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Abstract

Soil is an important resource for many ecosystem services and is crucial for our everyday life.
However, the soil functions are under increasing pressure due to environmental changes as well as the
continuous population growth. Because of the importance of the resource, there is a high interest in
up-to-date and consistent soil information from local to global scale. Traditional soil sampling
methods to produce this information are not adequate anymore. Though, newer technologies like
remote sensing can help to close this gap of information.

Previous soil remote sensing studies were often facing the problem that most agricultural fields were
covered by vegetation and the amount of bare soil in the image was limited. In this thesis, we
developed a new method that avoids this problem by processing a longer time series of Landsat-8
satellite data with the help of the Google Earth Engine (GEE). First, we calculated the so-called
brownest pixel composite (BPC) over the agricultural area of the Swiss Plateau. This composite
shows the “brownest” moment of every pixel in the time series. Afterwards, a threshold was defined
to distinguish this brownest moment into either bare soil or any other land cover type. The spectral
reflectance of all these bare soil pixels were then used together with soil samples from the harmonized
soil database (HSD) to create multiple linear regression (MLR) models. Finally, the models were used
to predict the percentages of sand, silt, clay, and soil organic matter (SOM) in the topsoil of all the
bare soil pixels in the study area.

The results showed that the developed method can successfully be used to maximize the bare soil
coverage over a large study area. The MLR models showed valuable results for the prediction of the
soil properties clay, sand, and SOM. For silt, the performance of the MLR model was not sufficient.
The predicted soil property maps have a higher spatial resolution than any other existing soil maps
and the predicted spatial patterns of the soil properties are feasible. The methods developed in this
thesis can be used for several applications and we show the potential for upscaling the products to a

European or even worldwide level.
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1. Introduction

The world’s ecosystem provides us every day with crucial goods and services worth as much as the
gross national products of all the world’s economies. More than half of it arises on land, where soil
plays a major role (Brady & Weil, 2017). Soil contributes to ecosystem services like the food
production, the purifying and storage of water, the sequestration of carbon, or the prevention of land
degradation (Sanchez et al., 2009; Amundson et al., 2015; Ballabio et al., 2016). However, the global
environmental changes increase the pressure on soil and lead to an alteration and reduction of its
provided services (Mulder, 2013). This is problematic, as for example, the agricultural system need to
produce more and more food to meet the requirements of the increase in population and consumption
(Foley et al., 2011). Based on the importance of these services, and the fact that degraded soil is not
renewed easily, there is a high interest in having up-to-date and consistent soil information from a
local to global scale (Dewitte et al., 2012). Unfortunately, soil information is in many regions either
missing, not available in the required resolution, not up-to-date, or not providing the required soil

property information (Nussbaum, 2017).

1.1 Available Soil Maps

Omuto et al. (2013) provides an overview about the available soil products from a global to regional
and local scale. These global and regional products were mainly produced with soil data collected
between the 1960s and 1990s. Thus, since then there is a gap of soil information and the recent
products are not up-to-date. There are new projects to produce updated global soil maps with recent
technology like the GlobalSoilMap. This project has the aim to produce a standardized, high-
resolution digital soil information system that shows selected soil properties for the entire world
(Arrouays et al., 2014). However, these global products are not useful for gaining information in a
heterogeneous country like Switzerland, as the spatial resolution is too coarse. Therefore, it is relevant
to produce own soil maps that are suitable for the diverse conditions. In Switzerland, different soil
maps have been produced, from a national one on a scale of 1:200°000, to regional and local ones on
a scale of 1:25°000 and 1:5000 (Bonnard, 1999). However, the latter, large-scale soil maps are just
available in a few cantons of Switzerland. The national soil map derives information about the soil
type, but also about soil functions like the water storage capacity, the root penetration depth, or the
nutrient storage capacity (Bundesamt fiir Landwirtschaft, 2012). These soil functions are interesting
for farmers to improve their decisions about crop management practices (Ge et al., 2011). However,
as already stated above, the resolution of the national soil maps is too coarse to provide information of
the different soil properties in an in-field resolution. Besides, most soil maps in Switzerland were
produced before the 1990s and are therefore, depending on the desired soil property, partially not up-

to-date (Wulf et al., 2015). For farmers and other stakeholders, an up-to-date and high resolution soil



map would be of high interest. Additionally, these fine scale and recent soil products could also
contribute to land management models and improve the output the models provide (Gomez Giménez
etal., 2016).

The traditional soil sampling methods used for the first products are not appropriate for updated soil
maps, as they are very time consuming, costly, and often not standardized (Wulf et al., 2015). Newer
technologies like remote sensing can help to close the gap of information. It can provide up-to-date
soil information over extended areas in a high spatial resolution and help to increase the soil property

products in Switzerland.

1.2 Remote Sensing and Soil Maps

Analysis of soil with remote sensing techniques started in the 1970s. The first analyses were mainly
done with field-spectrometers and airborne images (Mulder et al., 2011). These techniques are limited
to smaller areas. To provide soil information on a larger area, the use of satellite remote sensing
techniques is crucial. Several studies to predict soil parameters by satellite images have already been
conducted and have shown promising results.

Dematté et al. (2007) predicted different physical and chemical soil attributes in an area in Brazil
using a single Landsat-7 image together with soil samples. The multiple linear regression (MLR)
model between the spectral reflectance and the soil properties showed best results in indicating clay
and sand. Nanni et al. (2012) was using similar methods to discriminate soil pixels into the different
soil classes in a study area in Brazil. The results showed that 14 out of 16 soil classes could get
predicted with a success rate of > 40%. Similar studies with satellite sensors were also conducted by
Shabou et al. (2015) and Fiorio & Dematté (2009).

All these studies show promising results, but they all have the issue that acquiring soil reflectance
spectra from the air and space is limited by the coverage of vegetation. Around 56% of the global land
areas are covered by green vegetation. The remaining areas are covered by dry vegetation, snow,
urban, and bare soil (Ben-Dor et al., 1999). Hence, just a very limited amount of bare soil is visible
during one acquisition by remote sensing sensors. The calculation of soil properties is therefore
limited to the amount of bare soil visible in the image. This reduces the usability of remote sensing
techniques in soil science for generating large and continuous soil maps that show the spatial variation
of different soil properties.

To avoid this problem, recent studies have started to use multi-temporal images from the same region
and fuse the bare soil areas together. Dematté et al. (2016a) analyzed five satellite images from five
consecutive years over the same area and captured in the same season. With this method they could
increase the total bare soil area from 36% of a single image to 85% for the fused image. Diek et al.
(2016) took a similar approach with airborne imaging data. They combined three airborne images

from the same spot on different dates and could double the amount of bare soil pixels compared to



one acquisition. These studies showed that the use of multi-temporal remote sensing images increase
the amount of captured bare soil information. However, images from airborne systems are limited in
temporal resolution and a further increase to the maximum amount of bare soil in a larger area would
be very costly.

This thesis pursues the approach of multi-temporal images and tries to maximize the bare soil
coverage over a large area. The study area is the whole Swiss Plateau (around 11°000 km?), an
intensely used agricultural area of Switzerland. This will also give the opportunity to calculate
different soil properties over a large and continuous area in a high spatial resolution. The chosen soil
properties for the prediction are the three soil textures sand, silt, and clay, as well as the soil organic
matter (SOM) content. These properties play a major role in the behavior of soil and have a big
influence on soil characteristics like the water storage capacity (Ben-Dor et al., 1999). In addition, the
prediction of these properties by satellite images have already shown promising results, as described
above.

To analyze multi-temporal satellite images over this large area, the Google cloud platform “Google
Earth Engine” (GEE) was used. GEE gives the possibility to process hundreds of images over large
areas in a reasonable computation time (Gorelick et al., 2017). GEE stores the complete archive of all
the satellite images from the Landsat program, as well as from other satellite and airborne missions.

Therefore, it is well suited for the purpose of this thesis.

1.3 Research Questions

The thesis is structured mainly in three parts. Firstly, a so-called “brownest pixel composite” (BPC) is
calculated for the study area. This product will be the counterpart to the well-established greenest
pixel composite. The greenest pixel composite shows the maximum of vegetation coverage over a
certain area. In comparison, the aim of the BPC is to show the minimum amount of vegetation
coverage over a certain area. Hence, over agricultural areas it should uncover the reflectance of bare
soil. The main question to be answered in the first part is:

*  Which method is suitable to generate a brownest pixel composite over a large area?
The second part of the thesis is about defining a threshold to distinguish the BPC into bare soil and
other land cover types. The threshold is calculated with additional information from airborne imaging
spectrometer data and from fieldwork. The questions to be answered in the second part are:

*  What is the optimal threshold to distinguish bare soil from other land-cover types?

*  What is the maximum extent of bare soil in the study area of the Swiss Plateau during the

three years of investigation?



In the final part of the thesis, the reflectance values from the bare soil pixels are used together with
soil sample data to create MLR models. The models are then used to predict soil properties over the
bare soil area in a spatial resolution of 30 m. The question to be answered is:

* Can remote sensing techniques help to improve the available soil products and predict

structural soil properties over the agricultural areas?

2. Study area & Data

2.1 Study area

The study area (Figure 1) consists of the Swiss Plateau, one of the three major regions of Switzerland.
The Swiss Plateau is located between two other regions consisting of the Jura Mountains in the north
and the Swiss Alps in the south. With a length of around 300 km and a width between 30 and 70 km
the Swiss Plateau covers around 27% of the area of Switzerland. The Swiss Plateau is delimited in the
southwest by the Lake Geneva and in the northeast by the Lake Constance. Other big lakes within the
Swiss Plateau are in the northwest: Lake Neuchatel, Biel, and Murten and in the east mainly the Lake
of Zurich.

The Figure 1 shows, beside the three major regions, also the distribution of the suitability for
cropland. The areas in red show the highest suitability, followed by the areas in orange. Nearly all the
good production area for cropland lies inside the Swiss Plateau, which is the main agricultural area in
Switzerland. Nearly 50% of the area is used for agricultural activities. For these reasons, it has been
chosen as the study area, as the agricultural area shows bare soil between the cultivation. The main
crop types in the study area are the winter crops barley, wheat, and triticale, and the summer crops
maize silage and corn, sugar beet, potatoes, and rape (Franzen et al., in preparation). Additionally,
temporary grassland is commonly included in the crop rotation (Gomez Giménez et al., 2016).

The altitude of the Swiss Plateau varies between 500 and 1500 m a.s.l. with an average of 580 m. The
climate in the study area varies due to the large extent of the Swiss Plateau and due to the differences
in altitude. The climate in the area is classified as Maritime Temperate or Oceanic climate. The
average annual precipitation is 1000 mm with regional variations between 800 and 1400 mm. The
mean temperature lies at around 0 °C in January and reaches up to around 20 °C in July. The western
part of the Swiss Plateau shows slightly higher temperatures and less annual variation in precipitation.
In addition, there are also less snow days in the western than the eastern part (MeteoSchweiz, 2013).
Geologically, the Swiss Plateau shows a crystalline basement that is covered by Mesozoic sediments.
On top of these sediments lies the important Molasse layer that was formed during the Alpine origin

and consists in accumulated materials from the Alps. The present landscape was afterwards formed



and shaped by the ice age glaciers which lead to the typical landforms throughout the Swiss Plateau
(Gnégi & Labhart, 2015).

