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Societal demands on soil functionality in agricultural soil-landscapes are confronted with
yield losses and environmental impact. Soil functional information at national scale is
required to address these challenges. On behalf of the well-known theory that soils and
their site-speciﬁc characteristics are the product of the interaction of the soil-forming
factors, pedometricians seek to model the soil-landscape relationship using machine
learning. Following the rationale that similarity in soils is reﬂected by similarity in landscape
characteristics, we deﬁned soil functional types (SFTs) which were projected into space by
machine learning. Each SFT is described by a multivariate soil parameter distribution along
its depth proﬁle. SFTs were derived by employing multivariate similarity analysis on the
dataset of the Agricultural Soil Inventory. Soil proﬁles were compared on behalf of differing
sets of soil properties considering the top 100 and 200 cm, respectively. Various depth
weighting coefﬁcients were tested to attribute topsoil properties higher importance.
Support vector machine (SVM) models were then trained employing optimization with
a distributed multiple-population hybrid Genetic algorithm for parameter tuning. Model
training, tuning, and evaluation were implemented in a nested k-fold cross-validation
approach to avoid overﬁtting. With regards to the SFTs, organic soils were differentiated
from mineral soils of various particle size distributions being partly inﬂuenced by
waterlogging and groundwater. Further SFTs reﬂect soils with a depth limitation within
the top 100 cm and high stone content. Altogether, with SVM predictive model accuracies
between 0.7 and 0.9, the agricultural soil-landscape of Germany was represented with
eight SFTs. Soil functionality with regards to the soil’s capacity to store plant-available
water and soil organic carbon is well characterized. Four additional soil functions are
described to a certain extent. An extension of the approach to fully cover soil functions
such as nutrient cycling, agricultural biomass production, ﬁltering of contaminants, and soil
as a habitat for soil biota is possible with the inclusion of additional soil properties.
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Altogether, the developed data product represents the 3D multivariate soil parameter
space. Its agglomerated simplicity into a limited number of spatially allocated process units
provides the basis to run agricultural process models at national scale (Germany).
Keywords: pedometrics, soil functional types, soil parameter space, machine learning, optimization

1 INTRODUCTION

Empirical modeling approaches heavily rely on the available
data and how well these data capture or approximate the object of
interest, its causes and drivers, or any functional relation between
them. Limitations in data availability in pedometric modeling
concern 1) the pedosphere and its characteristics, and 2) the soilforming factors. In Germany and many other countries, access to
soil proﬁle data is still limited or cumbersome. There is some light
at the horizon with the soil proﬁle database of the Agricultural
Soil Inventory, which was recently published open access
(Poeplau et al., 2020). The same applies to the LUCAS
European topsoil database (Tóth et al., 2013). Still, access to
the large amount of soil proﬁle data that was collected by the
regional and national soil survey institutions requires tedious
negotiation with multiple parties. On the contrary, nationwide
spatially continuous geodata to approximate the soil-forming
factors, are freely available from multiple sources. These include
data products derived from remote sensing, products obtained by
interpolating local point measurements, and map products. There
are of course restrictions. The landscape’s geomorphology,
climate, vegetation and land use have changed during the long
period of pedogenesis. Whereas the available data to approximate
the soil-forming factors only cover the last decades.
Machine learning algorithms are good at deriving knowledge
from highly complex data. They are, therefore, often applied in
pedometric modeling to extract the functional soil-landscape
relation and to project soil information into space. The
complexity of the task ranges from single variable values at
geographic point locations that are projected into the
continuous two-dimensional univariate soil parameter space
up to multivariate auto-correlated transect data (soil proﬁles)
that need to be projected into the continuous three-dimensional
multivariate space. Recent applications addressing individual
topsoil properties are presented by e.g. Møller et al. (2020), or
Zeraatpisheh et al. (2020). Approaches to model the threedimensional soil parameter space can be summarized as
follows: The ‘2.5D approach’ builds individual models for
single soil properties at selected soil depths and combines the
spatial predictions (e.g. Taghizadeh-Mehrjardi et al., 2020; Ma
et al., 2021). The ‘depth function approach’ ﬁts a continuous
mathematical function through the available horizon data and
then projects the function’s parameters into space (e.g. Bishop
et al., 1999; Veronesi et al., 2012). “3D regression kriging” models
the spatial trend and spatial autocorrelation (e.g. Poggio and
Gimona, 2014; Poggio and Gimona, 2017). Furthermore,
convolutional neural networks are becoming increasingly
popular for multi-target machine learning advancing the 2.5D
approach and the depth function approach (e.g. Behrens et al.,
2018a; Padarian et al., 2019). A somewhat different path to model
the multivariate 3D soil parameter space is the spatial prediction
of soil systematic units (SUs) and their associated soil

Soils are at the center of the agricultural ecosystem. On the one
hand, their capacity to cycle and store nutrients and to provide
plant-available water determines agricultural production with the
ultimate goal to feed mankind. On the other hand, the interplay
between their storage and ﬁlter capacity determines how much of
the applied fertilizer percolates to the groundwater and
potentially contaminates our drinking water. In today’s
agricultural landscapes in Central Europe and other parts of
the world, we face multiple challenges for soil functionality
impacting ecosystem services. In the last decades, drought
events that empty the soils’ water stores causing yield losses
are becoming more frequent in Europe (van Hateren et al., 2020;
Markonis et al., 2021). Inadequate agricultural management may
lead to losses in soil organic carbon to the atmosphere, whereas
the opposite can enhance carbon sequestration and, thereby, help
to mitigate climate change (Liu et al., 2006; Wiesmeier et al.,
2019). Excessive groundwater nitrate pollution with values of
50–380 mg L−1 is found in areas with intensive agriculture in
Germany (Sundermann et al., 2020). More than 25% of the
respective measurement sites report average values above the
threshold of 50 mg L−1 (Jakobs et al., 2020). Overall, economic
and environmental risk is site-speciﬁc and depends on soil
characteristics (Bönecke et al., 2020; Webber et al., 2020).
Hence, the estimation of environmental impact and
vulnerability of the farmer’s income as well as the
development of adequate agricultural management strategies,
policies, and farmers’ subsidies require site-speciﬁc soil
information at national scale.
In pedometrics, continuous, site-speciﬁc soil information is
generated by pedometric modeling approaches. Pedometrics is an
interdisciplinary science integrating soil science, applied
mathematics, statistics, and geoinformatics. The object of
investigation is the spatial-temporal soil variability at multiple
scales. Empirical modeling approaches are used along with
multiple aspects of soil sensing and geodata analysis. Please
compare Minasny et al. (2013), Rossiter (2018), and Scull
et al. (2003) for a review. Any modeling approach relies on a
conceptual model on how traits and objects presuppose one
another. Pedometric modeling to understand spatial soil
distribution at the landscape scale follows the conceptual
model of pedogenesis (Jenny, 1941), with soils and their sitespeciﬁc characteristics being the product of the interaction of the
soil-forming factors through long periods of time. The functional
approach was extended by McBratney et al. (2003) to include
geographic location and proxies to soil itself. The so-called
SCORPAN factors include S (proxies to soil), C (climate), O
(organisms including land use, agricultural management etc.), R
(relief), P (parent material), A (age), and N (geographic location).
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characteristics. It has the beneﬁt that soil proﬁle information is
not disassembled. Horizontation and property characteristics in
the predictions resemble true pedons. Recent studies following
this approach are by Esfandiarpour-Boroujeni et al. (2020) and
Shariﬁfar et al. (2019). However, in many soil classiﬁcation
systems, important soil properties guiding soil functionality
are only distinguished at a low systematic level and rather
similar soils concerning their properties and functionality are
assigned to different upper-level SUs. The problem concerns the
differentiation between mineral and organic soils, soil particle size
distribution, the occurrence of stagnic properties, groundwater
inﬂuence and many more. Accordingly, this approach would
largely beneﬁt from the deﬁnition of soil functional types (SFTs).
To bring about their full potential, machine learning
algorithms usually require tuning, i.e. searching for the best
combination of the algorithm’s parameters. “Best” means that
the model algorithm is adapted to provide the prediction with the
lowest error on independent data. The approach generally
followed in pedometric modeling, is testing a set of predeﬁned
parameter combinations (e.g. Emadi et al., 2020; Zhang et al.,
2020). While this works ﬁne for algorithms with discrete
parameters (e.g. Random Forest) allowing for an exhaustive
search, it most likely will not ﬁnd the optimal solution in case
of continuous parameters with an inﬁnite number of possible
values (e.g. boosted regression trees or support vector machines).
Consequently, the ﬂexibility of most machine learning algorithms
can only be exploited if they are combined with optimization
algorithms for parameter tuning. A promising group of
optimization algorithms are the so-called genetic or
evolutionary algorithms, developed by Holland (1975). They
simulate biological processes to optimize highly complex
objective functions. The algorithms optimize parameters with
extremely complex cost surfaces, provide a list of optimal
solutions, and are well suited for parallel computing (Haupt
and Haupt, 1998). Pedometric applications using optimization
for parameter tuning are scarce (e.g. Gebauer et al., 2019; Wadoux
et al., 2019; Gebauer et al., 2020). Further applications related to
soil science include e.g. Ardakani and Kordnaeij (2017), Mazaheri
and Jafarian (2019), and Nguyen et al. (2020).
The currently available spatially continuous soil information
for Germany consists of a conventional digital polygon map
product (BÜK) at map scales 1:1,000,000 and 1:250,000 (BGR,
2013; BGR, 2018). Unfortunately, these valuable map products
with high information content have limitations when it comes to
their usage for soil parametrization in spatially explicit
agricultural process models. This is not surprising as they were
neither intended for this purpose nor to provide site-speciﬁc
information. Their spatial map units (SMUs) each deﬁne a
paragenesis of SUs with highly differing properties. The spatial
allocation of these SUs within the SMUs is unknown. Further
BÜK derived map products of topsoil, and pedon agglomerated
values of soil properties and functions are commonly generated
by assigning the properties of the SMU’s dominating soil type to
the whole SMU. Further SUs with sometimes high areal coverages
that amount to more than 50% of the SMU are often neglected.
Site-speciﬁc data products covering entire Germany were
developed by pedometric modeling approaches at European
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and global scale. Nonetheless, the European products only
cover the top 20 soil centimetres (de Brogniez et al., 2015;
Ballabio et al., 2016). The global map products (SoilGrids,
Hengl et al., 2017) are unreliable for German subsoils due to
the previously discussed problem in soil proﬁle data access (Tifaﬁ
et al., 2018).
Soils are complex systems characterised by their horizontation
with the respective physical and chemical properties. It is these
soil characteristics that determine major soil functions (SFs): The
speciﬁcation of the properties shape the soil as a habitat for
adapted communities of soil organisms (SF1), who subsequently
control nutrient cycling (SF2). SF2 and the soil’s capacity to store
plant-available water (SF3) enable agricultural biomass
production (SF4). Furthermore, in the context of
environmental protection, soils act as a ﬁlter for contaminants
(SF5) and contribute to the mitigation of climate change due to
their carbon storage capacity (SF6). The nationwide site-speciﬁc
evaluation of the state and potential of our soils with regards to
these functions (e.g. Terribile et al., 2011; Greiner et al., 2018;
Vogel et al., 2019) requires site-speciﬁc information targeting soil
functionality. The same applies to the modeling of soil functional
dynamics due to agricultural management (Vogel et al., 2018), the
evaluation and modeling of climate change on agricultural yields
(e.g. White et al., 2011; Webber et al., 2020), and the
environmental impact of agricultural production on ecosystem
services such as clean drinking water (e.g. Knoll et al., 2020;
Sundermann et al., 2020). We ultimately seek to generate the
required nationwide representation of the respective 3D soil
parameter space of the agricultural soil-landscape (Germany).
The approach we follow comprises two parts: First, we distinguish
SFTs, each being represented by the corresponding multivariate
distribution of soil properties along its depth proﬁle. Then we
derive the SFTs’ functional relation with the soil-forming factors
by machine learning, to understand their embedding in the
particular landscape context. Finally, the trained machine
learning models are used to project the SFTs to the
continuous space.

