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A B S T R A C T

This study focus on modeling and mapping soil organic carbon (SOC) at high spatial resolution and at four
standard depths in an arid and semi-arid region of Iran. The SOC data includes 850 soil samples collected from
278 observation profiles. In parallel, a wide range of environmental covariates (𝑛 = 62) were obtained from
multiple sources. Six individual machine learning (ML) algorithms were compared to modeling and predicting
SOC. Two scenarios were investigated. The first one accounts for soil and environmental covariates (S1) while
the second one only accounts for environmental covariates (S2). Our results show that accounting for soil
variables in the prediction (S1) leads to a twofold increase of 𝑅2 for all ML algorithms, while random forest (RF)
outperformed the other ML approaches at all depths. Whenever possible, using additionally the soil variables
that are at hand in a study area is thus beneficial for improving SOC predictions.
. Introduction

Soil organic carbon (SOC) is a key indicator of soil health, quality,
nd fertility. SOC content is influenced by various factors including
limate, vegetation, soil characteristics, soil water regimes, land use,
opography, and type of management [1]. It is an important indicator
or sustainable agricultural management, and it also plays a vital role in
itigating global warming and increasing crop production. The latter

an be achieved by enhancing knowledge on SOC status to spatially
anage soil fertility by using fertilizers in a better way [2,3]. In
arallel, assessing the spatial variability of SOC at a regional scale may
elp to establish suitable agricultural management, land-use practices,
nd ecosystem services [4].

Given the global importance of SOC, the application of digital soil
apping (DSM) techniques to predict SOC has received considerable

ttention over the past decades [5,6]. Current approaches describe
he spatial distribution of SOC by considering its relationships with
nvironmental covariates [7,8]. These covariates often include eas-
ly accessible information sources such as topographic attributes de-
ived from digital elevation models (DEM) [9], remotely sensed (RS)
ata [10,11] and climatic parameters [12]. Recently, machine learning
ML) algorithms that are making use of such covariates have been
opular for predicting SOC [10]. Numerous ML algorithms have been
roposed, i.e., random forest (RF) [13,14], artificial neural network

∗ Corresponding author.
E-mail address: fsarmad@ut.ac.ir (F. Sarmadian).

(ANN) [15,16], support vector regression (SVR) [17], cubist (CB) re-
gression [18], boosted regression tree (BRT) [13], and multiple linear
regression (MLR) [19], among others. By comparison with classical
linear geostatistical methods, ML algorithms are more easily accounting
for possible nonlinear relationships between SOC and covariates [20],
with the drawback of being black box models due to their limited
interpretability [21].

As it is well known that soils properties are usually varying with
depth [22], understanding how the performances of ML algorithms and
the effect of environmental covariate is influenced by this depth is an
important topic, especially if the goal is to predict SOC both spatially
and vertically (see, e.g., [23–25]). Among other studies, [16] compared
SVR, neural network and RF methods to predict SOC at two depths
(0–15 and 15–30 cm) using soil, climate, topography, and Landsat 8
covariates; they showed that SVR outperforms other ML algorithms,
while soil nitrogen, aspect, slope gradient, precipitation, and NDVI
index are the most important covariates. Gomes et al. [26] compared
CB, RF, generalized linear model (GLM), and SVR to predict SOC
storage at 0–5, 5–15, 15–30, 30–60 cm standard depths; they concluded
that RF was the best method. Taghizadeh-Mehrjardi et al. [17] and
Zeraatpisheh et al. [27] separately modeled the vertical (up to 1 m
depth) and surface (0–20 cm) SOC using various ML algorithms in a
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semi-arid and arid region of Iran; they identified ANN and CB as the
best methods.

Clearly, the various ML algorithms may have distinct performances,
as measured using classical statistics as mean error (ME), root mean
square error (RMSE), determination coefficient (𝑅2) or Lin’s concor-
dance correlation coefficient (CCC). However, when the prediction
residuals exhibit a spatial dependence, this dependence can be used
for subsequently enhancing the predictions. Using ML learning methods
and improving the final results using prediction residuals is commonly
referred to as hybridization. Many studies [28,29] have successfully ap-
plied residual kriging to improve the prediction performances of the ML
models. Silatsa et al. [30] used RF and generalized boosted regression
(GBR) models with their hybridized version for predicting SOC storage
at five soil depths in Cameron; they concluded that hybridization
indeed improves the predictions when some spatial information content
is still contained in the prediction residuals, as estimated from a spatial
covariance function or variogram.

By relying on these previous results and findings, our study is focus-
ing on the vertical (i.e., at four standard depths) and lateral (i.e., spatial
mapping) prediction of SOC content using a set of ML algorithms and is
addressing the following questions: (i) beyond the classical use of envi-
ronmental covariates (as obtained from DEM, RS variables and climatic
data), what is the benefit of additionally accounting for soil variables
that could be measured at the soil profiles along with SOC content,
and (ii) what is the additional benefit of hybridization based on the
spatial information still contained in the prediction residuals. Clearly,
question (i) is of paramount importance for the sampling campaign,
as measuring additionally specific soil properties (beside SOC content)
should be accounted for at the planning stage of a campaign. Using the
most beneficial subset of these soil variables in parallel with environ-
mental covariates could lead to increased prediction performances at a
moderate additional cost.

2. Materials and methods

2.1. Description of the study area

This study was conducted at the regional scale in the northwest
of Iran. The study area covers 57,540 hectares and is partly located
in the Alborz (north of Nazarabad city) and Qazvin (south of Abyek
city) provinces (Fig. 1). It extends from longitude 50◦15′35.06′′ to
50◦29′25.53′′ E and from latitude 35◦54′38.30′′ to 36◦54′38.83′′ N. Mean
annual precipitation is 280 mm and mean annual air temperature is 14
◦ C (Qazvin synoptic station, 1970–2019), with weak Aridic, Dry Xeric,
Aquic soil moisture, and thermic temperature regimes [31].