The soils in the Swiss Plateau are mainly classified as different kinds of Cambisols. These soils are
very well suited for agricultural activities. Towards the Alps, the poorly developed Regosols occur
more often. In the western part of the Swiss Plateau, as well as around the lakes and rivers, the soils
are also often classified as Luvisols, Fluvisols, or Histosols (Bundesamt fiir Landwirtschaft, 2012;

IUSS Working Group WRB, 2015).

Major Regions

[ Jura Mountains
[ Swiss Plateau
[ Alps

Cultivated Land

I very good production
good production

[ Lakes

A: Lake Geneva
B: Lake Neuchatel
C: Lake Murten

D: Lake Biel

E: Lake Zurich

F: Lake Constance

100 km

Figure 1: Overview of Switzerland showing the three major regions and the suitability for cropland. The study area is shown
in green together with the labels of important lakes and cities.

2.2 Satellite Data

For this study, the USGS Landsat-8 Operational Land Imager (OLI) data was used. Landsat-8 is an
optical multispectral satellite launched in February 2013 with the first images available from April
2013. Table 1 shows the different OLI Bands, the wavelength region, and the spatial resolution
(USGS, 2016). One Landsat-8 scene covers an area of approximately 170 km north-south by 185 km
east-west. The study area of the Swiss Plateau gets covered by five flight strips (Path/Row: 194/27,
195/27, 195/28, 196/27, 196/28). The entire earth surface is recorded once every 16 days. For regions
with overlapping scenes, the temporal resolution is higher. Figure 2 shows the amount of images

taken over the Swiss Plateau in the study period of 01/01/2014 until 01/01/2017. The different flight



strips can be clearly seen. Some regions show overlapping areas with double the amount of images,
others show just one image every 16 days. In the western and eastern end of the Swiss Plateau, as well
as in the middle we have an area with just 50-56 images from the three years of the study period
(bright blue). Between these areas we have overlapping flight strips with around 99 to 106 images. In

the small dark blue spot 160 images are available.

Table 1: Overview of the Landsat-8 OLI bands with the corresponding wavelength region and spatial resolution

Landsat-8 OLI Band No. | Band Name Wavelength [pum] Spatial Resolution [m]
1 Coastal / Aerosol 0.44 - 0.45 30
2 Blue 0.45-0.51 30
3 Green 0.53-0.59 30
4 Red 0.64 — 0.67 30
5 NIR 0.85-10.88 30
6 SWIR1 1.57-1.65 30
7 SWIR2 2.10-2.29 30
8 Pan 0.50 - 0.68 15
9 Cirrus 1.36 - 1.38 30

# Landsat-8 images
<=30

[ 130-60

[ 60 - 90

I 90-120

Il > 120

Figure 2: Number of Landsat-8 images available in the study period of 01/01/2014 to 01/01/2017. The black line represents
the study area of the Swiss Plateau.



2.3 Airborne Imaging Spectroscopy

To calculate the threshold, different images from the Airborne Prism Experiment (APEX) were used.
APEX is an airborne imaging spectrometer that covers the spectral range from 372 — 2540 nm in up to
532 spectral bands (Schaepman et al., 2015). Table 2 shows the different flight strips used for the
threshold calculation. All scenes were orthorectified and atmospherically corrected surface reflectance
scenes with a spatial resolution of 2 m (Hueni et al., 2009). The APEX scenes were further processed
using the default thresholds of the Hyperspectral Soil Mapper (HY SOMA) software (Chabrillat et al.,
2011). The software selects pixels that are spectrally bare soil by masking water and (active and
residual) vegetation pixels. These pixels are detected by different spectral indices like the Normalized
Difference Vegetation Index (NDVI), Normalized Difference Red Blue Index, or Normalized
Cellulose Absorption Index (Chabrillat et al., 2011). The result is a binary image that classifies every
pixel into bare soil, or any other land cover types. Built-up areas like streets or houses are also
classified as bare soil, as they were not excluded in the water and vegetation mask. These
misclassified pixels were later excluded in GEE by drawing polygons around the bare soil fields.
Additionally, for some scenes also the corresponding RGB image was analyzed (Band 39 for Red, 17

for Green, 06 for Blue) as a reference for calculating the threshold.

Table 2: APEX scenes used in this thesis.

Location Flight Date Binary bare soil scene RGB composite
Eschikon 18/07/2014 Available Not Available
10/04/2015 Available Available
Oensingen 21/04/2015 Available Available
24/06/2015 Available Available
Greifensee 18/07/2014 Available Not Available
10/04/2015 Available Available
10/07/2015 Available Not Available

2.4 Soil Data

For calculating the soil properties, the Harmonized Soil Database (HSD) from the Swiss Soil
Monitoring Network (NABO) was used (Rehbein et al., 2011; Walthert et al., 2016). The database
contains evaluated soil samples from seven different projects in Switzerland. Four of these projects
have been carried out in the canton of Zurich, two in the canton of Berne, and one in the forest area of
Switzerland (Figure 3). The samples were taken between the year 1960 and 2014, with the most in the
1990s (see Figure 4). During the generation of the HSD, all data from the different sources were

combined and samples with insufficient quality have been removed (Walthert et al., 2016).



Figure 3: Soil sample locations from the HSD. Every sample is represented by a “plus” sign. The study area is shown in
yellow and soil samples inside the study area are shown in red.
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Figure 4: Year of sampling of the soil samples in the HSD.



To fit the need of this study, the HSD was further filtered for a) soil properties, b) topsoil, c) lab

measurements, d) missing values, and e) geographic area.

a)

b)

d)

e)

The database was filtered for the soil textures sand (2 - 0.2 mm), silt (0.2 - 0.002 mm), clay
(<0.002 mm), as well as for SOM. All other soil parameters were removed.

Optical remote sensing satellites will just receive reflectance from the top part of the soil, as
the sun penetrates the soil just to 50 pm depth (Ben-Dor et al., 1999). Thus, the database
needs to get filtered for topsoil. The definition of topsoil varies between references. Most
commonly, in other soil remote sensing studies, it is defined as the top 20 cm of soil (Dematté
et al., 2016b). Therefore, the database got filtered for soil samples in the range from 0 — 20
cm depth. A smaller topsoil range would also strongly decrease the amount of available
samples.

Walthert et al. (2016) showed that there is a difference in the database from the estimation of
the soil properties in the field and the lab. The field values were estimated by expert
judgments and are less accurate than lab measurements. Analysis of the differences showed
root mean squared error (RMSE) values between 7.14 - 15.42 %. To reduce this uncertainty,
lab measurements were preferred.

Many soil samples in the HSD did not contain the percentage of all the required soil textures.
For example, in the canton of Zurich, the percentage of sand was not included. As the added
percentage of sand, silt, and clay should always be 100%, the missing values were calculated
out of the remaining two soil textures.

Furthermore, the database was filtered to the geographic area of the Swiss Plateau.

After these preprocessing steps a total of 4783 sample points, each from a different location, were left

(see Table 3). For 40% of these samples, the amount of soil textures as well as the amount of SOM is

available. For 5% of the samples we have only information about the soil textures. The remaining

55% contain just information about the percentage of SOM in the soil.

Table 3: Amount of soil samples left after the filtering steps.

No. of samples Soil Texture + SOM Only Soil Texture Only SOM

4783 1927 (40%) 235 (5%) 2621 (55%)




The proportion of the three soil textures, sand, silt, and clay are used to classify the soil into different
texture classes. These classes again can be used to characterize the soil’s behavior in water storage
capability, porosity, or fertility, which are high important parameters for the plant growth (Ben-Dor &
Dematté, 2016; Shabou et al., 2015). The soil texture classes of the samples of the Swiss Plateau can
be seen in the soil triangle of Figure 5. Most of the soil samples are classified as loam, clay loam, or

sandy loam.

- clay

sandy
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loam
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Figure 5: Soil texture triangle of the remaining soil samples. Each side of the triangle represents the percentage of one of the
three textures sand, silt, and clay. Each sample is represented by a red dot and the location of the dots represents the soil
textural class.

10



3. Methods

3.1 Brownest Pixel Composite for Analysis

The BPC was calculated in two different ways. First, as the main product, the BPC for the study area
was calculated in a spatial resolution of 30 m with the Landsat-8 surface reflectance (SR) images.
This product is later being used for the calculation of the threshold and the different soil properties.
Second, the BPC was calculated for entire Switzerland in a spatial resolution of 15 m with the
Landsat-8 Top-of-Atmosphere (TOA) images. This product was calculated for visualization purposes
only.

The reasons for those two different products are the following. For the calculation of soil properties
we are just interested in the reflectance values of bare soil. The soil data from the HSD is mainly
available in the area of the Swiss Plateau. Hence, we limited the calculation of soil properties to this
area to reduce uncertainties in the prediction. Additionally, the atmosphere has an influence on the
reflectance of the ground. To reduce this effect, SR images were preferred. The SR images in GEE do
not contain the panchromatic band with a spatial resolution of 15 m. Thus, the product is calculated in
a spatial resolution of 30 m.

Aside of the calculation of the soil properties we are also interested to show the maximum extend of
bare soil in Switzerland as a counter product to the well established greenest pixel composite. For this
reason, the second product was calculated for entire Switzerland. To increase the visual experience,
the product was calculated in the highest possible spatial resolution of 15 m. This was just possible
with the use of the panchromatic band that is just available in TOA images. Thus, for each of these
two products different satellite data were used and the working steps slightly differ. The differences
can be seen in the work flow diagram in Figure 6. The green part explains the working steps for the
main product, the BPC of the Swiss Plateau. It also describes the index that is used for the calculation
of the BPC. The same index is also used in the second product but is not explained again. The second
product for visualization purposes is shown in blue in the work flow diagram. The different working

steps for the second product are described afterwards, starting in section 3.2.
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3.1.1 Preprocessing

The Google Earth Engine platform was used for the whole process of generating the BPC. Landsat-8
OLI SR product was chosen for the analysis. To reduce the amount of data, the Landsat-8 SR
collection was filtered by date (01/01/2014 until 01/01/2017) and location (boundary of Swiss
Plateau). In Switzerland it is mandatory to perform crop rotation. This means that the planted type of
crop changes each year and also that different fields are fallow on different times. The longer the time
series of satellite data, the higher the chance to detect each field on a fallow moment. With a time
span of three consecutive years the different crop rotation periods should get covered.

The SR product was initially calculated from the TOA reflectance data. During those processing
steps, a new band called CFMask was added. CFMask is an algorithm that classifies every pixel into
one of the following five classes: clear, water, cloud shadow, clouds, and snow (USGS, 2017). We are
only interested in clear pixels over land. Thus, all pixels except the class ‘clear’ were masked and
removed.

