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This paper provides an overview of scientific publications in Russia and other countries devoted to the soil
organic carbon (SOC) content and stocks mapping at the regional and local levels. The analysis showed that the
cartographic assessment of the SOC content and stocks was conducted using various approaches chosen depend-
ing on the multiple factors: the size of the territory (continental, national, regional, local levels); the cartographic
basis availability (maps of soil types, landscapes, and vegetation formations, remote sensing data, etc.) and labo-
ratory and field survey findings. Two main approaches were generally used for SOC content and stocks mapping:
(1) based on available thematic maps; (2) digital soil mapping. The review also provides a set of spatial data that
characterize the soil forming factors according to the SCORPAN model, which is widely used in digital soil mapping.
Spatial terrain data was one of the most commonly used predictors, followed by the vegetation and climate vari-
ables. The mapping accuracy significantly increased by adding spatial data on classification units of the soils to the
spatial data models. The authors of the publications noted that the climate variables had a significant effect on the
spatial variation of the SOC content and stocks at the regional level, while at the local level the influence of climatic
variables was less significant. The analysis showed that the most common methods used in digital mapping were
machine learning algorithms, among which the Random Forest method often showed the best results. The plotted
maps were cross-validated almost in all studies. Tests of the maps’ accuracy using an external independent valida-
tion dataset were rare, although this was the most important stage of digital soil mapping. R was the most popular
software used for modeling the SOC content and stocks. SAGA GIS, QGIS, ArcGIS, and the cloud platform Google
Earth Engine were most commonly used to prepare predictors.

Keywords: digital soil mapping, soil predictors, machine learning, Random Forest, Regression Kriging, Support
Vector Machine, cross-validation, bootstrap, Gradient Boosting, monitoring
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The soils make a significant contribution
to the carbon exchange between the land eco-
systems and the atmosphere, as they both are
emission sources and greenhouse gas sinks
that have both positive and negative effects
on the Earth’s climate change (IPCC Guide-
lines 2006). Global distribution of the existing
carbon stocks in the soil is a necessary com-
ponent for forecasting carbon/climate feed-
back (Todd-Brown et al.,, 2013) using ESMs
(Earth System Models). Accurate accounting
of the soil organic carbon stocks is critical for
the development of sustainable development
strategies for the regions and forecasting of
the climate change effect on the carbon bal-
ance (Chernova et al,, 2021).

The Earth’s land ecosystems are very di-
verse, so the carbon sequestration and emis-
sion processes occur in them differently. Fore-
casting and monitoring require accounting
and representation of the soil organic carbon
(SOC) content and stocks in the cartographic
form. Nowadays, the vast majority of maps are
being created with the use of geographic in-
formation system (GIS). It includes advanced
methods of spatial data processing and al-
lows researchers to perform analysis of dif-
ferent types of field-based, lab, and remotely
sensed data for the ecosystem components. In
addition to desktop GIS, Web mapping is be-
ing developed intensively in digital soil map-
ping (DSM). The cloud platform Google Earth
Engine is widely used in research, allows the
computing capacities of Google servers to
be used for geospatial analysis of large data

amounts: satellite images, land cover maps,
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topographic, social and economic data, dif-
ferent environmental variables, etc. (Gorelick
et al,, 2017). Moreover, the platform allows
users to upload and analyze their data. Main
advantages of the platform are open access
and the availability of its computing capaci-
ties for all registered users. Another example
is the Web service SoLIM which allows map-
ping with the GIS methods and expert know-
ledge (The SoLIM Project..., 2004). Jiang et al.
(2016) presented Web service CyberSoLIM
which can be used both for processing large
amounts of spatially distributed data and for
exchanging models and algorithms.

The modern methodological approaches
on the soil carbon content and stocks mapping
could be divided into two groups: (1) based
on available thematic maps — assignment of
a certain value based on a reference, arithme-
tic mean, modeled value to a cartographic unit
(soil, landscape, climate, etc.); (2) use of spa-
tially distributed digital data — joint process-
ing of the laboratory and fieldwork data and
spatial predictors with machine learning, geo-
statistics and hybrid methods. The second ap-
proach is generally referred to as digital soil
mapping. Let us review the abovementioned
approaches in detail.

APPROACH I — MAPPING BASED
ON AVAILABLE THEMATIC MAPS

Mapping based on available thematic
maps is a conventional approach used in case
of absence or lack of spatial data from soil

samples. The mapping is based on an exist-
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ing base map with a known scale. Typically,
maps of soils, landscapes, biomes, and other
integral natural formations are utilized, using
a land use map is also possible depending on
the study purpose. The additional informa-
tion such as natural (vegetation type, terrain,
genesis and/or composition of parent mate-
rial), economical (type and/or structure of
land use, cropping pattern, reclamation type),
historical (vegetation age, long-fallow succes-
sion age/stage, land use historical data) in
vector or raster form can be combined with
the initial map with the use of GIS technolo-
gies that allow to improve its resolution and
accuracy. The result is a database of mean or
standard values of the SOC content or stocks
that are typical for a soil taxonomic unit. The
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mean or standard values may also be ob-
tained by using the local models. These values
are assigned to a relevant spatial map unit.
Variability or prediction uncertainty should
be reported for every unit as well, but that's
not always the case, which is a disadvantage
of the method.

The expert assessment plays a critical
role in this approach (Soil organic carbon...,
2018). In the case of larger amounts of data
about point-based soil surveys with known
spatial referencing forming a training dataset,
it is possible to combine the conventional ap-
proaches with the digital mapping methods
(Hugelius et al., 2014; Pastuhov et al., 2016).
This mapping approach consists of two
stages (Fig. 1).
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Figure 1. Flowchart of mapping based on available thematic maps
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Below is the description of the main stag-
es of SOC content and stocks mapping based
on different thematic maps:

1. Preparation of data and predictors
includes their being divided into relatively
uniform groups by the organic matter struc-
ture. The principles of dividing into groups
are determined on the research purpose, the
scale, characteristics, and amount of the avail-
able information, for example: by vegetation
type (forest, steppe, swamp, etc.); by land use
type (agricultural, residential, forest, etc.); by
structure of agricultural lands (tilled field, fal-
low, hay field, pasture, reclaimed lands, etc.),
and so on. The completeness of the avail-
able actual data on point objects, possibility
of its being summarized for characterization
of the classification-based and cartographic
soil bodies are evaluated. Then the algorithm
for the values’ recalculation by soil horizons/
layers from soil profiles for the fixed targeted
depths is selected, and the data is harmonized.
If there is no data available for any of the soil
profile depths, they are added with the mean
indicators for similar objects, or with the ex-
pert knowledge-based values.

To determine the organic carbon content
in soil samples, the dry combustion method
based on high-temperature catalytic oxidation
of the organic matter and direct accounting of
the formed carbon dioxide, which ensures the
maximum oxidation of the organic matter, as
well as the wet combustion method based on
oxidation of the organic matter with the chro-
mic acid, are used today. Chemical methods
do not lead to complete carbon oxidation of

N. V. Gopp, J. L. Meshalkina, A. N. Narykova,
A. S. Plotnikova, O. V. Chernova

FOREST SCIENCE ISSUES, 2023, VOL. 6, NO 4. ARTICLE 134

the organic compounds, so correction factors
are used to correct the obtained results. The
international practice widely utilizes Walk-
ley and Black method (Walkley, Black, 1934)
with the correction factor of 1.32 (Soil organic
carbon..,, 2018). The domestic practice more
commonly employs Tyurin’s method in differ-
ent modifications. B. M. Kogut and A. S. Frid
(1993) proposed an averaged correction fac-
tor (K = 1.28) to recalculate the indicators
obtained with the use of this method. Recent
studies showed that the correction factor of
1.15 is more applicable (FAO, 2021; Shamrik-
ova etal,, 2022).

When using the high-temperature com-
bustion method for carbonate soils, the or-
ganic carbon content is determined as a dif-
ference between the total carbon content and
the carbon content of inorganic compounds.