Main soil parent materials are basaltic volcanic rocks, shale, vol-
canic lava, green tuffs and alluvial/colluvial deposits that relate to
Tertiary and Quaternary. The lithological information was gathered
from digitized 1:100,000 geology maps of Abyek, Karaj, Eshtehard
and Shakeran areas from the Geological Survey of Iran. The soils are
classified under three taxonomic orders, namely Aridisols, Inceptisols,
and Entisols. The area is characterized by five main typical landscapes
from north to south, including Mountain, Hilland, Peneplain, Piedmont,
and Plain, based on geomorphic landscape classification [32]. The
study area is rather flat, with elevation ranging from 1141 m a.s.l. close
to the plain landscape up to 1747 m a.s.l. on the mountain side. Slopes
are lower than 5% for about 70% of the area, reaching up to 15% in
Peneplain, Hilland and Mountain landscapes.

The Qazvin plain is one of the strategic plains for agricultural
productions. As it is under continuous cultivation and exploitation
for a long time, soils are at risk of salinization and reduced fertility.
Dominant land uses are irrigated crops, saline pasture, dry farming, and
non-saline pastures. Winter wheat, barley, alfalfa, maize and orchards
are the main agricultural productions.
2

Fig. 1. Location of the Qazvin and Alborz provinces in Iran (a), with a focus on the
Qazvin plain (b) and the spatial location of the sampled soil profiles in the study area
(c).

2.2. Soil sampling and soil variables

There is no prior knowledge about spatial variability of SOC in
this area, neither from legacy soil maps nor from worldwide products
such as SoilGrids 250m [33], that has no observation points in the
area. Instead, soil data have been gathered from various local sampling
campaigns that were conducted from 2016 till 2020 over various parts
of the study area. Soil profiles were typically selected using random
sampling for each of these campaigns. A total number of 278 soil
profiles were gathered, with an average distance of 1200m between
profiles (Fig. 1).

All profiles were dug to a depth of 200 cm or above the lithic or
para-lithic contact layer. They were described according to their mor-
phology and identified pedo-genetic horizons. Disturbed soil samples
were collected from each genetic horizon. Soil samples were air-dried
and passed through a 2 mm sieve. SOC was measured using wet
oxidation [34]. Besides SOC measurements, some soil properties that
are considered as key ones in arid and semi-arid regions from expert
knowledge [35] were also measured, namely pH, bulk density (BD),
soil texture fractions (Clay, Silt, Sand), calcium carbonate equivalent
(CCE), and electrical conductivity (EC).

For obtaining soil properties along the vertical profiles at all possi-
ble depths, equal-area quadratic splines were used to obtain these soil
variables as continuous functions of depth using the ‘‘GSIF’’ package in
R. The values for SOC, pH, EC, CCE, BD, Sand, Silt, Clay where finally
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Fig. 2. Workflow for predicting SOC content at the four standard soil depths.
obtained at four standard depths (0–5, 5–15, 15–30, and 30–60 cm). A
detailed mathematical description of equal-area quadratic splines can
be found in [23,36]. Pearson’s correlation coefficient (𝑟) was used to
measure correlation between SOC and the various soil properties (pH,
EC, CCE, BD, Sand, Silt, Clay) at the sampled locations (Fig. 3).

2.3. Environmental covariates

A total of 55 covariates were selected as potentially related to soil
forming factors in the SCORPAN model [37]. These covariates were
gathered from different sources such as DEM, RS images, climate data
and soil properties. Six of the most important covariates are presented
in Fig. 4. For modeling purposes, all covariates were resampled at
a 15m spatial resolution using a bilinear resampling method in the
SAGA-GIS software [38].

2.3.1. Topography
DEM was obtained from ALOS PALSAR (https://asf.alaska.edu/)

with an initial spatial resolution of 12.5m and was used to derive
30 topographic attributes. Geomorphometric attributes (e.g., elevation,
aspect, valley depth, wetness index, modified catchment area, diffuse
insolation, total insolation, etc.) were produced using the SAGA-GIS
software [39].
3

2.3.2. Remotely sensed images
A total of 20 RS indices and spectral band values were extracted

from Landsat 8 images (OLI/TIRS) with a cloud cover lower than 10%.
The optical data were downloaded from USGS (https://www.usgs.gov/)
between summer and autumn 2016 to 2020, thus covering the dates
of the various soil sampling campaigns that were gathered for this
study. ERDAS IMAGINE software was used for radiometric corrections.
Several individual bands were used (bands 2, 3, 4, 5, 6, 7, 10 and 11)
along with ratios of vegetation and spectral indices, i.e., Difference Veg-
etation Index (DVI), Normalized Difference Vegetation Index (NDVI),
Ratio Vegetation Index (RVI), Transformed Vegetation Index (TVI),
Corrected Transformed Ratio Vegetation Index (CTVI), Soil Adjusted
Vegetation Index (SAVI), Green Normalized Difference Vegetation In-
dex (GNDVI), Modified soil-adjusted vegetation index (MSAVI). In
parallel, Clay index, Gypsum index, Salinity index, and Carbonate index
were also obtained.

2.3.3. Land use
As there was no legacy land use map at hand for the study area, we

prepared it from a set of 2000 observation points where land use was
known. Five main land use classes were defined, namely irrigated land
(the dominant land use covering 52% of the area), saline pasture (22%,
scattered and mainly occurring in the low relief zones), dry farming
(16%), non-saline pasture (8%), and urban and industrial zone (2%).
Using four Landsat 8 spectral bands (bands 3, 4, 5 and 6) and the DEM,
land use was predicted using a RF algorithm, with a resulting overall

https://asf.alaska.edu/
https://www.usgs.gov/
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Fig. 3. Correlations between SOC and the various soil measured physico-chemical properties at the four standard soil depths, i.e., 0–5 cm (a), 5–15 cm (b), 15–30 cm (c) and
30–60 cm (d). Underlined correlation values between SOC and other soil variables are significantly different from zero.
accuracy of 94% for these classes. Using this fitted RF model, the land
use map was finally predicted over a regular grid at the required spatial
resolution.

