2010-2015 for Europe, true colour RGB composite 
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Globally, there are only two soil maps available (FAO and UNESCO, 
1961; Nachtergaele et al., 2012). Also at more regional scales, large-scale 
soil maps are often lacking. For Switzerland for example there is only the 
Map of Soil Capacity for Agriculture at a 1:200,000 scale (Bonnard, 2005; 
Frei et al., 1980), other national maps are not available. The Bare Pixel 
Composite and the Bare Soil Composite presented in this thesis have the 
potential to be upscaled to European or even global scale. This would 
mean that it is possible to create a Bare Soil Composite at 30 m resolution 
for the whole world. An example of this is shown in Figure 6.3 and 6.4 for 
European scale. The Bare Soil Composite already shows the variation of 
different soil types. Furthermore it gives information on the location of 
large agricultural areas.  
 

 
Figure 6.4. Bare Soil Composite over the period 2010-2015 in Europe, true colour RGB composite.  

6.3. Outlook 
There is a need for technical innovation of soil mapping. While other 
earth sciences, like climatology and geology, made use of the digital 
revolution (Sanchez et al., 2009), conventional soil maps are still the main 
source of spatial soil information (Sarmento et al., 2017; Yang et al., 2011). 
That, while digital soil mapping has become a successful sub-discipline of 
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soil science (Minasny and McBratney, 2016); and while conventional soil 
mapping is time consuming and expensive and delineates landscapes 
according to qualitative criteria that do not adequately express the 
complexity of soils (Sanchez et al., 2009). Carizzoni et al. (2016) made an 
estimate of the time needed to create a national soil map at approximately 
1:5,000 scale for Switzerland. With conventional methods this would take 
ca. 30 years. Estimates of the costs differ largely and are hard to accurately 
estimate for large areas like Switzerland. Kempen et al. (2012) show a 
comparison between conventional and digital soil mapping for a soil map 
update in the Netherlands. They show that conventional soil mapping is 
1.17 times more expensive than digital soil mapping. Collection of field 
data makes up for 75% to 88% of the costs for digital soil mapping 
(Kempen et al., 2012). Reduction of the soil-sampling density will 
decrease the costs even further, up to an additional 50%. This reduces also 
the accuracy, however, the accuracy is still better than the conventional 
soil map. Digital soil mapping methods and remote sensing as a data 
source can offer tools and information to create soil maps faster and 
cheaper and often even more accurate (Bazaglia Filho et al., 2013; Collard 
et al., 2014; Roecker et al., 2010). Of course, these methods also come with 
several disadvantages, which have been mentioned throughout this thesis 
(for a detailed overview of the advantages, disadvantages and the unsolved 
challenges see Table 1.1). 
Both fields are slowly gaining ground in the soil science community, 
however, for both it is time that they move forward to the operational 
phase (Kempen et al., 2012; Nocita et al., 2015). A nice reflection on the 
future of (digital) soil mapping for Switzerland has been given by 
Nussbaum (2017), many of the issues raised here are also applicable 
outside Switzerland. I will not go into detail on digital soil mapping, but 
focus on the potential of remote sensing for soil mapping. 

6.3.1. The operational phase 

It would be naïve to think that remote sensing can offer the solution for 
soil mapping. Especially, airborne and spaceborne optical remote sensing 
cannot deal with permanently covered soils; as a result remote sensing 
based soil maps often exist of scattered information. Additionally, 
airborne and spaceborne optical remote sensing can only detect the 
topsoil. Nevertheless, as shown in this thesis this information is useful. We 
recommend using optical remote sensing data to optimise sampling 
schemes and to support digital soil mapping. This could drastically reduce 
time and costs for soil mapping. Especially, for large-scale soil mapping 
and in inaccessible areas remote sensing can offer valuable information. 
Moreover, the time series offered by satellite remote sensing data give 
objective information on the state of the topsoil since the 1970s. We 
showed that especially in dense agricultural areas, this could be very well 
used for the quantitative prediction of soil properties or as an additional 
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input for digital soil mapping. Furthermore, in the field and the 
laboratory, remote sensing techniques can offer fast alternatives to 
improve field estimates and partly even replace chemical analysis 
(Viscarra Rossel et al., 2010) (not shown in this thesis).  
 