The SOC content in soils is often convert-
ed to the humus content using the correction
factor of 1.724. The correction factor was pro-
posed in the 19th century based on data indi-
cating that humic acid contains 58% carbon
and is widely accepted for inorganic soil hori-
zons. Due to the diversity of organic horizons,
the carbon content in them varies significantly.
The number of results of direct carbon deter-
mination using the dry combustion method
is limited. In most cases, literature provides
ignition loss data as a characteristic of the ho-
rizon’s enrichment with organic matter. For
organic horizons, the correction factors may
vary from 1.9 to 2.5 (Soil organic carbon...,
2018). To calculate the carbon content of for-
est litter, the Russian studies utilize different
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correction factors from 2.0 (Alekseev, Berdsi,
1994) to 2.6 (Schepaschenko et al., 2013).

For carbon stock estimation in soils, the
critical calculation parameter is the soil bulk
density in its natural state. In case of a lack
of soil bulk density measurements, mean or
median values are used, that are obtained on
the available experimental data. Pedotransfer
functions (PTF) are widely used to calculate
the soil bulk density value based on other
available soil properties. PTF are empirical
and have a limited scope of application, there-
fore, they should be used with caution under
conditions different from those for which they
were obtained. The vast diversity of Russian
natural and geographic conditions makes
the selection of PTF a crucial stage, as it al-
lows determining soil bulk density in a par-
ticular region with a minimum error. A com-
parative analysis of the five methods of soil
bulk density determination showed that PTF
demonstrates the best results for the mineral
horizons of the European Russia forest soils,
as suggested by O. V. Chestnyh and D. H. Za-
molodchikov (2004) (Chernova et al., 2020).
The applicability of PTF for genetically simi-
lar soil groups is also demonstrated in other
studies (Pastuhov et al, 2016; Chernova et
al,, 2021). The organic horizon bulk density is
rarely determined by an experiment, and this
indicator is also characterized by a high vari-
ability, both spatial and determined by the ho-
rizon specific features. To calculate the carbon
stocks in forest litter, the expert knowledge
values may be used taking into account the

vegetation type and age (Soil organic carbon...,
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2018). To assess organic carbon stocks in peat
soils of various regions, the generalized data
about peat bulk density may be utilized, de-
pending on its maturity, degree of decompo-
sition, and ash content, for example, of peat
soils in tropics (Agus et al., 2011) or Western
Siberia (Inisheva et al., 2012).

Assessment of stones and gravel content,
i.e. particles with a size exceeding 1 mm, is
crucial for mineral soils, especially in moun-
tain regions and soils formed on weak-weath-
ered deposits. The researchers rarely have
a sufficient number of rockiness measure-
ments for different soils and soil horizons
to calculate the mean values. In most cases,
correction factors are applied for similar soil
groups, which have been obtained by expert
knowledge based on the summarized studies
results typical for a relevant group of soil pro-
files (Soil organic carbon..., 2018).

The data preparation stage is completed
by calculating the organic carbon stocks in
soil horizons, layers or target depths, followed
by calculating the mean arithmetic values for
each spatial map unit.

2. Mapping consists of preparing the set
of predictors, determined by the objective of
the study, and the available dataset, using spa-
tial identification in GIS. Then the predictor
properties are determined for each soil pro-
file and the list of spatial mapping units is cre-
ated, which are characterized by similar con-
ditions (type/subtype/class of soil, landscape,
land use, etc.). Covariates are extracted for the
contours provided with a sufficient amount of
fieldwork samples, the carbon content/stock
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values of these contours are averaged. In the
case of complex soil cover, the weight coeffi-
cient can be introduced for the averaging pro-
cess, which takes into account the soil com-
position by area ratios of the dominating, as-
sociating, and associated soils. The averaged
values are assigned to all spatial mapping
units that are similar in terms of soil proper-
ties, regardless of the soil profile location.

The accurate assessment of spatial un-
certainty for maps constructed is challeng-
ing. Mapping errors may be caused by sev-
eral reasons, including uncertainties in the
boundary zones; errors in determination of
the mean values for mapping units due to in-
sufficient, subjective, or non-representative
data samples; high natural value variability in
complex soil cover conditions; laboratory and
field measurement errors. However, the stud-
ies have examples of quantitative assessment
of individual uncertainty aspects with a suffi-
cient amount of analytical data. Kappa statis-
tics can be used (Rossiter, 2001) to estimate
the coherence between fieldwork data and
final map (Pastuhov et al., 2016) or to com-
pare two detailed soil maps compiled by two
independent research groups (Samsonova,
Meshalkina, 2011).

The final stage of the work is to assess
and correct the results by a group of soil sci-
entists from the study area. The examples of
the organic carbon stock regional mapping
according to the described approach are pro-
vided in Appendix A.

Let’s review one of the examples of the
first approach. The scientist group suggested
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a method of obtaining the approximate re-
gional assessment of the soil organic carbon
stocks under an insufficient amount of field-
work data samples (Chernova et al., 2016).
The calculations involve the available diverse
data sources, including maps, databases, gov-
ernment statistical databases, published re-
sults of local studies, and the carbon cycle
modeling results. The method was employed
in the European Russia regions: Kostroma
and Kursk.

The cartographic base for the area-based
calculations was obtained by overlaying the
vector map layers: the corrected digital ver-
sion of the RSFSR soil map (2007), the USSR
vegetation map (1990) at the level of dominat-
ing vegetation type, and the Russian adminis-
trative division of 1:1 000 000-scale. We con-
sidered the following parameters during the
calculations: taxonomic units of soils, particle
size distribution, land use, type-age structure
of forest, and peat deposit data in the regions.

The carbon stocks in autonomous natu-
ral soils were predicted using the carbon
cycle nonlinear model — NAMSOM (Nonli-
near Analytical Model of Soil Organic Matter)
(Ryzhova, Podvezennaja, 2003) for each soil
type/subtype, accounting for particle size dis-
tribution. Values from the available databases
were used as a substitution for the lacking
fieldwork data for both soil types and plant
associations. The next step was averaging the
values within the boundaries of the Environ-
mental Zoning Map soil provinces at a scale of
1:15000000 (2011). The obtained averaged
values were corrected, accounting for the land
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use types (tilled fields, hay fields, pastures;
fallows; forests of different ages and non-for-
est woody vegetation; cut-over and burn-outs
lands; swamps; roads; mixed urban and built-
up lands and others).

This approach was applied for the calcula-
tion of soil organic carbon stocks in Kostroma
(southern boreal forest) and Kursk (forest-
steppe) regions. Reduction of carbon stocks
for the historical period was approximately
estimated for different regions depending on
their natural, geographic, and economic con-
ditions.

APPROACH II — DIGITAL
SOIL MAPPING (DSM)

The modern methods for soil properties
mapping are based on the SCORPAN model,
widely used in digital soil mapping recently.
The SCORPAN model was suggested for the
empirical quantitative description of rela-
tions between soil properties and environ-
mental variables. The equations of SCORPAN
models are presented according to McBratney
et al. (2003) and Florinskij (2012).

Sc=f(s,c,0,,p,a,n) and

Sa=f(s,c,0,1,p,an), (D
where Sc: soil classes; Sa: quantitative soil
properties; s: soil, other properties of the soil
at a point; c: climate, climatic properties of
the environment at a point; o: organisms, in-
cluding land cover and natural vegetation; r:
topography, including terrain attributes and
classes; p: parent material, including litho-
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logy; a: age, the time factor; n: space, spatial
or geographic position.

Equation 1 is the result of work of many
soil scientist generations, including S. A. Zaha-
rov (1927), C. F. Shaw (1930), H. Jenny (1941),
who developed the main law of the soil sci-
ence proposed by V. V. Dokuchaev (Florinskij,
2012). It combines genetic and formal ap-
proaches in soil science. Digital soil mapping
requires a large amount of point-based soil
surveys with known spatial referencing. In
case of an increase in predictor numbers and
their combinations, the required amount of
surveys increases. Further work on the devel-
opment of an optimal sampling plan for digi-
tal soil mapping purposes led to the creation
of the specialized Latin hypercube method.
The method is based on selecting the sample
locations depending on the probability of oc-
currence of dummy variables (Minasny, Mc-
Bratney, 2006).