2.3.4. Climate
The monthly climate data obtained from 24 weather stations were

gathered for generating maps of maximum, minimum and mean annual
temperature (MaxT, MinT and MAT) and precipitation (MAP) based on
the Empirical Bayesian kriging (EBK) interpolation method using Arc
GIS software. The EBK method was selected because (i) it accounts
for the most difficult aspects of building a valid kriging model, (ii)
in comparison with other kriging methods, EBK is more accurate for
the prediction of relatively non-static data, particularly when limited
data are at hand [40]. The original maps were obtained at 250m
spatial resolution and were resampled at 15m spatial resolution using
a bilinear resampling method.

2.4. Scenarios and processing workflow

Two scenarios were investigated for predicting and mapping SOC
using various ML algorithms. The first one (S1) is accounting for all
DEM, RS, climate covariates and for soil variables that were also
measured for the sampled profiles at the various depths, in parallel to
SOC measurements. The second scenario (S2) only accounts for DEM,
RS, climate covariates by considering that soil variables other than SOC
are not available for the modeling and prediction process. Comparing
results for S1 and S2 allows assessing the benefit of accounting for
soil properties, while traditionally ML algorithms tend to discard them,
4

either because they were not measured in parallel with SOC or because
they are not initially available at the nodes of the prediction grid.

The workflow for modeling and predicting SOC at the four selected
standard depths is detailed in Fig. 2. The mains stages are : (1) collec-
tion of soil samples and measurement of SOC content, along with other
soil variables and environmental covariates; (2) creation of an overlay
matrix for SOC and the various SCORPAN factors at the four standard
depth (0–5 cm, 5–15 cm, 15–30 cm, and 30–60 cm); (3) calibration of
the six individual ML models using two scenarios (S1 and S2); (4)
prediction of SOC content using the various ML models, by additionally
accounting for the spatial correlation of the prediction residuals (hy-
bridization) using ordinary kriging; (5) comparison and interpretation
of the SOC maps at the four depths, using relative importance and
partial dependence analyses.

2.5. Machine learning methods

Six machine learning (ML) algorithms were compared in this study,
namely multiple linear regression (MLR), random forest (RF), deci-
sion tree regression (DTr), k-Nearest Neighbor (k-NN), support vector
regression (SVR), and cubist (CB). All ML methods were applied for
predicting SOC from the set of environmental covariates for the two
scenarios S1 and S2 at the four standard depths. It is worth noting that
MLR is a linear method, and it is used here for comparison purpose
with the results for the five other nonlinear ML methods. All methods
used in this paper were implemented using various packages of the R
statistical software 3.5.1 [41].
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Fig. 4. Most influential environmental covariates derived from DEM, climate data, and RS indices: NDVI (a), Multi-resolution valley bottom flatness index (b), Diffuse Insolation
(c), Standardized Height (d), Mean annual temperature (e), and SAGA Wetness Index (f).
2.5.1. Multiple linear regression (MLR)
MLR is a linear statistical model that offers the benefit of a straight-

forward estimation of its parameters [42]. The MLR regression model
for SOC is given by

SOC = 𝑏0 +
𝑛
∑

𝑖=1
𝑏𝑖𝑥𝑖 + 𝜀𝑖 (1)

where 𝑛 is the number of predictors, 𝑥𝑖’s are the covariates (i.e., en-
vironmental covariates and soil properties) and 𝜀𝑖’s are the regression
residuals, where the unknown parameters are the intercept 𝑏0 and the
slopes 𝑏𝑖’s of the hyperplane along the 𝑥𝑖’s axes. MLR can be viewed as
the simplest ML method among those that are presented here, thanks
to the fact that it merely a linear combination of covariates, where the
𝑏𝑖’s are easily estimated using a least squares criterion.

2.5.2. Decision tree regression (DTr)
Decision tree builds regression or classification models in the form

of a tree structure. A decision tree is incrementally developed by
breaking down a dataset into smaller and smaller subsets. The final
result is a tree with decision nodes and leaf nodes. Creating a DTr
consists of two steps. The first step is the creation and growth of the tree
that involves bonding and branching. The second one is the stopping
and pruning in order to minimize the prediction error. Partitioning
5

stops when CART (classification and regression tree) detects that no
further gain can be made, or when some pre-set stopping rules are
met. For a regression tree, the terminal node can be a single value or
a regression model. DTr requires tuning two parameters that are the
complexity (Cp) and the tree size [43]. The ‘‘rpart’’ package of the R
software was used for this goal.

2.5.3. Random forest (RF)
Random forest is an extended version of the regression and clas-

sification tree models [44]. It is one of the most used ML models in
DSM. The RF output is the mean of all regression trees and the en-
semble model is built by averaging multiple models based on different
bootstrap sample datasets [45]. RF requires tuning two parameters, that
are the number of randomly sampled variables at each split (mtry) and
the number of regression trees grown in the forest (ntree). For each
depth, the tuning of these parameters was done by iterating mtry values
(i.e., the number of covariates) from 1 to 16 and ntree values from
500 to 3,000 with an increment of 100 [46]. The ‘‘randomForest’’ and
‘‘caret’’ packages [47] of the R software were used for this goal.

2.5.4. k-Nearest Neighbor (k-NN)
The k-NN algorithm does not use any predefined mathematical func-

tions to estimate a target soil property. Instead, a reference dataset is
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searched for covariates that are the most similar to the target property
based on the selected input covariates. The similarity between the
target soils properties and the known instances is measured by the
Euclidean distance, with

𝑑𝑖 =

√

√

√

√

𝑥
∑

𝑗=1
𝛥𝑎2𝑖𝑗 (2)

where 𝑑𝑖 is the ‘‘distance’’ of the 𝑖th soil from the target soil properties,
𝛥𝑎𝑖𝑗 is the difference of the 𝑖th soil from the target soil properties in the
𝑗th soil properties, and 𝑥 is the number of soil properties considered
or the model. In this study, the k-NN algorithm was adapted from
he variant developed by [48] and was implemented using the ‘‘caret’’
ackage in the R software. The optimal number of k-neighbors was
stimated by minimizing the RMSE using cross-validation.