2 MATERIAL AND METHODS
2.1 Landscape Setting
Germany covers an area of 357.6 km2 of which 51% are currently
under agricultural land use (Statistisches Bundesamt, 2020).
Figure 1A provides an overview of the spatial pattern on
behalf of the CORINE Land Cover Inventory (Büttner et al.,
2017). Germany comprises four morphologic regions from north
to south: The North German Lowland, the Central German
Uplands, the Alpine Foreland, and the Alps. Figure 1B shows
the altitudinal speciﬁcation, Figure 1E provides details of
topographical landforms. Most of the North German Lowland
has an altitude below 100 m above sea level (a.s.l.). While there are
wetlands, peatlands and marshy terrain along the North Sea
Coast, the North-Eastern part of Germany shows glacial
inﬂuence with many lakes, and moraines. The mountains of
the central upland region are moderate in height, rarely above
1,000 m a.s.l. They were inﬂuenced by various phases of upheaval
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FIGURE 1 | Landscape setting, maps of selected parameters. (A) CORINE Land Cover Inventory 2018 (Büttner et al., 2017), (B) EU Digital Elevation Model (©
European Union, Copernicus Land Monitoring Service 2017, European Environment Agency (EEA)), (C) Average air temperature of the summer months (DWD, 2018a),
(D) Sum of precipitation of the summer months (DWD, 2018b), (E) Geomorphographic units (BGR, 2007) [Legend], (F) Parent material (BGR, 2008b) [Legend], and (G)
Soil scapes of Germany (BGR, 2008a) [Legend].

and subsidence, developed basin structures with sedimentary
deposits, and comprise alluvial glacial loess deposits in
between them. Besides, many of the mountain ranges display
signs of ancient volcanism altogether leading to a complex
geological pattern. Ranging between c 400 and 750 m a.s.l., the
Alpine Foothills region was shaped under glacial inﬂuence and
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displays a high variety of geomorphological landforms, being a
molasses basin with sedimentary deposits from Alpine erosion,
morainic hills and aprons. The German part of the Alps belongs
to the Northern Calcareous Alps. U-shaped valleys remind of ice
age inﬂuences. Figure 1F shows the soil parent material at map
scale 1:5,000,000. Please compare (Asch et al., 2003; Küster and
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105°C to then determine bulk density. Further sample
preparation included sieving to 2 cm to separate the ﬁne earth
fraction from the coarser material. Soil texture determination
with seven particle size separates — sand [2.0–0.63, 0.63–0.2,
0.2–0.063 mm], silt [0.063–0.02, 0.02–0.0063, 0.0063–0.002 mm],
and clay [<0.002 mm] was conducted according to DIN ISO
11277. The total carbon content was determined using dry
combustion. TOC and TIC were differentiated with the
removal of TOC via thermo gradient dry combustion. pH and
EC were determined in H2O. Details of the agricultural soil
inventory soil survey, lab methodology, data overview and
summary statistics can be obtained from Jacobs et al. (2018),
and Poeplau et al. (2020).

Stöckhert, 2003; Liedtke and Mäusbacher, 2003) for further
details.
German climate is guided by a decrease in a maritime and an
increase in a continental climatic character from west to east
expressed by an eastward higher yearly temperature range.
Likewise, in the north German lowlands, there is a clear
decrease in the amount of precipitation to the east (Figures
1C,D). This continental effect is less pronounced in central
and southern Germany since the precipitation-differentiating
effect of the central mountain ranges superimposes the westeast decrease and ensures a more varied, local precipitation
regime. The mountain climate of the low mountain ranges
and the German Alps stands out due to the mean vertical
decrease in air temperature of about 0.6–0.7 K (spring and
summer) and 0.4–0.5 K (autumn and winter) per 100 m
increase in altitude. Mean annual precipitation varies spatially
between c. 400 and 3,200 mm (period 1961–1990). Seasonally,
precipitation is lower in the hydrological winter half-year than in
the summer half-year. Concerning air temperature, there is a
predominant temperature gradient from south to north and from
east to west. The nationwide regional mean value of the air
temperature is 8.2°C (1961–1990). The recorded extremes are a
maximum of 42.6°C and a minimum of −37.8°C. Please refer to
Alexander (2003), Endlicher and Hendl (2003), Klein and Menz
(2003) for further details.
Soil distribution in Germany is primarily determined by
parent material and topography. Figure 1G displays the soil
scapes of Germany (BGR, 2008a). The map distinguishes soils of
the coast region and peatlands, soils of river valleys, soils of
slightly hilly landscapes, soils of the loess region, soils of the
Central German Uplands, and soils of the alpine region. For
further details please refer to Adler et al. (2003) and BGR (2018).

2.2.2 Gridded Geo-Information
Proxies of the SCORPAN factors were derived from multiple
sources. Table 1 provides an overview. Concerning SCORPAN C,
30 years’ seasonal averages (1961–1990) of air temperature and
the sum of precipitation of the winter (DJF) and the summer
(JJA) months were derived from the German Weather Service
(DWD, 2018a; DWD, 2018b). Seasonal averages of the summer
and winter drought index (DWD, 2018c) were calculated as
P/(T + 10) using the air temperature T (in degree Celsius)
from DWD temperature grids and P (in mm) from DWD
precipitation grids.
To approximate SCORPAN O, four data products were
included. The 2016 and 2018 yearly average composites of two
vegetation indices were derived from the European Data Portal.
The indices were calculated from Sentinel-2 Level 2A data. The
Normalized Difference Vegetation Index (NDVI) combines the
vegetation speciﬁc reﬂection characteristics of the wavelength
ranges 600–700 nm (RED) and 700–1,300 nm (NIR) and,
thereby, provides insight into plant vitality. The Normalized
Difference Red Edge (NDRE) is similar to the NDVI but uses
the NIR range and the red edge inﬂexion point (Barnes et al.,
2000). Data on dry matter productivity (DMP) and the
Vegetation Productivity Index (VPI) of the time slot June
11th-20th of the years 2016 and 2018 were derived from the
Copernicus Global Land Service. DMP reﬂects the overall growth
rate of the vegetation with units adapted for agro-statistical
purposes (Swinnen and Van Hoolst, 2019). The VPI assesses
the condition of the vegetation. It is a percentile ranking of the
current NDVI against its historical range of variability. A value of
100% indicates the best, a value of 50% the median vegetation
state (Swinnen and Toté, 2015). Differences between the dry year
2018 and the rather wet year 2016 of all four indices were
additionally included to relate crop phenology affected by
drought to soil properties such as the root-zone plant available
water capacity. They, therefore, also refer to SCORPAN S.
SCORPAN R is represented by a map product of terrain
classiﬁcation. The geomorphographic map of Germany in map
scale 1:1,000,000 (Figure 1E) comprises 25 discrete units
differentiating between the four major German landscape
types. In addition, terrain parameters relating to surface
topography were calculated by the SAGA — System for
Automated Geoscientiﬁc Analyses (Conrad et al., 2015) on
behalf of the EU–DEM v1.0 digital elevation model. An

