Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 17 March 2022 d0i:10.20944/preprints202203.0253.v1

Article

Scale-specific Prediction of Topsoil Organic Carbon Contents
using Terrain Attributes and SCMaP Soil Reflectance
Composites

Markus Méller 10, Simone Zepp 2", Martin Wiesmeier®, Heike Gerighausen'” and Uta Heiden*

1 Julius Kiihn Institute (JKI) — Federal Research Centre for Cultivated Plants, Institute for Crop and Soil
Science, Bundesallee 58, 38116 Braunschweig, Germany

2 German Aerospace Center (DLR), German Remote Sensing Data Center (DFD), Miinchener Str. 20, 82234

Wessling, Germany

Bavarian State Research Center for Agriculture, Institute for Organic Farming, Soil and Resource

Management, Lange Point 6, 85354 Freising, Germany

4 German Aerospace Center (DLR), Remote Sensing Technology Institute (IMF), Miinchener Str. 20, 82234
Wessling, Germany

*  Correspondence: markus.moeller@julius-kuehn.de

Abstract: There is a growing need for an area-wide knowledge of SOC contents in agricultural
soils at field scale for food security, monitoring long-term changes related to soil health and
climate change. In Germany, SOC maps are mostly available with a spatial resolution of 250 m to 1
km?. The nationwide availability of both digital elevation models at various spatial resolutions
and multi-temporal satellite imagery enables the derivation of multi-scale terrain attributes and
(here: Landsat-based) multi-temporal soil reflectance composites (SRC) as explanatory variables.
On the example of an Bavarian test of about 8000 km?, relations between 220 SOC content
samples as well as different aggregation levels of the explanatory variables were analyzed for
their scale-specific predictive power. The aggregation levels were generated by applying a region-
growing segmentation procedure, the SOC content prediction was realized by the Random Forest
algorithm. In doing so, established approaches of (geographic) object-based image analysis
(GEOBIA) and machine learning were combined. The modeling results revealed scale-specific
differences. Compared to terrain attributes, the use of SRC parameters lead to a significant
model improvement at field-related scale levels. The joint use of both terrain attributes and SRC
parameters resulted in further model improvements. The best modeling variant is characterized
by an accuracy of R? = 0.84 and RMSE = 1.99.

Keywords: soil reflectance composites; digital soil modeling; soil organic carbon; GEOBIA,
Landsat; terrain analysis

1. Introduction

Soil is the largest carbon sink on earth after the oceans and can store more than
twice as much CO; as the atmosphere [1]. Therefore, the soil of agricultural ecosystems
can contribute to the mitigation of greenhouse gas (GHG) emissions and thus to climate
change mitigation through increased carbon sequestration [2]. In order to assess this
potential and promote it through adaptation of land use systems, as well as to localize
adaptation needs on an area-by-area basis in the context of the European Common
Agricultural Policy (CAP) and the Sustainable Development Goals (SDGs), up-to-date,
area-wide and high-resolution information on carbon contents of agricultural soils is
needed [3,4]. Germany-wide maps of the carbon content of agricultural soils are currently
only available as static maps with a spatial resolution of 200 m? to 1 km? [5]. The maps
are not suitable as a basis for small-scale field-specific analyses. In addition, the maps do
not contain quality measures that are important for communicating model uncertainties
[6,7].
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Detailed information on carbon content is available in the form of point soil samples
collected at the state, national or European level [e.g., 8-10]. The data sets differ in
sampling methodology, frequency and density as well as in their representativeness.
Explanatory variables are needed for the operational transformation of point data into
spatial data sets. Since the nationwide availability of digital elevation models at various
spatial resolutions, digital soil mapping has transitioned from the research phase to
operational use [11]. The increasing availability of multi-temporal satellite imagery
allows an expansion of the data space to distinguish both spatial and temporal patterns
of SOC content [4,12]. Multi-temporal soil reflectance composites (SRC), based on
Landsat or Sentinel-2 time series, have proven as explanatory variables for the prediction
of (Top)Soil Organic Carbon (SOC) content [5,13-20].

In this article, we deepen a study by Zepp et al. (2021), which applied different
modeling methods on Landsat-based SRC data for SOC content prediction in Bavaria,
Germany [5]. As a result, the Random Forest (RF) showed the best predictive capabilities
in terms of model accuracy and performance. Using a sub-area within Bavaria as an
example, we extend the modeling approach and compare the predictive single and
mutual capabilities of Landsat-based SRCs and multi-scale terrain attributes. The latter
should take into account the fact that soil properties and soil-forming processes are an
expression of complex relationships between soil forming factors and landforms, which
occur on different scales [21-28]. Multi-scale terrain attributes enable the consideration of
contextual information, which can improve the prediction accuracy of soil properties [24].
In addition, different aggregation levels of the two parameter sets were generated. The
used segmentation algorithm results in spatial objects with soil-related meaning [29,30],
which are also referred as soil-terrain objects [6] or ecotopes [31]. They can be defined
as groups of terrain attribute raster cells which are aggregated to landform elements
according to a scale-specific homogeneity [29,32,33]. Their usage in digital soil mapping
applications has been proven as superior compared to pixel-based approaches [30,34,35].
The main objective of this study is the analysis of relations between SOC content samples
as well as different aggregation levels of terrain attributes and Landsat-based SRC data
regarding their scale-specific predictive power.

2. Materials and Methods

Figure 1 illustrates the principle digital soil modeling workflow, in which scale-
specfic reference units (RU) with explanatory variables are related to soil measurements
and analyzed with machine learning methods. The workflow can be distinguished in
the two categories:

1.  “Input data” comprises the provision of soil samples (Sec. 2.1.1) as well as the
derivation of terrain attributes (Sec. 2.1.2) and multi-temporal SRCs (Sec. 2.1.3).
By applying a segmentation algorithm (Sec. 2.1.4), both data types are used for
generating multi-hierarchical reference units (RU), which are parameterized by
applying zonal statistics operations (Sec. 2.1.5).

2. “Maschine learning” refers to the actual spatial SOC content prediction by applying
the Random Forests algorithm. In addition, an internal and independent validation
schema as well as a recursive feature elimination analysis is included (Sec. 2.2).

The workflow was implemented using R functions [36] documented in a Github
repository.

2.1. Input data
2.1.1. Soil samples

The test area in Bavaria was selected because the ranges of SOC content values are
comparable with the entire area. Both mineral soils with lower SOC contents and organic
soils in the form of fens (e.g., Konigsmoos) with higher SOC contents occur in the test
area. In addition, the test area has a comparable heterogeneous terrain composition as in
Bavaria.
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Figure 1. Workflow for the scale-specific SOC content prediction based on SCMaP Soil Reflectance
Composites (SCMaP-SRC) and terrain attibutes (RU = Reference Units; RFE = recursive feature
elimination).

4
PREDICTION

Figure 2 shows the spatial distribution of available sampling sites throughout
Bavaria (N = 939) and in the test area of about 8000 km? (N = 220) selected for modeling,
with the size of the agricultural area accounting for about half. The available soil samples
were provided by the Bavarian Environment Agency (LfU) and the Bavarian State
Research Center for Agriculture (LfL). All databases were determined by dry combustion
using elemental analyzers [8,9]. The final soil data set of the test site comprises 220 soil
samples (LfL: 14 samples; LfU: 206 samples). The SOC contents range from 0.74 % to
18.3 % with a median content of 2.00 %. The comparison of the both value distributions
reveals that differences mainly occur in the value range between 3 and 10 % (Figure
3). Applying the nonparametric Kolmogorov-Smirnov goodness-of-fit test [37] revealed
that the empirical cumulative distributions are significantly different, with the D = 0.24
of the curves being rather small [cf., 6].

2.1.2. Terrain attributes

Terrain attributes have been established for decades as explanatory variables for
predicting soil properties in general [11,45] and SOC content in particular [46]. Since
the scale dependency of terrain attributes has an effect on SOC predictions [e.g., 23,26],
multi-scale terrain attributes have been derived (Table 1). This concerns in particular
variants of attributes “Normalized Height” (NH; Figure 4a and b) and “Topographic
Position Index” (TPI) [40,43], for whose calculation different moving window sizes
were applied. The variants of the attributes “Vertical Distance above Channel Network”
(VDC) and“Terrain Classification Index” (T'CI) [40] are based on different aggregation
levels of the channel network derivations. The “Mass Balance Index” (M BI) versions are
expressions of the differentiability regarding dominant and subdominant relief shapes
[21]. All multi-scale variants are based on tuning parameters listed in Table 1. Their
definition is the result of exponential functions for which the start and end values
were determined empirically (see R function collection). Finally, the one-dimensional
attributes including local attributes (sink-filled Digital Elevation Model (FILL) and
“Slope” (SLP)) as well as regional attributes (“Topographic Openness” (TOP and TON)
[42] and the “Topographic Wetness Index” (TWI; Figure 4c) [41]) were calculated [47].