However, as already stated before, it is time that the use of optical remote 
sensing for soil purposes enters the operational phase (Nocita et al., 2015). 
This means that standardised field and laboratory procedures need to be 
developed. Recently, efforts have been made, especially for spectral 
laboratory measurements, to create standard protocols (Ben-Dor et al., 
2015). Airborne and satellite data need to be pre-processed based on 
standard, automatic, and easy-to-implement procedures. Focus should be 
on the challenges mentioned by Lagacherie et al. (2008), including 
atmospheric effects, radiometric and geometric calibration, soil surface 
variation effects, BRDF effects, the limitations because of (non-
photosynthetic) vegetation and clouds. The development of methods and 
protocols should thereby not only focus on optimising the accuracy, but 
also on the applicability of the considered procedure. For this, the gap 
between science and industry should be bridged, agreements should not 
only be made within the research community, but user requirements 
should be taken into account too. Moreover, soil science should anticipate 
more how soil information is used by policy makers and industry. This 
will also help to convince the soil community to make use of digital soil 
mapping tools and remote sensing data. The soil community needs to 
modernise its tools, its methods and its data; this is only possible by giving 
a realistic view on how existing tools and open-access data can be helpful, 
how they can be used (e.g. uncertainty quantification), and by showing the 
advantages, but also the limitations, these tools and data are offering. 
Furthermore, cloud-based platforms, like Google Earth Engine, are 
extremely useful to deal with the ever-increasing availability of open-
access data. The development of smaller scale (e.g. national) cloud-based 
databases would be extremely useful for soil and environmental science. 
However, this asks for cooperation between many parties (researchers, 
governmental organisations and industry).  

6.3.2. Monitoring 

The problem of soil degradation in the form of erosion, dust storm, 
salinisation, pollution, compaction, depletion, the decomposition of soil 
organic matter and the destruction of soil aggregates as a result of overuse 
has been recognised as a global problem (Banwart, 2011). However, the 
monitoring of soil changes is difficult because changes in the soils are 
happening slow (Deng et al., 2013). As a result, most large-scale 
degradation studies are based on modelling or on long-term upscaled plot 
studies. An example of the latter is the European soil-monitoring network 
that is based on a spatial arrangement of soil-monitoring sites (Saby et al., 
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2008). However, for accurate monitoring and modelling of changes in the 
soil, not only up-to-date large-scale soil maps are needed, but also 
frequent updates over time (Grunwald et al., 2011). Monitoring of soil 
changes is not only useful to detect changes in the past; these changes can 
also be used to model future developments and to test scenarios. 
(Grunwald et al., 2011) 
 
At regional and global scale legacy soil data is dating back to the 1960s till 
the 1990s (Omuto et al., 2013), this means that there is a lack of soil data 
since 2000. Harmonising legacy data of local projects is one effort that 
partly can solve this. Additionally, for the future, alternative options, like 
crowdsourcing by, e.g. farmers and gardeners (Rossiter et al., 2015) could 
contribute to gather soil observations. However, it is impossible to collect 
soil data in the past and most probably, other sources are needed to fill 
this gap. Chapter 5 shows that the Landsat data contains objective 
information on soils since 1984. However, as a result of vegetation cover, 
it is not so easy to analyse these time series for soil purposes. We 
successfully created multi-temporal composites based on an aggregation 
window of 5 years to deal with this. However, the variation in weather 
conditions and land management practices causes variation in the 
prediction of soil properties over time. So the question is, if these 
composites can be used for monitoring soil changes over time. 
Furthermore, in order to extract soil information from these data soil 
measurements are needed, and as this thesis has shown, this information 
is often lacking for different time periods.  
 