.5.5. Support vector regression (SVR)
SVR is a kernel-based learning regression method proposed by [49].

t is based on the computation of a linear regression function in
multidimensional feature space [50], where modeling a linear re-

ression hyperplane for nonlinear relationships is possible using this
eature space. SVR was implemented using the ‘‘caret’’ package of the R
oftware. A Radial Basis Function (RBF) kernel method was used here.

.5.6. Cubist (CB)
Cubist is a piecewise linear tree model that uses a recursive par-

itioning of the predictor variables space [51]. It uses a divide-and-
onquer strategy and seeks to minimize the intra subset variation at
ach node. CB models take the form: if [conditions] then [linear model]
pproach. If the predictor variables associated with an observation
atisfy a set of conditions, the linear model is used to predict the
esponse. The advantage of the condition set in each rule is that they
nable interactions to be handled automatically by allowing different
inear models to capture the local linearity in various parts of the
redictor variables space. This can often lead to smaller trees and better
rediction accuracy than regression trees [51]. CB requires tuning two
arameters that are the optimal number of committees and neighbors.
he ‘‘caret’’ package of the R software was used for this goal.

.6. Hybridization of SOC predictions

Hybridization is the process of combining at least two methods or
lgorithms to obtain a new hybrid method or algorithm that improves
he prediction accuracy [30]. Ordinary kriging (OK) was used here for
he hybridization, as it allows us to account for the spatial correlation of
he prediction errors. As OK predicts values at unsampled locations by
aking advantage of the spatial dependence, it provides an estimation
f the prediction errors at arbitrary locations. See, e.g., [52] for a more
etailed presentation of kriging in general. In this study, the empirical
emivariogram 𝛾̂𝜀(‖𝐡‖) was estimated first from the prediction residuals
(.) at the various profiles locations 𝐱1,… , 𝐱𝑛, with

̂𝜀(‖𝐡‖) =
1

2𝑁(‖𝐡‖)
∑

𝑁(‖𝐡‖)

[

𝜀(𝐱𝑖) − 𝜀(𝐱𝑖 + 𝐡)
]2 (3)

where 𝐡 is the distance vector between two profile locations and 𝑁(‖𝐡‖)
is the number of pair of locations separated by the Euclidean distance
‖𝐡‖. A combination of a nugget and exponential variogram models was
then fitted using a least squares procedure, where the variogram model
is

𝛾𝜀(‖𝐡‖; 𝜃1, 𝜃2, 𝜃3) = 𝜃1𝛿(‖𝐡‖) + 𝜃2
(

1 − exp(−3‖𝐡‖∕𝜃3)
)

(4)

where 𝛿(‖𝐡‖) is the Kronecker delta, 𝜃1 is the nugget effect (i.e. the spa-
ially uncorrelated part of the prediction errors), 𝜃1 + 𝜃2 is the total sill
i.e. the variance of the prediction errors), 𝜃1∕(𝜃1+𝜃2) is the nugget-to-
ill ratio (i.e. a relative measure of the spatial dependence importance),
nd 𝜃3 is the range (i.e., the extent of the spatial dependence). See,
.g., [53] for more details about variogram interpretation, estimation
nd modeling. This fitted variogram model was finally used in OK to
redict the errors over the grid used by the various ML algorithms.
6
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.7. Features selection and partial dependence plots

Due to the large number of potential covariates, it was necessary to
educe their number for limiting collinearity issues [54]. This was done
sing the variance inflation factors (VIF), with

IF𝑗 =
1

1 − 𝑅2
𝑗

(5)

where 𝑅2
𝑗 is the determination coefficient of the multiple linear regres-

sion model when predicting the 𝑗th covariate using the remaining (𝑗−1)
ones. All covariates with VIF values above 10 were considered as highly
correlated and were discarded [55]. Collinearity between soil variables
and these selected environmental covariates were also assessed using
VIF, but all of them where lower than 5, so no serious collinearity issue
was identified. After removal of the highly correlated environmental
covariates, remaining ones were further subject to Recursive Feature
Elimination (RFE) based on a backward selection, thus avoiding the
need of fitting again the models at each step of the search [56]. See [35]
for more detailed information about the RFE method in general.

When using ML algorithms, due to the high nonlinearity of the
methods, the relationship between the input variables and the output
prediction is difficult to assess [57]. In order to gain some insight about
the respective importance of each input variable in the prediction pro-
cess, the use of partial dependence plots (PDP) has been proposed [58].
In a SOC mapping context, this approach has been used by [59–61]. The
‘‘pdp’’ package of the R software was used for that goal.

2.8. Model evaluation

For the aim of external validation of the various ML algorithms, the
data set was split in two parts, with 80% of them used for calibration
and 20% of them used for validation. For tuning the RF, DTr, k-NN,
SVR, CB and MLR parameters, a 10-fold cross-validation was repeated
10 times [62] using only the calibration data set. Common perfor-
mance indices, i.e., mean error (ME), root mean square error (RMSE),
coefficient of determination (𝑅2) and Lin’s concordance correlation
coefficient (CCC) were used to evaluate each model based on the
validation data set, with

ME = 1
𝑛

𝑛
∑

𝑖=1
(𝑃𝑖 − 𝑂𝑖) (6)

RMSE =

√

√

√

√

1
𝑛

𝑛
∑

𝑖=1
(𝑃𝑖 − 𝑂𝑖)2 (7)

𝑅2 = 1 −
∑𝑛

𝑖=1(𝑂𝑖 − 𝑃𝑖)2
∑𝑛

𝑖=1(𝑂𝑖 − 𝑂̄)2
(8)

𝐶𝐶𝐶 =
2𝑟𝜎𝑝𝑖𝜎𝑜𝑖

𝜎2𝑝𝑖 + 𝜎2𝑜𝑖 + (𝑃𝑖 − 𝑂̄𝑖)2
(9)

ith 𝑃𝑖 and 𝑂𝑖 the predicted and observed values, 𝑂̄ the average of the
observed values over the 𝑛 measurements, 𝑟 the correlation coefficient
between the predicted and observed values, and 𝜎2𝑃 , 𝜎2𝑂 the variance of
the predicted and observed values.