The corresponding process chain is documented in an R function, which can be
excecuted via an R function collection. There, all terrain attribute variants are defined.
In this study, a DEM with a resolution of 10 m was used, which is provided by the
German Federal Agency of Cartography and Geodesy. The DEM was resampled to 30 m
according to the resolution of the SCMaP SRC data set (Sec. 2.1.3).
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Figure 2. Test site location in Bavaria and the distribution of soil samples. Projection: EPSG 31468.
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Figure 3. Comparison of soil samples” SOC content [%] distributions: density plot with quantile
values Q (left) and plot of empirical cumulative distribution functions (ECDF) with ECDF distance
D (right) for entire Bavaria (black) and the subset (red; cf., Figure 2).
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Figure 4. Visualization of multi-scale (a, b) and one-dimensional terrain attributes (c; cf., Table 1)
as well as of selected SRC bands (d). Projection: EPSG 31468.
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Table 1. Explanatory variables for the SOC content prediction: Terrain attribute variants and

SCMaP-SCR bands (SM; ___; definitions of terrain attribute variants and tuning parameters: see R

function collection).

Explana- . Multi-scale tuning parame- Variant
tory Meaning Source
4 ter (start and end value) number

variable
Digital Elevation Model with

FILL - fijed sinks - ! [38]

SLP Slope - 1 [39]
Vertical Distance above Catchment Area

VDC  Channel Network (CA € [10000 : 1000000]) 10 [40]

TCI Terrain Classification Index %Xlén[lle SS(;%r??OOOOOO]) 10 [40]

TWI Topographic Wetness Index — — 1 [41]

MBI Mass Balance Index gg;zggﬁgrea%sg%‘m .0.1) 10 [21]

TOP Topographic (positive) Open- 1 [42]
ness

TON Topographic (negative) 1 [42]
Openness

NH Normalized Height (Gteen e{;a.lilzg&i)?;l Parameter 10 [40]

TPI Topographic Position Index (55? aele[gg ?alrgg(t)%' 10 [43]
SCMaP-SRC  (1984-2014),

SRC1—7 [ andsat Reflectances - 7 [44]
SCMaP-SRC  (1984-2014),

SRCg_14 normalized Landsat Re- - 7 [44]
flectances

2.1.3. SCMaP-SRC

In addition to the terrain attributes, spectral information of a remote sensing soil
reflectance composite (SRC) were used for SOC content modeling (Figure 4d). The
Soil Composite Mapping Processing (SCMaP) chain enables the generation of SRC for
individually selected regions and time periods [44]. Based on a modified vegetation
index (PV) two thresholds are determined to separate predominantly uncovered soils
from all other land cover types. The development of the data base for the threshold
derivation is automated. Thresholds itself has been derived based on manually defined
percentile measures [48].

A 30 year (1984-2014) compositing period was chosen to enable a smooth spectral
database [5]. The 30 year SRC was built on all available Landsat (Landsat-4 TM, -5 ETM
and -7 ETM+) collection scenes [49] available between 1984 and 2014 with an resolution
of 30 m for the investigation area. For all scenes, the same pre-processing steps were
applied. The FMask algorithm was used to detect and remove clouds, cloud shadows and
pixels covered by snow [50,51]. Additionally, an atmospheric correction was performed
using the Atmospheric Correction (ATCOR) software for satellite imagery [52]. The
reflectance soil composites show the averaged reflectance per-pixel composites for the
observed time period of exposed soils. The patterns in the reflectance soil composite
correspond to patterns of existing soil maps and the underlying geological structural
region. Products provide therefore useful information on soils and exposed soil coverage.
The resulting bands SRC;_7 represent the “normal” averaged reflectances, for bands
SRCg_14 the averaged reflectances are normalized per scene by the albedo, which is
calculated as mean reflectance over all six reflective bands.
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Figure 5. Visualization of reference unit-specific scale levels on the example of a test site subset (a)
as well as relation between logarithmized scale level L and object number ON (b; cf., Table 3). The
colored dashed lines refer to the scale levels L = 0.3, L =1 and L = 10.

2.1.4. Segmentation

Different aggregation levels of explanatory variables were derived by applying
a region-growing segmentation algorithm that spatially groups grid cells of terrain
attributes and SRC bands according to their neighborhood in a feature space and raster.
As a result, polygons with scale-specific comparable heterogeneity are generated.

The region-growing algorithm “Fractal Net Evolution Approach” (FNEA) was
applied [53], which is implemented in the software eCognition and has been shown to be
suitable for detecting spatial objects of soil-related relevance [6,30,34,35] in the context
of geographic object-based image analysis (GEOBIA) [54-56]. The algorithm relies on
seed pixel groups with the smallest (here: Euclidean) distance in both the raster and
the feature space of the parameters used. Then, the seeds grow until the user-specific
heterogeneity of the raster values within the resulting objects is reached.

In this study, the segmentation input data were the variables TWI, SLP, TCIc a—10000,
MBIt—00005, NH=1000 as well as SRCg_14 (cf., Table 1). The shape of the resulting ob-
jects is influenced by the user-defined parameters “shape variance” and “compactness”,
which have been set to 0.05 and 0.01 here. The degree of object aggregation is controlled
by the parameter “Scale Level” L [cf., 30]. The corresponding 17 scale level values are
listed in Table 1. On the example of a test site subset, Figure 5a displays polygons of
three scale levels. There, red colored polygon boundaries represent parent polygons,
which are decomposed by smaller yellow colored child and blue colored grandchild
polygons. The latter can be viewed as vectorized raster cells [21,30]. The white areas
were identified by the SCMaP algorithm as areas of no or little reflectance changes. This
applies, for example, to forests or built-up areas.

2.1.5. Parametrization

While the parametrization of scale-specific reference units (RU) is realized by ap-
plying zonal statistics functions [40,57], Zepp et al. (2021) applied a filter-based parame-
terization of the samples [5]. This involved averaging the spectra of the sample pixel
and its eight neighboring pixels to reduce local and spatial variability. The background
to this approach is that the SCMaP-SRC provides ground reflectance information at
a pixel resolution of 30 m based on Landsat imagery. Linking point samples to a 30
m remote sensing pixel is a potential source of inaccuracy because not all samples are
collected at least 30 m inside the fields. As a result, the SRC pixel may combine multiple
surfaces with different spectral information. The ground sample is then combined with
a mixture of spectral information. Therefore, spectral and spatial filtering was applied to
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Table 2. Accuracy metrics for the SOC content [%] prediction based on SCMaP-SRC parametriza-
tion applied by Zepp et al. (2021) [5] for Bavaria and the test site subset.

o
£
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=1 E 58] [S8] 58| A
& 2 S %) = %) = 3
El B S| B S| 5] S| 8|8
> [75] a4 R~ 4 24 [s4 24 95
Bavaria | 939 || 1.29 | 0.62 | 0.54 | 0.94 | 1.32 | 0.65 | 0.58
Subset | 220 230 | 0.60 | 1.00 | 092 | 211 | 0.74 | 0.74

the sample pixel and its eight neighboring pixels to evaluate spectral differences within
a field cluster. All pixel clusters showing deviating spectra are excluded from further
processing.

2.2. Machine learning

Random Forests (RF) is a regression and ensemble-based decision tree algorithm
[58], which has been regularily used for predicting of soil properties [59,60]. RF devides
the feature space of the explanatory variables until the resulting tree has the best statisti-
cal correlation by minimizing the variance. Based on bootstrap samples, RF generates
a large number of independent trees (ensembles). Two-thirds of the samples are used
to grow the trees (in-bag data), and one-third are drawn randomly to calculate error
estimates through cross-validation (out-of-bag data).

To validate the classification results, the total data set is randomly divided into a
training and test data set of 75 % and 25 %, respectively, taking into account the target
parameter distribution. Model building is based on the training data set. On the basis of
the training data set, a calibration and a repeated 5-fold cross-validation is performed.
The test data set is used for independent validation [61], to which the trained model is
applied. Modeling performance is evaluated using the metrics of “Root Mean Square
Error” (RMSE) and “Coefficient of determination” (R?) for cross-validation, calibration
and independent validation. The SLOPE of the regression line indicates the degree of
underestimation or overestimation.

All used explanatory variables are more or less affected by multicollinearity. This
concerns in particular the terrain attribute variations. RF can be considered tolerant
of this phenomenon regarding the model prediction or the accuracy of the model [60].
However, collinearity might impair the interpretability of the model and may lead to
misidentification of relevant predictors [62]. This concerns especially the interpretation
of the variable importance of each explanatory variable, which is derived from the
percent increase in mean squared error (MSE) resulting from the permutation of the out-
of-bag data for each variable [63]. To ensure the intepretability of relevant predictors, the
recursive feature elimination approach (RFE) is used [64,65], where the least important
predictors are iteratively eliminated before the model is rebuilt [63].

3. Results
3.1. Filter-based parametrization

Table 2 lists the accuracy metrics resulting from applying the modeling approach
to the samples for Bavaria [5] and the test site based on the filter-based parameteri-
zation. Figure 6 visualizes the corresponding validation scatter plots. The accuracy
metrics include all RMSE and R? values of calibration (CAL), cross-validation (CV) and
(independent) validation (VAL) (Sec. 2.2).

The different accuracy metrics reflect the differences between the distributions
of SOC content values, which is also indicated by the Kolmogrorov-Smirnov distance
between the entire Bavarian and the subset data set used in this study (Sec. 2.1.1). The
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Table 3. Scale-specific accuracy metrics for SOC content [%] prediction variants based on terrain
attributes (A; cf. Table 1), SCMaP-SRC (B) and both data sets (C). RMSE - Root Mean Square Error
| R? - coefficient of determination | CV - cross validation | CAL - calibration | VAL — independent
validation. The gray emphasized values refer to the prediction variant with highest accuracy
metrics (Figure 8 and the corresponding scatter plots (Figure 9).
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differences mainly concern the RMSEcy car var and R%,A 1, values, with the metrics of
the subarea being higher than those for all of Bavaria.