2.2 Data
2.2.1 Soil Proﬁle Database
Soil proﬁle data was collected on an 8 × 8 km raster at 3,104 sites
in the context of the ﬁrst national Agricultural Soil Inventory
(Jacobs et al., 2018). The dataset available for this study comprises
the soil proﬁle location (coordinates), horizontation and soil
proﬁle description according to the German soil survey system
(Boden, 2005) to a maximum depth of 200 cm, as well as lab
measurements concerning the particle size distribution, bulk
density, stone content, total organic carbon content (TOC),
total inorganic carbon content (TIC), electrical conductivity
(EC) and the pH value in depth increments of 0–10, 10–30,
30–50, 50–70, 70–100, 100–150, and 150–200 cm. Samples were
taken per depth increment while taking into account the
horizontation, i.e. including multiple samples per depth
increment for each corresponding soil horizon present
with ≥5 cm.
Sampling comprised disturbed samples and undisturbed
samples (steel cores). Depending on the present stone content
and the size of the fragments, steel cores of varying sizes (250, 100,
or 5 cm³) were taken to determine the bulk density of the ﬁne
earth fraction. The bag samples were dried to constant weight at
40°C, with samples high in TOC (≥ 87 g kg-1) being dried at a
higher temperature of 60°C. Steel core samples were dried at
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TABLE 1 | Geo-information data source.
Soil forming factor

Abbreviation

Description

Data source

Climate

PRESU
PREWI

Average seasonal precipitation (summer) [raster, 1,000 m]
Average seasonal precipitation (winter) [raster, 1,000 m]

DWD (2018b)

TEMSU
TEMWI

Average seasonal temperature (summer) [raster, 1,000 m]
Average seasonal temperature (winter) [raster, 1,000 m]

DWD (2018a)

DINSU
DINWI

Average seasonal drought index (summer) [raster, 1,000 m]
Average seasonal drought index (winter) [raster, 1,000 m]

DWD (2018c)

NDV16
NDV18
NDV86
NDR16
NDR18
NDR86

Normalized
Normalized
Normalized
Normalized
Normalized
Normalized

https://www.europeandataportal.eu

DMP16
DMP18
DMP86

Dry matter productivity, June 2016 [raster, 300 m]
Dry matter productivity, June 2018 [raster, 300 m]
Dry matter productivity, DMP18–DMP16 [raster, 300 m]

Swinnen and Van Hoolst (2019)

VPI16
VPI18
VPI86

Vegetation productivity index, June 2016 [raster, 300 m]
Vegetation productivity index, June 2018 [raster, 300 m]
Vegetation productivity index, VPI18–VPI16 [raster, 300 m]

Swinnen and Toté (2015)

GMK

Geomorphographic map of Germany [raster, 250 m resolution, map scale 1:
1,000,000]

BGR (2007)

DEM

Digital elevation model [raster, 25 m resolution], and derived products
(Table 2)

© European Union, Copernicus Land Monitoring
Service 2017, European Environment
Agency (EEA)

LIT

Lithology, Hydrogeological map of Germany [polygon shapeﬁle, map scale 1:
250,000]

BGR and SDG (2019)

STR

Stratigraphy, Hydrogeological map of Germany [polygon shapeﬁle, map scale
1:250,000]

BGR and SDG (2019)

BAG

Groups of soil parent material in Germany [polygon shapeﬁle, map scale 1:
5,000,000]

BGR (2008b)

BGL

Soil scapes in Germany [map scale 1:5,000,000]

BGR (2008a)

LAT00
LON00

INSPIRE Latitude
INSPIRE Longitude

JRC, 2013

Organisms/ Soil

Topography

Parent material/Soil

Geographic location

difference
difference
difference
difference
difference
difference

vegetation index, June 2016 [raster, 10 m]
vegetation index, June 2018 [raster, 10 m]
vegetation index, NDV18–NDV16 [raster, 10 m]
red edge, June 2016 [raster, 10 m]
red edge, June 2018 [raster, 10 m]
red edge, NDR18–NDR16 [raster, 10 m]

overview of the terrain parameters and the respective modules to
calculate them is given in Table 2. The circular variable “aspect”
was decomposed into northness and eastness. Hydrological
terrain parameters were calculated on behalf of the preprocessed DEM: Sinks were ﬁlled and the stream network was
burned into the DEM. Major streams and further river segments
were derived from the CCM River and Catchment Database
(Vogt and Foisneau, 2007). The German coastline was added to
the river network previous to calculating the overland ﬂow
distance, to take the inclination towards the sea into account.
The map of the “Groups of soil parent material” in Germany
(BAG, Figure 1F) was included to approximate SCORPAN P.
Lithology and stratigraphy according to the hydrogeological map
of Germany (HÜK, map scale 1:250.000, BGR and SDG, 2019)
were additionally incorporated. While the geological information
on lithology, stratigraphy, and genesis of the geological map of
Germany provided the basic data, the information was replaced
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and completed by other regional geological and hydrogeological
maps and data where necessary.
Proxies to soil itself (SCORPAN S) can generally be included in
the form of conventional soil polygon maps, and remote sensing
data products relating to soil properties (e.g. Castaldi et al., 2019;
Safanelli et al., 2020; Vaudour et al., 2021). We included the map of
the German soil scapes (Figure 1G). It subdivides Germany into 12
soil regions comprising clearly deﬁned soil scapes that follow
topography and geology. As previously mentioned, differences
in vegetation indices between the dry year 2018 and the rather
wet year 2016 relate to crop phenology affected by drought.
Accordingly, they may relate to soil properties such as rootzone plant available water capacity.
All obtained covariates were resampled to the INSPIRE —
Infrastructure for Spatial Information in Europe — grid topology
at 100 m resolution (JRC, 2013). The nearest-neighbor method
was used for categorical predictors, B-spline interpolation was

6

June 2021 | Volume 9 | Article 692959

Ließ et al.

Multivariate 3D Soil Parameter Space

TABLE 2 | Computation of DEM-derived terrain parameters.
Abbreviation

Variable

DEM00

Elevation

SLO01, SLO05,
SLO10
NOR01, NOR05,
NOR10
EAS01, EAS05, EAS10
TST01, TST05, TST10
TSR01, TSR05, TSR10
CON01, CON05,
CON10
SLH00
VAD00
NOH00
WIN00

Slope

Library

Module

Search
radii

Terrain analysis/
morphometry

Morphometric features

1, 5, 10 cells

Morphometric features & Grid
calculator

1, 5, 10 cells

Northness
Eastness
Terrain surface texture
Terrain surface ruggedness
Convergence Index

Terrain Surface Texture
Terrain Ruggedness Index
Convergence Index (Search Radius)

Slope Height
Valley depth
Normalised Height
Wind Exposure

NOP00
POP00

Negative openness
Positive openness

VOF0S
VOF0M

Vertical overland ﬂow
distance (VOF)

HOF0S
HOFOM

Horizontal overland ﬂow
distance (HOF)

SWI00

SAGA wetness index

Relative Heights and Slope Positions

Wind Effect

xxx0M  major
rivers
xxx0S  all
segments

1
1
1
1

cell
cell
cell
cell

Terrain analysis/Lighting,
Visibility

Topographic Openness

1 cell
1 cell

Terrain analysis/Channels

Overland Flow distance to Channel
Network

1 cell
1 cell

1 cell
1 cell
Terrain analysis/Hydrology

SAGA Wetness Index

1 cell

properties determine the soil’s ﬁlter capacity for contaminants
(SF5). Last but not least, the soil’s storage capacity for TOC
(SF6) in mineral soils is determined by the particle size
distribution. In organic soils, it largely depends on the thickness
of the peat layer. Decomposition processes of the organic matter
change during prolonged periods of water logging. However, longterm stabilization of SOC depends on multiple aspects which shall
not be elaborated in the context of this study.
The variables available from the soil proﬁle database were used
to approximate these soil characteristics. The variables particle size
distribution, bulk density, stone content, TOC, and pH were
included. Furthermore, horizon symbols according to the
German soil survey system were considered to a certain extent.
The occurrence, depth and thickness of horizons with symbol H
(peat horizon) was included to differentiate organic from mineral
soil horizons. The occurrence, depth and thickness of symbol S
(stagnic horizon) were included to acknowledge zones of frequent
water logging. Likewise, symbol G (gleyic horizon) was included to
defer to the zone of groundwater inﬂuence. The occurrence, depth
and thickness of the C horizon were included to attribute to layers
little affected by pedogenetic processes and, hence, the absence of
pedogenic oxides, organic matter, and soil structure. Likewise,
symbol mC (a subcategory of C) was included to acknowledge
depth to bedrock (Boden, 2005). Though, it has to be mentioned
that it sometimes occurred in only part of the horizon.
Additionally, EC was included to refer to soil salinity. TIC was
considered to differentiate soils originating from calcareous parent
material.

applied for numeric predictors. INSPIRE latitude and longitude
were additionally included to represent geographic location
(SCORPAN N), and particularly to represent spatial patterns not
captured in the other data sources. The national border and coastline
of Germany were derived on behalf of the digital land model at map
scale 1:250,000 (version 2.0) provided by the Federal Agency for
Cartography and Geodesy (© GeoBasis-DE / BKG, 2020).