Visual analysis of the remaining images showed some outlier pixels. These showed very high
reflectance values in all bands. In the USGS Product Guide (2017) this problem is described. The
algorithm has some issues when there is a high temperature difference between the ground and the
cloud. In addition, challenging are also thin clouds and very bright targets. To reduce these artifacts,
another filter was applied. This filter detected all the pixels with extraordinary high reflectance values
over 2’000 in the OLI RGB bands 2, 3, and 4. The value of 2’000 for this filter was chosen after
analysis of the outlier pixels. After these preprocessing steps, the image collection was ready for

further analysis.

3.1.2 Brownest Pixel Index

A spectral index was chosen for the calculation of the BPC. An index has the advantage that it is
calculating the proportion between different wavelength regions and is therefore not sensitive to the
absolute amount of reflectance. This is crucial when analyzing a longer time-series of satellite data as
the ground is exposed to different meteorological conditions. For example, higher moisture on the
ground leads to lower reflectance values in the whole spectra that would have a strong influence on a
calculated value (Nocita et al., 2013). With the use of an index this and also other influences can get
reduced.

The brownest pixel index (BPI) should be sensitive for bare soil. Several indices exist already to
discriminate bare soil from other land cover types. These indices face often the challenge that built-up
areas show similar spectral response as bare soil. Thus, they are often created to be able to
discriminate between these two land cover types. In this thesis, the built-up area will get removed
with additional data, so that just agricultural area is left for analysis. Therefore, the BPI must not be
able to discriminate between built-up and bare soil area. Piyoosh & Ghosh (2016) give an overview

about existing bare soil indices. The BPI should be an easy to apply index that is applicable on
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Landsat-8 OLI data. Moreover, the calculation should be possible over larger area and in a longer
time-series. Two different indices were selected as BPI and are described below. The results were

compared and the most suitable one was selected as the BPI for the final product.

Normalized Difference Vegetation Index

The NDVI is widely used for the monitoring and assessment of vegetation activity (Lillesand et al.,
2015). It is also used for calculating the greenest pixel composite, showing the highest amount of
vegetation activity over a given time period (e.g. Landsat 8 Annual Greenest-Pixel TOA Reflectance
Composite in GEE). NDVI values below 0.2 correspond to water, snow, or non-vegetated areas like
bare soil. Thus, the lowest NDVI composite should be able to detect the bare soil area over a given

time period. Equation 1 shows the calculation of the NDVI.

RNIR - Rred

NDV] = ——
Ryir + Ryea

Equation 1: Calculation of the NDVI where R is the reflectance of the NIR and red spectral region.

Bare Soil Index

The Bare Soil Index (BI) is mainly used in the field of land cover classification. It is used to
differentiate between bare soil and other land cover types and was introduced by Rikimaru et al.
(2002). The BI enhances the NDVI with adding the blue and SWIR wavelength region, which can be
seen in Equation 2. The BI was already successfully used in forest research (Jamalabad & Akbar,
2004), as well as to map bare soil areas (Zhao & Chen, 2005). For the SWIR region, the OLI band 7
(SWIR2) was chosen, as it lies in the region of the clay absorption features (Ben-Dor & Dematte,
2016).

_ (Rswirz + Rrea) — (Ryir + Rppye)
(Rswirz + Rrea) + (Ryir + Rpiue)

Equation 2: Calculation of the BI where R is the reflectance of the SWIR2, NIR, red and blue spectral region.

BI

3.1.3 Selecting Agricultural Areas

The calculation of the BPI is just feasible over agricultural areas, as forest, water, and built-up areas
never show bare soil. To mask these land cover types, a binary mask of the Swiss Plateau was used.
This binary mask was created with the national map data from swisstopo (Bundesamt fiir
Landestopografie swisstopo, 2008). All land covers except the following were masked and removed:

cropland, (permanent) grassland, orchards, vineyards, and tree nurseries.
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3.1.4 Generation of the Composite

After the masking steps, the BPC of the remaining pixels was calculated using the qualityMosaic
function in GEE. This function chooses in the pixelwise time series the date with the highest value in
the chosen band. For the BPC, the BPI value was selected for the gualityMosaic. The result is an
image that shows in each pixel the highest BPI value from the whole study period. Thus, it shows the

desired BPC for the Swiss Plateau in a spatial resolution of 30 m.

3.2 Brownest Pixel Composite for Visualization

The next steps describe the calculation of the BPC for the entire Switzerland. As described in the
beginning of the method section, this product is calculated for visualization purposes, to get an
overview about the maximum bare soil area in Switzerland. These steps are also adaptive for every
other part of Europe by just changing the region of interest. It is not used for the analysis of the soil
properties as it uses TOA satellite data which are not corrected for the different atmospherical

conditions.

3.2.1 Preprocessing

The Landsat-8 TOA product was chosen for the calculation. This product does not contain the SR
CFMask band. Therefore, the cloud filtering was done using the GEE cloud score algorithm. The
algorithm computes for every pixel a cloud likelihood score from 0 — 100 using the reflectance from
the different bands. All pixels with a cloud score higher than ten were removed. The threshold of ten
was also chosen by Huang et al. (2017) and showed feasible results.

To remove pixels with snow coverage, the Normalized Difference Snow Index (NDSI) was calculated
(see Equation 3). In this study, the threshold of 0.7 was chosen to exclude pixels that contain snow.

The threshold was chosen by visual analysis.

Rgreen - RSWIRl

NDSI =
Rgreen + RSWIRl

Equation 3: Calculation of the NDSI where R is the reflectance of the green and SWIR1 spectral region.

3.2.2 Selecting Agricultural Areas
To be able to receive mainly the agricultural area in Switzerland, forest, water, and built-up areas
were masked using different freely available products. These products have the advantage that they

are available for whole Europe and could also be used to calculate the BPC in other regions.
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Forest

To mask the forest area in Switzerland, the Hansen et al. (2013) Hansen Global Forest Change
dataset was used. This dataset is already implemented in GEE and represents the global forest change
since the year 2000 in a resolution of 30 m. The dataset was calculated from Landsat images and
shows beside the forest change also the forest distribution in the band treecover2000. This band
classifies every pixel in its percentage of tree cover inside the pixel, with values from 0 to 100. All

pixels with a value greater than zero have been masked and removed.

Water bodies

For the water bodies, the Permanent Water Bodies dataset from the Copernicus Land Monitoring
Service was used (Langanke et al., 2016). This dataset contains the European water bodies in a
resolution or 20 m. A pixel is classified as water, when more than 90% of the pixel contains open

water. All water pixels have been masked.

Built-Up

For the built-up area, the Imperviousness dataset from the Copernicus Land Monitoring Service was
used (Langanke et al, 2016). The spatial resolution is 100 m. For every pixel the degree of
imperviousness from 0 to 100 is calculated. The calculation is based on the NDVI. All pixels with a

value higher than zero were removed.

3.2.3 Generation of the Continuous Composite

After the masking step, the BPC was calculated similar to section 3.1.4. The aim of this product is to
create an image of entire Switzerland without any gaps of the masked pixels. Thus, the masked pixels
from above need to get filled. For this, an additional cloud-free composite was created. This
composite was calculated from all the remaining cloud-free images after the preprocessing steps from
section 3.2.1. From the remaining images the mean reflectance per pixel was calculated. This was
done using the reduceToMean function in GEE. Afterwards, all pixels that were masked in section
3.2.2 were then filled with the corresponding pixel from the cloud-free composite. The result is a

gapless, complete and continuous image of Switzerland that shows the BPC over the agricultural area.

3.2.4 Enhancement of the Spatial Resolution

To increase the spatial resolution of the final product, the image was pansharpened. This was done
using the Landsat-8 panchromatic band with a resolution of 15 m, together with the RGB bands 2,3,
and 4. First, the blue, green, and red bands were converted from the RGB color space into the HSV
color space. Afterwards, the ‘hue’ and ‘saturation’ from the HSV product was concatenated together

with the panchromatic band. Finally, this product was converted back to the RGB color space. The
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result is a natural color image with 15 m spatial resolution for the entire Switzerland that can get used

for visualization.

3.3 Threshold

The BPC of the Swiss Plateau contains for each pixel the reflectance of the moment with the highest
BPI value from the three years time period. In the agricultural area, the pixels will contain either the
reflectance from the bare soil or from (permanent) grassland. The BPI value gives us an indication if a
pixel contains rather bare soil or grassland. To be able to distinguish between those two classes, a
threshold needs to be defined. This threshold should classify each pixel into either bare soil or any
other land cover type. For defining this threshold, a combination of two approaches was chosen;
analysis with APEX data as well as a field investigation. Figure 7 shows the workflow diagram for

defining the threshold.

3.3.1 Airborne Imaging Spectroscopy

The seven binary bare soil images from APEX were loaded into the GEE. The bare soil fields were
selected manually and everything else was excluded in the analysis as it contains misclassified pixels.
To get the corresponding BPI value for each bare soil pixel, the Landsat-8 scene with the least time
difference to the APEX scene was considered. Table 4 shows the corresponding Landsat-8 scene for

each APEX scene and the time gap in days.

Table 4: APEX scenes and the corresponding Landsat-8 scene with the least time difference.

Location APEX Date Landsat Date Landsat Scene Time gap in days
Eschikon 18/07/2014 19/07/2014 LC81940272014200 +1
10/04/2015 08/04/2015 LC81950272015098 -2
Oensingen | 21/04/2015 24/04/2015 LC81950272015114 +3
24/06/2015 27/06/2015 LC81950272015178 +3
Greifensee | 18/07/2014 19/07/2014 LC81940272014200 +1
10/04/2015 08/04/2015 LC81950272015098 -2
10/07/2015 06/07/2015 LC81940272015187 -4

Every APEX scene was later analyzed separately. First, the 2 m resolution of the APEX scene was
reduced to match the 30 m resolution of Landsat-8 images in GEE. The APEX pixels were reduced
with a mean function to fit the Landsat pixel size. The new 30 m APEX pixel was classified as bare
when more than 50% of the primary pixels have been classified as bare. Afterwards, the projection

was changed to the one from Landsat-8 so that the pixels fit exactly. In addition, each Landsat-8 scene
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was preprocessed as described in section 3.1 and for every pixel the BPI was calculated. For all the
newly calculated 30 m APEX bare soil pixels, the corresponding Landsat-8 BPI value was extracted,

stored in a list, and exported.
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Figure 7: Working steps for defining the BPI threshold.
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Additionally, to obtain also a reference of the BPI value from pixels containing vegetation, four
APEX natural color (RGB) scenes have been analyzed. Fields that were not classified as bare soil, but
visually had a mixture of bare soil and vegetation, or were fully vegetated, were selected with a
polygon in GEE. Figure 8 shows an example of the selected bare soil and mixed vegetation fields.
Afterwards, the same steps as above were conducted. For every vegetation pixel in the polygons, the

corresponding BPI value was calculated, stored and exported.