DSM includes intelligent data analysis,
geostatistics, hybrid approaches and involves
the completion of three consecutive stages
(Fig. 2).

Below is the description of the main stag-
es of digital soil mapping of SOC content and
stocks:

1. Preparation of predictors, training,
and validation datasets

The training and validation datasets re-
quire the following information: plot identi-
fication number, geographic coordinates, soil
type, soil horizonation and layer designations,
range of depths, soil bulk density of horizons,
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Figure 2. Flowchart of digital soil mapping of organic carbon content and stocks

SOC content and stocks, coarse soil (stones
and gravel) content. In the absence of soil
bulk density data, researchers employ simu-
lations of the pedotransfer functions; results
are included in both training and validation
datasets.

The spatial predictors used for modeling
the SOC content and stocks describe soil for-
mation factors and indicator variables. As a
topographic representation of the surface, we
used a digital terrain model to calculate relief

morphometric parameter maps. A morpho-

N. V. Gopp, J. L. Meshalkina, A. N. Narykova,
A. S. Plotnikova, O. V. Chernova

metric parameter is a numerical characteris-
tic of the relief determined at a point on the
surface. These parameters represent multiple
features of the surface topography: elevation,
slope, aspect, etc. (Sharyj, 2006). The speci-
fied morphometric parameters are among the
main aspects of the terrain effect on function-
ality of the ecosystem along with terrain dis-
section, geometry and slope thermal regime.
P. Sharyj (2006) and I. Florinskij (2016) sys-
tematized the main aspects of the terrain ef-

fect which included surface runoff, terrain dis-
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section, geometry, slope thermal regime, and
vertical zonation. According to the system of
the basic morphometric parameters, the sur-
face runoff is described by slope orientation
and steepness; horizontal, vertical, difference,
and accumulation curvature; catchment area
and dispersive area. The morphometric vari-
ables that determine terrain dissection are
horizontal and vertical excessive curvature;
ring curvature; rotor. The morphometric vari-
ables that describe the terrain geometry are
unsphericity curvature; minimum, maximum,
and mean curvature; Gaussian curvature.
Slope thermal regime is determined by their
illumination, vertical zonation is determined
by the Earth’s surface altitude.

Preparation of predictors characteriz-
ing vegetation involves the use of multispec-
tral images as a basis for the computation
of various indicators. It includes vegetation
indices and reflection in the blue, red, green,
and near-infrared spectrum. Environmental
variables that characterize climate and par-
ent materials (Appendix B) are utilized as
the predictors for the SOC content and stocks
mapping. SAGA GIS, QGIS, ArcGIS, and a cloud
platform Google Earth Engine (GEE) are most
frequently utilized for predictors develop-
ment. The SOC content and stocks are com-
monly simulated in R, QGIS, ArcGIS, SAGA GIS,
and other software.

2. Modeling factor-indicator relation-
ships and spatial dependencies is performed
using machine learning (ML) methods — de-
cision trees (DT, RF, BaRT, BRT, CART), krig-
ing (OK, RK, GWRK), neural networks (ANN,
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CNN), linear regressions (GLM, MLR), and
others. The literature review showed the pre-
dominant use of the following ML methods:
random forest (RE utilized in 24% of the ob-
served studies), regression kriging (RK, 11%),
and support vector machine (SVM, 7%) (Ap-
pendix A).

In some studies, the authors use multi-
ple machine learning methods to model SOC
stocks — GWRK and RK (Kumar et al., 2012);
BART, RF, XGBoost (Chinilin, Savin, 2018); RF,
Cubist, RK (Kaya et al.,, 2022). Researchers
pay attention to the insufficiency of using just
one simulation method and the feasibility of
testing different models for a certain mapping
territory. The “Methods” column in Appendix
A includes the list of all used methods. The
methods in bold demonstrated the best re-
sults of the SOC content or stocks simulation.
The factor-indicator relations are simulated in
these methods based on the learning dataset,
where the carbon content/stocks and predic-
tor values are known at certain points. Simu-
lated relations then are used for “recognition”
of the rest of the mapping territory, with the
available predictors, but unknown amount of
carbon content/stocks. The machine learn-
ing methods may be supplemented by study-
ing the spatial dependencies and interpola-
tion methods applications (ex. simple kriging
method). The map obtained in such manner
has to be verified. Many studies use jackknife,
cross-validation, or bootstrap methods to as-
sess model quality. The most advantageous
verification approach is an additional (inde-
pendent) probability sampling.
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Random forest is a machine learning algo-
rithm that involves the use of a set of decision
trees (Breiman, 2001). The algorithm of the
decision tree creation or recursive decompo-
sition suggests the choice of a variable and a
cut-off pointresulting in the best classification
results. Then compliance with the stopping
criteria is verified for each resulting path. The
stopping criterion is typically a certain depth
of the tree growth or the minimum number of
surveys for which further classification by the
leaf is impossible. According to the algorithm,
sample subsets are formed from the main
sample set with a replacement (bootstrap).
An individual model of the decision tree is
compiled for each sample subset. The method
was called the random forest, because it sum-
marizes a large set of trees obtained based on
random samples. The final model is a weight-
ed mean of all compiled decision trees.

The use of this method includes the fol-
lowing advantages: high forecasting capacity;
absence of re-training; low intercorrelation of
individual trees, since the variety of the for-
ests increases due to the use of a limited num-
ber of prediction variables; low displacement
and dispersion due to the averaging over nu-
merous trees. The predictors in this method
can be both qualitative and quantitative, and
there is no distribution normality require-
ment for the quantitative indicators, as the
method is classified as non-parametric. One
of the main disadvantages of the method is
the internal complexity of the resulted forest
of models, which complicates interpretation
of interdependencies between dependent
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variables and predictive variables, as it is im-
possible to study the structure of all trees in
the forest.

Regression kriging is a hybrid method
that combines simple or multiple linear re-
gression with the kriging of forecast residuals.
The principle of the method is finding a rela-
tion between the predictors and the carbon
content/stocks, using regression or machine
learning methods, in which case the term
“regression kriging” is used in a wider sense.
Then the residuals are verified for the pres-
ence of spatial dependencies. The limitations
of the method include a training dataset of at
least 100-150 sample points; the fulfillment
of the stationarity condition for residuals —
transitivity of the variogram; and the normal
distribution of residuals.

Support vector machine is also classified
as a non-parametric machine learning meth-
od. The method is to input the initial vectors
to a very high-dimension feature space and to
find a separating hyperplane with a maximum
gap in it (Vapnik, 1998). Two parallel hyper-
planes are plotted on both sides of a hyper-
plane separating the classes. The algorithm
works on the assumption that the bigger dif-
ference or distance between the parallel hy-
perplanes are, the lesser a mean error of the
classifier is.

The advantages of the support vector ma-
chine are its efficiency in larger-size spaces
and in cases when the number of attributes
exceeds the number of surveys (Pedregosa et
al., 2011). A subset of learning points is used
in the decision-making function, which is why

10
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this method is efficient in terms of the use of
computer memory. The method is character-
ized by its flexibility: different core functions
can be set for the decision-making function,
and the user can also set their own support
vectors.

3. Model evaluation and uncertainty
analysis are performed with the use of an
independent validation dataset or the model
stability can be verified with the use of jack-
knife, cross-validation, and bootstrap simula-
tion methods. To estimate the accuracy of the
maps, different indicators are used, such as
the root mean squared error or the mean ab-
solute percentage error.

The use of an independent dataset for the
model test. To test the map model, it is recom-
mended to use the specialized additional (in-
dependent) probability sample dataset. [deal-
ly, this sampled dataset is created individually
as a result of independent fieldwork in the
study area. Here, “probability” refers to the
fact that the dataset is representative for the
surveyed territory, i.e. probability of objects
(points) entering the sampled dataset is equal
to the probability of their representation on
the territory depending on the level of its non-
uniformity. For example, if a territory includes
different soil types and subtypes, they should
be represented in the sampled dataset with
the same probability as on the territory.