2.3 Procedure to Derive Soil Functional
Types
The aforementioned major soil functions are determined by the
soil’s physical and chemical properties. The soil’s habitat function
(SF1) is characterised by most if not all of the properties. Particle
size distribution, bulk density, organic matter content and
composition, redox conditions, pH, and salinity shape the
composition of the biological community. Nutrient cycling (SF2)
depends on the biological community and the aforementioned
characteristics. The storage of plant available water (SF3)
depends on the corresponding soil volume’s particle size
distribution, the organic matter content, bulk density, and the
depth to a root-impenetrable layer or bedrock. Agricultural
biomass production (SF4) depends on SF1, SF2, and SF3.
Furthermore, prolonged times of water logging negatively impact
plant roots. The particle size distribution and the amount of coarse
fragments shape the soil’s pore space and hence determine water
percolation to the groundwater. Together with the soil’s buffering
capacity through soil mineralogy and organic compounds these

Frontiers in Environmental Science | www.frontiersin.org

1, 5, 10 cells
1, 5, 10 cells
1, 5, 10 cells
1, 5, 10 cells

7

June 2021 | Volume 9 | Article 692959

Ließ et al.

Multivariate 3D Soil Parameter Space

2.4 Modeling

SFTs were then derived by grouping soil proﬁles similar in
their properties. This was done in the form of a pair-wise
comparison by 1 cm depth slices using R-package “AQP”
(Beaudette et al., 2013). Slice-wise depth weighting was
implemented by an exponential decay function:
Wi  e−k·i

2.4.1 Model Algorithm
Machine learning algorithms are often applied for supervised
classiﬁcation problems. In this case, landscape positions were
classiﬁed according to the presence or absence of a particular SFT.
Each landscape position was described by an n-dimensional
vector of predictor values extracted from nationwide gridded
geodata, i.e. proxies of the soil-forming factors. The machine
learning algorithm was then used to build a model that learns on
behalf of a training dataset — landscape positions of known
presence or absence — to then spatially apply the model
throughout the respective landscape.
There is a high variety of machine learning algorithms applied
in pedometric modeling. And while random forest is becoming
increasingly popular (Padarian et al., 2020), due to its simplicity
in structure and parameter tuning, the high potential of
algorithms such as support vector machines (SVMs) is not yet
well exploited. Nonetheless, SVMs are a “hot topic” in the broader
machine learning community due to their high ﬂexibility and
potential to perform complex learning tasks (e.g. Bennett and
Campbell, 2000; Meyer, 2019). SVMs were developed by Cortes
and Vapnik (1995). In binary classiﬁcation tasks, they search for
the hyperplane that maximizes the margin between the two
classes’ closest points. The properties of this decision surface
ensure the SVM’s high generalization ability (Cortes and Vapnik,
1995). Points along the boundary are called support vectors. The
data are projected to the higher dimensional space via kernel
techniques to allow for separation in case of nonlinearity. The
radial basis function (RBF) kernel is commonly applied for this
purpose. It helps to build complex decision boundaries and
includes two parameters: C and c. Their choice is crucial for
obtaining good results. The c parameter can be interpreted as the
inverse of the radius of inﬂuence of the support vectors. C is often
referred to as the cost or penalty parameter. With a small C, the
penalty for misclassiﬁed points is low; high values increase the
risk of overﬁtting. Finally, it balances the misclassiﬁcation of
training samples against the simplicity of the hyperplane. R
package “e1071” provides the R interface to the LIBSVM
library for Support Vector Machines (Chang and Lin, 2011;
Meyer, 2019).

(1)

The weight of each slice i is determined according to depth
weighting coefﬁcient k. Gower’s generalized dissimilarity
metric (Gower, 1971) was used since it accounts for any
combination of binary, categorical, or continuous variables.
For the horizon symbol information, each depth slice was
assigned a 1 for the occurrence and a 0 for the non-occurrence.
As each additionally considered soil property reduces the
impact of the other soil properties on the dissimilarity
metric, dissimilarity matrices with a varying number of soil
properties were calculated. All of the 50 variables sets included
the particle size distribution. They differed 1) in the number of
particle size separates (2, 3, or 7), 2) in the inclusion of horizon
information (none| H, S, G and C | H, S, G, C, and mC), and 3)
the additionally considered physical properties (stone content,
bulk density), and 4) the considered chemical properties
(TOC, TIC, pH, and EC). All variable sets were tested
alongside with two soil depths (0–100 or 0–200 cm) and
three depth weighting coefﬁcients (k  0.00, 0.01, and 0.1).
Increasing values of the latter indicate that topsoil information
was assigned a higher weight compared to subsoil information.
A value of 0 indicates that no depth weighting was applied, a
value of 0.1 indicates that between-proﬁle differences were
dominated by topsoil properties. To account for variable soil
depth in the dissimilarity calculations, undeﬁned
dissimilarities were replaced by the maximum between-slice
dissimilarity. Undeﬁned dissimilarities were only preserved,
when both depth slices represented non-soil material, i.e.
bedrock. For each of the computed 300 dissimilarity
matrices (50 variable sets × 2 soil depths × 3 coefﬁcients), a
cluster analysis with algorithm Ward (Ward, 1963) was
conducted to test cluster solutions with 2–50 clusters. R
package “NbClust” (Charrad et al., 2014) was used for this
purpose. The overall best cluster solution per dissimilarity
matrix was then selected according to the Silhouette Index
(Kaufman and Rousseeuw, 1990). Of the, thereby, resulting
300 cluster solutions only those with a reasonable high number
of clusters (≥8) were kept, assuming that solutions with very
few clusters would be way too simple to represent the
variability of German soils under agricultural use.
Furthermore, cluster solutions with <50 soil proﬁles in any
of their clusters were excluded.
The remaining cluster solutions were then compared according
to their speciﬁcation with respect to the soil properties. Among the
soil properties, a good deﬁnition with regards to particle size
distribution, symbol H, symbol S, and symbol G was given
priority over the other soil properties due to their importance
for all six soil functions. The ﬁnal aim was to select one overall best
cluster solution. Each cluster of this best cluster solution would
then deﬁne an SFT with a multivariate distribution of soil
properties along its depth proﬁle.
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2.4.2 Optimization Approach
The search for optimal SVM parameters was conducted by
optimization employing a genetic algorithm (GA). Figure 2
provides an overview of the procedure that was implemented
with R package “GA” (Scrucca, 2013; Scrucca, 2017). The GAs’
operational structure is inspired by the general principles of
biological evolution involving mutation, crossover, selection,
and elitism. The parameter space to be searched for the
optimal combination of tuning parameter values has to be
predeﬁned by providing a minimum and maximum value for
each parameter. Then, a random population of n vectors of SVM
parameters is evaluated by a problem-speciﬁc ﬁtness function.
Weights are assigned to each individual of the population (each
vector) according to its ﬁtness function value. Then “selection” of
population individuals is done with a selection probability
according to the assigned weight by sampling with
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FIGURE 2 | Parallelized optimization with a hybrid genetic algorithm.

replacement. “Elitism” allows the survival of the best individuals
in case they were not selected. The resulting individuals from the
reproducing population are then altered by two further genetic
operators: “mutation” and “crossover.” Mutation randomly alters
individual tuning parameter values. Crossover forms new vectors
from two existing vectors by combining values from both. This
process is iterated until an initially deﬁned ﬁtness value is
achieved by any of the vectors, until a maximum number of
iterations (maxiter) is reached, or until the ﬁtness values do not
improve for a certain number of consecutive iterations (run).
Please refer to Affenzeller et al. (2009) for further information on
genetic algorithms.
GAs can balance between the exploration of new areas of the
given parameter space and the exploitation of good solutions.
Exploitation (Exploitation 1, Figure 2) is usually controlled by the
two operators, selection and elitism, whereas exploration
(Exploration 1, Figure 2) is conducted by mutation and
crossover. The trade-off between exploitation and exploration
is controlled by aspects such as the population size, and the
probability for mutation (pmutation ) and crossover (pcrossover ). In
this particular case, we used a hybrid GA which was run in
parallel. “Hybrid” means that the GA was combined with a local
optimizer. The latter extends exploitation (Exploitation 2,
Figure 2) by starting a local search from one of the current
best solutions after a predeﬁned iteration interval (determined by
poptim ). The approach was parallelized by subdividing the original
population into several subpopulations, with each being assigned
to an individual island. Each of these subpopulations was then
undergoing a separate optimization process. The islands are
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connected by a ring topology allowing for a unidirectional
scarce exchange of individuals between the islands. This
exchange is controlled by the migrationRate (proportion of
individuals migrating) and the epoch, which deﬁnes the
number of iterations i after which the migration takes place.
The top individuals of a certain island, thereby, replace random
individuals (excluding the elite ones) of the subsequent island.
This approach is known as distributed multiple-population GA
or island parallel GA (ISLPGA). Hybrid GAs can ﬁnd a global
solution more efﬁciently than conventional evolutionary
algorithms. The ISLPGA introduces diversity into the
subpopulations, and is, thereby, extending exploration
(Exploration 2, Figure 2), and preventing the search from
getting stuck in local optima.
A couple of test runs were conducted to choose the GA settings
starting from recommendations given by Scrucca (2017). Finally,
GA search was conducted in the two-dimensional space
considering the SVM parameters c and C to range between
0.01 and 10. The population size was set to 125, and the
number of islands for parallel search to 5. The interval for the
migration between islands was set to 20, the migration rate to 0.1.
Single-point crossover between parameter vectors was conducted
with a probability of 0.8, uniform random mutation with a
probability of 0.1. Linear rank selection was applied allowing
for the best ﬁve individuals to survive at each generation (elitism).
The probability of applying local search was set to 0.1, and the
selection pressure to 0.7. The overall maximum number of
iterations was set to 500, the number of consecutive
generations without any improvement in the best ﬁtness value
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FIGURE 3 | Resampling approach for model tuning and evaluation. (A) Nested 5-fold cross-validation with repeating the outer cycle. (B) Zoom in on 5-fold crossvalidation.

before the GA was stopped was set to 20. Please refer to Scrucca
(2017) and Scrucca (2013) for the details and available options.