The use of reanalysis for past meteorological conditions in order to create 
a comparable grid combining different datasets independent of varieties 
in instruments might be a methodology that also can be used to create soil 
models that reflects developments in the past. The Harmonised World 
Soil Database (Nachtergaele et al., 2012) is a 30 arc-second raster 
database with over 15,000 different soil mapping units that combines 
existing regional and national updates of soil information worldwide. 
This dataset seems to be based on a similar concept. The complexity of 
meteorology, the huge amount of different resources providing 
information and the development of methods over the years, show clear 
comparisons with soil science. As a result reanalysis could be an 
interesting direction for the monitoring of soils.  

6.4. Conclusion 
This thesis shows how airborne and satellite optical remote sensing can be 
used for soil purposes and how challenges that are coming with this can 
be dealt with. The main contributions of this thesis include: (i) the use of 
multi-temporal composites of spectral data to solve the challenge of 
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vegetation cover in agricultural areas; (ii) the development of a new soil 
moisture index, applicable to spectra with interpolated water absorption 
features; (iii) the development and evaluation of a robust and 
straightforward method to reduce the effect of soil moisture; (iv) the 
creation of a Barest Pixel Composite for 90% of the total bare soil area in 
highly heterogeneous agricultural area; and (v) the use of satellite 
multispectral optical remote sensing information for soil and land 
management purposes.  
A further development of the scientific community in this context is 
desirable, especially since there is a need to map, monitor and model soil 
changes. Both digital soil mapping and the use of remote sensing data at 
laboratory, field and regional/global scale can reduce the time and costs of 
soil mapping efforts. However, this means that remote sensing should 
enter the operational phase with standardised protocols and methods.  
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Appendix 

Appendix A1. Relative difference before calibration 

 
Table A1.1. Relative difference [%] in mean reflectance before calibration. 
Year n1 All2 VIS3 NIR4 SWIR5 

‘13’14 54,981 11.7 ± 14.1 10.6 ± 14.1 13.8 ± 12.5 11.2 ± 15.1 

‘15’14 154,270 −8.2 ± 14.0 −8.7 ± 13.2 −7.7 ± 14.7 −8.0 ± 14.3 
1 number of observations; 2 All: full spectrum (450-2200 nm); 3 VIS: visible range 
spectrum (450-700 nm); 4 NIR: near-infrared range spectrum (700-1400 nm); 5 
SWIR: shortwave-infrared range spectrum (1400-2200 nm). 

Appendix A2. Predicted sand percentages 

 
Figure A2.1. Distribution of the predicted sand percentages for all single images (2013, 2014, and 
2015) and the multi-temporal composites (‘13’14, ‘14’15, ‘13’15, and ‘13’14’15) next to the 
distribution of the sand percentages of the field samples of ’14 and ’15.  
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Appendix B1. Soil variations 

There is limited information available on the soil properties of the 
reference SM dataset. Therefore, we were limited to a comparison 
between the two datasets based on the amount of C (%) and the soil 
texture classes. The C content of reference SM dataset is with 2.16 ± 0.96% 
lower and has a smaller range than the soil data of the study area: 5.79 ± 
2.77. The soil texture of both datasets can be mainly classified as clayey to 
loamy soil. However, the range of the reference SM dataset is small an the 
most soils are classified as loam, while most soils in the study area are 
classified as clay loam and also silty and sandy loamy soil are present in 
the area (Figure B1.1). 
 

 
Figure B1.1. Soil texture triangle heat map of the soil samples in the study area (left) and of the reference soil 
moisture (SM) dataset (right).  