3. Results and discussion

3.1. Descriptive statistics and correlation analysis

Descriptive statistics of the SOC content for the 278 sampled profiles
at the four standard depths are presented in Table 1. As seen from
these results, SOC decreases with depth, as expected in this study
area [63], with coefficients of variation close to 60% at all depths (to
be considered as high values based on [64] classification). Correlations
between SOC and other soil properties are given in Fig. 3. It can be seen
that BD is significantly correlated with SOC at all depths, while CCE is
significantly correlated with SOC except at 30–60 cm depth. In addition,
Clay is significantly correlated with SOC only for 15–30 cm and 30–60
m depths. Accordingly, only BD, CCE and Clay will be considered as

seful soil properties for predicting SOC at the various depths.



Measurement 201 (2022) 111706S.R. Mousavi et al.
Fig. 5. Relative importance of the covariates and soil variables for SOC prediction using the hybridized RF at the four standard depths, where (a), (b), (c) and (d) refer to 0–5,
5–15, 15–30, and 30–60 cm, respectively. NDVI: Normalized different vegetation index, Diffuse: Diffuse insolation, BD: Bulk density, SH: Standardized Height, MrVBF: Multiresolution
index of valley bottom flatness, Clay: Clay content, CCE: Calcium carbonate equivalent, MAT: Mean annual temperature, SWI: SAGA Wetness Index, MAP: Mean annual precipitation,
Wind: Wind effect, Valley depth: Valley depth, Midslope: Midslope position, CAT: Catchment area, Land use.
Table 1
Descriptive statistics of SOC (in %) at the four standard soil depths (in cm) for the
𝑛 = 278 soil profiles.

Soil depth Min Max Mean Median SD CV (%)

SOC (%)

0–5 0.16 3.83 1.01 0.97 0.61 59.99
5–15 0.12 3.29 0.96 0.86 0.56 58.59
15–30 0.08 2.42 0.78 0.46 0.44 56.17
30–60 0.03 1.80 0.51 0.37 0.32 62.06

SD: standard deviation, CV: coefficient of variation

3.2. Selected features using RFE

Using Recursive feature elimination, a total of 13 environmental
covariates were selected among the 55 initial ones. These selected
covariates can be grouped in four categories, i.e., topography, climate,
RS, and soil properties. As seen from Table 2, the selected covariates
include eight topography attributes derived from the DEM, two climate
covariates (MAP and MAT), and three RS covariates (NDVI, Land
use and Clay index). As expected, numerous DEM-derived covariates
were identified as relevant for predicting SOC, as most changes in
topography attributes explain much of the variability of SOC at the var-
ious depths [65]. Six of the most influential environmental covariates
derived from DEM, climate, and RS indices are shown in Fig. 4 for the
sake of illustration.
7

3.3. Performance of individual and hybridized ML models

All ML algorithms were tuned with respect to their set of hyper-
parameters. These tuned values are given in Table 3. The predictive
performances of the various ML algorithms were assessed using ME,
RMSE, 𝑅2 and CCC. As seen from Tables 4 and 5, results for the
two scenarios S1 and S2 show that S1 (that includes topography, RS,
climate covariates and soil variables) is the most efficient one for
predicting SOC content. For scenario S2 (without the soil variables), the
performance of ML algorithms as measured by 𝑅2 and CCC are divided
by about two, for all ML algorithms and at all depths. Based on these
results, it can be concluded that accounting for soil properties is clearly
improving the prediction performance.

At all depths, RF is ranked as the best performing ML algorithm
among those that are compared in this study, while MLR is ranked as
the worst one. Globally, sorted in decreasing order of performance, the
ML algorithms are RF, SVR, CB, k-NN, DTr and MLR. The best per-
formances for RF are in agreement with the findings by [13,18], who
compared various ML approaches for predicting SOC. Similarly, [16,17]
concluded that RF yields acceptable prediction accuracy for SOC. As
emphasized by [66], higher prediction accuracies are a major advan-
tage of the RF approach for DSM.

For the other ML algorithms, it is worth remarking that, in general
(i) SVR yields prediction performances that are close to RF, while
DTr prediction performances are close to MLR; (ii) CB and k-NN yield
intermediate prediction performances, that are very close to each other
whatever the scenario and the soil depth. Overall, this is in agreement
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Fig. 6. Partial dependence plots for the four most influential covariates at the 0–5 cm (surface) depth for SOC content with respect to Normalized Difference Vegetation Index
(a), Diffuse insolation (b), Bulk Density (c) and Standardized Height (d).
Table 2
List of the selected covariates for predicting SOC at the four standard depths.

SCORPAN factors Parameter Abbreviation Source

s Clay content (%) Clay LAB
s Bulk density (g cm−3) BD LAB
s Calcium carbonate equivalent (%) CCE LAB
c Mean annual precipitation (mm) MAP CLIM
c Mean annual temperature (◦C) MAT CLIM
o Land use RS DEM
o Normalized diff. vegetation index = (𝑁𝐼𝑅 − 𝑅𝐸𝐷)

(𝑁𝐼𝑅 + 𝑅𝐸𝐷)
NDVI RS

s,p Clay mineral index =
(𝑆𝑊 𝐼𝑅𝑎 − 𝑆𝑊 𝐼𝑅𝑏)
(𝑆𝑊 𝐼𝑅𝑎 + 𝑆𝑊 𝐼𝑅𝑏)

Clay–index RS

r Standard height (–) SH DEM
r Valley depth (m) Valley–depth DEM
r Multiresolution index of valley bottom flatness (–) MrVBF DEM
r SAGA wetness index (–) SWI DEM
r Midslope position (–) midslope DEM
r Catchment area (m2) CAT DEM
r,c Diffuse Insolation (kWh m−2 yr−1) Diffuse DEM
r,c Wind Exposition Index (–) Wind DEM

s = soil properties; o = organism; r = relief; p=parent material; c = climate, LAB = laboratory analysis; CLIM = climate
data; DEM = Digital elevation model; RS = Remote sensing; 𝑅𝐸𝐷 = visible red reflectance; 𝑁𝐼𝑅 = near infrared reflectance;
𝑆𝑊 𝐼𝑅𝑎, 𝑆𝑊 𝐼𝑅𝑏 = short-wave infrared reflectance of bands 6 and 7 of Landsat 8 Operational Land Imager, respectively.
with similar studies about SOC using SVR [67,68] or using CB and
k-NN [14,69,70].