0 500 1000 m
[ I

Figure 8: Scene from Eschikon in April 2015. Left: Binary bare soil image classified by HYSOMA. White pixels are
classified as bare and black pixels as any other land cover class. Right: RGB composite of the same scene. The yellow
polygons show fields that were selected as bare soil and the red polygons show the fields that were selected as vegetation
class (mixture between bare soil and vegetation).

3.3.2 Fieldwork

The APEX analyses above have been done without ground reference data. To obtain also BPI values
from pixels that are assured as bare soil, a small fieldwork campaign was conducted. A total of 56
fields were analyzed on a field trip in the northern part of Switzerland on the 16™ of March 2017. The
fields were classified by eye into the classes bare soil and vegetation. The vegetation class contained
fields with different amounts of vegetation cover; from sparse to fully vegetated. A total of 45 bare
soil fields and 11 vegetated fields were mapped. An example of three analyzed fields can be seen in
Figure 9. The images show the NDVI value of the fields. The first image shows a bare soil field, the
second a sparse vegetated one, and the third a fully vegetated one. The brighter the pixel, the higher
the NDVI value and thus, the higher the vegetation activity.

Afterwards, the corresponding Landsat-8 scene (Table 5) was analyzed as described above. Each field
from the field campaign was drawn with a polygon in GEE. And for every pixel in each class, the

corresponding BPI value was calculated, stored in a list, and exported.
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Table 5: Date of the fieldwork and the corresponding Landsat-8 scene.

Location Fieldwork Date | Landsat Date Landsat Scene Time gap in days

Fieldwork 16/03/2017 12/03/2017 LC81950272017071 | -4

Figure 9: Example of the NDVI value of different fieldwork fields. Left: bare soil field; Middle: sparse vegetated field; Right:
vegetated field. Bright color represents high NDVI values (vegetation) and dark color low NDVI values (bare soil).

3.3.3 Calculation of the Threshold

All BPI values from the selected APEX bare soil fields, the APEX vegetation fields, as well as from
the fieldwork campaign were combined together with the corresponding classification label (bare soil
or vegetation). To receive the optimal threshold for the distinction of those two classes, a sensitivity
analysis of different thresholds was conducted. BPI thresholds between -0.2 and 0.2 were used to
classify the pixels into either bare soil or vegetation. For every threshold, the producer and user
accuracy, as well as the overall kappa was calculated from the classification. The final threshold was
chosen with a tradeoff between a high producer and high user accuracy for the class bare soil, together

with a high overall kappa value.
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3.4 Bare Soil Analysis

The BPC of the Swiss Plateau together with the BPI threshold was used to classify each pixel into
either bare soil or into any other land cover class. In the agricultural area of the Swiss Plateau, the
other land cover class will be mainly permanent grassland, as that pixel was never bare soil in the
three years of investigation as well as located in the agricultural area. This binary bare soil product
can be used to get an overview about the geographic distribution of the arable land in the Swiss
Plateau.

For the further calculation of the soil properties, we are just interested in pixels that are classified as
bare soil. For this, a bare soil composite (BSC) was calculated. For the composite, the maximum bare
soil moment from the BPC was chosen. If a pixel was more than one time bare (BPI value higher than
the threshold), then the mean reflectance of all the bare soil moments was calculated. This was done
using the ee.Reducer.mean function in GEE together with the masked bare soil moments. With the
mean of several bare moments we can reduce the effect of outliers and should receive a more stable

reflectance value of the bare soil pixel.

3.5 Soil Properties Calculation

3.5.1 Extraction of the Spectral Data

The calculation of the amount of sand, silt, clay, and SOM in the bare soil was done using the BSC of
the Swiss Plateau together with the HSD (see Figure 10). The HSD sample locations were uploaded
as a Google Fusion Table into GEE. For every sample location of the HSD, the corresponding bare
soil reflectance was needed. The reflectance of the underlying Landsat-8 pixel of each sample
location was extracted. When the field sample was over forest, water, imperviousness, or permanent
grassland area, no reflectance data was extracted, as we are just interested in the reflectance of bare
soil. Those soil samples could not be used in the further calculation steps. When the field sample lay
on the border of two Landsat pixels, the mean reflectance value of both pixels was calculated and
extracted. The final list of the soil samples together with the reflectance values was exported and

analyzed using R (R Development Core Team, 2008).

3.5.2 Prediction of Soil Properties

The analysis was done for each of the four properties separately. First, all soil sample points without
reflectance data were removed. For the calculation of the MLR the OLI bands 2 to 7 were used. This
contains the reflectance of the blue, green, red, NIR, SWIR1, and SWIR2 wavelength region.

To get the best MLR model, a cross-validation approach was chosen. Cross-validation has the
advantage compared to a simple randomly chosen test and validation data set that there is much less
variation in the model performance (Gareth et al., 2017). For each combination of the 6 independent

variables (OLI Band 2 to 7) a k-fold cross-validation with k=20 subsets was performed. Fewer subsets
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would increase the model variation and more subsets would increase the computational costs, as well
as the correlation bias (Gareth et al., 2017). All the different combinations of independent variables
were then compared using the RMSE from the cross-validation. For each soil property, the
combination with the lowest RMSE value was chosen individually for the calculation. The chosen
combination of independent variables was then used to build the MLR model. Afterwards, the model
was applied to every pixel of the BSC to predict the soil properties. The coefficient of determination

(R?) as well as the RMSE was calculated to analyze the performance of the MLR model.
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Figure 10: Working steps for the prediction of the different soil properties.
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4. Results

4.1 Brownest Pixel Composite

4.1.1 Brownest Pixel Index

Two different indices were compared for the calculation of the BPC. Figure 11 shows an example
close to lake Neuchatel. The left image shows the minimum NDVI composite, the right image the
maximum BI composite. White areas are pixels outside the agricultural area. The minimum NDVI
composite showed a lot of artifacts all over the image, which are not present in the maximum BI
composite. Visual analysis of the original Landsat-8 image showed that these artifacts were mainly
not detected snow, fog, or cloud coverage. Therefore, the minimum NDVI is not useful for the
selection of the barest soil pixels. The additional band information in the BI reduced this effect and is

therefore better suited for calculating the BPC of the agricultural area. The BI was chosen as BPI.

Figure 11: Comparison of the two BPI over the same location. Left: RGB image of the minimum NDVI composite. Right:
RGB image of the maximum BI composite. White areas are masked because they do not contain agricultural area.

23



4.1.2 Brownest Pixel Composite for Analysis

The BPC was calculated for 49.5% of the area of the Swiss Plateau. The remaining 50.5% was
masked out in the processing steps as it contained other land cover types than agricultural area. The
values of the BI are mainly in a range from -0.4 to 0.4. The histogram in Figure 12 shows two peaks,
one at around -0.15 and one peak at 0.15. The lowest part between the two peaks lies around the BI
value of zero. The distribution of the values in the map (Figure 13) show that the highest BI values
can be found in the western part of the Swiss Plateau, between Geneva and the lake of Biel. Another
area with higher BI values can be found in the northeast between the region of Zurich and lake
Constance. The middle part of the Swiss Plateau and the southern area shows generally lower BI

values. Pixels with a higher BI value are more likely bare soil than pixels with lower BI values.
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Figure 12: Amount of pixels with the corresponding BI value.
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Figure 13: BI values of the BPC in the study area. White areas are masked pixels.

4.2 Brownest Pixel Composite for Visualization

Figure 14 shows the RGB composite of the BPC of Switzerland in a spatial resolution of 15 m.
Additionally, two focus areas with different scales are shown to illustrate the high resolution of the
product. In the red focus area we can see the lake of Neuchatel, some forests, settlements, and
agricultural area. The agricultural area looks brownish, which shows that many fields are bare and
have been used as arable land during the study period. The blue focus area shows a small area in the

canton of Berne. Also here, forest, settlements, and agricultural fields can be found.
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Figure 14: RGB composite of the BPC of Switzerland in 15 m spatial resolution together with two focus areas on bottom.
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4.3 Threshold

4.3.1 Airborne Imaging Spectroscopy and Fieldwork

Table 6 shows the amount of pixels for each scene and class that have been selected and analyzed.
The BI value for a total of 2531 bare soil pixels and a total of 5075 vegetation pixels were calculated.
The amount of pixels in each scene differs a lot. For the scene of Eschikon in July 2014, no more
pixels were left after the reduction from the APEX to the Landsat resolution. Therefore, it could not
get further used. For other scenes, like the one from Oensingen in June 2015 the BI value of over

2500 pixels was calculated.

Table 6: Amount of bare soil and vegetation pixels analyzed for each APEX scene and the fieldwork campaign.

Location Flight Date Bare soil pixels Vegetation pixels | Total
Eschikon 18/07/14 0 0 0
10/04/15 193 156 349
Oensingen 21/04/15 640 723 1363
24/06/15 189 2356 2545
Greifensee 18/07/14 41 0 41
10/04/15 538 1765 2303
10/07/15 62 0 62
Fieldwork 16/03/17 868 75 943
Total 2531 5075 7606

When comparing the BI value of all the pixels of the two classes (Figure 15), we can clearly see some
differences. The bare soil class shows an average of around 0.1 and the vegetation class of around -
0.25. Additionally, the variance of the vegetation class is much higher than the one from the bare soil
class. The bare soil class shows some outliers to lower BI values.

The boxplots of each of the locations (Figure 16) show again that the bare soil pixels have higher BI
values than the vegetation pixels. The bare soil class of the scene of Greifensee in July 2015 shows
the lowest average BI values with values below zero. However, in this scene just 62 pixels were
analyzed. All other scenes show average BI values higher than zero with the highest values in
Eschikon in April 2015. All scenes, except Greifensee July 2014 and Greifensee July 2015, show
some outliers with values lower than -0.1. Another interesting fact is that the outliers are nearly
always to the lower BI values and none, except Greifensee April 2015, show outliers to larger BI
values.