Appendix B2. Soil moisture indices 

Several SM indices have been developed and validated (Bryant et al., 2003; 
Haubrock et al., 2008b; Liu et al., 2003). The water index soil (WISOIL) 
and the normalised soil moisture index (NSMI) have been recognised as 
the best performing indices (Fabre et al., 2015). However, these indices are 
based on wavelengths located in the water absorption bands, which make 
them very sensitive to the quality of the atmospheric correction (Fabre et 
al., 2015; Liu et al., 2003). For that reason, Fabre et al. (2015) developed 
two additional SM indices, (i) the normalised index of NSWIR domain for 
soil moisture content estimation from linear regression (NINSON); and 
(ii) the normalised index of NSWIR domain for soil moisture content 
estimation from non-linear regression (NINSOL).  
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Table B2.1. Overview of the original and the best performing adapted (to available airborne 
spectroscopy bands) soil moisture (SM) indices. The figures in the right column show the original 
(vertical dotted black line) and adapted (vertical red line) locations of the used bands on a soil 
spectrum (in red dots the available airborne spectroscopy bands, in black the laboratory ASD 
bands). Wavelength [nm] is on the x-axis and reflectance [%] on the y-axis 
Original SM indices1 Adapted SM indices Location of chosen bands 

𝑁𝑆𝑀𝐼 =
𝜌!"## − 𝜌!""#
𝜌!"## + 𝜌!""#

 

 

𝑁𝑆𝑀𝐼! =
𝜌!"#$ − 𝜌!""#
𝜌!"#$ + 𝜌!""#

 

	
 

 

𝑊𝐼𝑆𝑂𝐼𝐿 =
𝜌!"#$
𝜌!"##

 

	

	

𝑊𝐼𝑆𝑂𝐼𝐿! =
𝜌!"#"
𝜌!"#$

	

	
 

𝑁𝐼𝑁𝑆𝑂𝑁 =
𝜌!"!! − 𝜌!!"#
𝜌!"!! + 𝜌!!"#

 

 

𝑁𝐼𝑁𝑆𝑂𝑁! =
𝜌!""# − 𝜌!"#$
𝜌!""# + 𝜌!"#$

 

 
 

𝑁𝐼𝑁𝑆𝑂𝐿 =
𝜌!"#$ − 𝜌!!"#
𝜌!"#$ + 𝜌!!"#

 

	

𝑁𝐼𝑁𝑆𝑂𝐿! =
𝜌!"#$ − 𝜌!"#$
𝜌!"#$ + 𝜌!"#$

	

	 	

𝑁𝐼𝑁𝑆𝑂𝐿 =
𝜌!"#$ − 𝜌!!"#
𝜌!"#$ + 𝜌!!"#

 

 

𝑆𝑀𝐼 =
𝜌!"#$ − 𝜌!"#$
𝜌!"#$ + 𝜌!"#$

 

	 	

1 NSMI: Normalised Soil Moisture Index; WISOIL: Water Index SOIL; NINSON: Normalised Index 
of NSWIR domain for SOil moisture content estimation from Non-linear regression; NINSOL: 
Normalised Index of NSWIR domain for SOil moisture content estimation from Linear regression; 
SMI: Soil Moisture Index. 
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We used these four indices on both the reference SM dataset and the 
airborne spectroscopy data. However, since several bands were excluded 
from the airborne spectroscopy data (Section 4.4.1), we adapted the 
indices by taking the closest available wavelengths (above and below) of 
the airborne spectroscopy data. The last column of Table B2.1 shows that 
the adapted indices preserve the physical meaning because most indices 
are based on the shoulders of water absorption features. Moreover, we 
created an additional normalised difference index (SMI). This index was 
systematically calculated for all wavelength combinations of the airborne 
spectroscopy data and the performance was validated based on the 
laboratory SM measurements of the field plots. This index appeared to be 
very closely related to the NINSOL index. Table B2.1 shows the original 
indices, the adapted indices with the best performing wavelengths (for all 
the below closest wavelength) and the new normalised difference index. 
All indices were applied to the airborne spectroscopy data of 2015 and the 
reference SM dataset. Subsequently, the results were validated with the 
laboratory SM measurements of the topsoil of the field plots (Section 
4.4.2) and the laboratory SM measurements of the reference SM dataset 
(Section 4.4.2), respectively. The performance was described by the 
coefficient of determination (R2) and the root mean square error (RMSE). 