The coding into dummy variables led to a dominance of the
categorical information (258 predictors) over the numerical (50)
predictors. The original data sources differ in their degree of
reproducibility and the amount of included expert knowledge.
This will affect the obtained modeling result and, therefore,
requires careful consideration. The numerical predictors were
mostly derived from measured data, i.e. the topographical
predictors derived from digital terrain analysis (SCORPAN R:
30 predictors), vegetation proxies derived from remote sensing
(SCORPAN O: 12), and latitude, longitude (SCORPAN N: 2).
The climate proxies are slightly different, for they were
interpolated from point data on behalf of the DEM
(SCORPAN C: 6). The categorical predictors were derived
from spatial vector information (polygons), i.e. SCORPAN P:
195, R: 25, and S: 38. All of these data include expert knowledge.
However, while GMK provides a classiﬁcation on behalf of
numerical data (DEM), the others have used geological and
soil data at point locations to derive map products with spatial
map units separated by strict boundaries drawn according to
expert judgment. The corresponding map products HÜK, BAG,
and BGL are of high value, particularly due to their high
information content with regards to SCORPAN P.
Nonetheless, while using these data to train spatial prediction
models, these map units’ boundaries are taken for granted since
their uncertainty is unknown. As the modeling approach is
empirical, it heavily relies on the quality of the used data. Still,
excluding data sources of unknown uncertainty is no option
either as we would neglect valuable information. However, we
may consider balancing between numerical and categorical data.
And there is yet another aspect to consider in model training
concerning the usage of categorical predictor data. Categories that
are not well represented in the data used for model training,
tuning and evaluation, will hamper model performance. So ﬁnally,
the number of dummy variables was reduced for two reasons: 1) to
address the misbalance between categorical and numerical

2.4.3 Model Training and Evaluation
For SVM, the n-dimensional vectors of predictor data can only
include real numbers. Accordingly, all categorical predictors were
recoded into dummy variables. All numerical data were scaled to
the range 0, 1 to avoid misbalance and numerical problems. The
predictor-response dataset was then compiled by extracting the
predictor values at the soil proﬁle sites and assigning each soil
proﬁle to the respective SFT. SVM models were trained separately
for each SFT. Accordingly, the response data was coded into
presence-absence data. The misbalance between SFT occurrence
and absence was taking into account through the assignment of
weights during model building.
A nested approach of 5-fold stratiﬁed cross-validation (CV)
was applied for model training, tuning and evaluation to obtain
robust models (Figure 3). For model evaluation, the outer CV
cycle was repeated ﬁve times. Overall, in both CV cycles, the
available predictor-response dataset (X-Y) was subdivided into
ﬁve folds of equal size using the response variable for
stratiﬁcation. Of these ﬁve folds, then always one fold was
kept out as a test set while the other four were combined to
form the model training set, leading to ﬁve separate test set
evaluations (one per data instance). Each of the outer CV’s
training sets was again subdivided to provide the datasets for
parameter tuning in the inner CV cycle. Accordingly, the inner
CV cycle reﬂects the ﬁtness function for the GA optimization
procedure. To combat computation time, the optimization was
conducted for only 1 out of 25 training sets. Predictions from the
ﬁve test sets were combined to compute model performance on
behalf of the confusion matrix as accuracy accounting for
sensitivity and speciﬁcity, i.e. true positives and true negatives.
The value ranges between 0 and 1 with a value of 0.8 indicating
that 80% of the data instances were classiﬁed correctly.
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FIGURE 4 | 11-digits barcode assignment scheme to allow for the comparison of cluster solutions.

predictors, and 2) to build robust models, i.e. guarantee adequate
predictor representation in training, tuning, and test datasets. Data
subdivision according to the nested CV made it a reasonable choice
to delete all categories with less than 100 occurrences. In this way,
each data subset for testing in the inner CV cycle would still include
16 instances on average. After data subdivision, it was veriﬁed
whether each data subset included at least 10 instances. Finally, 89
predictors were included: 50 numerical and 39 categorical
predictors. The following indicates the original number of
categories per predictor (x/_/_), the number of categories after
extraction at point locations (_/x/_), and the remaining number
after excluding all categories with non-sufﬁcient instances (_/_/x):
GMK 25/24/12, BAG 18/17/8, LIT 80/47/5, STR 97/73/7, and BGL
38/36/7.

low-dimensional graphical renderings of the prediction function
accounting for the average effect of the other predictors in the
model (Friedman, 2001; Greenwell, 2017). But they may be
misleading in the case of strong predictor interaction. An
approach to address this issue are individual conditional
expectation (ICE) plots (Goldstein et al., 2015). They display
the estimated relationship between a selected predictor and the
response for each observation. The PDP can then be obtained by
averaging the corresponding ICE curves across all observations.
PDPs according to the latter approach were computed with R
package “pdp” (Greenwell, 2018). The ﬁve times repeated 5-fold
CV approach resulted in 25 PDP realisations per SFT model. The
median of these 25 realisations was used to analyze the functional
relationships.

2.4.4 Model Interpretation
It is a common perception that machine learning models are
black-box models which hampers their interpretation. While
there are restrictions concerning the visualization of the
complex model structure — particularly in the case of a high
number of interacting predictors — there are, nonetheless, useful
tools to understand the importance of individual predictors and
their functional relation with the target variable. Variable
importance (VI) plots display the importance of individual
predictors. A general approach to compute them independent
of the particular machine learning algorithm relies on predictor
permutation. Individual predictors are permuted in the test set
before model application to eliminate any predictor-response
relationship present with regards to that predictor. The resulting
relative loss in model performance can then be attributed as VI
value to the respective predictor. According to the ﬁve times
repeated 5-fold CV approach (outer CV cycle), our VI plots
display boxplots of 25 VI values for each predictor. Values of 5
permutations were averaged.
Partial dependence plots (PDPs) are helpful to visualize the
relationship between the predictors and the response. They are
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3 RESULTS AND DISCUSSION
3.1 Comparison Between Cluster Solutions
The original 300 best cluster solutions (best solution per
dissimilarity matrix) were reduced to 22 solutions due to the
criteria 1) number of clusters ≥8 and 2) minimum number of
proﬁles ≥50 in any of their clusters. The remaining cluster
solutions (Supplementary Table S1), were sorted according to
a decreasing number of clusters (12–8) and a decreasing number
of considered input variables (14–7), and, hence, from higher to
lower complexity. From these 22 solutions, only three correspond
to a soil depth of 0–200 cm, the others to a soil depth of 0–100 cm.
Most of the solutions (16 out of 22) were derived while no depthweighting was applied. None of the solutions was obtained with a
depth weighting coefﬁcient of 0.1, which would indicate a
dominance of topsoil information for the calculation of the
between-proﬁle dissimilarity. This gives a ﬁrst hint on the
importance of subsoil dissimilarity when it comes to
agricultural soils, whose topsoils are strongly managed to serve
agricultural production, and are, hence, less diverse. Concerning
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FIGURE 5 | Number of soil proﬁles per cluster solution and barcode. (A) S1, (B) S2, (C) S3, (D) S4, (E) S5.

FIGURE 6 | Boxplots of predictive model performance corresponding to the eight clusters similar among the ﬁve solutions S1–S5. (A) organic, (B) skeletic, (C)
sandy, (D) sandy-gleyic, (E) sandy-stagnic, (F) silty, (G) silty-gleyic, and (H) silty-stagnic.

the considered input variables, the picture is more diverse. Each
of the considered soil properties was included in a couple of
cluster solutions. Though, it has to be mentioned that particle size
distribution with a number of 2, 3, or 7 particle size classes had
been included in all 300 dissimilarity matrices due to its high
importance for soil functionality.
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In General, each cluster solution deﬁnes its clusters differently
by grouping soil proﬁles according to their similarity on behalf of
a different set of variables. Accordingly, cluster IDs do not match.
To still allow for their comparison with regards to the deﬁnition
of their multivariate distributions along the depth proﬁle,
attributes were assigned to each of the clusters, reﬂecting soil
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FIGURE 7 | Multivariate soil parameter distribution along the depth proﬁles of the SFTs, part 1: horizon occurrence probability. (A) organic horizon (symbol H), (B)
horizon with stagnic properties (symbol S), (C) groundwater inﬂuence (symbol G), (D) C horizon, and (E) depth limitation by bedrock (symbol mC). Percentages along the
right ﬁgure margin indicate the contributing fraction of soil proﬁles per 20 cm depth increment.