In case of absence of independent field
data, the sampling points is divided into two
datasets: training and validation. The training
dataset is used for plotting the models. The
validation datasetis generally 10 to 30% (20%
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on average) of the total dataset, depending on
the number of points. It should be tested for
representativity as related to the total dataset.
[t is critical that the independent or validation
dataset is created once and used for testing
the model upon completion of simulation.

Model stability test. Jackknife, cross-val-
idation, and bootstrap simulation are classi-
fied as the methods for creating a sufficiently
large number of subsamples based on a single
population sample. Subsamples can be used
for different purposes both during simulation
and for modeling tests. In any case, subsam-
ples are dependent on the population sample.
If the initial population sample contains dis-
tortions, the subsamples obtained with the
use of the above-mentioned methods would
have the same distortions. When using the
methods listed, only the model stability is
tested, without verifying its compliance with
the studied territory.

Jackknife method (element-by-element
cross-validation) involves systematic recal-
culation of the required statistics (mean, me-
dian, correlation or regression factors, etc.)
by deleting surveys from the sampled dataset
randomly one by one. Some of the surveys can
be “discarded”, but generally the procedure
is being continued until all survey points are
captured. This way, an unbiased estimate and
error of the statistics can be obtained.

The jackknife procedure has a less gen-
eralized nature as compared to the bootstrap
simulation. However, the jackknife is simpler
to use for complicated sampling schemes,
such as multi-stage sampling with differ-
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ent weights. The jackknife and the bootstrap
simulation often yield the same results. At
the same time, the bootstrap simulation can
have slightly different results for repeatabil-
ity with the same data, while the jackknife has
the same result every time (provided that the
subsets are selected from the same sampled
dataset). The jackknife is often used due to
the simplicity of the procedure and the possi-
bility of visual representation of the results in
the form of a graph of observed and predicted
values.

method

running control, maximum impartiality meth-

Cross-validation (cross-check,
od) involves random division of the subset of
surveys into training and validation datasets.
Based on the training dataset, the model is ad-
justed, and based on the second dataset, the
model is tested. This process is repeated mul-
tiple from 10 to 100 or up to 1000 times. The
forecast accuracy measure is considered to
be a mean estimation obtained based on the
results of each value of the validation dataset.

Bootstrap simulation is a statistical meth-
od of the random value distribution estima-
tion, under which subsamples with a replace-
ment (i.e. subsamples are returned to the
initial sample every time) are taken from the
initial sample for a sufficient number of times.
Generally, the subsamples constituting 99%,
95% or 90% of the initial sample are taken
(Meshalkina et al., 2010). As a result of such
procedure, an error or a confidence interval
are obtained for the general set parameters —
mean, median, correlation or regression fac-

tors. The bootstrap simulation is used for cre-
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ation and verification of hypotheses in case of
a small initially sampled dataset.

Indicators used for verification of accu-
racy of the qualitative soil properties maps. All
indicators for the verification of digital maps
(Table 1) of the qualitative soil properties, in-
cluding the carbon stocks and/or content, are
based on the analysis of residuals or mis-ties
obtained as the difference e(s) of the values
predicted by the map model Z(si) and the
observed values Z(s) at points (s) used for

verification:

e(s)=Z(s) - Z(s) (2).

Mean absolute error (MAE) and mean
squared error (MSE) demonstrate the map-
ping accuracy and reflect a mean mis-tie cor-
rection. They are used when it is required to
detect large errors and choose the model pro-
viding fewer large forecasting errors. When
using one of these estimations, it can be use-
ful to analyze which objects contribute the
most to the total error: it is not unlikely that
an error was made in these objects during the
calculation of predictors and SOC content/
stocks. Root mean squared error (RMSE) is
used more often, as it has the same unit of
measurementas the initial data. This indicator
is highly dependent on the presence of large
mis-tie values, so generally not mean, but the
median value of MSE is calculated, and then
the root is extracted from it. Mean absolute
percentage error (MAPE) can be measured in
fractions or percent. For example, MAPE = 6%
means that the error was 6% of actual values.
The main problem of this error is instability.
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Table 1. Basic indicators used to estimate accuracy of qualitative soil properties maps

Mean Absolute Error, MAE

N
1
MAE = N-Z e(s)
i=

Mean Squared Error, MSE

N
1
MSE = NZ e2(sy)
i=1

Root Mean Squared Error, RMSE

N
1
RMSE = VMSE = NZez(si)
i=1

Mean Absolute Percentage Error, MAPE

N
1
RMSE = VHSE = NZ e2(s)
i=1

Amount of Variance Explained, AVE

No(2G6) - 2(s)’
N (2(s) - 2)°

AVE =1-

Mean Squared Deviation Ratio, MSDR

N /4
_AN (6D —260)
MSDR = N; —_—

o (sy)

Legend: e(s) is the difference between predicted and observed values; Z(Si) is the predicted value; Z(s) is the
observed value; N is the number of sampling points in the analyzed/validation dataset; o is the dispersion; Z is the

average value of soil property in the analyzed dataset

Amount of variance explained (R?) or
“model efficiency”, shows a percentage of dis-
persion explained by the model from the total
dispersion of the predicted variable. Techni-
cally, this quality measure is a normalized
mean squared error. If it is close to one, the
model explains data well, if it is close to zero —
the forecast quality is comparable to the pre-
diction by a mean value only. Mean squared
deviation ratio (MSDR) shows how well the
model predicts simulation uncertainty. If krig-
ing was applied to residuals, the prediction
uncertainty would comply with the kriging

error.
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Analysis of used predictors. Literature
analysis showed that the terrain-based co-
variates were the most frequently used en-
vironmental variables, followed by the vari-
ables representing vegetation and climate
(Fig. 3, Appendix A). Taxonomic units of soils
significantly improved the mapping accuracy,
but this data was utilized in only 5.6% of the
research studies.

The following predictors were the most
informative in the digital mapping of SOC con-
tent and stocks: taxonomic units of soils, an-
nual precipitation, NDVI, elevation, slope, top-

ographic wetness index (Appendix B, Fig. 4, 5).
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Figure 3. The percentage ratio of predictors examined in the literature review within the SCORPAN model (Appendix B)
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Topographic Wetness
index

Figure 4. The most informative predictors based on the literature review (Appendix B)
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Figure 5. The 10 most commonly used predictors for mapping of SOC content and stocks in soils
are based on the literature review (Appendix B)

In this study, we organized the review
based on the Earth’s biomes, relying on D. Ol-
son’s map (Olson et al., 2001) (Fig. 6). For lit-
erature capturing multiple biomes simultane-
ously, we considered all biomes located within
the boundaries of the study area. Most of the
research works were conducted in temperate
broadleaf and mixed forests (4), then Medi-
terranean forests, woodlands, and scrub (12);
deserts and xeric shrublands (13); temperate
grasslands, savannas, shrublands (8) (Fig. 6).
The present study is not comprehensive, the
represented distribution on the graph may
change when new publications appear.

N. V. Gopp, J. L. Meshalkina, A. N. Narykova,
A. S. Plotnikova, O. V. Chernova

Geographic distribution. The review
of recent publications shows that digital soil
mapping at the regional and local level scales
is the most trending approach for SOC con-
tent and stock mapping. These studies are
conducted on every continent, excluding Ant-
arctica (Fig. 7). In Russia, regional and local
studies have been done in Voronezh (Chinilin,
Savin, 2018), Bryansk (Gavrilyuk et al., 2021)
and Novosibirsk (Gopp, 2022) regions, Kras-
noyarsk krai (Sharyj et al., 2018), the Repub-
lic of Bashkortostan (Suleymanov et al., 2021)
and the Republic of Karelia (Narykova, Plot-
nikova, 2022). An accurate quantitative es-
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Figure 6. Distribution of the SOC content/stock mapping studies organized by Earth’s biomes (Olson et al., 2001) at the
regional and local scales: 1 — tropical and subtropical moist broadleaf forests; 2 — tropical and subtropical dry broadleaf
forests; 3 — tropical and subtropical coniferous forests; 4 — temperate broadleaf and mixed forests; 5 — temperate coniferous
forests; 6 — boreal forests/taiga; 7 — tropical and subtropical grasslands, savannas, and shrublands; 8 — temperate grasslands,
savannas, shrublands; 9 — flooded grasslands and savannas; 10 — mountain grasslands and shrublands; 11 — tundra; 12 —
Mediterranean forests, woodlands, scrub; 13 — deserts and xeric shrublands; 14 — mangroves; 15 — polar deserts

timation of SOC stocks in soil is problematic,
mostly due to the sparsity of sampling data,
especially at large soil depths. It leads to con-
siderable uncertainty and discrepancies in
results among different authors by 2-3 times
(Piao et al., 2009; Sharyj et al., 2018).