3.2. Scale-specific parametrization

Table 3 summarizes all scale-specific accuracy metrics. The naming of the aggrega-
tion levels follows the scale level specification within eCognition software setting, which
was varied during the application of the algorithm and controls the parameter hetero-
geneity and thus indirectly the number and sizes of the resulting polygons [21,30,66].
Figure 5b and Table 3 show the relation between object number ON and scale level L.
From the size of the agricultural area (about 4000 km?) and the number of objects results
approximately the average object size, which varies depending on the heterogeneity of
the soil landscape [6,21].

The CAL, CV and VAL-related accuracy metrics are derived for all scale levels and
the parameter variants “terrain attributes” (A), “SCMaP-SRC” (B) and “terrain attributes
+ SCMaP-SRC” (C). The CAL and VAL value differences reflect the degree of model
over-fitting [67], which correlate with the VAL values. It is also noticeable that the RZCV
values are often considerably smaller than R?,,; values, which could also observed by
Zepp et al. (2021) [5].

Figure 7 reveals scale-specific dependencies. Accordingly, the variation range of
R%A,VA 1, values (0.43 to 0.62) is smaller than of R%,VA 1 (0.47 to 0.84) and RZC,VA ;, values
(0.43 to 0.84). The RMSEy,; values vary between 2.78 and 3.47 (A), 2.00 and 3.28 (B)
and 1.99 and 3.34 (C). With R% var = 0.65 and RSMEg ya; = 4.75, the highest Ri\ VAL
value is associated with scale level L = 6. ’

The use of SCMaP-SRC parameters leads to a significant model improvement.
Two main scale ranges can be distinguished, with scale level 3 as the boundary. The
highest R%,V 41, Value is found at scale level L = 0.6. The joint use of terrain attributes
and SCMaP-SRC parameters leads to further slight model improvements. At the scale
level L = 0.3, which corresponds to the original grid resolution of 30 m?, the accuracy
metrics again drop significantly. The RMSEy,; and 1 — SLOPEyy,, values display
similar characteristics with opposite minima and maxima.

Each scale level is characterized by scatterplots of the predicted and observed SOC
values with respect to the test data. Figure 9 illustrates this for all three parametrization
variants and the scale levels L = 0.6 and L = 6, which can be considered as repre-
sentatives of both scale ranges. Besides the measures R? and RMSE, the slope of the
regression line (SLOPE) as an indicator for model over- or underestimation is displayed.
According to Figure 7, all models lead to a SOC underestimation. The degree of underes-
timation is being lowest for the SRC-based models in the scale range between L = 0.4
and L = 1. It is also noticeable that the pure SRC models show better results than the
mixed TA and SRC models. Both effects can be observed in Figure 9.

The most accurate modeling variant regarding R? and RMSE with “scale level
L = 0.6, parametrization variant C” (Figure 9f) is mapped in Figure 8. The SOC
content pattern reflect the soil and terrain landscape structure with higher SOC values
in lowlands and lower SOC values in hilly regions (cf., Figure 4). This is also true for
the prediction “scale level L = 6, parametrization variant A” (Figure 9a), which makes
the main landscape structures visible. However, visual comparison of both variants
shows more detailed differentiation and higher spatial variability of predicted SOC
contents for the L = 0.6 variant, which is particularly pronounced in the lowlands.
This is also where the greatest differences in the value distributions between the two
variants can be observed, which lie roughly in the value range between 4 and 8 % SOC
content (Fig. 10). Furthermore, comparison of the two SOC content distributions with
the distribution of the training data set shows that the L = 6 prediction variant deviates
more than the L = 0.6 variant, as shown by the Kolmogorov-Smirnov (KS) distances of
the corresponding empirical cumulative distribution functions (ECDF) [cf. 6].
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levels L = 0.6 and L = 6 (cf., Figure 8).
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Table 4. Most important parameters based on RFE algorithm, which lead to minimal RMSE
accuracy metrics. The order of the parameters represents their meaning. The gray marked table

cells refer to Figure 11.

Scale SRC TA+SRC
Level
SRCy0, SRCys, SRCs,
FILL, TOP, SLP, SRC;, SRCo, SRC, oRCiwo, SRCo SRCp, SRG,
100 g aRCY SRC SRC.Y SRCy, SRCy1, SRCy, SRC1, NHa,
1 27 11~ 15/ SRC SRC
SRC7 15/ 7
SRClo, SRClZz SRCZ,
90 FILL, TOP, SRC;, SRCs;, SRC, gﬁgm, 551552 Ssllsccg SSRRCC3,
' VDCs99484, MBI SRCq1, SRCs, SRCy, SRCH’ 12/ 7 15
SRC;, SRCy3, SRCq &
SRClo, SRClZ, SRC7, SRCl(], SRC3, SRCz, SRCg,
8.0 FILL, NH,, TOP SRCLSRC SRCo
SRC3, SRCyy, SRC;, SRCyy,

7.0 TOP,FILL, TON

SRCyo, SRC3, SRCya,
SRC,

SRGCy, SRCy5, VDCypar6, SRCy,
SRCy, TON, TOP, SRCs, SRC;,
VDCs59381, SRCq1, FILL

FILL, TOP, NHy, SRC3, SRCpp, SRC,, SRCy,
6.0 SLP, VDCagrrs SRC1y, SRC3, SRCip ¢ RCo
SRC3, SRCj5, SRCy  SRG,
FILL, NH,;, TOP, SRCy9, SRCiyp, FILL, SRCo,
50 s1p, NHg SRCi2, SRC3, SRCwo  gpe” sRC;, SRC,, TOP,
SRCy1, SLP, NHy
40 FILL, TOP, NH., SRCs, SRCyy, SRCy, gﬁ% 51;1% Sglglg 551{%2'
. NHg SRC15 SRC1 10~ 4/, 1/, 9/
’ SRCy, SRCs, SRCy3, SRCyy
SRC3, SRC12/ SRClO/ SRCZ,
SRCyp, SRC3, SRCy9, SRC4, SRCy5, SRCy, SRCyq,
3.0 FILL, SLP SRC4, SRC,, SRCy;, SRCi, SRCs, SRC;3, SLP,
SRCis5, SRCo, SRCy VDCss0381, TON,  SRCy,
VDCies81
SRCy, SRCs, SRCyo, SRCs, SRC,, SRCiy, SRC4,
RO SRC ToReY SRCs, SRCip, SRCi, SRC,
2.0 FILL, NHy 2r 14/ 4 SRCi5, SRCis, SRC;, SRCys,

SRCy, SRC;, SRCs,
SRCy3

FILL, VDCipooo, SLP,
VDCs99484, VDCs59381

1.0 FILL, NHy, SLP

SRCys, SRCyg, SRC,,
SRC3, SRCy, SRCo,
SRCy;, SRCy4, SRCs,
SRC;, SRCs, SRCys,
SRCy, SRCs

SRCya,
SRClo, SRC14/ SRC5, SRCg,
SRCy, SRCy3, SRCyy, FILL,
SRC15, NHy, VDC129155, SLP

SRCy, SRC3, SRCy,

0.9 FILL, NH,

SRCyy, SRCy, SRCyp,
SRC;, SRCy, SRCy,

SRClZ/ SRCZ, SRC3, SRClo,
SRCy4, SRCy, VDCip9155, SRCy,

SRCy1, SRCy, SRC1s . SRCya, SRCs
08  FILL NH, SRCya, SRCyo, SRC;  SRCyy, SRC, SRCs, SRCo
SRCpa, SRCs, SRCs, SRC,
07  FILL, NH, SRCiz, SRC0, SRy gpelgpe
SRC1a, SRGy, SRC10, gper,  SRC,, SRCs, SRCyo,

0.6 FILL, NHy

SRC3, SRCg, SRCy,
SRC13, SRCS/ SRCH/
SRCs

SRCy4, SRCy3, SRCy, VDCqp9155,
SRCs, NHy, SRC;, SRCys, FILL

0.5 FILL, NHy, TON

SRCys, SRC,, SRCs,
SRCyp

SRCy, SRCyp, SRCs, SRCys,
SRClo, SRC4, FILL, VDC129155

0.4 FILL, NHy

SRCys, SRC,, SRCs,
SRCyp

SRC,, SRC3, SRCp

0.3 FILL, NHy, TON

SRC,, SRCyy, SRCyp,
SRCs, SRCs, SRCys,
SRC;, SRC;, SRCs,
SRC,

SRC,, SRC;, SRCy3, SRCqa,
VDCs59381, SRCq, SRCy19, TON,
NH,, SRCy, FILL, NHy, SRCy,
SRCa, VDCyooo0, SLP, SRCyy,
VDCys416
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Figure 10. Comparison of soil samples’ (red) and predicted SOC content [%] distributions
(black/blue): density plots with quantile values Q (left) and plots of empirical cumulative distri-
bution functions (ECDF) with Kolmogorov-Smirnov (KS) distances D (right) for two prediction
variants.

Table 4 summarizes the recursive feature elimination results. There, the most
relevant parameters, which lead to minimal RMSE values, are listed. In addition to
the one-dimensional terrain features FILL, SLP, TOP and TON, variants of the multi-
hierarchical terrain features NH and (subordinately) V DC have the greatest influence on
the modeling results. As for the SRC attributes, especially the normalized multi-temporal
Landsat-band 5 (SRC;;) as well as the bands 2 (SRCz9) and 3 (SRCj3 1p) are important.
The analysis of the combined parameterization variants reveals the dominance of the
SRC attributes at all scale levels. Figure 11 visualizes on the example of two modeling
variants that only few attributes lead to a significant reduction of RMSE values.