When comparing the boxplots of the two classes in each scene, we can see distinct differences
between the classes. Only the values from the fieldwork campaign show less difference in mean BI

values. The vegetation pixels show a mean that is higher than zero.
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Figure 15: BI value boxplots of all the pixels in the two classes bare soil and vegetation.
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Figure 16: BI value boxplots for the classes bare soil and vegetation for each APEX scene and the fieldwork campaign.
ES = Eschikon; GF = Greifensee; OE = Oensingen; FW = Fieldwork. For the last two locations no RGB composite and
therefore no vegetation class was calculated.
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4.3.2 Calculation of the Threshold

Figure 17 shows the result of the threshold calculation. The overall kappa value is increasing with
increasing BI threshold to a maximum of 0.88 and decreases afterwards. It stays relatively stable on a
high value over 0.85 between the thresholds of -0.0275 and 0.0425. The user accuracy of the class
bare soil is increasing continuously and in the period of high kappa the value goes from 0.87 to 0.94.
In the same range the producer accuracy of the class bare soil is decreasing from 0.97 to 0.86. For the
optimal threshold, the interface between user and producer accuracy was used. The interface lies at a
BI value of 0.0175. At this threshold the kappa value is 0.88 and the user and producer accuracy are
both at 0.92. The BI value of 0.0175 is chosen as the threshold for dividing each pixel into either bare

soil, or vegetation.
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Figure 17: Results of the binary classification with different BI thresholds. The x-axis shows the threshold value from -0.2
to 0.2. The y-axis shows the accuracy of the classification from 0 to 1. The blue line represents the producer accuracy of the
class bare soil; the red line the user accuracy of the class bare soil. The yellow line shows the overall kappa value. The
chosen threshold is visualized by the vertical blue line and lies at the BI threshold value of 0.0175.
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4.4 Bare soil analysis

Figure 18 shows the binary classification of bare soil and grassland. 40.8% of the agricultural area is
classified as bare soil and 59.2% of the area as grassland. Different parts of the Swiss Plateau show
different distribution of the two classes. The distribution is similar to the results of the BPC. The
largest bare soil area occurs in the western part of the Swiss Plateau between the Lake of Geneva and
Lake Biel. Another bare soil area is northeast, between Zurich and Lake of Constance. The remaining

area of the Swiss Plateau shows mainly grassland with some bare soil fields in between.
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Figure 18: Geographic distribution of the binary classification of the BPC by the BI threshold of 0.0175. All BI values
higher than the threshold were classified as bare soil; the lower values as grassland. White areas are masked pixels.

For the further calculation of the soil properties only bare soil pixels are of interest. Figure 19 shows
the natural color RGB composite of the BSC. These pixels are used for the further analysis of the soil
properties. We can clearly see differences in the RGB soil color, which is an indicator of differences
in soil characteristics (Shukla, 2014). In the red focus area we can see in the north, between the lakes,
an area with very dark soils, whereas the most other pixels show similar, lighter soil colors. This is an

indicator that the soil properties differ in these two areas.
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Figure 19: RGB (OLI 4/3/2) composite of the BSC in the study area together with two focus areas.

Figure 20 gives an overview from which months, in the three-year study period, the bare soil pixels
were selected for the BPC. A lot of pixels were selected from the months March and April.
Afterwards, the amount of chosen pixels decreases strongly. A second peak can be seen in the month
of August, from where every fourth pixel in the BPC showed the maximum BI value. Afterwards, the
following three months show again a smaller amount of maximum BI value and in the three winter

months, December, January, February just a few pixels have been selected for the composite.
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Figure 20: The bar plot shows the amount of pixels chosen from each month for the final BSC. It is an indicator on which
month of the year the most fields show bare soil.

4.5 Soil properties calculation

4.5.1 Multiple linear regression with spectral data
From the 4783 different soil samples (see Table 7), around 67% were located in non-bare soil area
and are not useable for the soil properties calculation. From the remaining 1597 soil samples, 1580

contain information about the amount of SOM, and 735 contain the percentages of sand, silt, and clay.

Table 7: Statistic about the HSD soil samples used for prediction.

Nr. of samples | Masked | On the BSC Soil texture | SOM

4783 3186 1597 735 1580

For each of these soil samples, the corresponding reflectance was calculated. The following figures
show the mean reflectance of the samples. To analyze the impact of the soil property on the
reflectance, the samples were divided into four categories with different amount of the soil property in
the soil.

Figure 21 shows clearly that the reflectance is decreasing with an increase in amount of clay in the

sample. This trend occurs in all the six OLI bands but seems to be stronger with increasing
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wavelength. Samples with a high amount of clay (>45%) show up to 30% decreased reflectance than

samples with low amount of clay (<15%).
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Figure 21: Mean Reflectance of samples with different amount of clay.
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Sand shows the opposite trend than clay (see Figure 22). Samples with a high amount of sand show

higher reflectance values than samples with lower amount of sand. This trend can again be seen

through all six OLI bands but seems to get stronger with increasing wavelength. However, the

differences between the classes seem to be smaller than with clay.

2500 -

N
o
o
o

Mean Reflectance

1000 -

33

1500 -

B2

' ' ' ' '

B3 B4 B5 B6 B7
OLI Band

Figure 22: Mean Reflectance of samples with different amount of sand.
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For silt, there is no clear trend visible (Figure 23). In the visible wavelength region (OLI bands 2/3/4)
samples with a high amount of silt reflect more than sample with a low amount of silt. In the NIR and
SWIR region of the wavelength this trend decreases and the samples with the lowest amount of silt
(<20%) show more reflectance than the samples with a silt percentage of between 20 and 60%.

Generally, the differences are much smaller than for sand and clay.
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Figure 23: Mean Reflectance of samples with different amount of silt.

SOM (Figure 24) shows again a clear decrease of reflectance with a higher percentage in the sample.
This decrease can be seen in all six OLI bands. However, the differences between the visible and the

NIR/SWIR region are not that clear than for sand and silt content.
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Figure 24: Mean Reflectance of samples with different amount of SOM.
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Figure 25 shows the RMSE values of the cross-validation with different amount of independent
variables. The shown RMSE value is the one from the best combination of the amount of independent
variables. Sand, clay, and SOM show all similar results. The RMSE decreases from the model with
just one independent variable to the model with five independent variables. The model containing the
information from all six Landsat-8 bands showed thereafter a little increase in RMSE. Therefore, for
the calculation of the sand, clay, and SOM content, the best model with five independent variables
was selected. In case of silt, the calculation showed a strong decrease to the model with two variables
followed by increasing RMSE values. The model containing two independent variables was chosen.
However, the differences are just in the second number after the comma. The selected bands for each

MLR model together with its equation is shown in Table 8.
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Figure 25: Model selection based on the RMSE values of different models with different amount of independent variables.
The RMSE value is always the one from the best model of the amount of independent variables.
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For the calculation of the clay and sand content the reflectance from the Landsat-8 green, red, NIR,
SWIRI1, and SWIR2 wavelength region were used. For the calculation of the silt content the best
model contained the information of the green and SWIR2 band. For the SOM model all bands except
SWIR1 were used.

Table 8: Multiple linear regression equations for the prediction of clay, sand, silt, and SOM.

Soil property | Intercept | Blue Green Red NIR SWIR1 SWIR2
Clay 45.7202 +0.0704 -0.0517 -0.0178 +0.0305 -0.0312
Sand 20.9845 -0.0780 +0.0515 +0.0169 -0.0305 +0.0373
Silt 33.3967 +0.0096 -0.0045
SOM 11.2234 +0.0200 -0.0143 -0.0120 -0.0026 +0.0072

The predicted values for each soil property can be seen in Figure 26. Each sample is represented by a
black dot and the dashed black line shows the 1:1 line, indicating were each samples should be
located if the correlation model was perfect. The analysis of the predicted values compared to the
sample values can be seen in Table 9. The model predicted with an R? of 0.26 for clay, 0.17 for sand,
0.03 for silt, and 0.28 for SOM. Therefore, the MLR model performs best for clay and SOM, followed
by sand. The R for silt is nearly zero and therefore, the correlation model has very limited prediction
power. Thus, for silt no prediction map will be calculated. In general, all four plots, as well as Table 9
shows that the models are overestimating the lower sample values and underestimating the higher
sample values. For SOM also negative percentages were predicted. However, this is not possible and

therefore, the negative values were set to zero in generation of the soil property maps.

Table 9: Basic statistics about the soil samples and the prediction of the soil samples.

Soil Property Min [%] Mean [%] | Max [%] SD [%] RMSE [%] R’
Clay 7.1 25.7 65.7 9.8

Clay Predicted 11.8 25.7 46.3 5.0 8.4 0.26
Sand 0.0 40.6 75.9 11.9

Sand Predicted | 21.7 40.6 43.8 5.0 10.8 0.17
Silt 12.8 334 56.6 6.2

Silt Predicted 27.0 33.7 38.1 1.0 6.2 0.03
SOM 0.3 4.9 57.4 4.9

SOM Predicted | -4.1 4.9 14.0 2.6 4.2 0.28
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Figure 26: Scatterplots of the MLR models. Black dots represents the soil samples. The x-axes shows the sample value and
the y-axis the predicted value. The black dotted line is the 1:1 line and the red line shows the regression line.

4.5.2 Prediction of Soil Properties

In this section the results of the MLR equations for clay, sand, and SOM are shown. The results are

plotted for the whole Swiss Plateau as well as for two focus areas. The upper left, blue focus area lies

in the canton of Zurich and contains a larger connected bare soil area. The lower right, red focus area

is located in the area of high bare soil occurrence, next to the Lake Neuchatel. This area contains

noticeable differences in the soil property prediction.

Clay

The amount of clay in the topsoil of the bare soil fields range from 10% to 40%. The mean of the clay

prediction is 25.7%, and the standard deviation is 5.7%.
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The overview map of the Swiss Plateau (Figure 27) shows the highest amount of clay in the topsoil in
the western part of the Swiss Plateau, next to the lakes Neuchatel, Biel, Geneva. Also the top eastern
part shows larger purple areas with a high amount of clay.

The western focus area shows the big continuous area of high clay percentage of more than 32% next
to the lakes. Around this area the clay percentage is generally lower than 27%. Generally it looks like
the percentage of clay is higher near the lakes than further away.

The second focus area in the region of Zurich shows generally lower clay values between 15% and
25%. There is a lot of variation between different fields visible. Some show very low values (dark

orange) and some fields show higher, purple values.
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Figure 27: Prediction of topsoil clay for the whole study area and for two focus areas.

Sand

The sand prediction map (Figure 28) shows in general much higher percentage than the clay
prediction map with values between 26% and 57%. The mean lies at 40% with a standard deviation of
5.9% Thus, the bare soil fields in the Swiss Plateau contain a higher amount of sand than clay. The

distribution seems to be inversely to the clay prediction map. In regions with higher clay values, the
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sand percentage is lower and the other way round. The western focus area shows us the same
continuous region with about 35% of sand in the topsoil next to the lakes. Around this area the sand
percentage increases to values between 40% and 50%.

The second focus area, in the canton of Zurich, shows mainly high percentages of sand with values

between 40% and 50%. Again, differences on a field scale are visible.
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Figure 28: Prediction of topsoil sand for the whole study area and for two focus areas.

SOM

The SOM map (Figure 29) shows values between 0% and 12% with a mean of 4% and a standard
deviation of 2.7%. The map of the Swiss Plateau shows generally low values, mainly below 4% SOM
with some areas up to 7%. Fields with higher predicted SOM values are just visible next to the Lake
of Neuchatel, which can be seen in the western focus area. The area next to the lake shows the highest
SOM percentage with values around 10%. Right next to this area, the values drop to around 5%.