The first publications about DSM date
back to the 1980s. In 2003, A. McBratney et
al. issued the article “On Digital Soil Mapping”,
where they introduced the main principles
of the approach. Australia, Netherlands, the
USA, and France became the main develop-
ment centers of this approach (Lagacherie et
al, 2007; Hartemink et al., 2008).

N. V. Gopp, J. L. Meshalkina, A. N. Narykova,
A. S. Plotnikova, O. V. Chernova

In November 2008, the global project
GlobalSoilMap.net (GlobalSoilMap.net..., 2008)
was launched to create a digital soil map
of the world, based on chorograms of soil
properties. Methodological justification of
the project could be found in the journal Sci-
ence (Sanchez et al., 2009). The following soil
properties were declared as subject to map-
ping: carbon and gravel content, particle size
distribution, soil bulk density, and available
water capacity. These properties had to be
estimated at six depths (in cm): 0-5, 5-15,
15-30, 30-60, 60-100, and 100-200 with an

indication of the mean values and the confi-
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Figure 7. Geography of the reviewed studies of soil organic carbon content/stocks mapping at the regional and local scales
(Olson et al.,, 2001): 1 — tropical and subtropical moist broadleaf forests; 2 — tropical and subtropical dry broadleaf forests;
3 — tropical and subtropical coniferous forests; 4 — temperate broadleaf and mixed forests; 5 — temperate coniferous forests;
6 — boreal forests/taiga; 7 — tropical and subtropical grasslands, savannas, and shrublands; 8 — temperate grasslands,
savannas, shrublands; 9 — flooded grasslands and savannas; 10 — mountain grasslands and shrublands; 11 — tundra; 12 —
Mediterranean forests, woodlands, Scrub; 13 — deserts and xeric shrublands; 14 — mangroves; 15 — polar deserts

dence intervals. The authors planned to map
80% of the global land surface with a spatial
resolution of 90 m. Currently, the project has
been implemented only for African countries.

SoilGrids project (SoilGrids — Global
Gridded Soil Information) is a system of digital
soil mapping that employs modern machine
learning methods to visualize the spatial dis-
tribution of the following soil properties at
the global scale: organic carbon content, total

N. V. Gopp, J. L. Meshalkina, A. N. Narykova,
A. S. Plotnikova, O. V. Chernova

nitrogen, particle size distribution (sand, clay,
silt), water extraction pH, cation exchange
capacity, and soil bulk density. SoilGrids 2.0
mapping models are based on more than
240000 soil samples obtained from the In-
ternational Soil Reference Information Center,
ISRIC (WoSIS database), and the global envi-
ronmental covariates (more than 400) that
represent vegetation, terrain, climate, geology,
and hydrology (Poggio etal., 2021). The global
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maps of soil properties with the spatial reso-
lution of 250 m are represented in this system
following the specifications of GlobalSoilMap
[USS working group for six standard depth in-
tervals (0-5, 5-15, 15-30, 30-60, 60-100 and
100-200 cm). The map represents the soil or-
ganic carbon stocks for the 0-30 cm soil layer.

GLOSIS (Global Soil Information System)
platform summarizes soil data collected by
national institutions (URL: https://goo.su/
V3Jw). The platform features the global map
of the SOC stocks for the layer of 0-30 cm
called GSOCmap v.1.5.0 (FAO and ITP ..., 2018)
with 30 arc-second (approximately 1 km) res-
olution. Part of the map related to the Russian
is modeled on the corrected digital version of
the RSFSR soil map at a scale of 1:2500 000
and Information System Soil-Geographic Da-
tabase of Russia (ISSGDB) with fieldwork data
from the 1960s-1980s (Chernova etal., 2021).

Multiple studies of SOC content and stocks
mapping have been performed in European
countries (CEF Telecom project, 2018): Neth-
erlands (Wadoux et al., 2022); Denmark (Adhi-
kari et al., 2014); Scotland, Great Britain (Pog-
gio, Gimona, 2014); Bavaria, Germany (Wies-
meier et al., 2014); Belgium (Meersmans et al.,
2008); France (Arrouays et al., 2001; Chen et
al,, 2018; Martin et al.,, 2011; Meersmans et al.,
2012; Mulder et al., 2016); Switzerland (Nuss-
baum et al., 2014; Zhou et al,, 2021); Hungary
(Szatmari et al,, 2021); Italy (Fantappie et al.,
2011; Francaviglia et al., 2014); Ukraine (Viat-
kin et al,, 2018). Mapping of carbon stocks in
Asian countries is primarily developed in China
(Wiesmeieretal, 2011; Zhouetal, 2019; Wang
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etal,2021; Guetal, 2022; Zhuetal., 2022; Guo
et al,, 2015) and Iran (Taghizadeh-Mehrjardi
et al,, 2016; Hateffard et al., 2019; Fathizad et
al,, 2022; Kaya et al., 2022). There are several
studies in India (Lo Seen et al., 2010) and Tibet
(Yang et al,, 2008).

Examples of studies at the regional scale
include mapping in different regions of the
world, including the US: Pennsylvania (Kumar
et al.,, 2012), Wisconsin (Adhikari et al., 2019),
Florida (Kim, Grunwald, 2016; Keskin et al,
2019), Indiana (Mishra et al., 2009); in South
America: Chili (Rojas et al., 2018; Padarian et
al,, 2017), Brazil (Bonfatti etal., 2016; Gomes et
al.,, 2019) and Columbia (Rainford et al., 2021);
in Africa: South Africa (Venter et al., 2021) and
Mozambique (Cambule et al., 2014); Australia
(Gray, Bishop, 2016; Padarian et al.,, 2019; So-
marathna et al., 2016; Wang et al., 2018).

CONCLUSION

As part of the analysis of modern meth-
odological approaches for soil organic carbon
content and stock mapping, we identified and
discussed two approaches: (1) based on the
existing thematic maps and archive data; and
(2) digital soil mapping combining spatial
data analysis. It is reasonable to use both ap-
proaches for mapping organic carbon content
and stocks in Russia. For each approach, the
authors formulated the conditions of applica-
tion and the necessary steps. Mapping based
on thematic maps and archive data includes
two stages: preparation of data and predic-

tors utilizing GIS; mapping of SOC content and
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stocks by the land use type and taxonomic
units of soils. Verification is based on expert
assessment.

Digital mapping is performed in three
stages: preparation of two independent data-
sets (training and validation) and environ-
mental variables (predictors); modeling of
the factor-indicator relationships and spatial
dependencies, followed by a model quality as-
sessment. The factor-indicator relationships
are employed by machine learning methods,
geostatistics, and hybrid approaches (RF, BRT,
SVM, GLM, MLR, CART, ANN, CNN, RK, OK and
others). Various kriging methods are used to
determine spatial dependencies of residuals.
The quality assessment of the model, measur-
ing the level of agreement between the map
model and actual data, is verified using an in-
dependent validation dataset referred to as
the “independent probability sample” in dig-
ital soil mapping. Simulation quality in this
case can be assessed with the use of an inter-
polation error map. The model quality assess-
ment is performed with the use of jackknife,
cross-validation, and bootstrap methods,
which represents how the model describes
the training sample. Different criteria are
used to estimate the accuracy of the quantita-
tive properties map, such as MAE, MSE, RMSE,
MAPE, etc.