Given the fact that SOC prediction using scenario (S1) performs
better than scenario (S2) at all depths, the hybridization of the in-
dividual ML algorithms was only done for S1. Using the respective
8

prediction residuals of each ML algorithms, variograms were estimated
and fitted using a combination of nugget and exponential models, with
corresponding parameters given in Table 6. As seen from the high
nugget-to still ratio and the limited range in general, it can already
be understood that hybridization is not expected to lead to dramatic
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Table 3
Tuned hyper parameters for the various ML methods for predicting SOC at the four
standard soil depths (in cm) based on scenario S1.

ML model Soil depth mtry ntree RMSE

RF

0–5 5 500 0.20
5–15 6 650 0.22
15–30 7 750 0.24
30–60 10 800 0.26

Soil depth Sigma C RMSE

SVR

0–5 0.02 0.25 0.09
5–15 0.07 0.25 0.12
15–30 0.08 0.50 0.15
30–60 0.08 0.50 0.19

Soil depth Committees Neighbors RMSE

CB

0–5 20 0 0.45
5–15 20 5 0.48
15–30 10 9 0.52
30–60 10 0 0.54

Soil depth – k-Neighbors RMSE

k-NN

0–5 9 0.28
5–15 9 0.38
15–30 9 0.39
30–60 9 0.59

Soil depth CP tree size RMSE

0–5 0.061 2 0.98
5–15 0.074 1 1

DTr 15–30 0.094 1 1
30–60 0.051 2 0.96

RF = Random forest; SOC = soil organic carbon; mtry = number of environmental
covariates in each random subset; ntree = number of trees in the forest; RMSE = root
mean square error; SVR = Support vector regression; Sigma = kernel parameter; C
= Penalty parameter; CB = Cubist; k-NN = k-Nearest Neighbor; DTr = Decision tree
regression; CP = complexity parameter.

improvements in this study. The nugget-to-sill ratios are also in agree-
ment with the global performance of the various ML algorithms, with
values slightly above 0.7 for RF and SVR at all depths, intermediate
values around 0.6 for CB and k-NN, while lower values are obtained for
DTr and MLR. The corresponding results for the hybridized ML models
are given in Tables 4 and 5. They show that hybridization indeed
increases the accuracy of SOC prediction maps at all depths. However,
the benefit is relatively moderate here, with a 𝑅2 increase that ranges
from 2% to 11% depending on the ML algorithm and the soil depth.
These results agree with those of [71] who conclude using RF and
gradient boosting (GB) algorithms that combining ML algorithms with
OK increased the prediction performance from 1% to 34%. Similar
findings were documented by [29,30].

3.4. Relative importance and partial dependence plot (PDP) analysis

Based on the hybridized RF model, the respective importance of
the various covariates and soil variables was assessed. We propose
to use here the relative importance of each covariate and its partial
dependence plot (PDP) as main tools for this goal. While the relative
importance of a covariate quantifies the part of the SOC variability that
one can attribute to this covariate, a PDP shows how SOC content tends
to change as a function of this covariate.

3.4.1. Topsoil layer (0–5 cm)
For topsoil SOC prediction (0–5 cm depth), the four most important

ovariates are NDVI, Diffuse, BD and SH, explaining together 36%
f SOC variability (Fig. 5a). The results of the PDP for these four
ovariates are shown in Fig. 6, where it can be seen that SOC content
ncreases with NDVI and Diffuse, while it decreases with BD and SH.

NDVI is ranked as the most important covariate. This agrees with
he results by [72], who reported that SOC variations were mostly
ffected by vegetation indices and soil covariates under the same
9

climate conditions. Similarly, [70] identified NDVI as the most impor-
tant predictor of SOC variability, while [73] reported NDVI as one
of the main factors controlling the topsoil spatial pattern of SOC.
From Fig. 6a, increasing value of SOC with NDVI is an agreement
with the fact that NDVI is a proxy for vegetation cover that reflects
the ecosystem productivity and that impacts the input rate of organic
carbon in soils [29,74].

From Fig. 6b, SOC content is increasing with Diffuse. In agreement
with [75], solar radiation and NDVI are key environmental variables
for SOC distribution, where solar radiation can indirectly control the
SOC content by affecting soil moisture dynamics and plant growth.

From Fig. 6c, the negative impact of BD on SOC is confirmed
(see Section 3.4.3 for the corresponding interpretation). It was already
mentioned that BD it is negatively correlated with SOC at all depths
(see Fig. 3). Similar results were found by [76] between BD and SOC
both at the surface (0–25 cm) and subsurface (25–100 cm) soil depths
n Canada.

Finally, from Fig. 6d, it is seen that SH has a negative impact on
OC. Similarly, [77] identified SH as an effective topographic proxy
or SOC because of its role in the stability and storage of SOC through
oil erosion and sedimentation processes [29,78].

.4.2. Intermediate soil layers (5–15 and 15–30 cm)
When considering the four most important covariates for interme-

iate soil layers (Fig. 5b and 5c), two and three of them are related
o soil properties, respectively. BD is ranked by far as most important
ne. According to Fig. 5b, BD, CCE, NDVI and MrVBF are the four

most important covariates that explain 36% of SOC content in the
5–15 cm layer. For the 15–30 cm layer, BD, MAT, Clay, and CCE are
he four most important covariates that explain 34% of SOC content
Fig. 5c). From this, it can be concluded that soil properties (BD, CCE,
lay) play an important role for predicting SOC at intermediate depths.
imilarly, [27,37] reported that soil texture, CCE, and clay mineralogy
hat are linked to the parent material tend to increase the potential for
arbon conservation in soil. In parallel, MAT has a profound effect on
he accumulation and decomposition of organic matter in the soil by
ffecting plant growth and net primary production [9,72]. Finally, CCE
an be related to carbonate-rich parent material in the study area.