4. Discussion
4.1. Data quality and fitness-for-use

Approved data quality is a prerequisite for the reusability of data. The SOC con-
tent modeling results presented are examples of standardized soil mapping products.
Standardization refers to reproducible data processing and modeling, as well as their
evaluation based on accuracy metrics [6,68-70]. In contrast to static conventional soil
maps, the scale-specific suitability can be determined, which helps to communicate map
quality to end-users [70-72], to provide additional information about data fitness-for-use
[73], to improve the model’s interpretability [4] as well as to get a additional geospatial
provenance description [74]. Although the process chain presented is reproducible,
individual steps are based on expert knowledge. This concerns especially the selection of
segmentation parameters (Section 2.1.4) and terrain attributes as well as their multi-scale
tuning parameters (Table 4). Here, further research is needed to define statistically sound
parameters [25,66].

The validation scheme in this study follows the approach of Zepp et al. (2021)
[5] and the recommendations of Piikki et al. (2021) [72] including data splitting, cross-
validation, and independent validation, as well as the use of different types of accuracy
metrics. The latter were primarily used to compare different scale-specific parameteri-
zation variants. Maps for practical use should also contain uncertainty metrics, which
estimate the prediction variation for every raster cell. Widely used are geostatistical
metrics or prediction intervals [e.g., 18,60,75-77].
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Figure 11. RFE-based dependencies between RMSE values and parameter combinations for scale
level L = 0.6 and parametrization variant terrain attributes + SCMaP-SRC (TA+SRC) (a) as well as
scale level L = 6 and parametrization variant terrain attributes (TA) (b; Table 4). The dashed blue
lines indicate minimal RMSE values.

4.2. Scale-specific optimization

The SOC content map quality is affected by factors such as the spatial and temporal
representativeness of the samples or the scale-specific explanatory power of the variables
used. Following the effective map scale (EMS) approach [30], each scale-specific map
is characterized by its “predictive efficiency” [33]. The underlying workflow can be
considered as a procedure where the relationship between SOC content samples and
different aggregation levels of multi-scale terrain attributes and SCMaP-SRCs is statisti-
cally optimized. This is also evident in the comparison of the modeling results based on
the filter-specific parameterization (Sec. 3.1), which represents a static window-based
aggregation procedure. In contrast to changes in grid resolution of terrain attributes
[26,28], the segmentation-based aggregation consider both parameter-specific and spatial
data variability. In this way, a more precise delineation of the reference units can be made.
This is relevant, for example, for samples taken at field boundaries [5]. This means that
the optimization can counteract possible positional inaccuracies of the samples [27,78].

The accuracy measure R? of the best modeling SCMaP-SRC variant (L = 0.6, variant
B with RZ = 0.81; Table 3) exceeds the result of Zepp et al. (2021) (R? = 0.74; Table
2) [5], whereas the RMSE values are the same for both models (RMSE = 2.11). It can
be assumed that the accuracy measures of the SCMaP-SRC variant L = 0.3 (variant
B), which corresponds to the original raster resolution, are exceeded by both variants
of the filter- and scale-specific parameterization models. The additional consideration
of terrain attributes leads to a further model improvement regarding both accuracy
measures (L = 0.6, variant C with R? = 0.84 and RMSE = 1.99; Table 3).
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The prediction results made a jump in scale visible (cf., Figure 7). They refer to
concepts of hierarchical landscape structuring, according to which (here: soil-relevant)
processes and states are associated with specific scale ranges [30,79,80]. Accordingly,
SCMaP-SRC-related accuracy measures in particular show significant differences around
the L = 3 level, with almost the same spectral bands having the highest impact on
predictions at all scale levels. Compared to terrain attributes, SCMaP-SRC parameters
are also characterized by a higher explanatory power at fine scales especially below scale
level L = 3.

TA-related accuracy measures display a smaller and more balanced variation across
scale levels. One reason might be that various expressions of terrain attributes have
been used as explanatory variables. They represent variations regarding scale or terrain
complexity. This means that in addition to scale optimization, the terrain attribute varia-
tions also serve as optimization variables [30]. Of the multi-scale terrain attributes, the
NH and the VDC variants are particularly relevant at different scale levels, which Guo
et al. (2019) also consider as key attributes that influence SOC distribution [26]. While
below scale level L = 3 the multi-scale attribute variant NH,; dominates, above scale
level L = 3 other NH or VDC variants appear. This underlines the scale dependence
of the soil-related processes, for which scale-specific parameters have to be identified
as optimal for prediction [28,81,82]. It is finally noticeable that the one-dimensional
attribute FILL has the highest explanatory power. Other one-dimensional attributes of
high relevance are SLP and TON /TOP.

From a machine learning perspective, all used explanatory variables represent
“handcrafted” features whose selection is based on domain or expert knowledge [83].
This mainly concerns the determination of multi-scale tuning parameters (cf., Table
1) and scale levels (see sec. 2.1.4). Although reproducible, there is potential for unsu-
pervised and statistically driven approaches for the derivation of the parameters [e.g.,
55,84]. This is also true for object-based contextual parameters [55], which has not been
considered in this study.

4.3. SCMaP-SRC as additional input for SOC modeling

The results shown in section 3.2 indicate an increase of the SOC model performances
using SCMaP-SRC data in addition to terrain attributes (see Figure 7). Though, the R?
values (both model calibration and validation) for TA and TA+SRC point to high model
performances, the RMSE are relatively high (> 1.99). The federal state of Bavaria shows
a wide range of SOC contents, as mineral and organic soils are occurring. As the focus
of the subset definition was on the selection of a representative subarea of the entire
federal state, a possible wide range of SOC contents was included here. Hence, the high
RMSE could be related to the wide range of SOC contents in the study area. Relatively
high RMSE values for SOC modeling in Bavaria were also reported by Zepp et al. 2021
[5]. According to results of the recursive feature elemination shown in table 4, the most
important SRC attributes are bands 2 and 3 which are selected over all different scale
levels. Zepp et al. (2021) also showed the importance of the bands 2 and 3 for the SOC
modeling [5]. Additionally, band 12 (band 5 normalized) is of high importance for SOC
modeling.

To investigate the influence of the combination of terrain attributes and the SCMaP-
SRC information, the same remote sensing database as shown in Zepp et al. (2021)
[5] was used. The SOC modeling was performed using a spatial subset of the 30-year
SCMaP SRC data. The 30-year compositing period enables stable conditions and mainly
includes permanent spatial soil moisture differences, related to soil texture or type
characteristics. Influencing factors as varying short-term soil moisture differences thus
have a lower effect compared to analysis based on shorter compositing lengths or single
scenes. However, an analysis of this assumption is still necessary. Additionally, a long
compositing period enables the integration of a high number of cloudless scenes, which
is accountable for a reliable data source [48]. Here, the 30-year period was applicable,
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as amongst others shown by Kiihnel et al. (2020) [85], SOC contents are constant for
Bavaria. Based on permanent observation sites, no to low SOC changes were observed
between 1984 and 2016. However, the use of a 30-year composite could hamper the SOC
prediction if the investigation area includes short-term SOC changes or changes over
several years. For a transferability of the shown modeling techniques to other areas with
temporally higher SOC changes, shorter compositing periods have to be considered. In
addition, an investigation of impacts of political regulations (e.g., carbon farming [86]
or a denser modeling of soil health and status would be enabled. The integration of
Sentinel-2 data can potentially shorten the compositing time length, as the twin satellites
provide a huge amount of data based on the combined revisit time of less than five days
[87,88]. Additionally, the global available Harmonized Landsat Sentinel-2 (HSL) surface
reflectance data set [89] can be considered. Both harmonized data sets are based on the
same pre-processing schemes, enabling the data set as a highly valuable input regarding
the large number of available scenes for the compositing approach.

5. Conclusions

In this study, approaches of multi-scale feature engineering, geographic object

» image analysis (GEOBIA) and machine learning have been coupled to a workflow where

» relations between SOC content samples as well as different aggregation levels of multi-

scale terrain attributes and multi-temporal soil reflectance composites are optimized.
The main findings of the study can be summarized as follows:

e  There are scale-specific dependencies between the representativeness of the soil
samples and the explanatory power of the variables used.
e Compared to terrain attributes, parameters based on multi-temporal soil reflectance
composites are characterized by a higher explanatory power at fine scales.
e  The explanatory power of terrain attributes is generally smaller but more balanced
across scale levels.
.o The best modeling variant is characterized by an accuracy of R> = 0.84 and
l RMSE = 1.99, which outperforms modeling results based on a static window-
based aggregation procedure with R?> = 0.74 and RMSE = 2.11.
e  The study results suggest that DSM workflows should include scale-related opti-
mizations.

Author Contributions: Conceptualization, M.M. and U.H.; methodology, M.M and S.Z.; software,
M.M,; validation, M.M. and M.W.; formal analysis, M.M.; investigation, M.M..; data curation,
M.M.,, SZ and M.W.; writing—original draft preparation, M.M. and S.Z.; visualization, M.M.;
supervision, M.M., U.H. and H.G.; project administration, H.G.; funding acquisition, U.H. and
H.G.. All authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by the German Federal Ministry of Food and Agriculture
(BMEL), grant number 281B301816” as part of the Soil-DE project “Entwicklung von Indikatoren
zur Bewertung der Ertragsfahigkeit, Nutzungsintensitat und Vulnerabilitdt landwirtschaftlich
genutzter Boden in Deutschland”.