In the second focus area, the values are generally below 5%, and some variations are visible.
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Figure 29: Prediction of topsoil SOM for the whole study area and for two focus areas.
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5. Discussion

5.1 Brownest Pixel Composite

5.1.1 Brownest Pixel Index

The composite with the minimum NDVI value did not work as expected. Low NDVI values should
correspond to low vegetation coverage and therefore, over agricultural fields, should detect bare soil.
This was not always the case, as the result showed. Many artifacts were visible in the result, which
seemed to be not detected thin clouds. Figure 30 shows the reflectance of some artifact pixel from the
minimum NDVI composite, together with the reflectance from the same pixels in the maximum BI
composite, showing a bare soil field. The low spectral difference between the OLI red and NIR in the
artifact pixels (blue line) lead to an NDVI of 0.12. The bare soil pixels show an NDVI of 0.21. Hence,
the minimum NDVI composite prefers the artifact to the bare soil field. The BI is calculated by the
OLI bands blue, red, NIR, and SWIR1. Therefore, it adds the information of two more bands to the
index compared to the NDVI. This additional band information changes the decision in this case. The
BI value for the artifacts is -0.16, and for the bare soil field 0.13. The maximum BI composite is
choosing the bare soil field to the artifact. This shows that the BI is more suitable to detect bare soil
than the NDVI. From a visual analysis of the results, the BI seems to be appropriate to detect the

“brownest” moment of each pixel in a larger area.
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Figure 30: Mean reflectance of some artifact and bare soil pixels.
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5.1.2 Brownest Pixel Composite for Analysis

The BPC was calculated using the maximum BI value. The composite was just calculated over
agricultural area in the Swiss Plateau. Thus, it should show bare soil over arable land and grassland
over pasture. Theoretically, permanent grassland should always show some reflectance of vegetation
in the pixel, where arable land should show moments without any vegetation on it. The resulted BI
histogram (Figure 12) of all the pixels showed clearly two peaks. The first peak is relatively flat and
the pixel values are more scattered, where the second peak is sharper and contains a large amount of
pixels. BI values below zero can occur when the added reflectance of SWIR2 and red is lower than
the added reflectance of NIR and blue. Vegetation shows normally high reflectance in NIR and lower
reflectance in blue, red, and SWIR2. If a pixel contains vegetation, the second part of the BI equation
is higher than the first, and the BI value will be below zero. Bare soil shows nearly continuously
rising reflectance values with increasing wavelength. SWIR2 together with red will therefore show
higher amount of reflectance than NIR together with blue and the BI values will be positive. From this
calculation we can already suppose that the threshold should lie somewhere around a BI value of zero.
Additionally, we can expect that the two peaks in the histogram are most likely related to the two
classes bare soil and grassland.

The distribution of the BI values over the Swiss Plateau seems to be feasible. When comparing the
Figure 13 with the Figure 1 from the study area, we can see that the western and eastern part of the
Swiss Plateau, which showed high BI values, are also the areas which are characterized by very good
suitability for cropland. The middle part of the Swiss Plateau shows less suitability for cropland and

shows also lower BI values in Figure 13.

5.2 Brownest Pixel Composite for visualization

This product was calculated for the purpose of high resolution visualization and to show the BPC for
entire Switzerland. Compared to the BPC of the Swiss Plateau, we do have a continuous map without
missing and masked pixels. This could also be done for the BPC of the Swiss Plateau, but as we are
there just interested in the bare soil pixels it is not necessary.

For this product, TOA satellite data were used. This means that the pixel values were not
atmospherically corrected and will differ from the SR product. Therefore, the pixel values are
contaminated by different processes in the atmosphere and are less appropriate to derive land surface
properties (Vermote & Kotchenova, 2008). The difference of TOA and SR can be seen in Figure 31.
It shows a single bare soil pixel inside the Swiss Plateau. In the NIR and SWIR region there are just
small differences in the reflectance value. In the visible region of the spectra the differences between
TOA and SR can be clearly seen. In summary, the effect of the atmosphere is highest in the blue and
green band of Landsat-8. The blue band is used for calculating the BI. As a result, also the value of

the BI will be different between SR and TOA and potentially, in some pixels, the date of the
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maximum BI moment will be a different one compared to the BPC of the Swiss Plateau. The
difference can also be seen in the RGB composites (Figure 14 and Figure 19), where the TOA product
looks different compared to the SR product. This is the reason why these two products are not
comparable. However, it is still useful to show an overview of the “brownest” composite of

Switzerland. The improved spatial resolution of 15 m helps to produce a visually nice and continuous

map.
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Figure 31: SR and TOA reflectance of the same bare soil pixel.
5.3 Threshold

5.3.1 Airborne Imaging Spectroscopy and Fieldwork

Table 6 showed that the amount of pixels per scene differs a lot. The amount of bare soil pixels in the
analysis were limited by the availability of bare soil in the APEX images calculated from the
HYSOMA software. Thus, the amount of bare soil pixels is fixed and cannot get increased. In
contrast, the chosen fields for the vegetation class were selected manually and the amount of pixels is
arbitrary. Not all the fields that show vegetation were selected for the analysis. The selection was
based on the idea to choose fields that visually looked like a mixture between bare soil and vegetation.
Accordingly, fields with sparse vegetation, very dry vegetation, or visually brown vegetation were
chosen. Fully vegetated, green fields were just chosen sporadic, as the BI value would be obviously
different to bare soil. With this technique, the vegetation class contains mainly BI values that are just
slightly different to the bare soil fields. As a result, the threshold is more sensible for the difference

between bare soil and mixed fields.
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The overall boxplots (Figure 15) of the class bare soil and vegetation showed that there is a clear
difference between the two classes. However, the vegetation class showed much more variance than
the bare soil class. The reason for this was explained above. For the vegetation class a lot of mixture
fields were selected that show also reflectance of bare soil. Thus, some of the pixels will show higher
BI values. The same trend can also be seen in Figure 16 were a boxplot is shown for each scene
separately. The vegetation class shows much more variance than the bare soil class.

In the fieldwork campaign, a field was also classified as vegetated when there were just little
offshoots on the field. These fields showed a lot of bare soil in between. They got chosen because
young vegetation has also an influence on the reflectance in the satellite image and these pixels should
also get removed. This explains why the median of the fieldwork vegetation class shows just small
differences to the fieldwork bare soil class.

The bare soil class of Greifensee in July 2015 shows with an average below 0 much lower BI values
than all the other bare soil boxplots. This APEX scene was captured four days after the Landsat-8
image. It is therefore possible that in these four days some fields got harvested. A selected bare soil
field in the APEX scene could therefore still show vegetation in the Landsat image. Hence, we would
select the BI value of vegetation instead of bare soil. This would explain why the bare soil class
shows values more similar to the vegetation classes.

In summary, we can clearly see that the two classes show different BI values in each scene. The
degree of difference as well as the variance within the classes differs among the scenes. This can get
explained by the varying time difference between the APEX and Landsat scenes as well as by the

different amounts of selected pixels.

5.3.2 Calculation of the Threshold

The threshold was chosen with a tradeoff between high overall kappa and optimized user and
producer accuracies of the class bare soil. The chosen threshold of 0.0175 lies around the expected
value of zero and additionally in the lower part between the two peaks of Figure 12. At the threshold,
the producer accuracy of bare soil is 0.92. This means that we misclassify 8% of the vegetation pixels
as bare soil. Therefore, when building the MLR model for predicting the soil properties we have some
disturbance reflectance from vegetation pixels. The user accuracy is also 0.92. This means that we are
also misclassifying around 8% of the bare soil pixels as vegetation. This has an influence on the
maximum amount of bare soil in the study area. When choosing a higher threshold, we could have
decreased the amount of vegetation pixels that were misclassified as bare soil. Thus, the disturbance
of vegetation pixels in the model building could have been decreased and the prediction accuracy may
increase. On the other hand, we would then misclassify a lot of bare soil pixels as vegetation. Hence,
the maximum amount of bare soil in the study area would decrease.

It shows that the chosen threshold can have a high influence on the final result. Choosing the right

threshold depends on the question to be answered. In this thesis we have created two products, the
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maximum bare soil composite as well as the prediction of soil properties. The threshold needs to be
chosen so that it fits both tasks equally. For this purpose, the chosen threshold of 0.0175 is appropriate
to distinguish between bare soil and other land cover classes.

Dematté et al. (2009) was developing a multi-step way to distinguish the bare soil pixels from others.
First, each pixel was evaluated in an RGB composite to see if the pixel color looks like bare soil. The
same was also done in a false color composite (SWIR, NIR, red), where bare soil should look purple.
Next, a vegetation index was considered, were the pixel should have the value of zero followed by the
analysis of a scatter plot of the NIR and red band. The pixel should lay near the soil line to be
considered as bare soil (Baret et al., 1993). Finally, the spectral curve of the reflectance from the
satellite was compared to spectral laboratory curves of samples from the same region. Only when all
these five steps considered the pixel as bare soil, then it was used for further analysis. This method
uses way more steps and the pixels were analyzed individually. For the case of a single Landsat
image, which was used in many studies, this method seems to be appropriate. It can clearly evaluate
more misclassifications than with the simple method used in this thesis. But it is not useful for
studying a larger area with a BPC containing millions of pixels. For this aim, the development of an

easy to use index together with a threshold, as used in this study, seems to be more adequate.

5.4 Bare Soil Analysis

The threshold enabled to classify each pixel into bare soil or grassland. The statistic showed that
nearly 41% of the agricultural area showed bare soil and is therefore used as arable land. These 41%
corresponds to a total area of 2488 km? of bare soil. For a reference, the area statistic of Switzerland
(Bundesamt fiir Statistik, 2016) was considered. The spatial resolution of this product is 100 m. The
land cover gets classified in several categories by expert judgment with the help of aerial images.
Unfortunately, for our study area the statistic is not available. To get an approximate overview, the
statistics of the cantons that are completely inside the Swiss Plateau (Zurich, Thurgau, and Geneva),
together with the ones that are nearly completely covered (Lucerne, Aargau, Solothurn, Berne,
Fribourg, and Vaud) were analyzed. The latest data from the year 2009 show that 43% of the
agricultural area is classified as arable land (Bundesamt fiir Statistik, 2016). The percentages are
nearly the same, which shows that the calculated bare soil map is feasible and could also be used to
improve the area statistic. The much higher spatial resolution of 30 m helps to identify large-scale
geographical distribution of bare soil and other agricultural classes. The distinction between grassland
and bare soil over larger areas is also of great interest for the integration into land management
models (Gomez Giménez et al., 2016).

The methodology used in this thesis is promising for generating a large and continuous bare soil map.
Other published studies showed much less continuous soil area as they were often conducted with

single Landsat images. For example, Dematté et al. (2016a) was also working with multi-temporal
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Landsat images and was able to calculate soil properties for a bare soil area of 120 km?. Other studies
showed even less area of bare soil which is also related to the smaller extent their study was
conducted. It shows that the new approach chosen in this thesis, with help of the GEE, can increase
the study area and accordingly also the amount of bare soil mapped.