To map the SOC content and stocks at the
local and regional level scales, authors are re-
quired to use a training sample and a set of
spatial predictors that represent the soil for-
mation factors based on the SCORPAN model.
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Environmental covariates represent the
following data: vegetation (vegetation type,
land use type); climate (annual mean tem-
perature, annual precipitation); topography
(relief morphometric parameters); parent
materials and soil (genetic types of parent
materials, taxonomic units of soils, chemi-
cal and physical soil properties, permafrost
distribution); anthropogenic effect (land use
type, cut-overs, burn-outs). In addition to the
data obtained from the archive sources, digi-
tal soil mapping uses remote sensing data
to calculate different indicators, including at
least 200 indicators for vegetation, 40 for ter-
rain, and 10 for soil parent materials.

Therefore, the performed literature re-
view allowed us to determine specific fea-
tures of the main methodological approaches
used for the soil organic carbon content and
stock mapping nearly in all global continents
and different Earth’s biomes. The progress
achieved in the digital soil mapping is still in-
sufficient for Russian territory.

The number of studies on this topic is
low, so the comparative assessment of the soil
properties heterogeneity mapping results
based on available multi- and hyperspectral
images, the digital models of altitudes and
radar images in different terrestrial ecore-
gions are underserved in the literature. We
hope studies involving the use of DSM will be
continued, and advanced methods that would
allow to process of remote sensing data, iden-
tify, and estimate the variability of soils and
soil properties would be developed.
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Appendix B

Predictors used for digital mapping of SOC content/stock

Groups of predictors (SCORPAN model)

Data source

S —

SOIL

Soil map unit/soil taxonomic unit

Martin et al., 2011; Chen et al.,, 2018; Fantappie et al,,
2011; Zhang et al., 2022; Szatmari et al., 2021; Keskin
etal, 2019; Gomes et al,, 2019; Sharyj et al., 2018

Unprocessed spectrum data of soil samples in the
form of spectrogram

Padarian et al., 2019

Clay content

Zhang et al,, 2022; Francaviglia et al., 2014; Kaya et al,,
2022

Sand content

Zhang et al,, 2022; Kaya et al., 2022

Concentrations of radioelements potassium/uranium/
thorium/ gamma-survey

Wang et al,, 2018; Somaratha et al., 2016; Ellili et at.,
2019

Soil drainage class

Keskin et al.,, 2019

Soil retention (available water capacity)

Keskin et al., 2019

Soil temperature

Fantappié et al.,, 2011

Soil drought index/ Soil aridity index/ Soil wetness
level

Fantappié et al,, 2011; Keskin et al., 2019

LUCAS dataset (soil database)

Padarian et al., 2019

Soil water regime

Martin et al.,, 2011

Salinity index

Hateffard et al., 2019; Fathizad et al., 2022;
Taghizadeh-Mehrjardi et al., 2016

Soil acidity Kaya et al.,, 2022
C — CLIMATE
Precipitation

Mean annual precipitation

Adhikari et al., 2019; Chen et al., 2018; Fantappié et al,,
2011; Somaratha et al,, 2015; Wang et al., 2021; Zhang
etal, 2022; Wang et al., 2018; Venter et al., 2021;
Duarte et al,, 2022; Kumar et al., 2012; Szatmari et al.,
2021; Wang et al,, 2019; Gomes et al,, 2019; Gu et al.,
2022; Kaya et al,, 2022

Mean monthly precipitation

Martin et al., 2011; Keskin et al., 2019; Rainford et al.,
2021; Guo et al.,, 2015

Total annual precipitation

Meersmans et al,, 2012; Kaya et al., 2022; Xiaojun Zhu
etal, 2022

Total precipitation in the coldest/warmest/driest/
moistest quarter

Venter et al., 2021

Total precipitation in the coldest/warmest/driest/
moistest month

Venter et al., 2021; Gomes et al,, 2019; Sharyj et al.,
2018

Seasonal precipitation occurrence

Venter et al., 2021; Kaya et al., 2022

Precipitation efficiency index

Rainford et al., 2021

Gopp, ]. L. Meshalkina, A. N. Narykova,

N. V.
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Groups of predictors (SCORPAN model)

| Data source

Air temperature / humidity / solar radiation / wind

Mean annual temperature

Martin et al., 2011; Somaratha et al,, 2016; Meersmans
etal, 2012; Wang et al.,, 2021; Zhang et al., 2022;
Wang et al,, 2018; Venter et al., 2021; Duarte et al,,
2022; Kumar et al,, 2012; Szatmari et al., 2021; Wang
etal, 2019; Guetal,, 2022

Minimum mean annual temperature

Adhikari et al,, 2019; Fantappié et al., 2011

Annual/seasonal/daily temperature range

Venter et al., 2021

Temperature of the moistest/driest quarter

Venter et al.,, 2021

Maximum/minimum/mean temperature by month

Keskin et al,, 2019; Gomes et al., 2019; Rainford et al.,
2021; Guo etal,, 2015

Sum of monthly mean temperature

Gomes et al.,, 2019

Potential/mean annual total evaporation

Martin et al,, 2011; Somaratha et al.,, 2016; Szatmari
etal, 2021

Relative air humidity

Duarte et al., 2022

Solar radiation

Francaviglia et al.,, 2014; Kaya et al., 2022

Windward effect

Adhikari et al., 2019

0 — ORGANISMS, VEGETATION, FAUNA, HUMAN

Vegetation type (Land cover) / CORINE Land Cover
database / Seasonally active vegetation / Seasonal
fractional cover data based on Landsat / Fractional
woody cover

Keskin et al., 2019; Wang et al., 2018; Venter et al,,
2021; Szatmari et al., 2021; Keskin et al.,, 2019; Ellii
etal, 2019, Xiaojun Zhu et al., 2022

NPP

Chen et al., 2018; Martin et al., 2011; Venter et al.,,
2021

GPP

Gomes et al.,, 2019

NDVI / NDVI green

Martin et al,, 2011; Somaratha et al,, 2016; Wang et al,,
2021; Zhang et al., 2022; Venter et al., 2021; Duarte et
al,, 2022; Kumar et al., 2012;Wang et al.,, 2019; Keskin
etal.,, 2019; Gomes et al., 2019; Hateffard et al., 2019;
Francaviglia et al., 2014; Kaya et al.,, 2022; Kaya et al,,
2022; Fathizad et al., 2022; Taghizadeh-Mehrjardi et
al,, 2016; Guo et al., 2015; Chinilin, Savin, 2018

EVI

Duarte et al.,, 2022; Keskin et al., 2019; Kim, Grunwald,
2016; Chinilin, Savin, 2018

NDWI (green-NIR)/(green+NIR)

Xiaojun Zhu et al., 2022

LAI

Venter et al,, 2021

SAVI (Soil-Adjusted Vegetation Index)

Duarte et al., 2022; Taghizadeh-Mehrjardi et al., 2016;
Chinilin, Savin, 2018

BSI / Bare surface frequency

Duarte et al., 2022; Venter et al., 2021
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Groups of predictors (SCORPAN model)

Data source

Saturation index

Kaya et al.,, 2022

Grain size index

Francaviglia et al.,, 2014; Kaya et al., 2022

RVI (Ratio vegetation index)

Taghizadeh-Mehrjardi et al,, 2016

Multispectral images Sentinel-2 for different seasons

Gavrilyuk et al., 2021

Satellite data Landsat / Multi-year seasonal data
about ground cover based on Landsat (AusCover)

Wang et al,, 2018; Hateffard et al., 2019; Xiaojun Zhu
etal, 2022; Taghizadeh-Mehrjardi et al,, 2016

Fraction of photosynthetically active radiation

Venter et al,, 2021

Reflection in blue/red/green/near infrared range

Venter et al,, 2021; Duarte et al., 2022; Chinilin, Savin,
2018; Wang et al,, 2019; Kim, Grunwald, 2016; Kaya
etal, 2022; Fathizad et al,, 2022; Xiaojun Zhu et al.,
2022; Taghizadeh-Mehrjardi et al., 2016

Reflection in short-wave infrared range 1/2

Venter et al., 2021; Duarte et al., 2022; Fathizad et al.,
2022; Taghizadeh-Mehrjardi et al., 2016