Acknowledgments: We thank the Bavarian agencies, the Bavarian Environment Agency (LfU)
and the Bavarian State Research Center for Agriculture (LfL) for providing the soil databases.

Conflicts of Interest: The authors declare no conflict of interest. The funders had no role in the
design of the study; in the collection, analyses, or interpretation of data; in the writing of the
manuscript, or in the decision to publish the results.

References

1. Minasny, B.; Malone, B.P.; McBratney, A.B.; Angers, D.A.; Arrouays, D.; Chambers, A;
Chaplot, V.; Chen, Z.S.; Cheng, K.; Das, B.S,; Field, D.J.; Gimona, A.; Hedley, C.B.; Hong, S.Y,;
Mandal, B.; Marchant, B.P.; Martin, M.; McConkey, B.G.; Mulder, V.L.; O'Rourke, S.; Richer-de
Forges, A.C.; Odeh, I; Padarian, J.; Paustian, K.; Pan, G.; Poggio, L.; Savin, I.; Stolbovoy, V.;


https://doi.org/10.20944/preprints202203.0253.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 17 March 2022 d0i:10.20944/preprints202203.0253.v1

18 of 22

10.

11.

12.

13.

14.

15.

16.

Stockmann, U.; Sulaeman, Y.; Tsui, C.C.; Vdgen, T.G.; van Wesemael, B.; Winowiecki, L. Soil
carbon 4 per mille. Geoderma 2017, 292, 59-86. d0i:10.1016/j.geoderma.2017.01.002.

Lorenz, K.; Lal, R. Soil Organic Carbon — An appropriate indicator to monitor trends of land and soil
degradation within the SDG Framework?; Number 77/2016 in UBA-Texte, Umweltbundesamt:
Dessau-Rofslau, 2016.

Prechtel, A.; von Liitzow, M.; Uwe Schneider, B.; Bens, O.; Bannick, C.G.; Kogel-Knabner,
I.; Hiittl, R.F. Organic carbon in soils of Germany: Status quo and the need for new data to
evaluate potentials and trends of soil carbon sequestration. Journal of Plant Nutrition and Soil
Science 2009, 172, 601-614. d0i:10.1002/jpIn.200900034.

Tziolas, N.; Tsakiridis, N.; Chabrillat, S.; Dematté, J.A.M.; Ben-Dor, E.; Gholizadeh, A.;
Zalidis, G.; van Wesemael, B. Earth Observation Data-Driven Cropland Soil Monitoring: A
Review. Remote Sensing 2021, 13, 4439. doi:10.3390/1s13214439.

Zepp, S.; Heiden, U.; Bachmann, M.; Wiesmeier, M.; Steininger, M.; van Wesemael, B.
Estimation of Soil Organic Carbon Contents in Croplands of Bavaria from SCMaP Soil
Reflectance Composites. Remote Sensing 2021, 13. doi:10.3390/rs13163141.

Moller, M.; Koschitzki, T.; Hartmann, K.J.; Jahn, R. Plausibility test of conceptual soil maps
using relief parameters. CATENA 2012, 88, 57-67. doi:10.1016/j.catena.2011.08.002.
Lokers, R.; Knapen, R; Janssen, S.; van Randen, Y.; Jansen, J. Analysis of Big Data tech-
nologies for use in agro-environmental science. Environmental Modelling & Software 2016,
84, 494-504. doi:10.1016/j.envsoft.2016.07.017.

Wiesmeier, M.; Sporlein, P.; Geuf, U.; Hangen, E.; Haug, S.; Reischl, A.; Schilling, B.; Liitzow,
M.; Kogel-Knabner, I. Soil organic carbon stocks in southeast Germany (Bavaria) as affected
by land use, soil type and sampling depth. Global Change Biology 2012, 18, 2233-2245. doi:
10.1111/}.1365-2486.2012.02699.x.

Orgiazzi, A.; Ballabio, C.; Panagos, P.; Jones, A.; Fernandez-Ugalde, O. LUCAS Soil, the
largest expandable soil dataset for Europe: a review. European Journal of Soil Science 2018,
69, 140-153. _eprint: https://onlinelibrary.wiley.com/doi/pdf/10.1111/ejss.12499, doi:
https://doi.org/10.1111/ejss.12499.

Poeplau, C.; Jacobs, A.; Don, A.; Vos, C.; Schneider, F.; Wittnebel, M.; Tiemeyer, B.; Heid-
kamp, A.; Prietz, R.; Flessa, H. Stocks of organic carbon in German agricultural soils—Key
results of the first comprehensive inventory. Journal of Plant Nutrition and Soil Science 2020,
183, 665-681. _eprint: https://onlinelibrary.wiley.com/doi/pdf/10.1002/jpIn.202000113,
doi:https:/ /doi.org/10.1002/jpIn.202000113.

Minasny, B.; McBratney, A. Digital soil mapping: A brief history and some lessons. Geoderma
2016, 264, 301-311. doi:10.1016/j.geoderma.2015.07.017.

Lausch, A.; Baade, J.; Bannehr, L.; Borg, E.; Bumberger, J.; Chabrilliat, S.; Dietrich, P;
Gerighausen, H.; Glasser, C.; Hacker, J.; Haase, D.; Jagdhuber, T.; Jany, S.; Jung, A.; Karnieli,
A.; Kraemer, R.; Makki, M.; Mielke, C.; Moller, M.; Mollenhauer, H.; Montzka, C.; Pause, M.;
Rogass, C.; Rozenstein, O.; Schmullius, C.; Schrodt, F.; Schron, M.; Schulz, K.; Schiitze, C.;
Schweitzer, C.; Selsam, P.; Skidmore, A.; Spengler, D.; Thiel, C.; Truckenbrodt, S.; Vohland, M.;
Wagner, R.; Weber, U.; Werban, U.; Wollschlédger, U.; Zacharias, S.; Schaepman, M. Linking
Remote Sensing and Geodiversity and Their Traits Relevant to Biodiversity—Part I: Soil
Characteristics. Remote Sensing 2019, 11, 2356. do0i:10.3390/1s11202356.

Dematté, ].A.M.; Safanelli, ].L.; Poppiel, R.R.; Rizzo, R.; Silvero, N.E.Q.; Mendes, W.d.S;
Bonfatti, B.R.; Dotto, A.C.; Salazar, D.EU.; Mello, F.A.d.O.; Paiva, A.Ed.S.; Souza, A.B.; Santos,
N.V.d.; Maria Nascimento, C.; Mello, D.C.d.; Bellinaso, H.; Gonzaga Neto, L.; Amorim,
M.T.A.; Resende, M.E.B.d.; Vieira, J.d.S.; Queiroz, L.G.d.; Gallo, B.C.; Saydo, V.M.; Lisboa,
C.J.d.S. Bare Earth’s Surface Spectra as a Proxy for Soil Resource Monitoring. Scientific
Reports 2020, 10, 4461. doi:10.1038/s41598-020-61408-1.

Dvorakova, K.; Heiden, U.; van Wesemael, B. Sentinel-2 Exposed Soil Composite for Soil
Organic Carbon Prediction. Remote Sensing 2021, 13. doi:10.3390/rs13091791.

Mello, FEA.; Bellinaso, H.; Mello, D.C.; Safanelli, ]J.L.; Mendes, W.D.S.; Amorim, M.T.;
Gomez, A.M.; Poppiel, RR,; Silvero, N.E.; Gholizadeh, A ; Silva, S.H.; Curi, N.; Dematté,
J.A. Soil parent material prediction through satellite multispectral analysis on a regional
scale at the Western Paulista Plateau, Brazil. Geoderma Regional 2021, 26, e00412. doi:
10.1016/j.geodrs.2021.e00412.

Silvero, N.E.Q.; Dematté, ].A.M.; Amorim, M.T.A.; Santos, N.V.d.; Rizzo, R.; Safanelli, J.L..;
Poppiel, R.R.; Mendes, W.d.S.; Bonfatti, B.R. Soil variability and quantification based on


https://doi.org/10.1016/j.geoderma.2017.01.002
https://doi.org/10.1002/jpln.200900034
https://doi.org/10.3390/rs13214439
https://doi.org/10.3390/rs13163141
https://doi.org/10.1016/j.catena.2011.08.002
https://doi.org/10.1016/j.envsoft.2016.07.017
https://doi.org/10.1111/j.1365-2486.2012.02699.x
https://doi.org/10.1111/j.1365-2486.2012.02699.x
https://doi.org/10.1111/j.1365-2486.2012.02699.x
https://doi.org/https://doi.org/10.1111/ejss.12499
https://doi.org/https://doi.org/10.1111/ejss.12499
https://doi.org/https://doi.org/10.1111/ejss.12499
https://doi.org/https://doi.org/10.1002/jpln.202000113
https://doi.org/10.1016/j.geoderma.2015.07.017
https://doi.org/10.3390/rs11202356
https://doi.org/10.1038/s41598-020-61408-1
https://doi.org/10.3390/rs13091791
https://doi.org/10.1016/j.geodrs.2021.e00412
https://doi.org/10.1016/j.geodrs.2021.e00412
https://doi.org/10.1016/j.geodrs.2021.e00412
https://doi.org/10.20944/preprints202203.0253.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 17 March 2022 d0i:10.20944/preprints202203.0253.v1

19 of 22

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

Sentinel-2 and Landsat-8 bare soil images: A comparison. Remote Sensing of Environment
2021, 252, 112117. doi:10.1016/j.rse.2020.112117.