For this thesis, a study period of three consecutive years was chosen to increase the chance to map the
field on a bare moment. Figure 32 shows the amount of bare soil pixels that would have been detected
with a different study period. When just analyzing Landsat-8 images from one single year, we could
receive a total bare soil area of between 2.5 million and 3.2 million pixels. The chosen period of three
years was increasing the total bare soil area by 65% compared to the year 2014, 26% to 2015, and
52% to the year 2016. Therefore, a longer study period increases the amount of bare soil detected. An
even longer study period may increase the total bare soil area further. For this thesis, the study period
was limited by the available Landsat-8 data at the moment of processing. Figure 32 shows also that
there are relevant differences between each single year. A reason for this could be the cloud coverage.
Depending on the region in the study area there are around 18 to 50 images available per year, as
explained in section 2.2. During the winter months, the Swiss Plateau suffers often from high fog and
also in the summer months cloud coverage can occur. This could reduce the amount of available
cloud-free images in some regions drastically, which would reduce also the chance to detect a bare
soil field. This could be an explanation why there is much less bare soil detected in the years of 2014
and 2016. With an increased study period, the data availability per pixel is increased and the chance to
detect bare soil, too. With this issue considered, there is a high chance that with an even longer time

period than three years the total area of bare soil could get increased further.
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Figure 32: Amount of bare soil pixels captured in the study area with different study periods.
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The BSC (Figure 19) shows the natural color composite of all the bare soil pixels. We can clearly see
differences in the color of the bare soil. Some fields show very dark soils and other more bright ones.
The dark ones are mainly clustered near the lakes (north of red focus area). The soil map of
Switzerland classifies the soils in this area as Histosols and Fluvisols (Bundesamt fiir Landwirtschaft,
2012). These soils are characterized mainly by a high content of SOM (IUSS Working Group WRB,
2015). Chen et al. (2000) showed that dark soils contain a higher amount of SOM than more bright
ones. This finding coincide the soil classification. Hence, out of the BSC we can already draw some
conclusions about the soil properties. The soil property map will reveal if we can approve this
assumption.

The distribution of the chosen bare soil pixels in the BSC (Figure 20) showed that there are months
that seem to show more bare soil area than other months. A field normally remains bare in the time
after harvesting until the next moment of seeding. During this period, satellite images can detect the
bare soil fields. The highest amount of chosen bare soil pixels showed the month of August. In July,
the harvesting period for all the winter crops (wheat, barley, and triticale) starts and some of these
fields are also harvested in August (Franzen et al., in preparation). Therefore, a lot of fields show bare
soil in August. In addition, the chance for low cloud coverage in August is high. The combination of
these two factors explain the fact that most bare soil pixels showed the highest BI in August. In
September and October, the maize, potatoes, and sugar beet get harvested which will also lead to
several bare fields. In the same time winter crops are seeded (Franzen et al., in preparation). From
December on, just a few pixels showed the highest BI value. This can mainly be explained with the
weather conditions. The study area shows a lot of fog and cloud coverage in these months, and the
chance to have a cloud free image is reduced. The second peak of chosen BI pixels can be seen in the
months of March and April. The weather starts to get better and the seeding of the summer crops
starts in April. Thus, several fields are still bare and can be detected from satellite images. From May
on, the winter and summer crops are seeded and most of the fields will show vegetation. This explains

the strong decrease in selected bare soil pixels from this time period on.

5.5 Soil properties calculation

5.5.1 Multiple Linear Regression with Spectral Data

Soil Samples

From the adjusted HSD, around 67% of the samples were not on a bare soil pixel and we lost the
information for the further analysis. There are several reasons for these amounts of soil samples that
were excluded. First, most samples were collected 20 years ago and earlier. Between 1985 and 2009,
the urban area was increasing by 23.4% in Switzerland (Bundesamt fiir Statistik, 2016). In the same
period also the forest area increased. The expansion of these areas was mainly at the expense of the

agricultural area, which was reduced in total by 5% and for arable land even by 7%. Thus, many soil
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samples were collected in regions that are not within agricultural area anymore. Second, some of the
samples were collected in the forest area of Switzerland, near roads, or near settlement areas. Thus,
they got removed during the masking step. Even though we needed to exclude many soil samples,

there are still many samples left: 1580 SOM and 735 soil texture samples.

Reflectance Analysis

The mean reflectance of different amount of soil properties in the sample shows clear evidence that
the soil properties and the reflectance values are in a way related. Clay shows a decrease in all bands
from low to high content. Sand shows exactly the opposite, with increasing sand content also the
reflectance increases. This trend can also be seen in the soil samples; soils with a high content of sand
show normally a lower amount of clay, which would also explain this trend. The SOM reflectance
shows also a clear decrease of reflectance with an increase in SOM content. In the case of silt, no
clear trend is observable.

The same trends are also described in other studies. Dewitte et al. (2012) shows that sandy soils do
reflect more than clayey soils. Furthermore, he shows that an increase in SOM leads to darker soil and
therefore to less reflectance. Silt doesn’t seem to have a strong effect on the reflectance. The reason
for this could be that silt is defined as the particle size between sand and clay and doesn’t show this
strong difference to each of the other two classes. Additionally, when analyzing the soil texture
diagram of the HSD in Figure 5 as well as Table 9 we can clearly see that the silt content shows much
less variation than the sand and clay content. It seems that the content of clay and sand converse with

each other. High sand content seem to lead often to a reduced amount of clay.

Variable Selection

The cross-validation revealed that the best model to predict sand and clay included all the band
information except the blue one. However, the performance with all six bands would have been just
slightly lower. The mean reflectance plots showed that the influence of sand and clay content can be
clearly seen through all six bands. However, we can also see that the influence of the soil property
increases absolutely with increasing wavelength. In the NIR and SWIR region the differences
between the four classes are much higher than in the visible region. The blue band shows the smallest
difference in the reflectance value. Hence, this could explain why the model was not selecting the
blue band for the prediction of sand and clay. Additionally, in the SWIR region the clay minerals
show some absorption features, especially in the wavelength region of SWIR2 (Ben-Dor & Dematte,
2016). This would explain also why the SWIR1 and SWIR2 bands were chosen for the MLR model.
When having a look at the MLR equation (Table 8) of clay and sand, we can see that they are nearly
contrary to each other. When a specific band value is added for the clay prediction, then the nearly
same band value is subtracted from the sand prediction. This does also confirm the assumption that

the sand and clay content in our soils are somehow correlated to each other. The same finding is also
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described in the literature by Wetterlind & Stenberg (2010). They show that sand is often predicted as
the mirror image of clay because of the featureless quartz and feldspars in the sand.

The cross-validation for the prediction of silt showed that the best model was built out of just two
independent variables. Afterwards, the RMSE increases again. Although, it needs to be considered
that the differences in RMSE are just very small. The chosen bands for silt prediction are the green
and SWIR2 wavelength region. The reflectance plot from Figure 23 does not show a clear trend to a
specific wavelength region. Therefore, it stays unclear why the green and SWIR2 was chosen. In the
study of Dematté et al. (2007) the SWIR1 band from Landsat-7 was chosen to predict silt. The
calculated MLR equation (Table 8) shows that the influence of the two chosen independent variables
is very small compared to the MLR equations of the other soil properties. This explains why the
predicted silt content shows just very small differences between the samples and probably also why
the model performed very poorly.

For the SOM prediction, every band except SWIR1 was chosen. SOM shows spectral activity on the
whole spectra but especially in the visible part (Ben-Dor & Dematté, 2016). This could explain why
nearly all the six bands were chosen for the predicting model (SWIR1 was not chosen, but the model

with all six bands would perform just marginally weaker).

Model Performance

The performances of the MLR models were best for the prediction of clay and SOM, followed by
sand. For silt, the MLR model performed very poor. Following, we present some other studies that
were using satellite data to predict different soil properties.

The few studies that were conducted with satellite data showed very variable R” values. Dematté et al.
(2007) was calculating also MLR equations and received for one test-site with 60 soil samples R’
values of 0.67 for sand, 0.63 for clay, 0.29 for silt, and 0.27 for SOM. Except for SOM their models
were performing better than in this thesis. However, for another study area with 50 soil samples the
models were performing much worse. The R? for sand was 0.08, for clay 0.18, for silt 0.12, and for
SOM the model did not show any correlation. Though, with the combination of both study areas they
could increase the model performances again to 0.88 for sand, 0.87 for clay, 0.70 for silt, and 0.77 for
SOM. The conclusion of this study was that the broader range of data and the increased amount of
samples in the combination of both test sites allowed better performance of the MLR models
(Dematté et al., 2007). This conclusion increases the value of our work as we were working in a big
study area and with several hundreds soil samples. However, it shows also that the performance of the
models is very site specific and dependent of the soil types and the variance inside the study area. The
most soil samples in our study area show similar percentages of the soil textures. This can be seen in
Figure 5 where most of the soils are classified as loam or clay loam. Thus, the variance in our soil
samples is very small. This could also be the reason why the MRL models were not performing very

well for samples that show property values much higher or much lower than the average.
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The study of Nanni & Dematté (2006) using again Landsat data was predicting the soil properties
sand with an R* of 0.53, clay with 0.68, and SOM with 0.51. For silt, the model showed no
correlation. In the study, they were also predicting the soil properties with simulated Landsat bands
using laboratory data. These MLR models were predicting the soil properties better, which showed
that different factors like the atmosphere or the soil moisture content are having an influence on the
spectral response.

There are also other studies that performed worse in predicting soil properties. Liao et al. (2013) was
predicting sand with an R” of 0.32, silt with 0.21, and clay with 0.36. Their variable selection for the
MLR model was just choosing the SWIR2 band to predict all the properties. Although, they have been
using TOA satellite images to predict the soil properties. In section 5.2, we showed that this dataset is
influenced by the atmosphere.

The few studies that were using satellite data to predict soil properties showed very variable
performances depending on the chosen study area and the amount of soil samples. However, in
general the results of the prediction models can be seen as quite good when considering that the
satellite sensor is far away from the ground and can just collect information from the top part of the
topsoil. Our study, as well as the other studies showed that from the three soil textures (clay, sand,
silt) the MLR model of clay performs generally best. The models for sand showed also feasible
correlations. Though, silt cannot get predicted accurately. Clay shows normally the best prediction
most likely because of the spectral signatures of the clay minerals in the NIR and SWIR part of the
wavelength spectra (Stenberg et al., 2000). The bad performance from silt was already discussed
earlier. Most likely it is because of the particle size that can be assumed to contain a mixture of sand
and clay minerals and is therefore more difficult to get distinguished (Wetterlind & Stenberg, 2010).
In summary, we see that most other studies showed generally better performing prediction models
than in this thesis. But it needs to get considered that we are using a way more generalized method
that can be used to predict soil properties over a large area and for a long time series. In addition, the
soil samples used in this study were mainly collected between 20 and 50 years ago and from different
projects with different sampling methods. In contrast, all the described studies were collecting the soil
samples during their study period and with sampling methods that fit exactly the need of their study.
In our study we were also using the Landsat-8 reflectance data from a time span of three years that
show different meteorological conditions. Therefore, it is showing way more variability than by just
using one single scene. By considering these facts, the model performances in this study can be seen

as good and could most likely get improved by further enhancing the methods of this approach.