Appendix B3. Weather dependency of soil moisture correction 
performance 

 
Figure B3.1. Precipitation (l·m−2) and temperature data (◦C) in the 28 days before the flight dates  
(APEX13: 3 September 2013, APEX14: 11 April 2014 and APEX15: 10 April 2015).  
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The airborne spectroscopy data can be categorised in a wet year: APEX15 
(average SMI of -1.80 ∙ 10-2 ± 1.93 ∙ 10-2), a humid year: APEX14 (average 
SMI of 0.38 ∙ 10-2 ± 2.00 ∙ 10-2) and a dry year: APEX13 (average SMI of 
1.26 ∙ 10-2 ± 2.14 ∙ 10-2). The differences between the years are caused by 
temperature and precipitation differences in the three years (Figure B3.1). 
 

Table B3.1. Difference indicators and linear correlation results of the original and soil moisture corrected spectra, 
compared to the corresponding laboratory spectra for APEX13 (n=15), APEX14 (n=42) and APEX15 (n=73) 
 APEX13 (dry)  APEX14 (humid)  APEX15 (wet)  

 Original SM cor. Original SM cor. Original SM cor. 

D [%]1 1.53 ± 0.58 1.16 ± 0.45 1.49 ± 0.51 1.13 ± 0.53 1.60 ± 0.70 1.08 ± 0.59 

θ []2 0.12 ± 0.03 0.10 ± 0.03 0.11 ± 0.04 0.10 ± 0.03 0.10 ± 0.03 0.08 ± 0.03 

R2 [-] 3 0.91 ± 0.04 0.94 ± 0.03 0.93 ± 0.03 0.94 ± 0.03 0.95 ± 0.04 0.97 ± 0.02 

Offset [%]3 -1.62 ± 4.62 -1.65 ± 5.12 -1.18 ± 4.58 -0.69 ± 5.73 -0.27 ± 3.43 0.64 ± 4.69 

Gain [-]3 0.62 ± 0.16 0.73 ± 0.11 0.63 ± 0.12 0.74 ± 0.17 0.57 ± 0.12 0.74 ± 0.17 

1 D: root mean square difference; 2 θ: difference angle; 3 based on the linear correlation between the spectra. The 
numbers in bold indicate which spectra (original or SM cor.) are closer to the laboratory spectra according to the 
considered difference indicator. 

 
Looking at the SM correction results for each year (Table B3.1), the 
difference indicators show that the correction for the airborne 
spectroscopy data of the wet year of 2015 was performing best. This could 
be an indication that the SM correction model works better under wet 
conditions than under dry conditions, which is supported by the relative 
difference of -30.5% ± 15.1% for the dry 2013, -25.5% ± 24.0% for the 
humid 2014 and -21.1% ± 27.3% for the wet 2015 (Table B3.1). 
 
 
Additionally, the correction performed best for the VIS region and least 
for the SWIR region of the spectra (Table B3.2). This means that even 
though the SM correction is already stronger in the SWIR region (Table 
B3.2), the effect is still not entirely captured by the correction factor. 
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Table B3.2. Relative difference [%] in mean reflectance before and after SM correction for APEX13 (n=15), 
APEX14 (n=42) and APEX15 (n=73).. 

 APEX13 (dry) APEX14 (humid) APEX15 (wet) 

 Original SM cor. Original SM cor. Original SM cor. 