Vaudour, E.; Gomez, C.; Lagacherie, P; Loiseau, T.; Baghdadi, N.; Urbina-Salazar, D.; Loubet,
B.; Arrouays, D. Temporal mosaicking approaches of Sentinel-2 images for extending topsoil
organic carbon content mapping in croplands. International Journal of Applied Earth Observation
and Geoinformation 2021, 96, 102277. doi:https://doi.org/10.1016/j.jag.2020.102277.

Zizala, D.; Minaf¥ik, R.; Skéla, J.; Beitlerova, H.; JuFicova, A.; Reyes Rojas, J.; Penizek, V.;
Zadorova, T. High-resolution agriculture soil property maps from digital soil mapping
methods, Czech Republic. CATENA 2022, 212, 106024. do0i:10.1016/j.catena.2022.106024.
Luo, C.; Wang, Y.; Zhang, X.; Zhang, W.; Liu, H. Spatial prediction of soil organic matter
content using multiyear synthetic images and partitioning algorithms. CATENA 2022,
211,106023. doi:10.1016/j.catena.2022.106023.

Luo, C.; Zhang, X.; Wang, Y.; Men, Z.; Liu, H. Regional soil organic matter mapping models
based on the optimal time window, feature selection algorithm and Google Earth Engine.
Soil and Tillage Research 2022, 219, 105325. d0i:10.1016/j.still.2022.105325.

Moller, M.; Volk, M.; Friedrich, K.; Lymburner, L. Placing soil-genesis and transport processes
into a landscape context: A multiscale terrain-analysis approach. Journal of Plant Nutrition
and Soil Science 2008, 171, 419-430. doi:10.1002/jpIn.200625039.

Behrens, T.; Schmidt, K.; Zhu, A.X.; Scholten, T. The ConMap approach for terrain-based
digital soil mapping. European Journal of Soil Science 2010, 61, 133-143. doi:10.1111/j.1365-
2389.2009.01205.x.

Deumlich, D.; Schmidt, R.; Sommer, M. A multiscale soil-landform relationship in the
glacial-drift area based on digital terrain analysis and soil attributes. Journal of Plant Nutrition
and Soil Science 2010, 173, 843-851. d0i:10.1002/jpIn.200900094.

Behrens, T.; Schmidt, K.; Ramirez-Lopez, L.; Gallant, J.; Zhu, A.X.; Scholten, T. Hyper-
scale digital soil mapping and soil formation analysis. Geoderma 2014, 213, 578-588. doi:
10.1016/j.geoderma.2013.07.031.

Behrens, T.; Schmidt, K.; MacMillan, R.A.; Viscarra Rossel, R.A. Multi-scale digital soil
mapping with deep learning. Scientific Reports 2018, 8. doi:10.1038/541598-018-33516-6.
Guo, Z.; Adhikari, K.; Chellasamy, M.; Greve, M.B.; Owens, P.R.; Greve, M.H. Selection of
terrain attributes and its scale dependency on soil organic carbon prediction. Geoderma 2019,
340, 303-312. doi:10.1016/j.geoderma.2019.01.023.

Wadoux, A.M.]J.C.; Padarian, J.; Minasny, B. Multi-source data integration for soil mapping
using deep learning. SOIL 2019, 5, 107-119. d0i:10.5194/5s0il-5-107-2019.

Dornik, A.; Chetan, M.A,; Dragut, L.; Dicu, D.D.; Iliutd, A. Optimal scaling of pre-
dictors for digital mapping of soil properties.  Geoderma 2022, 405, 115453.  doi:
10.1016/j.geoderma.2021.115453.

Dragut, L.; Eisank, C. Object representations at multiple scales from digital elevation models.
Geomorphology 2011, 129, 183-189. doi:10.1016/j.geomorph.2011.03.003.

Moller, M.; Volk, M. Effective map scales for soil transport processes and related process do-
mains — Statistical and spatial characterization of their scale-specific inaccuracies. Geoderma
2015, 247-248, 151-160. doi:10.1016/j.geoderma.2015.02.003.

Radoux, J.; Bourdouxhe, A.; Coos, W.; Dufréne, M.; Defourny, P. Improving Ecotope
Segmentation by Combining Topographic and Spectral Data. Remote Sensing 2019, 11, 354.
doi:10.3390/rs11030354.

Minar, J.; Evans, I.S. Elementary forms for land surface segmentation: The theoretical basis
of terrain analysis and geomorphological mapping. Geomorphology 2008, 95, 236-259. doi:
10.1016/j.geomorph.2007.06.003.

MacMillan, R.; Shary, P. Landforms and Landform Elements in Geomorphometry. In Develop-
ments in Soil Science; Elsevier, 2009; Vol. 33, pp. 227-254. doi:10.1016/S0166-2481(08)00009-3.
Dornik, A.; Dragut, L.; Urdea, P. Classification of Soil Types Using Geographic Object-Based
Image Analysis and Random Forests. Pedosphere 2018, 28, 913-925. doi:10.1016/51002-
0160(17)60377-1.

Coelho, EF,; Giasson, E.; Campos, A.R.; de Oliveira e Silva, R.G.P,; Costa, ].].F. Geographic
object-based image analysis and artificial neural networks for digital soil mapping. CATENA
2021, 206, 105568. doi:10.1016/j.catena.2021.105568.

Team, R.C. R: A Language and Environment for Statistical Computing; R Foundation for
Statistical Computing: Vienna, Austria, 2021.


https://doi.org/10.1016/j.rse.2020.112117
https://doi.org/https://doi.org/10.1016/j.jag.2020.102277
https://doi.org/10.1016/j.catena.2022.106024
https://doi.org/10.1016/j.catena.2022.106023
https://doi.org/10.1016/j.still.2022.105325
https://doi.org/10.1002/jpln.200625039
https://doi.org/10.1111/j.1365-2389.2009.01205.x
https://doi.org/10.1111/j.1365-2389.2009.01205.x
https://doi.org/10.1111/j.1365-2389.2009.01205.x
https://doi.org/10.1002/jpln.200900094
https://doi.org/10.1016/j.geoderma.2013.07.031
https://doi.org/10.1016/j.geoderma.2013.07.031
https://doi.org/10.1016/j.geoderma.2013.07.031
https://doi.org/10.1038/s41598-018-33516-6
https://doi.org/10.1016/j.geoderma.2019.01.023
https://doi.org/10.5194/soil-5-107-2019
https://doi.org/10.1016/j.geoderma.2021.115453
https://doi.org/10.1016/j.geoderma.2021.115453
https://doi.org/10.1016/j.geoderma.2021.115453
https://doi.org/10.1016/j.geomorph.2011.03.003
https://doi.org/10.1016/j.geoderma.2015.02.003
https://doi.org/10.3390/rs11030354
https://doi.org/10.1016/j.geomorph.2007.06.003
https://doi.org/10.1016/j.geomorph.2007.06.003
https://doi.org/10.1016/j.geomorph.2007.06.003
https://doi.org/10.1016/S0166-2481(08)00009-3
https://doi.org/10.1016/S1002-0160(17)60377-1
https://doi.org/10.1016/S1002-0160(17)60377-1
https://doi.org/10.1016/S1002-0160(17)60377-1
https://doi.org/10.1016/j.catena.2021.105568
https://doi.org/10.20944/preprints202203.0253.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 17 March 2022 d0i:10.20944/preprints202203.0253.v1

20 of 22

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

Thas, O. Comparing distributions; Springer series in statistics, Springer: New York ; London,
2010. OCLC: 0cn401153891.

Planchon, O.; Darboux, F. A fast, simple and versatile algorithm to fill the depressions of
digital elevation models. CATENA 2002, 46, 159-176. d0i:10.1016/50341-8162(01)00164-3.
Zevenbergen, L.W.; Thorne, C.R. Quantitative analysis of land surface topography. Earth
Surface Processes and Landforms 1987, 12, 47-56. doi:10.1002/esp.3290120107.

Conrad, O.; Bechtel, B.; Bock, M.; Dietrich, H.; Fischer, E.; Gerlitz, L.; Wehberg, J.; Wichmann,
V.; Bohner, J. System for Automated Geoscientific Analyses (SAGA) v. 2.1.4. Geoscientific
Model Development 2015, 8, 1991-2007. doi:10.5194/gmd-8-1991-2015.

Beven, KJ.; Kirkby, M.]. A physically based, variable contributing area model of basin
hydrology / Un modele a base physique de zone d’appel variable de I’hydrologie du bassin
versant. Hydrological Sciences Bulletin 1979, 24, 43-69. doi:10.1080/02626667909491834.
Yokoyama, R.; Shlrasawa, M.; Pike, R.J. Visualizing Topography by Openness: A New
Application of Image Processing to Digital Elevation Models Ryuzo Yokoyama,MIchlo
Shlrasawa,and Richard ]. Pike. Photogrammetric Engineering and Remote Sensing 2002, 68, 257—
265.

Guisan, A.; Weiss, S.B.; Weiss, A.D. GLM versus CCA spatial modeling of plant species
distribution}. Plant Ecology 1999, 143, 107-122. doi:10.1023/A:1009841519580.