Reflection in far infrared range

Kaya et al.,, 2022

Land use

Land use data/maps

Fantappié et al., 2011; Kumar et al., 2012; Rainford
etal, 2021; Xiaojun Zhu et al.,, 2022

LULC data from NLCD database

Adhikari et al,, 2019; Meersmans et al.,, 2012; Mishra
etal.,, 2010; Mulder et al., 2016; Keskin et al., 2019

TERUTI (Utilisation du Territoire)

Martin et al., 2011

Manure application data

Meersmans et al., 2012

Land use scenarios: Reclamation source/
Crop rotation, grass fraction in crop rotation
(Cultivation year)

Zhang et al,, 2022; Ellili et at., 2019

Livestock density

Venter et al., 2021

Frequency of fire occurrence

Venter et al,, 2021

IBI

Duarte et al., 2022

R — TOPOGRAPHY

Elevation

Adhikari et al., 2019; Chen et al., 2018; Fantappie et al,,
2011; Gavrilyuk et al., 2021; Wang et al,, 2021; Zhang
etal, 2022; Wang et al., 2018; Venter et al., 2021;
Duarte et al., 2022; Kumar et al., 2012; Szatmari et al,,
2021; Wang et al., 2019; Keskin et al., 2019; Gomes et
al,, 2019; Hateffard et al., 2019; Gu et al., 2022; Ellilj,
2019 (resolution 50 m); Suleymanov et al., 2021; Gopp,
2022; Francaviglia et al.,, 2014; Sharyj et al.,, 2018; Kim,
Grunwald, 2016; Kaya et al., 2022; Ellii et al., 2019 ;
Xiaojun Zhu et al.,, 2022; Taghizadeh-Mehrjardi et al.,
2016; Guo et al., 2015
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Groups of predictors (SCORPAN model))

Data source

Normalized height / Standardized height

Adhikari et al,, 2019; Gomes et al., 2019

Aspect

Chinilin, Savin, 2018; Wang et al,, 2021; Venter et al,,
2021; Duarte et al., 2022; Gomes et al., 2019; Hateffard
etal, 2019; Suleymanov et al,, 2021; Francaviglia et al,,
2014; Xiaojun Zhu et al,, 2022; Taghizadeh-Mehrjardi
etal, 2016; Guo etal,, 2015

Slope / Slope height / Mid-slope position / Slope-
length factor/ local hillslope gradient/MaxdownSlope

Adhikari et al., 2019; Chen et al,, 2018; Fantappié et
al,, 2011; Chinilin, Savin, 2018; Gavrolyuk et al., 2021;
Wang et al,, 2021; Zhang et al,, 2022; Venter et al,,
2021; Duarte et al.,, 2022; Kumar et al.,, 2012; Szatmari
etal, 2021; Somaratha et al., 2016; Wang et al.,, 2019;
Keskin et al.,, 2019; Gomes et al., 2019; Hateffard et
al,, 2019; Gu et al,, 2022; Suleymanov et al., 2021;

Ellii et al,, 2019; Xiaojun Zhu et al., 2022; Taghizadeh-
Mehrjardi et al,, 2016; Guo et al., 2015

Curvature flow line/ profile/ maximal/ minimal/plan/
total

Chinilin, Savin, 2018; Wang et al., 2021; Zhang et

al,, 2022; Szatmari et al,, 2021; Gomes et al.,, 2019;
Hateffard et al,, 2019; Francaviglia et al.,, 2014;
Sharyj et al,, 2018; Kaya et al.,, 2022; Ellii et al., 2019;
Taghizadeh-Mehrjardi et al., 2016; Guo et al., 2015

Rotor

Sharyj et al,, 2018

Terrain shapes (geomorphon classification)

Rainford et al., 2021

Hill map

Gomes et al.,, 2019

Terrain surface convexity / Terrain surface texture

Gomes et al.,, 2019

SAGA wetness index

Adhikari et al.,, 2019; Szatmari et al., 2021

Erosion rate

Chen etal., 2018

Hillshade

Kumar et al,, 2012; Suleymanov et al., 2021

Soil runoff potential

Keskin et al., 2019

Topographic wetness index/ Modified topographic
wetness index

Chen et al., 2018; Chinilin, Savin, 2018; Somaratha
etal, 2016; Adhikari et al.,, 2019; Wang et al,, 2021;
Duarte et al., 2022; Szatmari et al., 2021; Wang et

al,, 2019; Hateffard et al., 2019; Francaviglia et al,,
2014; Sharyj et al., 2018; Kaya et al., 2022; Rainford
etal, 2021; Suleymanov et al,, 2021; Ellii et al., 2019;
Taghizadeh-Mehrjardi et al., 2016; Guo et al,, 2015

Topographic diversity / Position index / Relative
position index

Venter et al,, 2021; Szatmari et al., 2021; Guo et al.,
2015

Terrain ruggedness index

Adhikari et al., 2019; Szatmari et al., 2021

Continuous heat insolation load index

Venter et al., 2021
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Groups of predictors (SCORPAN model)

| Data source

Catchment

Catchment area / Specific catchment area / Modified
catchment area

Adhikari et al., 2019; Chinilin, Savin, 2018; Wang et
al,, 2021; Szatmari et al., 2021; Hateffard et al., 2019;
Taghizadeh-Mehrjardi et al,, 2016

Catchment slope

Adhikari et al., 2019; Hateffard et al., 2019

Multiresolution ridge top / Valley bottom flatness
index)

Szatmari et al., 2021; Somaratha et al., 2016; Hateffard
etal,, 2019; Suleymanov et al,, 2021; Taghizadeh-
Mehrjardi et al.,, 2016

Channel network base level

Adhikari et al.,, 2019; Hateffard et al., 2019

Vertical distance to channel network / Distance
to catchment

Szatmari et al,, 2021; Kim, Grunwald, 2016

Altitude above channel network

Adhikari et al., 2019

Mass-balance index

Adhikari et al,, 2019; Szatmari et al., 2021

Valley depth

Adhikari et al.,, 2019; Gomes et al., 2019

Stream power index

Szatmari et al,, 2021; Hateffard et al,, 2019; Kaya et al,,
2022; Guo etal., 2015

P — PARENT MATERIAL, LITHOLOGY

Map of soil-forming rocks / Geological map

Adhikari et al,, 2019; Chen et al., 2018; Szatmari et al.,
2021; Keskin et al., 2019; Gomes et al., 2019; Rainford
etal,, 2021; Ellii et al., 2019; Guo et al., 2015

Potassium concentration

Kim, Grunwald, 2016

Bouguer gravity

Kim, Grunwald, 2016

Isostatic residual gravity anomaly/ Magnetic anomaly

Kim, Grunwald, 2016

Mineral composition: clay, illite, smectite or kaolinite
content; smectite to kaolinite ratio; earth silicone
index, carbonate index, clay index

Zhang et al,, 2022; Wang et al., 2018; Hateffard et al,,
2019; Francaviglia et al.,, 2014; Taghizadeh-Mehrjardi
etal., 2016

Weathering index

Wang et al,, 2018

Maximum and minimum groundwater depth

Meersmans et al., 2008

N — SPATIAL OR GEOGRAPHIC POSITION

Geographic coordinates (Latitude/Longitude)

| Fantappié et al.,, 2011; Gavrilyuk et al., 2021
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ABBREVIATIONS:

GIS — Geographic Information System

SOC — Soil Organic Carbon

SOCS — Soil Organic Carbon Stocks

SOCC — Soil Organic Carbon Content

DSM — Digital Soil Mapping

dv — Soil bulk density in natural formation/specific weight
d — Particle density

PTF — Pedotransfer Functions

SCORPAN model:

S — Soil (other properties of the soil)

C — Climate (climatic properties of the environment at a point)
O — Organisms, vegetation, fauna, humans

R — Topography (morphometric parameters)

P — Parent material, lithology

A — Age, time factor

N — Spatial or geographic position

Predictors:

BSI — Bare Soil Index

EVI — Enhanced Vegetation Index

SAVI — Soil-Adjusted Vegetation Index

GPP — Gross Primary Production

IBI — Index-Based built-up Index

LAI — Leaf Area Index

NDVI — Normalized Difference Vegetation Index

NDVI green — Normalized Difference Vegetation Green Index
NDWI — Normalized Difference Water Index

B — Blue Band
G — Green Band
R — Red Band

NIR — Near-Infrared Band
SWIR — Shortwave-Infrared Band
NPP — Net Primary Productivity
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Simulation methods:

ANN — Artificial Neural Network

CA — Cellular Automata

CART — Classification and Regression Tree

CNN — Convolutional Neural Network

BaRT — Bayesian Regression Trees

BRT — Boosted Regression Trees

DT — Decision Tree

GLM — Generalized Linear Model Boosting

GWR — Geographically weighted regression

GWRK — Geographically weighted regression kriging

MLR / MLRA — Multiple linear regression / Multiple linear regression analysis
OK — Ordinary Kriging

RF — Random Forest

RFRK — RF plus residuals kriging

RK — Regression Kriging

RFE — Recursive Feature Elimination

SLR — Stepwise Linear Regression

SVM / SVR — Support Vector Machine/Support Vector Regression
XGBoost — Regression trees boosting

Model accuracy assessment:

CCC / LCCC — Concordance Correlation Coefficient / Lin's Concordance Correlation Coefficient
IQR — Interquartile Range

MAE / MAEE — Mean Absolute Error / Mean Absolute Estimation Error
MAPE — Mean Absolute Percentage Error

MDA — Mean Decrease in Accuracy

ME / MEE — Mean Error / Mean Estimation Error

R2 — Coefficient of Determination

RMSD / RMSE — Root Mean Square Deviation / Root Mean Squared Error
RPD — Ratio of Performance of Deviation

RPIQ — Ratio of performance to inter-quartile

Cloud platform:
GEE — Google Earth Engine
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Databases:

ISRIC — International Soil Reference Information Centre

NCSS — National Cooperative Soil Survey

NCSCD — Northern Circumpolar Soil Carbon Database

RaCA — Rapid Carbon Assessment

RMQS — French National Soil Survey (Réseau de Mesures de la Qualité des Sols)
SIMS — Hungarian System for Soil Data and Monitoring

SSURGO — Soil Data Mart-Soil Survey

WRB — World Reference Base for Soil Resources

ISSGDB — Information system Soil-geographic database of Russia
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KAPTOTPA®UPOBAHUE COJIEPYKAHUSA
U 3AITACOB OPTAHUYECKOTO YIJIEPOJIA TTIOYB
HA PETMOHAJIbLHOM U JIOKAJIbHOM YPOBHSX:
AHAJIU3 COBPEMEHHBIX METOJIMYECKHX
[TOJIXO/I0B
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B Hacrosimed paboTe MPUBOAUTCA 0630p OTEYECTBEHHBIX U 3apyOEKHBIX JIMTEPATYPHBIX UCTOUHHUKOB, TIOCBS-
IIEeHHBbIX KapTOrpapupOBaHUIO COZIEP}KAHUS U 3aMacoB MOYBEHHOr0 opraHuyeckoro ymiepoga ([10Y) Ha pervoHanb-
HOM U JIOKQJIbHOM YPOBHSAX. AHa/lM3 paboT MOKasas, YTO KapTorpaduyeckas oLleHKa cojep:xaHus u 3anacos [10Y
B II0YBaX OCHOBAHA Ha Pa3JIMUHBIX [I0JX0/1aX, BbIGOP KOTOPBIX 3aBUCUT OT pa3Mepa TEPPUTOPUU (KOHTHHEHTA/IbHBIH,
Hal[MOHAJIbHBIHM, PErMOHAJIbHBIH, JIOKAJIBHBIA YPOBHH), HAINYHS KapTorpapuiecKod OCHOBBI (KapThbl THIIOB IOYB,
JIaHAIAPTOB, paCTUTENBHBIX GOPMAIMH, JaHHbIE AUCTAHLMOHHOTO 30HANPOBaHUs 3eMJIM U Ap.) U JaHHbBIX Jlabopa-
TOPHO-T10JIeBbIX 06c/1ei0BaHKi. KapTorpadupoBaHue B OCHOBHOM OCYILECTBJIIETCS C UCIO/Ib30BaHUEM C/IeAYIOLINX
noAxoz1oB: (1) Ha OCHOBe UMEILIUXCS TEMAaTHUECKUX KapT; (2) nudpoBoe nouBeHHOe KapTorpadupoBaHue. B 063ope
TaK)Xe TMpYBeJieH Habop MPOCTPAHCTBEHHBIX IAaHHBIX, XapaKTEPU3YIOUIHMX GAaKTOPbl IOYBOOGPA30BaHUS COIIACHO MO-
nesi SCORPAN, akTHBHO HCIIOJIb3yeMOH B 1{M($POBOM NOYBEHHOM KapTorpadupoBaHuu. [IpocTpaHCTBEHHBIE JaHHbIE
0 pesibede O6bUIM OJHUMHU U3 HauboJiee YacTO HUCIOJIb3yeMbIX IPEJUKTOPOB, 32 KOTOPLIMHU C/le[loBajIU llepeMeHHble,
XapaKTepHU3yILHe PaCTUTENbHOCTb U KIMMAT. /lo6aB/ieHre B MOJE/IM IPOCTPAHCTBEHHBIX JAHHBIX 0 KJIACCUPHUKALHU-
OHHBIX €JUHUIIAX TI0YB 3HAYUTETHHO MOBBIIIAIO0 TOYHOCTb KapTorpadupoBaHus. ABTOpPbI paboT 0OTMeYasly, YTo 1epe-
MeHHbIe KJIMMaTa 0Ka3bIBAIOT CYLECTBEHHOE BJIMSHHUE Ha MPOCTPAHCTBEHHOE BAPbHUPOBAHHUE COZIEPXKAHHS U 3aI1aCOB
[10Y Ha pernoHa/sIbHOM YPOBHE, B TO BPEMsI KaK Ha JIOKAaJIbHOM YPOBHE BJIUSHHE KIMMaTUYECKUX IEPEMEHHBIX ObLJIO
MeHee 3HAaYMMbIM. AHa/IM3 HCC/Ie/J0OBaHUH NIOKa3asl, YTO Hanbosiee 4acTo B [UPPOBOM KapTorpapupoBaHuM U3y4dae-
MBIX CBOWCTB [T0YB HCIOJIb3YIOTCS METO/bI MALIMHHOTO 06y4YeHHs], CPe/Ii KOTOPBIX METO/ Cay4yaiHoro Jjieca (Random
Forest) yarnie nmokasbIBaJ Jiydiivie pe3yabTaThl. [IpakTHYecKH BO BCEX HCCIEA0BAHHUSAX MPOBOANIIACH KPOCC-BATUJALIMS
MOCTPOEHHBIX KapT, TPOBEPKA TOUHOCTH KapTOrpapupoBaHUs C UCHO/Ib30BAHHEM BHEIIHENW HE3aBUCUMOU BbIGOPKU
MIPOBO/JIMJIACH B PE/IKHMX CITy4asix, XOTs 3Ta BaXKHEHIIasA COCTaB/sAI0Las UPpoBoi moYBeHHOU KapTorpadun. Hanbosiee
4acTo /151 MOJie/IMPOBaHuA cojepxaHus U 3anacos [10Y ucnoJib3o0Banock nporpaMMHoe obecriedyenue R, 1j1s noaro-
TOBKH IPEJMKTOPOB yallle Ucrosnb3oBanuch SAGA GIS, QGIS, ArcGIS u o61aynas miarpopma Google Earth Engine (GEE).

Kaioueevwle cao8a: yugpposoe nouseHHoe kapmozpagpuposaHue, noU8eHHble NPedUKMOopbl, MAWUHHOE 06yYe-
Hue, cAy4allHbll s1ec, pezpecCcUOHHbIU Kpu2uHe, Memod OnopHbuIX 8eKMopos, Kpocc-eaaudayus, 6ymcmpen, epadu-
EeHMHbLI 6YCMUH2, MOHUMOPUH2
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