.4.3. Lower soil layer (30–60 cm)
For the subsoil layer (30–60 cm), the four most important covariates

are BD, Clay, MrVBF and SWI, that explain together 40% of SOC
variability (Fig. 5d). The two first covariates are related to soil prop-
erties while the two last ones are related to topography. As for the
intermediate layers, BD is reported as the most important covariate.
On the opposite, covariates related to RS play here a much minor role
by comparison with the other soil layers. Similarly, [79] mentioned
that BD has frequently been linked to SOC in soils that are storing
large quantities of organic matter, while [80] identified BD, salinity
and sand content as the most important ones to explain carbon and
nitrogen pools in an area of the north Nile Delta, Egypt.

From the PDP presented in Figs. 6c and 7a, one can see that the
results for BD are similar to those for the top layer, with a decrease of
SOC with respect to BD. Clearly, BD is a soil physical indicator which
is strongly influenced by land management. Kizilkaya and Dengiz [81]
found that successive tillage operations and land use changes led to
joint significant BD increase and SOC decrease. Celik [82] believed
that the reduction of SOC induces a breakdown of soil aggregates,
where fine particles are transported by water erosion and fill the soil
pores. Therefore, after the destruction of the soil structure, soil porosity
decreases and consequently BD increases.

For Clay, it was already mentioned that it is positively corre-
lated with SOC at all depths (see Fig. 3). This behavior is confirmed
from Fig. 7b, where highest SOC values are observed for clay con-

tent above 20–30%. Soils with high clay content have typically high
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Table 4
Validation results for the individual SOC prediction at the four standard depths (in cm) using scenarios S1, S2 and for the hybridized modeling.

Scenarios Soil depth 0–5 5–15 15–30 30–60

𝑅2 CCC 𝑅2 CCC 𝑅2 CCC 𝑅2 CCC

S1

RF 0.79 0.85 0.76 0.80 0.72 0.76 0.68 0.76
SVR 0.75 0.85 0.72 0.80 0.68 0.76 0.62 0.72
CB 0.55 0.66 0.50 0.61 0.47 0.50 0.45 0.50
k-NN 0.54 0.61 0.48 0.58 0.45 0.47 0.40 0.47
DTr 0.38 0.55 0.36 0.52 0.34 0.35 0.30 0.35
MLR 0.37 0.40 0.33 0.45 0.29 0.28 0.27 0.28

S2

RF 0.40 0.45 0.38 0.50 0.34 0.37 0.30 0.34
SVR 0.37 0.42 0.32 0.42 0.22 0.18 0.15 0.21
CB 0.30 0.35 0.27 0.41 0.24 0.18 0.17 0.26
k-NN 0.30 0.31 0.28 0.40 0.23 0.32 0.19 0.27
DTr 0.32 0.30 0.26 0.35 0.23 0.26 0.20 0.23
MLR 0.19 0.26 0.18 0.25 0.14 0.19 0.15 0.22

Hybrid

RF 0.81 0.87 0.80 0.82 0.76 0.81 0.74 0.78
SVR 0.77 0.85 0.75 0.80 0.73 0.77 0.69 0.71
CB 0.60 0.71 0.56 0.65 0.54 0.63 0.53 0.56
k-NN 0.57 0.68 0.53 0.65 0.51 0.58 0.48 0.50
DTr 0.46 0.63 0.44 0.60 0.41 0.45 0.39 0.53
MLR 0.45 0.50 0.43 0.53 0.40 0.43 0.38 0.39
Table 5
Validation results for the individual SOC prediction at the four standard depths (in cm) using scenarios S1, S2 and for the hybridized SOC (%)
modeling.

Scenarios Soil depth 0–5 5–15 15–30 30–60

RMSE ME RMSE ME RMSE ME RMSE ME

S1

RF 0.25 −0.02 0.27 0.02 0.30 0.18 0.32 0.01
SVR 0.28 −0.02 0.30 −0.09 0.32 −0.12 0.34 −0.1
CB 0.31 0.17 0.35 −0.18 0.37 −0.12 0.39 −0.17
k-NN 0.32 −0.00 0.34 −0.23 0.42 −0.28 0.45 −0.22
DTr 0.35 −0.20 0.38 −0.30 0.40 −0.29 0.46 −0.27
MLR 0.47 −0.00 0.49 −0.32 0.51 −0.30 0.52 −0.31

S2

RF 0.32 0.06 0.34 0.07 0.37 0.22 0.41 0.06
SVR 0.34 −0.12 0.37 −0.15 0.42 −0.28 0.65 −0.1
CB 0.39 −0.13 0.42 −0.11 0.48 −0.26 0.59 −0.03
k-NN 0.42 −0.02 0.63 0.10 0.55 −0.18 0.63 −0.05
DTr 0.38 −0.10 0.42 0.04 0.54 −0.21 0.57 −0.02
MLR 0.50 −0.02 0.52 −0.01 0.62 −0.24 0.67 −0.06

Hybrid

RF 0.21 −0.01 0.23 0.01 0.26 0.16 0.28 0.20
SVR 0.24 0.01 0.26 −0.09 0.27 −0.11 0.29 −0.10
CB 0.31 −0.11 0.33 −0.13 0.35 −0.10 0.37 −0.16
k-NN 0.30 0.07 0.31 −0.12 0.33 −0.24 0.35 −0.20
DTr 0.31 −0.16 0.36 −0.18 0.38 −0.26 0.41 −0.25
MLR 0.43 0.09 0.45 0.22 0.47 0.34 0.49 0.25
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SOC stock [83,84]. In fine-textured soils, the soil organic matter is
surrounded by fine mineral particles that reduce its decomposition
rate from microbial activity, thus leading to SOC increase in the long
run [85].

From Fig. 7c, one can see that SOC content increase for highest
rVBF values. As reported by [86], MrVBF is a topographic attribute

hat reflects the depositional and erosional processes impacting the SOC
patial pattern. Similarly, [87] concluded that higher MrVBF values
re associated with higher SOC storage. More generally, topographic
ttributes such as MrVBF, SWI and Valley depth indirectly influence
OC content by affecting erosion, runoff and drainage [88].