Rogge, D.; Bauer, A.; Zeidler, J.; Mueller, A.; Esch, T.; Heiden, U. Building an exposed
soil composite processor (SCMaP) for mapping spatial and temporal characteristics of soils
with Landsat imagery (1984-2014). Remote Sensing of Environment 2018, 205, 1-17. doi:
10.1016/j.rse.2017.11.004.

McBratney, A.; Mendonca Santos, M.; Minasny, B. On digital soil mapping. Geoderma 2003,
117,3-52. doi:10.1016/50016-7061(03)00223-4.

Lamichhane, S.; Kumar, L.; Wilson, B. Digital soil mapping algorithms and covariates for
soil organic carbon mapping and their implications: A review. Geoderma 2019, 352, 395-413.
doi:https://doi.org/10.1016 /j.geoderma.2019.05.031.

Olaya, V. Chapter 6 Basic Land-Surface Parameters. In Developments in Soil Science; Elsevier,
2009; Vol. 33, pp. 141-169. doi:10.1016/S0166-2481(08)00006-8.

Zepp, S.; Jilge, M.; Metz-Marconcini, A.; Heiden, U. The influence of vegetation index
thresholding on EO-based assessments of exposed soil masks in Germany between 1984
and 2019. ISPRS Journal of Photogrammetry and Remote Sensing 2021, 178, 366-381. doi:
10.1016/j.isprsjprs.2021.06.015.

Wulder, M.A,; Loveland, T.R;; Roy, D.P,; Crawford, C.J.; Masek, ].G.; Woodcock, C.E.; Allen,
R.G.; Anderson, M.C,; Belward, A.S.; Cohen, W.B.; Dwyer, J.; Erb, A.; Gao, F; Griffiths, P;
Helder, D.; Hermosilla, T.; Hipple, J.D.; Hostert, P.; Hughes, M.].; Huntington, J.; Johnson,
D.M.; Kennedy, R.; Kilic, A.; Li, Z.; Lymburner, L.; McCorkel, J.; Pahlevan, N.; Scambos, T.A,;
Schaaf, C.; Schott, ].R.; Sheng, Y.; Storey, J.; Vermote, E.; Vogelmann, J.; White, ].C.; Wynne,
R.H.; Zhu, Z. Current status of Landsat program, science, and applications. Remote Sensing
of Environment 2019, 225, 127-147. doi:10.1016/j.rse.2019.02.015.

Zhu, Z.; Woodcock, C.E. Object-based cloud and cloud shadow detection in Landsat imagery.
Remote Sensing of Environment 2012, 118, 83-94. doi:https://doi.org/10.1016/j.rse.2011.10.028.
Zhu, Z.; Wang, S.; Woodcock, C.E. Improvement and expansion of the Fmask algorithm:
cloud, cloud shadow, and snow detection for Landsats 4-7, 8, and Sentinel 2 images. Remote
Sensing of Environment 2015, 159, 269-277. doi:10.1016/j.rse.2014.12.014.

Richter, R.; Schldpfer, D. Atmospheric/Topographic Correction for Satellite Imagery / ATCOR-
2/3 User Guide. Technical Report Version 8.3.1, ReSe Applications, Switzerland, 2014.
Benz, U.C.; Hofmann, P; Willhauck, G.; Lingenfelder, I.; Heynen, M. Multi-resolution, object-
oriented fuzzy analysis of remote sensing data for GIS-ready information. ISPRS Journal of
Photogrammetry and Remote Sensing 2004, 58, 239-258. d0i:10.1016/j.isprsjprs.2003.10.002.
Blaschke, T.; Hay, G.J.; Kelly, M.; Lang, S.; Hofmann, P.; Addink, E.; Queiroz Feitosa, R,;
van der Meer, F; van der Werff, H.; van Coillie, F; Tiede, D. Geographic Object-Based Image
Analysis — Towards a new paradigm. ISPRS Journal of Photogrammetry and Remote Sensing
2014, 87, 180-191. doi:10.1016/j.isprsjprs.2013.09.014.

Chen, G.; Weng, Q.; Hay, G.J.; He, Y. Geographic object-based image analysis (GEOBIA):
emerging trends and future opportunities. GIScience & Remote Sensing 2018, 55, 159-182. doi:
10.1080/15481603.2018.1426092.


https://doi.org/10.1016/S0341-8162(01)00164-3
https://doi.org/10.1002/esp.3290120107
https://doi.org/10.5194/gmd-8-1991-2015
https://doi.org/10.1080/02626667909491834
https://doi.org/10.1023/A:1009841519580
https://doi.org/10.1016/j.rse.2017.11.004
https://doi.org/10.1016/j.rse.2017.11.004
https://doi.org/10.1016/j.rse.2017.11.004
https://doi.org/10.1016/S0016-7061(03)00223-4
https://doi.org/https://doi.org/10.1016/j.geoderma.2019.05.031
https://doi.org/10.1016/S0166-2481(08)00006-8
https://doi.org/10.1016/j.isprsjprs.2021.06.015
https://doi.org/10.1016/j.isprsjprs.2021.06.015
https://doi.org/10.1016/j.isprsjprs.2021.06.015
https://doi.org/10.1016/j.rse.2019.02.015
https://doi.org/https://doi.org/10.1016/j.rse.2011.10.028
https://doi.org/10.1016/j.rse.2014.12.014
https://doi.org/10.1016/j.isprsjprs.2003.10.002
https://doi.org/10.1016/j.isprsjprs.2013.09.014
https://doi.org/10.1080/15481603.2018.1426092
https://doi.org/10.1080/15481603.2018.1426092
https://doi.org/10.1080/15481603.2018.1426092
https://doi.org/10.20944/preprints202203.0253.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 17 March 2022 d0i:10.20944/preprints202203.0253.v1

21 of 22

56.

57.
58.
59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

Johnson, B.A.; Ma, L. Image Segmentation and Object-Based Image Analysis for Environ-
mental Monitoring: Recent Areas of Interest, Researchers’ Views on the Future Priorities.
Remote Sensing 2020, 12, 1772. doi:10.3390/rs12111772.

Baston, D. exactextractr: Fast Extraction from Raster Datasets using Polygons; 2021.

Breiman, L. Random Forests. Machine Learning 2001, 45, 5-32. doi:10.1023/A:1010933404324.
Zhang, G.1; Liu, F; Song, X.d. Recent progress and future prospect of digital soil map-
ping: A review. Journal of Integrative Agriculture 2017, 16, 2871-2885. doi:10.1016/5S2095-
3119(17)61762-3.

Hengl, T.; Nussbaum, M.; Wright, M.N.; Heuvelink, G.B.; Gréler, B. Random forest as a

generic framework for predictive modeling of spatial and spatio-temporal variables. Peer]
2018, 6, e5518. doi:10.7717 /peer;j.5518.

Khaledian, Y.; Miller, B.A. Selecting appropriate machine learning methods for digital soil
mapping. Applied Mathematical Modelling 2020, 81, 401-418. doi:10.1016/j.apm.2019.12.016.

Dormann, C.E; Elith, J.; Bacher, S.; Buchmann, C.; Carl, G.; Carré, G.; Marquéz, ] R.G.; Gruber,
B.; Lafourcade, B.; Leitdo, PJ.; Miinkemidiller, T.; McClean, C.; Osborne, P.E.; Reineking, B.;
Schroder, B.; Skidmore, A.K.; Zurell, D.; Lautenbach, S. Collinearity: a review of methods to

deal with it and a simulation study evaluating their performance. Ecography 2013, 36, 27-46.
doi:10.1111/j.1600-0587.2012.07348.x.

Kuhn, M.; Johnson, K. Applied Predictive Modeling; Springer New York: New York, N, 2013.
do0i:10.1007 /978-1-4614-6849-3.

Guyon, I.; Weston, ].; Barnhill, S.; Vapnik, V. Gene Selection for Cancer Classification using
Support Vector Machines. Machine Learning 2002, 46, 389-422. doi:10.1023/A:1012487302797.
Svetnik, V.; Liaw, A.; Tong, C.; Wang, T. Application of Breiman’s Random Forest to Modeling
Structure-Activity Relationships of Pharmaceutical Molecules. In Multiple Classifier Systems;
Kanade, T; Kittler, J.; Kleinberg, ].M.; Mattern, F.; Mitchell, ].C.; Naor, M.; Nierstrasz, O.;
Pandu Rangan, C.; Steffen, B.; Sudan, M.; Terzopoulos, D.; Tygar, D.; Vardi, M.Y.; Weikum,
G.; Roli, E; Kittler, J.; Windeatt, T., Eds.; Springer Berlin Heidelberg: Berlin, Heidelberg, 2004;
Vol. 3077, pp. 334-343. Series Title: Lecture Notes in Computer Science, doi:10.1007 /978-3-
540-25966-4_33.

Dragut, L.; Tiede, D.; Levick, S.R. ESP: a tool to estimate scale parameter for multiresolution
image segmentation of remotely sensed data. International Journal of Geographical Information
Science 2010, 24, 859-871. d0i:10.1080/13658810903174803.

Kuhn, M.; Johnson, K. Feature Engineering and Selection: A Practical Approach for Predictive
Models, 1 ed.; Chapman and Hall/CRC, 2019. doi:10.1201/9781315108230.

MacMillan, R. Experiences with Applied DSM: Protocol, Availability, Quality and Capac-
ity Building. In Digital Soil Mapping with Limited Data; Hartemink, A.E.; McBratney, A;
Mendonga-Santos, M.d.L., Eds.; Springer Netherlands: Dordrecht, 2008; pp. 113-135. doi:
10.1007 /978-1-4020-8592-5_10.