All -41.4 ± 17.5 -30.5 ± 15.1 -37.8 ± 18.8 -25.5 ± 24.0 -42.4 ± 20.3 -21.1 ± 27.3 

VIS -44.5 ± 19.4 -33.5 ± 18.1 -39.2 ± 23.8 -25.9 ± 29.9 -42.7 ± 23.8 -19.4 ± 32.6 

NIR -36.6 ± 16.6 -25.9 ± 13.3 -33.2 ± 16.2 -20.9 ± 21.6 -39.4 ± 19.2 -18.7 ± 26.0 

SWIR -41.6 ± 15.1 -30.8 ± 10.3 -39.6 ± 11.8 -28.2 ± 16.1 -44.3 ± 15.0 -24.6 ± 19.9 

The numbers in bold indicate which spectra (original or SM corrected) are closer to the laboratory spectra in 
a specific part of the spectrum (All, VIS, NIR or SWIR). 
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Appendix C1. Texture classification 

 
Figure C1.1. Texture triangle (Fachstelle Bodenschutz 2012) and the corresponding clay classes. 
 
Table C1.1. Division of the texture classes of the topsoil in five clay classes.  

Texture class Clay class  

keine mineralische Feinerde -  

Lehm 20-30%  

Lehm bis lehmiger Schluff 20-30%  

Lehm bis toniger Lehm 30-40%  

lehmiger Sand bis Lehm 10-20%  

lehmiger Sand bis sandiger Lehm 10-20%  

lehmiger Schluff 20-30%  

lehmiger Schluff bis lehmiger Ton 10-20%  

lehmiger Schluff bis toniger Lehm 20-30%  

lehmiger Schluff bis toniger Schluff 20-30%  

lehmiger Ton >40%  

lehmiger Ton bis Ton >40%  

Sand bis lehmiger Sand <10%  

sandiger Lehm 10-20%  

sandiger Lehm bis Lehm 20-30%  

sandiger Lehm bis lehmiger Schluff 10-20%  

Schluff <10%  

toniger Lehm 30-40%  
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Texture class Clay class  

toniger Lehm bis lehmiger Ton >40%  

toniger Lehm bis Ton >40%  

toniger Schluff bis lehmiger Ton >40%  

toniger Schluff bis Ton >40%  

toniger Schluff bis toniger Lehm 30-40%  

Appendix C2. Intersecting lab and field data over time 

 
a. b. 

Figure C2.1. Development of the soil data over time. The cumulative sum of the laboratory 
measurements intersecting with the bare soil area (a) and the laboratory and field measurements 
intersecting with the bare soil area (b). 

Appendix C3. Soil property prediction based on all soil data 

Table C3.1. Soil property prediction: 10-fold cross validation results. R2, RMSE and RMSE of mean 
model (RMSEm) for SOM [%], clay [%], silt [%] and sand [%]. 

Property n1 R2 [-] RMSE [%]2 RMSEm [%] 

SOM 1473 0.27 ± 0.14 2.83 ± 0.50 3.26 ± 0.62 

Clay 1525 0.18 ± 0.06 8.05 ± 0.46 8.90 ± 0.48 

Silt 1525 0.02 ± 0.03 7.25 ± 0.73 7.29 ± 0.70 

Sand 1525 0.09 ± 0.04 11.60 ± 0.96 12.01 ± 0.86 
1 number of observations; 2 RMSE: root mean square error. 
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Appendix C4. Mean L5L7 and L7L8 

Table C4.1. Mean of the bands of Landsat 5 TM vs. Landsat 7 ETM+ (L5L7) and Landsat 7 ETM+ 
vs. Landsat 8 OLI (L7L8). L5L7 reflectance bands and BSI: n = 8,027,616; soil properties: n = 71,987; 
L7L8 reflectance bands and BSI: n = 7,868,682; soil properties: n = 106,114. 