traits. These attributes were assigned on behalf of each cluster’s
mean of the median depth proﬁle for the respective soil property.
An 11-digits barcode was then assigned to each cluster according
to the scheme depicted in Figure 4. The 22 cluster solutions were
ﬁrst grouped according to their number of clusters. Then, from
each group, the cluster solution was kept that would best
differentiate its clusters according to the multivariate
distributions along the depth proﬁle. Exceptionally, the two
cluster solutions with 12 clusters were both kept as there was
no clear prevalence of one over the other. Finally, 5 solutions
remained, labeled S1–S5 as indicated in Supplementary Table
S1. These remaining ﬁve solutions consider a rather differing
number of clusters 8–12 and a similar number of variables 10–11.
Still, the variables themselves also differ. They all comprise the
same basic set of the following variables: particle size distribution
(three classes), stone content, and the information on the
occurrence, depth, and thickness of the horizons H, S, G, and
C. Information concerning the mC horizon was included in all
but S3. S4 was the only solution that additionally includes bulk
density and no further properties. S1, S2, S3, and S5 differ in the
additional chemical properties they consider.
Figure 5 provides a summary indicating the number of
proﬁles per solution and barcode. Similar colors reﬂect similar
soils. Clusters with organic soils are displayed in dark brown
colors, clusters of soils with a high stone content with red colors,
clusters with gleyic soils by blue colors, clusters with stagnic soils
by turquoise colors, clusters with sandy soils in yellow, and
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clusters with silty soils in light brown. Please be aware that the
two to three shades for the clusters with gleyic and stagnic soils
also reﬂect a difference in their particle size distribution. While
there is a high percentage of soils deﬁned by a sandy or silty
texture and soils being inﬂuenced by ground water or displaying
stagnic properties, there are much fewer proﬁles attributed to the
clusters which are predominantly organic, with a high stone
content, or with a depth limitation in the top 100 cm.
Finally, due to the different deﬁnition of clusters, i.e. SFTs, it was
expected that the SFTs of certain cluster solutions could be better
related to the soil-forming factors than those of others, and would,
therefore, result in a better performance of the models for their
spatial prediction. Accordingly, the best overall model performance
would then determine the ﬁnal deﬁnition of SFTs. SVM models were
trained for all ﬁve cluster solutions. Comparison with regards to
model performance between the solutions was based on those eight
clusters similar among them. As all of the solutions only include one
cluster with the ﬁrst barcode digit corresponding to organic, these
clusters’ spatial models were compared. The same applies for one
cluster with a high stone content (bar code digit “skeletic”  3 if
available, otherwise  2), three clusters with sandy properties
(barcode digit “sandy”  1), and three clusters with a
comparatively high silt content (barcode digit “silty”  1). Of the
three sandy and silty clusters, there was one cluster with additional
gleyic properties and one with additional stagnic properties,
respectively. For S1 and S3, from the two clusters with gleyic
properties, one fulﬁlled the criterion of sandy, the other had a
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FIGURE 8 | Multivariate soil parameter distribution along the depth proﬁle of the SFTs, part 2: median of soil properties with interquartile range. (A) particle size
distribution, displayed as sand, silt, and clay content [mass-%], (B) stone content [vol-%], and (C) bulk density [g cm−3]. Percentages along the depth proﬁles indicate the
contributing fraction of soil proﬁles per 20 cm depth increment.

and the occurrence, depth and thickness of the horizons H, S, G,
C, and mC to compute soil proﬁle similarity to differentiate the
SFTs (Supplementary Table S1). Figures 7, 8 display the
corresponding multivariate distribution along the depth proﬁle
(0–100 cm) of the nine SFTs corresponding to S4. Soil proﬁle data
were aggregated per 1 cm depth slice and displayed as horizon
occurrence probability (Figure 7), and median values with the
interquartile range in the case of continuous data (Figure 8).
Figure 5D indicates the barcodes corresponding to the respective
SFTs. For simplicity, these barcodes were now renamed to refer to
the SFTs more easily. The following naming convention was
applied. SFTs with similar properties were assigned to the same
main identiﬁer: this applies for two SFTs with stone contents
≥10% and ≥30% (SFT2.1 and 2.2), three SFTs with sandy
properties (SFT3.1, SFT3.2, and SFT3.3), and three SFTs with
silty properties (SFT4.1, SFT4.2, and SFT4.3). Of the sandy and
silty soils, there is one SFT with additional gleyic and one with
additional stagnic properties each. Altogether, this results in the
following naming convention: SFT1 (organic), SFT2.1 (skeletic),
SFT2.2 (skeletic with depth limitation), SFT3.1 (sandy), SFT3.2
(sandy-gleyic), SFT3.3 (sandy-stagnic), SFT4.1 (silty), SFT4.2
(silty-gleyic), and SFT4.3 (silty-stagnic).

somewhat too little silt content to classify as silty. Both were still
included in this comparison.
Figure 6 displays the predictive model performance of the eight
clusters similar in all ﬁve cluster solutions. The boxplots reﬂect 5
values (repeated outer CV cycle). S4 achieved the best predictive
model performance. It had the best median accuracy for four out of
eight, and the highest average accuracy among the eight considered
clusters. S3 was superior in model performance concerning the three
clusters corresponding to organic, sandy, and sandy-gleyic soils
(Figures 6A, C, D). The slightly different assignment of soil
proﬁles to these clusters led to a better spatial prediction. Overall,
there is very little difference in model performance for certain
clusters, namely those with organic, sandy-gleyic, and sandystagnic soils (Figures 6A, D, E), likely due to a large overlap in
soil proﬁle assignment.

3.2 Soil Functional Types With Multivariate
Soil Parameter Distributions Along the
Depth Proﬁle
S4 is the cluster solution that considered the particle size
distribution (three classes), the stone content, the bulk density,
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Figure 7 reﬂects the occurrence probability of the horizons H,
S, G, C, and mC from top to bottom. Figure 7A indicates that
soils that include an organic horizon in some part throughout
their proﬁle (SFT1) were well separated from soils that do not
include an organic horizon. However, SFT1 still includes a high
variety of soils: Soils that are organic throughout the top 100 cm
were combined with soils that include mineral soil horizons in
their top 20 cm (10%) and/or below c. 50 cm (10–30%).
Furthermore, 10–28% of the soils have groundwater inﬂuence
in some part of their proﬁle (Figure 7C). For the mineral soils,
most soils with groundwater inﬂuence (SFT3.2 and SFT4.2) were
well separated from soils with no groundwater inﬂuence. The
same applies to soils with stagnic properties in the top 100 cm
(SFT3.3 and SFT4.3, Figure 7B). SFT2.1 and SFT2.2 include
many soils with a C horizon starting at low soil depths indicating
rather initial stages of soil development (Figure 7D). 20% of these
soils have a C horizon starting at 20 cm (SFT2.2) or 25 cm
(SFT2.1) soil depth. Further down the pedon, this percentage
augments to 80 and 75%, respectively. The decrease in C horizon
probability below these depths is because many soil proﬁles in
these SFTs have a soil depth <100 cm as indicated by the
decreasing contributing fraction: Only 49% of the proﬁles of
SFT2.1 are deeper than 80 cm, SFT2.2 soil depth does not reach
below 80 cm at all. SFT2.1 and SFT2.2 are also the two SFTs with
proﬁles including bedrock (Figure 7E). From the SFTs
corresponding to sandy soils (SFT3.1, SFT3.2, and SFT3.3), it
is the exclusively sandy SFT3.1 which includes a rather high
percentage of proﬁles with C horizon occurrence within the top
100 cm: 40% at 52 cm depth augmenting to 70% at 72 cm depth.
The same applies to the silty SFT (SFT4.1). Although, the siltystagnic soils (SFT4.3) also partly include a C horizon within their
top 100 cm (Figure 7D).
Figure 8 displays the second part of the multivariate soil
parameter distribution along the depth proﬁle of the SFTs,
corresponding to measured soil properties. This includes
particle size distribution (Figure 8A), stone content
(Figure 8B), and bulk density (Figure 8C). The multivariate
distributions along the depth proﬁle of each SFT are represented
by the following quantiles: Q5, Q25, Q50, Q75, and Q95 (Ließ,
2021). SFT1 is described by sandy soil material in the top 20 cm
and below 80 cm depth. In between, most soils have organic
horizons as observed from H horizon probability (Figure 7A)
and the contributing fraction (Figure 8A). As expected from the
barcodes and reﬂected in the naming convention, SFT3.1,
SFT3.2, and SFT3.3 have a particle size distribution
dominated by the sand content, whereas SFT4.1, SFT4.2, and
SFT4.3 have a particle size distribution dominated by the silt
content. Among the former, SFT3.2 displays the highest median
sand content throughout the top 100 cm. Among the latter,
SFT4.1 has the lowest sand and highest silt content. The
difference in texture between SFT2.1 and 2.2 is not so
pronounced. Still, SFT2.2 differs from SFT2.1 by its
increasing sand and decreasing clay content with depth. The
stone content of SFT2.1 and 2.2, the two skeletic SFTs, is much
higher as compared to the other SFTs (Figure 8B). In both SFTs
the stone content is increasing with depth, reaching its
maximum somewhere around 60 cm. Figure 8C displays the
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SFT’s distribution of the depth proﬁle with regards to bulk
density. As expected, the organic SFT1 has much lower values
compared to the others. The rather high interquartile range
below 70 cm corresponds to the high amount of soils with
mineral horizons starting at this depth. The other SFTs’
distributions along the depth proﬁle display a clear step
around 10 cm depth reﬂecting the loosely settled soil after
tillage operations by cultivators (croplands) and/or the crump
structure caused by an active soil fauna on grassland or nontilled soils. SFT2.2 differs from the other mineral SFTs due to a
slightly lower bulk density with a higher interquartile range
throughout its depth and a step of decreasing bulk density
around 70 cm depth. Further soil properties were not
included in the multivariate distributions along the depth
proﬁles of the SFTs as they were not part of the variable set
to compute the dissimilarity matrix of S4.
Altogether, organic soils were differentiated from mineral soils of
various particle size distributions partly inﬂuenced by waterlogging
and groundwater within their top 100 cm. Further SFTs reﬂect soils
with a depth limitation and a high stone content. In the evaluation
of the various cluster solutions, higher importance was given to
particle size distribution and characteristics distinguishing organic
horizons, horizons of water logging and horizons of groundwater
inﬂuence due to their uttermost importance for all previously listed
soil functions. As a consequence, the SFTs of the selected solution S4
do not differentiate well concerning the soil properties TOC and
EC. Accordingly, we decided to reduce the parameter space of the
SFTs to those soil properties included in the computation of the
dissimilarity matrix of S4. Organic soils differ from mineral soils in
their pedogenesis, composition and structure. Soil particle size
distribution largely determines the available water capacity in the
root zone and, hence, the soil’s capability to cope with drought and
prevent yield losses. Furthermore, it determines the soil’s storage
potential for SOC. Accordingly, it largely determines soil fertility
and the soils’ production function. Periodic water logging in the
root zone affects the soil microbial community, decomposition
processes, and nutrient turnover. The closeness of the soil horizon
with changing groundwater level determines — after fertilizer
application and percolation through the proﬁle — how much
nitrate increases groundwater contamination. And while the
properties that are currently included in the deﬁnition of the
SFTs’ multivariate distributions along the depth proﬁle are
reﬂecting the most important properties, we are well aware that
processes such as nutrient cycling and ﬁltering of contaminants
require the inclusion of further soil properties particularly
stabilizing and buffering agents related to soil mineralogy and
cation exchange capacity. Currently, only C horizon occurrence,
thickness and depth and the assumed absence of pedogenic oxides,
structure and TOC give some hint to approximate this aspect. And
while other soil properties such as pH and TOC are manipulated
through fertilization and liming, the soils have different states of
origin with regards to these properties which should also show as
they provide important information for agricultural management
planning and intitial values for agricultural process modeling. Still,
the current deﬁnition of soil functional types provides a decent basis
to represent soil functionality with regards to the storage of plant
available water (SF3), and the soil’s storage capacity for TOC
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FIGURE 9 | Predicted median occurrence probability of the SFTs at national scale. (A) SFT1, (B) SFT2.1, (C) SFT2.2, (D) SFT3.1, (E) SFT3.2, (F) SFT3.3, (G)
SFT4.1, (H) SFT4.2, (I) SFT4.3. Non-agricultural areas were masked out on behalf of the CORINE Land Cover Inventory 2018 (Figure 1A). The corresponding predictive
model accuracy is indicated in the bottom right corner.