5.5.2 Prediction of Soil Properties
The prediction of the clay content shows us clear differences over the study area. Conspicuous is the
area around the lake in the western part of the Swiss Plateau. It shows clearly a bigger connected area

with the highest clay content. This area is classified as Fluvisol or Histosol (Bundesamt fiir
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Landwirtschaft, 2012) and is known to have been flooded for several times in the past. Afterwards,
the area got drained during the “Jura water correction” and is now a prominent used agricultural area
(Brindle et al., 2015). Nancy et al. (2011) showed that soils, which were flooded from time to time,
show higher clay contents than soils that were not flooded. Therefore, it seems to be feasible that the
prediction maps show in this area higher amount of clay than in the areas around.

The prediction of the sand content shows the contrary to the clay prediction map. The soils with a
high amount of clay show lower amount of sand and the other way round. This distribution
corresponds to the assumptions we did before. The MLR equation of sand showed already that it is
nearly contrary to the MLR equation of clay. Therefore, high clay content leads of necessity to a
lower sand content. The assumptions we did before, that the amount of clay and sand is somehow
related, can be clearly seen in the two prediction maps and was also shown in literature (Wetterlind &
Stenberg, 2010).

The prediction of the SOM shows even more conspicuous the two areas in the western part of the
Swiss Plateau with the highest SOM content. Exactly these two areas are described by Bréndle et al.
(2015) as soils with a high amount of SOM. The reason for this is again the flooding which occurred
regularly in the past. Additionally, it confirms the assumption from the bare soil RGB analysis
(section 5.4) that the dark soils refer to high SOM content. On contrary to the other two prediction
maps, the SOM prediction showed also percentages below zero. This is naturally not possible but can
get explained by literature. Al-Abbas et al. (1972) describe that the SOM has just an influence on the
soil reflectance when the content is higher than 2%. The reflectance of soils with a lower SOM
content is dominated by other soil properties. This could explain why the model was not working well
for low SOM values and why some pixels got predicted with values below zero.

The three soil properties clay, sand, and SOM could get successfully predicted over the whole study
area of the Swiss Plateau. The spatial distribution of the properties is in general suitable and
especially in the area around the lakes the predicted soil properties correspond to the literature and to
the existing soil map of Switzerland. Due to the limited model performances, the predicted soil
property maps should be used carefully for determining the exact amount of a specific property in the
soil. Nevertheless, the maps can get used to get an overview about the geographic distribution and to
illustrate in which areas rather higher or lower amounts occur. Furthermore, the soil property maps or
the BSC could also get used as one of the many covariates in a digital soil mapping (DSM) approach
(Nussbaum, 2017). The large area of bare soil reflectance from the BSC could increase the output of
the DSM models.

The results show a much higher spatial resolution than any other available soil maps in Switzerland
and shows differences even in an in-field scale. This information is valuable for different
stakeholders. For example, the farmers can use this information to increase their decisions about crop
management practices (Ge et al., 2011). Additionally, the soil property maps can also get used to

calculate different soil functions like the water storage capacity. Another improvement is that the soil
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property map is calculated for the whole Swiss Plateau, which contains parts of 14 cantons of
Switzerland. Normally, soil maps are calculated for every canton individually with different methods
and on different resolutions. Our method creates a coherent and borderless map that shows the amount

of soil properties nearly through entire Switzerland. Therefore, it is also valuable for comparison.

5.6 Limitations and Outlook

We showed the high potential of our methods to calculate the BPC, the BSC, as well as the prediction
of the soil properties. Aside the great value, these products show also some limitations but also great
potential, too.

Soil moisture has a high effect on the amount of reflectance of a bare soil pixel. The reflectance
decreases in the entire spectra with increasing soil moisture (Bogrekci & Lee, 2004). This can have an
effect on the prediction of the of soil properties. For example, an increase in SOM or clay content is
also decreasing the reflectance. The BSC in this study was composed from different pixels of a three
year time period. Hence, the pixels were selected from different meteorological conditions. Therefore,
some pixels will be chosen from dry and other from wet conditions and the amount of soil moisture in
the bare soil varies strongly. To reduce the effect of soil moisture, other multi-temporal studies were
conducted just in dry regions (Shabou et al., 2015), were using images from always the same month
but different years (Dematté et al., 2016a) or were correcting the effect of soil moisture (Diek et al.,
2016). However, the correction by Diek et al. (2016) was done using imaging spectroscopy data and
the method cannot be adapted for this thesis. Hence, several methods exist to predict the soil moisture
content from Landsat data (Zhan et al., 2007; Ahmad et al., 2011). However, to apply one of these
techniques to a composite consisting of 360 Landsat images like the BSC remains challenging, but
would most likely improve the performance of the prediction models.

The method in this thesis shows also some potential for further increasing its scale. The focus of this
thesis lied on the agricultural area of Switzerland. Although, the methods for the calculation of the
BPC (working with GEE and the use of an easy to calculate BI) was chosen so that it is also scalable
for different study sizes and regions. This gives the opportunity to upscale the product to a European
or even Worldwide level. Although, it works just for agricultural fields that show bare soil after
harvesting. To reduce artifacts in the final product, it is crucial to exclude non-agricultural areas from
the calculation of the BPC. In section 3.2.2 different products were introduced that are available on a
European (Permanent water bodies and Imperviousness dataset) or even worldwide level (Hansen
Global Forest Watch). With the use of these products it would be an easy step to upscale it to a larger
area. Although, the BPC can be easily calculated, the threshold to distinguish between bare soil and
other land cover type may differ from region to region. To receive a more or less accurate bare soil

product, the threshold needs to be evaluated in different regions and needs to be adapted potentially.

52



The distinction between bare soil and grassland can also get used in a longer time series to receive
information about the crop rotation. For every pixel we would then know in which months the pixel
showed bare soil and how often it showed bare soil in a specific time period. This would give us
valuable information about how extensive specific fields get used. The date of the bare soil moment
would give us also information about if winter or summer crops were planted. However, the potential
of such a time series analysis still needs to get evaluated.

Another improvement of the BPC as well as for the prediction of the soil properties could be done
with the use of the new Sentinel-2 satellites. The two Sentinel-2 satellites show a higher spatial
resolution of up to 10 m, a higher spectral resolution of 13 bands, and in combination also a much
higher temporal resolution of 5 days (Gatti et al., 2016). The much higher temporal resolution would
help to increase the maximum amount of bare soil captured in the BSC. In addition, the more spectral
bands would most likely increase the performance of the MLR models.

We showed that our product has the potential for new applications as well as for upscaling the study
area. With the use of newer satellite technologies, an increasing predicting accuracy may also be

possible.

6. Conclusion

Soil as a resource contributes to many ecosystem services and is crucial for our everyday life.
However, the resource is continuously under pressure as a result of global environmental changes as
well as the increase in population. A large amount of soils is already highly degraded which leads to
hampered soil functions. Due to the importance of this resource we have a high interest in up-to-date
soil information on local to global scale. Traditional soil sampling methods for producing this
information are not appropriate anymore, as they are very time consuming, costly, and often not
standardized. With the use of newer technologies like remote sensing we can close this gap of
information. In this thesis we used satellite remote sensing images to calculate soil properties over a
large area.

First, we developed a new and simple method to map the “brownest” moment of a pixel in a longer
time series. We calculated this for the area of the Swiss Plateau as well as for the whole Switzerland
for visualization purposes.

Second, we used additional airborne remote sensing images to define a threshold. This threshold gave
us the opportunity to classify each pixel into bare soil or any other land cover type. We then received
an overview about the maximum extent of bare soil in the study area during the given study period.
Third, the spectral reflectance of these bare soil pixels together with information from soil samples

were used to predict different soil properties for every bare soil pixel. We were able to predict the
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amount of clay, sand, and SOM in the topsoil with an adequate accuracy and in a high spatial

resolution of 30 m. The research questions of this thesis can get answered the following.

*  Which method is suitable to generate a brownest pixel composite over a large area?
The chosen method should be able to get applied over a large area and in a longer time series. We
have chosen two easy to apply indices that fulfill these prerequisites. The followed analysis of the
minimum NDVI and maximum BI composites showed clear differences. A lot of artifacts were
visible in the minimum NDVI composite that were not present in the maximum BI composite. The
discussion showed that the additional two spectral bands in the calculation of the BI changes the
chosen pixel and fewer artifacts were selected for the final product. The calculation of the brownest
pixel composite in the study area was done using GEE and took just few minutes. To mask the non-
agricultural area, auxiliary data were used. Some of these datasets are also available on a European or
even worldwide level. Therefore, the brownest pixel composite can get easily calculated for a large
study area. In summary, the chosen methods of the BI together with auxiliary masking datasets as

well as the GEE are suitable to generate a brownest pixel composite over a large area.

*  What is the optimal threshold to distinguish bare soil from other land cover types?
For our study area, the optimal threshold to distinguish bare soil from other land cover types is the BI
value of 0.0175. At this threshold, the user and producer accuracy of the bare soil class is equal. This
means that we misclassify the same percentage of bare soil pixels as vegetation as the other way
round. For the calculation of the soil properties, we want to reduce the amount of vegetation pixels
that are misclassified as bare soil to reduce the amount of spectral response from vegetation in the
MLR models. Although, when reducing this misclassification then we would also increase the amount
of bare soil pixels that get misclassified as vegetation. This would reduce the maximum bare soil
extent in the study area and would reduce the profit of the bare soil composite. Therefore, the chosen
threshold has a high influence on the result. In our study, the threshold is chosen as a tradeoff between
these two products. Hence, the threshold of 0.0175 is the optimal threshold to distinguish bare soil
from other land cover types in the case of our study. Although, it needs to get considered that the

calculation of the threshold is highly dependent on the chosen data and methods.

*  What is the maximum extent of bare soil in the study area of the Swiss Plateau during the
three years of investigation?

We were able to map a total area of 2488 km? of bare soil in the study area. This corresponds to

40.8% of the agricultural area of the Swiss Plateau. Comparison with the area statistic of Switzerland

showed that this amount is feasible. This is the maximum extent in the study period of three years. To

get the maximum bare soil extent in the study area, the study period has to get increased.
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* Can remote sensing techniques help to improve the available soil products and predict
structural soil properties over the agricultural area?

We were able to predict the soil properties clay, sand, and SOM for the bare soil composite in the
whole study area. The model for silt did not perform well enough and therefore, no map was created.
The maps were calculated in a high spatial resolution of 30 m which is more detailed than other
existing soil maps in Switzerland. This makes it possible to see differences even on an in-field level,
which can be interesting for farmers. As the model performances were limited, the maps are not
useful to receive accurate information about the total amount of a soil property in the topsoil.
However, the general distribution of the soil properties seem to be feasible and therefore, the maps
can get used to gain an overview about geographic differences. In summary, remote sensing
techniques can be used to create coherent and borderless soil products for large and even remote areas

for fewer costs.

This thesis showed the great value of remote sensing technologies for the soil science community.
Further research must be done to avoid some of the limitations. This would help to increase the value

of the results and enables the possibility for new applications and upscaling of the study area.
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