 L5L7 L7L8 

 Mean L5 Mean L7 Mean L7 Mean L8 

Blue 4.91 ± 2.71 5.02 ± 2.41 4.71 ± 2.08 3.83 ± 2.74 

Green 7.95 ± 2.40 7.69 ± 2.70 6.94 ± 2.34 7.03 ± 2.98 

Red 6.86 ± 3.24 6.51 ± 3.85 6.43 ± 3.41 6.53 ±4.03 

NIR 35.30 ± 9.56 37.20 ± 9.38 31.76 ± 10.61 33.33 ± 11.03 

SWIR1 19.85 ± 5.33 20.82 ± 5.77 19.71 ± 6.16 20.38 ± 6.51 

SWIR2 11.35 ± 5.11 11.58 ± 5.55 11.21 ± 5.08 12.34 ± 5.48 

BSI -0.38 ± 0.21 -0.41 ± 0.22 -0.35 ± 0.22 -0.33 ± 0.23 

SOM1 3.35 ± 1.47 3.23 ± 1.55 4.42 ± 2.16 4.58 ± 3.21 

Clay 22.33 ± 7.38 19.26 ± 7.48 25.05 ± 7.95 23.40 ± 9.36 

Silt 32.77 ± 2.06 33.15 ± 2.54 32.44 ± 2.26 32.54 ± 2.70 

Sand 45.87 ± 5.59 48.49 ± 5.36 43.96 ± 6.12 45.61 ± 7.19 
1 SOM: soil organic matter 

Appendix C5. Effect of soil moisture 

C5.1. Methodology 
In order to look at the influence of soil moisture on the prediction of soil 
properties we calculated a soil moisture index. We used the perpendicular 
drought index (PDI) (Ghulam et al., 2007) as soil moisture index, defined 
in Equation C5.1. The methodology of the PDI is based on the 
methodology described by Richardson and Wiegand (1977). 
 

𝑃𝐷𝐼 =
1

𝛽! + 1
+ 𝑅!"# + 𝛽 ∙ 𝑅!"#  C5.1 

 
where 𝑅!"#  and 𝑅!"#  are the surface reflectance for, respectively, the red 
and the NIR bands and 𝛽 is the slope of the soil line. The PDI is based on 
the NIR-Red spectral space, in which a triangle is formed when plotting 
the NIR and red reflectance of vegetated and non-vegetated pixels under 
variable soil moisture conditions. Figure C5.1 shows this NIR-Red 
spectral space, where the triangular area represents the change of surface 
vegetation from full coverage (top triangle) to partial coverage to bare soil 
(bottom triangle). The base line of the triangle refers to the soil line, which 
shows the bare soil reflectance from wet conditions, to semi-arid 
conditions to extremely dry conditions, based on Figure 1 of Mobasheri 



Appendix 

 148 

and Amani (2016). A global soil line (SL) was defined by Amani and 
Mobasheri (2015), based on 5 different studies containing different soil 
types (Equation C5.2 and Figure C5.1). Figure C5.1 shows that this global 
soil line is also applicable to the agricultural area of the Swiss Plateau. 
 

𝑆𝐿 = 1.163 ∙ 𝑅!"# + 0.017 C5.2 

 
Consequently the PDI values for the agricultural area were divided in 5 
soil moisture classes, based on the distribution of the data. For this we 
used the 5 percentiles (0–20%, 20–40%, 40–60%, 60–80% and 80–100%). 
Because of the large amount of pixels, the soil moisture classes make the 
results easier to interpret. 

 
Figure C5.1. Soil Line (SL) for the Barest Pixel Composite of the agricultural area of the Swiss 
Plateau and the theory of the NIR-red triangle space (Mobasheri and Amani, 2016). The scatterplot 
is shown as a density plot, ranging from green to red (little points to many points). 
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C5.2. Effect of soil moisture on soil property prediction 

 
Figure C5.2. Effect of soil moisture (perpendicular drought index (PDI) [-]; low values indicate a high 
soil moisture, high values a low soil moisture) on the soil property prediction (soil organic matter 
(SOM, clay, silt and sand [%]). Outliers were excluded from the figure, because of visualisation 
reasons. 
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