(SF6). The other four soil functions are represented to a certain
extent. Vogel et al. (2019) argue that it is the inherent soil
properties (properties that do not change within decades) that
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allow for the evaluation of the soil’s potential to fulﬁll the soil
functions. Whereas it is those properties changed under
agricultural management that allow for the evaluation of the
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FIGURE 10 | VI plots. The Subﬁgures display the VI values for the individual models to predict the occurrence probability of the SFTs. The boxplots reﬂect the
variance in VI due to the CV approach. (A) SFT1, (B) SFT2.1, (C) SFT2.2, (D) SFT3.1, (E) SFT3.2, (F) SFT3.3, (G) SFT4.1, (H) SFT4.2, and (I) SFT4.3.

the deep ploughing of peatlands and Podsols for amelioration
until a depth of 1.50 m took place. The result was a mixture of
organic with mineral — mostly sandy — underlying soil
material, or alternating inclined layers of mineral and
organic soil material.

current state and fulﬁlment of the soil functions with regards to
these potentials.
Pedon similarity with regards to the multivariate soil
proﬁle information has previously been considered in the
context of numerical soil classiﬁcation as opposed to
conceptual soil classiﬁcation (e.g. Rayner, 1966; Moore
et al., 1972). However, to our knowledge, it has not been
used to derive soil functional types for agricultural
landscapes. The data-driven approach we follow may further
beneﬁt by considering property-speciﬁc depth weighting to
differentiate between soil properties affected by agricultural
management and those that don’t. The consideration of soil
properties such as TOC, pH, EC and bulk density to deﬁne
SFTs in agricultural landscapes is tricky as they are heavily
manipulated by fertilizer application, liming, and tillage
operations. Nonetheless, past agricultural management may
also have impacted the occurrence, depth and thickness of
mineral and organic soil horizons. Particularly in northwest
Germany, nutrient-poor, sandy topsoil was often improved by
mixing it with grass or heather plagues and, thereby, altering
their particle size distribution and SOC content. This praxis
was still common at the beginning of the 20th century but
stopped with upcoming mineral fertilisers. In the same area,
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3.3 Spatial Prediction, Model Interpretation,
and Evaluation
Figure 9 shows the median occurrence probability of the SFTs
throughout Germany. Median predictive model performance is
indicated by the respective accuracy in the bottom right corner
of each map. Please be aware that Figure 8B has a different map
legend due to the predicted low probabilities. Median predictive
model performance decreases in the following order: SFT1 –
SFT4.2 – SFT3.2 – SFT2.2 – SFT4.1 – SFT3.3 – SFT4.3 – SFT3.1
– SFT2.1 from 0.87 to 0.67 and the exceptional low predictive
performance of 0.54 for SFT2.1. Model performance was
particularly good for SFT1 (organic) and the two SFTs
representing gleyic soils (SFT3.2, SFT4.2). Sandy-gleyic
(SFT3.2) and sandy-stagnic (SFT3.3) soils could be better
predicted than sandy soils without gleyic or stagnic
properties (SFT3.1). The same applies to silty-gleyic (SFT4.2)
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FIGURE 11 | Median PDPs of selected continuous predictors. (A) PRESU, (B) TEMSU, (C) NDV18, (D) NDV86, (E) NOP00, (F) POP00, (G) SLH00, (H) SLO10, (I)
TST10, (J) TRI10, (K) VAD00, (L) WIN00, (M) SWI00, (N) VOF0M, and (O) VOF0S. Please refer to Tables 1,2 for the predictor abbreviations. The predictor values along
the X-axis correspond to the values extracted from the normalized nationwide gridded geodata.

as compared to silty soils (SFT4.1), but not for silty-stagnic soils
(SFT4.3).
Figure 10 shows the variable importance (VI) for the nine
models corresponding to S4. High relative VI values that
amount to a multiple of 100% display a high degree of
predictor interaction within the models. Most dummy
predictors have values above 30 or even 40%. Some
predictors have very low VI values close to zero. Still, the
exclusion of predictors below VI values of 2 led to a reduced
model performance (results not shown). In the ﬁrst predictor
group (SORPAN C), the drought index of the winter and
summer months was of low importance for all SFTs,
probably due to its calculation from temperature and
precipitation, which were also included as predictors. Still,
the exclusion of highly correlated predictors led to a
decreased model performance (results not shown).
Temperature (TEMSU, TEMWI) and precipitation (PREWI,
PRESU) of the summer and winter months have VI values above
10% for all SFTs. For most SFTs they are around 20%. For SFT1
(Figure 10A) and SFT2.1 (Figure 10B), they are above 30 or
even 40%. Among the SCORPAN O proxies, there is an increase
in VI values in the order DMP – NDR – NDV – VPI, with VPI
being of comparatively much higher importance for all SFTs.
The selected time slot in June displays the percentile ranking of
the current NDVI against its historical range of variability and
is, therefore, a good indicator of comparatively dry (2018) or wet
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(2016) conditions. Vegetation on sandy soils will likely have
been more impacted by drought than vegetation on silty soils,
although the opposite may apply in case the soils are covered by
a narrow sandy topsoil horizon. The NDVI and NDRE values of
yearly composites of single years will not show this effect as
strongly, even though the spatial resolution of the data is higher.
Again the vegetation indices (particularly VPI) are of
comparatively higher importance for SFT1 and SFT2.1. This
might be due to a prevailing usage as grasslands of the soils
assigned to these SFTs. A similar effect is observable in the next
predictor group concerning these two SFTs (R1). For all SFTs,
elevation (DEM00) and easting (EAS) have rather low
importance. The low importance of elevation is not that
surprising as it is often included in pedometric models to
reﬂect the climatic gradient, which is in this case already
captured by predictor group C. The remaining predictors of
the group have particularly high importance for SFT1 and
SFT2.1, but even for the other SFTs, they reach VI values
above 10 or 20%. Among the hydrological terrain parameters
(R2), VOF0S and VOF0M display the highest importance
followed by SWI00. The high information content contained
in the geomorphographic map units (R3) displayed by
particularly high VI values of 30–50%, likely reduces the
importance of the numerical predictors (R1, R2). The
particularly high importance of the dummy predictors is also
observable for predictor groups P and S. Latitude and longitude
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FIGURE 12 | Map displaying SFT distribution.

certain dummy predictors derived from the BAG (Figure 1F). The
soil of the silty-gleyic SFT4.2 developed from ﬂoodplain sediments
and sediments in the tidal range. Their distinction is also visible
from terrain morphology (Figure 1E). The spatial patterns of
SFT2.1 (Figure 9B) and SFT2.2 (Figure 9C) are similar. They
mainly occur in the mountains of the Central German Uplands
(Figure 1B), which explains their high stone contents.
The direct inﬂuence of selected numerical predictors on the
respective SFTs is displayed in the PDPs in Figure 11. The shown
probability values for the individual SFTs are rather low due to
the averaging over all ICE plots. The plots are probably good to
see general trends but not in reﬂecting a comparison concerning
these average probabilities between SFTs. Still, it is interesting to
see that the two skeletic SFTs SFT2.1 and SFT2.2 show very
similar trends with SFT2.2 always displaying higher probabilities.
Both SFTs are likely assigned to the same raster cells and can
probably not be well separated in space. The two gleyic SFTs
(SFT3.2 and SFT4.2) and the two stagnic SFTs (SFT3.3 and
SFT4.3) show a remarkable similarity in sudden changes in
the slope for a couple of SCORPAN R proxies such as
NOP00, SLH00, SLO10, TRI10, VOF0M, and VOF0S. Having
developed from different parent material, these soils likely occur
in similar topographical landscape positions. Though, not all
trends can be well explained. Overall, the predictors are proxies