Arrouays, D.; McBratney, A.; Bouma, J.; Libohova, Z.; Richer-de Forges, A.C.; Morgan,
C.L.; Roudier, P; Poggio, L.; Mulder, VL. Impressions of digital soil maps: The good,
the not so good, and making them ever better. Geoderma Regional 2020, 20, e00255. doi:
10.1016/j.geodrs.2020.e00255.

Kidd, D.; Searle, R.; Grundy, M.; McBratney, A.; Robinson, N.; O’Brien, L.; Zund, P.; Arrouays,
D.; Thomas, M.; Padarian, J.; Jones, E.; Bennett, ]. M.; Minasny, B.; Holmes, K.; Malone, B.P;
Liddicoat, C.; Meier, E.A.; Stockmann, U.; Wilson, P.; Wilford, J.; Payne, J.; Ringrose-Voase, A.;
Slater, B.; Odgers, N.; Gray, J.; van Gool, D.; Andrews, K.; Harms, B.; Stower, L.; Triantafilis,
J. Operationalising digital soil mapping — Lessons from Australia. Geoderma Regional 2020,
23,e00335. doi:10.1016/j.geodrs.2020.e00335.

Hengl, T.; MacMillan, R.A. Predictive Soil Mapping with R; OpenGeoHub foundation: Wa-
geningen, 2019.

Piikki, K.; Wetterlind, J.; Soderstrom, M.; Stenberg, B. Perspectives on validation in digital
soil mapping of continuous attributes—A review. Soil Use and Management 2021, 37, 7-21.
doi:10.1111/sum.12694.

Wentz, E.A.; Shimizu, M. Measuring Spatial Data Fitness-for-Use through Multiple Criteria
Decision Making. Annals of the American Association of Geographers 2018, 108, 1150-1167. doi:
10.1080/24694452.2017.1411246.

Closa, G.; Mas6, ].; Zabala, A.; Pesquer, L.; Pons, X. A provenance metadata model inte-
grating ISO geospatial lineage and the OGC WPS: Conceptual model and implementation.
Transactions in GIS 2019, 23, 1102-1124. doi:10.1111/tgis.12555.


https://doi.org/10.3390/rs12111772
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1016/S2095-3119(17)61762-3
https://doi.org/10.1016/S2095-3119(17)61762-3
https://doi.org/10.1016/S2095-3119(17)61762-3
https://doi.org/10.7717/peerj.5518
https://doi.org/10.1016/j.apm.2019.12.016
https://doi.org/10.1111/j.1600-0587.2012.07348.x
https://doi.org/10.1007/978-1-4614-6849-3
https://doi.org/10.1023/A:1012487302797
https://doi.org/10.1007/978-3-540-25966-4_33
https://doi.org/10.1007/978-3-540-25966-4_33
https://doi.org/10.1007/978-3-540-25966-4_33
https://doi.org/10.1080/13658810903174803
https://doi.org/10.1201/9781315108230
https://doi.org/10.1007/978-1-4020-8592-5_10
https://doi.org/10.1007/978-1-4020-8592-5_10
https://doi.org/10.1007/978-1-4020-8592-5_10
https://doi.org/10.1016/j.geodrs.2020.e00255
https://doi.org/10.1016/j.geodrs.2020.e00255
https://doi.org/10.1016/j.geodrs.2020.e00255
https://doi.org/10.1016/j.geodrs.2020.e00335
https://doi.org/10.1111/sum.12694
https://doi.org/10.1080/24694452.2017.1411246
https://doi.org/10.1080/24694452.2017.1411246
https://doi.org/10.1080/24694452.2017.1411246
https://doi.org/10.1111/tgis.12555
https://doi.org/10.20944/preprints202203.0253.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 17 March 2022 d0i:10.20944/preprints202203.0253.v1

22 of 22

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

Vaysse, K.; Lagacherie, P. Using quantile regression forest to estimate uncertainty of digital
soil mapping products. Geoderma 2017, 291, 55-64. doi:10.1016/j.geoderma.2016.12.017.
Szatmadri, G.; Pasztor, L. Comparison of various uncertainty modelling approaches based
on geostatistics and machine learning algorithms. Geoderma 2019, 337, 1329-1340. doi:
10.1016/j.geoderma.2018.09.008.

Kasraei, B.; Heung, B.; Saurette, D.D.; Schmidt, M.G.; Bulmer, C.E.; Bethel, W. Quan-
tile regression as a generic approach for estimating uncertainty of digital soil maps pro-
duced from machine-learning. Environmental Modelling & Software 2021, 144, 105139. doi:
10.1016/j.envsoft.2021.105139.

Grimm, R.; Behrens, T. Uncertainty analysis of sample locations within digital soil mapping
approaches. Geoderma 2010, 155, 154-163. do0i:10.1016/j.geoderma.2009.05.006.

Wu, J. Hierarchy and Scaling: Extrapolating Information along a Scaling Ladder. Canadian
Journal of Remote Sensing 1999, 25, 367-380. doi:10.1080/07038992.1999.10874736.

Volk, M.; Moller, M.; Wurbs, D. A pragmatic approach for soil erosion risk assessment within
policy hierarchies. Land Use Policy 2010, 27, 997-1009. doi:10.1016/j.landusepol.2009.12.011.
Behrens, T.; Zhu, A.X,; Schmidt, K.; Scholten, T. Multi-scale digital terrain analysis
and feature selection for digital soil mapping.  Geoderma 2010, 155, 175-185.  doi:
10.1016/j.geoderma.2009.07.010.

Behrens, T.; Viscarra Rossel, R.A. On the interpretability of predictors in spatial data science:
the information horizon. Scientific Reports 2020, 10, 16737. doi:10.1038/s41598-020-73773-y.
Verdonck, T.; Baesens, B.; Oskarsdéttir, M.; vanden Broucke, S. Special issue on feature
engineering editorial. Machine Learning 2021, pp. s10994-021-06042-2. doi:10.1007/s10994-
021-06042-2.

Behrens, T.; Viscarra Rossel, R.A.; Kerry, R.; MacMillan, R.; Schmidt, K.; Lee, J.; Scholten, T.;
Zhu, A X. The relevant range of scales for multi-scale contextual spatial modelling. Scientific
Reports 2019, 9, 14800. doi:10.1038/s41598-019-51395-3.

Kiihnel, A.; Wiesmeier, M.; Kégel-Knabner, I.; Sporlein, P. Veranderungen der Humusqualitét
und -Quantitat bayerischer Boden im Klimawandel. Technical report, Bayerisches Landesamt
fiir Umwelt, Hof, 2020.

Sharma, M.; Kaushal, R.; Kaushik, P.; Ramakrishna, S. Carbon Farming: Prospects and
Challenges. Sustainability 2021, 13, 11122. d0i:10.3390/s5u131911122.

Lacroix, P.; Bievre, G.; Pathier, E.; Kniess, U.; Jongmans, D. Use of Sentinel-2 images for the
detection of precursory motions before landslide failures. Remote Sensing of Environment
2018, 215, 507-516. doi:10.1016/j.rse.2018.03.042.

Ienco, D.; Interdonato, R.; Gaetano, R.; Ho Tong Minh, D. Combining Sentinel-1 and Sentinel-
2 Satellite Image Time Series for land cover mapping via a multi-source deep learning
architecture. ISPRS Journal of Photogrammetry and Remote Sensing 2019, 158, 11-22. doi:
10.1016/j.isprsjprs.2019.09.016.

Claverie, M,; Ju, J.; Masek, ].G.; Dungan, J.L.; Vermote, E.F,; Roger, ].C.; Skakun, S.V.; Justice,
C. The Harmonized Landsat and Sentinel-2 surface reflectance data set. Remote Sensing of
Environment 2018, 219, 145-161. doi:10.1016/j.rse.2018.09.002.


https://doi.org/10.1016/j.geoderma.2016.12.017
https://doi.org/10.1016/j.geoderma.2018.09.008
https://doi.org/10.1016/j.geoderma.2018.09.008
https://doi.org/10.1016/j.geoderma.2018.09.008
https://doi.org/10.1016/j.envsoft.2021.105139
https://doi.org/10.1016/j.envsoft.2021.105139
https://doi.org/10.1016/j.envsoft.2021.105139
https://doi.org/10.1016/j.geoderma.2009.05.006
https://doi.org/10.1080/07038992.1999.10874736
https://doi.org/10.1016/j.landusepol.2009.12.011
https://doi.org/10.1016/j.geoderma.2009.07.010
https://doi.org/10.1016/j.geoderma.2009.07.010
https://doi.org/10.1016/j.geoderma.2009.07.010
https://doi.org/10.1038/s41598-020-73773-y
https://doi.org/10.1007/s10994-021-06042-2
https://doi.org/10.1007/s10994-021-06042-2
https://doi.org/10.1007/s10994-021-06042-2
https://doi.org/10.1038/s41598-019-51395-3
https://doi.org/10.3390/su131911122
https://doi.org/10.1016/j.rse.2018.03.042
https://doi.org/10.1016/j.isprsjprs.2019.09.016
https://doi.org/10.1016/j.isprsjprs.2019.09.016
https://doi.org/10.1016/j.isprsjprs.2019.09.016
https://doi.org/10.1016/j.rse.2018.09.002
https://doi.org/10.20944/preprints202203.0253.v1