display VI values around 10% for SFT2.1 indicating that there
are likely some spatial patterns not captured by the other
predictors. Consequently, a less restrictive approach in the
consideration of the categorical predictors could even
improve model performance. Though the beneﬁt of including
additional predictors may differ among the SFTs. The
transmission of polygon map boundaries to the pedometric
modeling result is a well-known problem particularly observed
while applying recursive partitioning algorithms (e.g. Behrens
et al., 2018b; Nussbaum et al., 2018).
The spatial patterns of the sandy SFT3.1, the sandy-gleyic
SFT3.2, and the sandy-stagnic SFT3.3 (Figures 9D–F), display
their development from sandy parent material (yellow color in
Figure 1F). Soils of the sandy SFT3.1 additionally developed from
sandstones, acid magmatites and metamorphites in the mountains
of the Central German Upland region and loose material in the
Alpine Foreland. Likewise, the spatial patterns of the silty SFT4.1
(Figure 9G) and the silty-stagnic SFT4.3 (Figure 9I) display their
development from loess (light orange color, Figure 1F). On the
other hand, soils that developed from clay stones (mud color,
Figure 1F) and are, therefore, likely to have a clayey texture, are
seldom used for agriculture (Figure 1A), which explains the lack of
a corresponding SFT. The spatial prediction of the silty-gleyic
SFT4.2 (Figure 9H) is clearly showing the strong inﬂuence of
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FIGURE 13 | Soil property-wise model performance for selected soil depths. Boxplots of 5 RMSE values per soil property and depth. (A) sand content, (B) silt
content, (C) clay content, (D) stone content, and (E) bulk density. The horizontal line below each boxplot refers to the RMSE of the original SFT assignment of the soil
proﬁles. Concerning the ﬁrst line of ﬁgures, residuals for the RMSE calculation refer to the difference to the SFTs’ 5–95% interquantile range for the respective property of
the multivariate distribution of the depth proﬁle. Concerning the second line of ﬁgures, the interquartile range was considered for computing the RMSE.

describing today’s landscape while the changing interaction of the
soil-forming factors throughout time is not captured by the
available data.
Model results concerning the predicted SFT probability were
combined to generate the ﬁnal spatial allocation of the SFTs
(Figure 12) in the following way: For each SFT, the median
probability of the 25 predicted values (CV approach) was
calculated per raster cell (Figure 8). Then for each raster cell,
the SFT with the highest median occurrence probability was
assigned (Figure 11). Due to its low probabilities (Figure 8B),
SFT2.1 was not assigned to any raster cell, as we also assumed on
behalf of the PDPs. As can be seen from the corresponding model
accuracy of 0.54, this was also the SFT whose spatial distribution
could not be well predicted.
Together the SFT spatial allocation (Figure 12) and the SFTspeciﬁc multivariate soil parameter distributions along the depth
proﬁles provide a representation of the multivariate 3D soil
parameter space of the agricultural soil-landscape (Germany)
which can be used to evaluate certain soil functions, and as input
data to agricultural process models. While being operated at
national scale, the latter require a representation of the
pedosphere with regards to its spatially varying properties. The
pedosphere constitutes a spatial continuum. Its properties vary in
the magnitude of micrometres, centimetres or meters. But, at this
high spatial resolution, the provision of soil information at
national scale would result in inconceivable amounts of
multivariate data in three dimensions. However, this is hardly
necessary to answer current agricultural challenges. The
modeling of the impact of drought on agricultural yield, the
storage of soil organic carbon, or excess fertilizer percolation to
the groundwater, would merely require a spatial resolution to
represent individual agricultural ﬁelds. And while we maintain
this spatial resolution, we may, still, agglomerate soils according
to their similarity in their properties with the ultimate ﬁn to
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provide a limited set of spatially assigned process units of
speciﬁed characteristics to run agricultural process models,
and, thereby, reduce the required computing power. For
example, the agricultural soil-landscape of Germany at a
spatial resolution of 100 m augments to 19.5 million raster
cells. And this amount is multiplied while we acknowledge the
pedon behind each raster cell by its multivariate parameter
distribution along the depth proﬁle, and the corresponding
site-, property-, and depth-speciﬁc uncertainty resulting from
pedometric modeling. Process models considering this high
amount of data would likely run into problems concerning the
required computing power.
To spatially represent the soil continuum in maps, soil
scientists have since long started to agglomerate soils into SUs.
It is these SUs that may then depict SMUs in soil maps of a large
map scale. At small map scales, the SUs are often combined with
other SUs to form larger SMUs still visible at that scale. However,
the SUs deﬁned in soil classiﬁcation systems have the main
purpose to facilitate communication about the complex system
of soil. They are nowadays often reﬂecting pedogenesis, and are,
therefore, not necessarily well suited to represent soil
functionality (Mueller et al., 2010). In many soil classiﬁcation
systems, important soil properties guiding soil functionality are
only distinguished at a low systematic level and rather similar
soils concerning their properties and functionality are assigned to
different upper-level SUs. This partly also hampers their spatial
differentiation in pedometric modeling. Promising to derive
spatial units to represent soil functionality are also approaches
that spatially predict characteristic soil horizons relating to
stagnic properties, or organic carbon accumulation and soil
depth instead of SUs (e.g. Gessler et al., 1995; Gastaldi et al.,
2012; Ließ et al., 2012). Overall, the domain of applicationoriented pedometric mapping follows the same rationale: Ließ
et al. (2011) and Ließ and Huwe (2012) estimate natural landslide
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risk in a tropical mountain environment. Jeong et al. (2017) assess
land potentials in forest soils under monsoon climate. Greiner
et al. (2018) thematise uncertainty indication in soil
function maps.
To adequately simulate and evaluate the impact of climate
change on crop production, it is important to assess the impact
of local to regional soil variability with regards to soil water
conditions at critical crop development states (e.g. Challinor
et al., 2009; White et al., 2011; Kasampalis et al., 2018).
Accordingly, approaches that estimate the impact of
drought on agricultural yields throughout Germany could
largely beneﬁt from the developed data product. Currently,
they rely on the initially described soil maps with spatiallyunresolved SMUs and can, therefore, not provide site-speciﬁc
predictions (e.g. Zink et al., 2016; Webber et al., 2020). Besides
knowledge on nitrogen surplus on soils under agricultural use
and lateral transport in aquifers, studies to investigate nitrate
pathways to the groundwater would also clearly beneﬁt from
continuous, site-speciﬁc soil information (e.g. Knoll et al.,
2020).
The soil-property-wise evaluation of the ﬁnal product for selected
depths (5, 20, 40, 60, and 80 cm) shows a good predictive
performance (Figure 13). The increase of the RMSE with depth
corresponding to the original SFT assignment while considering the
interquantile ranges (Q5–Q95 and Q25–Q75) of the respective
distribution along the depth proﬁle, indicates that the properties
of the subsoil need to be weighted more heavily in the similarity
analysis to identify the SFTs. For the RMSE values of the model
predictions (boxplots), this increase with depth is even stronger. This
is because the SFTs differ more in their subsoil compared to their
topsoil. Correspondingly, misclassiﬁcations show a stronger effect.
Overall, the good model performance indicates successful model
training and tuning due to the implemented SVM with optimization.
The corresponding RMSE values of predictive model performance
for topsoil texture from the European (Ballabio et al., 2016) and
global (Hengl et al., 2017) predictions, evaluated on behalf of the
same test data sets, are 17.3 and 18.8% for sand, 13.6 and 15.3% for
silt, and 9.1 and 9.5% for clay.

limited number of spatial process units to run agricultural
process models at national scale. The required computing
power is reduced to a large extent.
Overall, the current product published alongside this
manuscript (Ließ, 2021) has to be understood as a ﬁrst
version in the iterative process of pedometric modeling. The
current deﬁnition of SFTs provides a decent basis to represent
soil functionality with regards to the storage of plant available
water (SF3), and the soil’s storage capacity for TOC (SF6). The
other four soil functions are represented to a certain extent.
Perspectively, it shall be further enhanced by extending the
multivariate distributions along the depth proﬁles by further
soil properties and adapting the deﬁnition of the SFTs through
the implementation of property-speciﬁc depth weighting. This
will likely increase the number of SFTs and reduce the
respective ranges of their multivariate distribution along the
depth proﬁles. Moreover, any pedometric model can be further
improved by including an ever-increasing amount, and
information content of input data, and by enhancing the
modeling approach to derive an ever-increasing predictive
accuracy. We are positive that the implemented machine
learning approach resulted in robust models that extracted
the highest possible information content concerning the
landscape allocation of SFTs due to the implemented
resampling and SVM with optimization. A further
improvement would, therefore, mainly rely on additional soil
proﬁle data, and the inclusion of further gridded geodata to
approximate the soil-forming factors. And the latter will never
be sufﬁcient as we strive to model the result of 10,000 years of
pedogenesis by data covering the last few decades.
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4 CONCLUSION
The presented approach to derive a realisation of the multivariate
3D soil parameter space of the agricultural soil-landscape
(Germany) consists of 1) the differentiation of SFTs with
multivariate distributions along their depth proﬁles, and 2) the
projection of these SFTs to continuous space by machine
learning. It simpliﬁes the agricultural soil-landscape by
agglomerating similar soils according to their properties. This
has two beneﬁts: On the one hand, it well addresses the general
concept behind pedometric modeling at the landscape scale,
which seeks to explain similarity in soils by similarity in
landscape characteristics related to the soil-forming factors. In
this sense, it provides a valuable approach to model multiple soil
properties with their respective 3D distribution simultaneously.
On the other hand, the obtained data product reduces the
multivariate complexity of the spatial soil continuum to a
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