Finally, a PDP of SOC with respect to SWI (Fig. 7d) shows that,
verall, SWI has a positive impact on SOC content. According to the
WI map (Fig. 4f), areas with SWI values higher than 12.5 correspond
o saline pastures. As SWI indicates the spatial distribution of moisture
nd sediment on the soil surface, high soil moisture promotes plant
rowth and so tends to positively impact SOC concentration [45]. Ad-
ikari et al. [89] evidenced that SWI has a high influence in the predic-
ion of subsoil SOC at lower soil depths. Hamzehpour et al. [61] showed
oo that high soil moisture with limited soil aeration leads to decreased
10

icrobial activity and delayed soil organic matter decomposition. n
.5. Spatial maps of SOC at the four standard depths

As RF with hybridization was the best performing ML algorithm, the
OC maps at the four standard depths were drawn using this method
Fig. 8). It is seen that predicted SOC content is the highest in the cen-
ral, northern, and western parts of the study area, with maximum SOC
alues decreasing from 3.05% at the surface (0–15 cm) down to 1.16%
t the lowest depth (30–60 cm), as SOC is mainly stored in the topsoil
nd decreases with depth. Overall, the spatial pattern of SOC is very
imilar for the 0–5 cm and 5–15 cm depths. Similarities at lower depths
re mainly observed for the central part of the study area. Clearly, high
OC content areas are mainly occupied by irrigated crops, dry farming,
nd non-saline pastures. Lacoste et al. [90] and Taghizadeh-Mehrjardi
t al. [17] reported typically higher SOC content in such grassland
nd cultivated areas. Obviously, application of organic manure could
xplain the high SOC contents in areas that have been cultivated for a
ong time. On the opposite and as expected, minimum values of SOC
re predicted in the south, southwest and southeast areas, where the
outhern part is a Plain landscape mainly covered with saline pastures.
he main cause of low SOC content in the southern part of the area

s the corresponding low vegetation covers, that leads to low input

utrients to the soil without proper management.
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Fig. 7. Partial dependence plots for the four most influential covariates at the 30–60 cm (subsurface) depth for SOC content with respect to Bulk Density (a), Clay content (b),
Multiresolution index of valley bottom flatness (c) and SAGA Wetness Index (SWI) (d).
Comparing now SOC maps in Fig. 8 to environmental covariates in
Fig. 4, it is also clear that none of these covariates are exhibiting the
same spatial patterns as for SOC, even at the 0–5 cm depth for which
NDVI is the most important covariate. This agrees with the fact that
the maps resulting from the ML algorithms are nonlinear combinations
of these covariates, so that no obvious similarities can be evidenced
from simple visual inspection in general. Moreover, soil variables (not
pictured here) also play an important role, especially below the soil
surface layer.

4. Conclusions

In this study, SOC predicted maps at four standard soil depths in
an arid and semi-arid region of Iran were prepared using a set of
environmental covariates (from DEM, RS images and climate data) and
soil variables measured at 287 soil profiles. Two scenarios S1 and S2
were considered. While S1 is accounting together for environmental
covariates and soil variables that were also measured for the profiles
at the various depths (in parallel to SOC measurements for these
profiles), S2 discards these extra soil variables in the modeling and
prediction processes. Modeling and prediction were conducted using six
ML algorithms, thus allowing us to assess their respective performances.
Hybridization using kriging was also used to account for the spatial
information still contained in the prediction residuals.

For all ML algorithms, prediction performance (as measured by
𝑅2) decreases with soil depth. For all depths and for both scenarios,
RF was identified as the best performing ML algorithm. A twofold
11
increase of performance is obtained when considering S1 instead of
S2, thus emphasizing the importance of soil variables for properly
mapping SOC content. By contrast, hybridization led to a marginal
performance increase, which is consistent with the limited spatial infor-
mation content that remains in the prediction residuals, as measured by
the high nugget-to-sill ratio and the limited range of the corresponding
variograms.

From a comparison of the relative importance of the environmental
covariates and soil variables at the various soil depths, it is seen
that soil variables (BD, CCE, Clay) play a major role below the soil
surface, with a lower importance for the environmental covariates. This
contrasts with the soil surface (0–5 cm), where NDVI and Diffuse were
identified as the most important covariates. In parallel, PDP allowed
us to investigate the effect of each covariate on the SOC content, with
findings that are in good agreement with those from the literature.

In the context of SOC mapping, it can be concluded that using
jointly environmental covariates and soil variables can lead to a clear-
cut benefit, which is by far higher than the benefit of using refinements
like hybridization. This has also important consequences for the proper
planning of sampling campaigns: as SOC measurements need to be
collected for ML algorithms training and validation, the additional
efforts and money needed for measuring in parallel other important soil
properties like BD, CCE and Clay are worthy. Even if one cannot offer
guarantees that similar findings hold entirely true for other areas, they
however deserve a close attention for subsequent studies and should
also be beneficial for the digital soil mapping community in general.
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Fig. 8. Predicted spatial distribution of SOC (in %) at the four soil standard depths using the hybridized RF model, where (a), (b), (c) and (d) refer to the SOC at 0–5, 5–15,
15–30 and 30–60 cm, respectively.
Table 6
Fitted parameters for the combined nugget and exponential variogram models, as
estimated from the prediction errors associated with the various ML models at the
four standard depths (in cm).

ML model Soil depth Fitted parameters

Total sill Nugget-to-sill Range (m)

RF

0–5 0.24 0.75 710
5–15 0.25 0.73 730
15–30 0.29 0.72 1000
30–60 0.42 0.71 2003

SVR

0–5 0.26 0.74 804
5–15 0.29 0.73 911
15–30 0.30 0.73 950
30–60 0.39 0.71 1662

CB

0–5 0.33 0.68 773
5–15 0.37 0.64 798
15–30 0.35 0.60 826
30–60 0.35 0.57 1047

k-NN

0–5 0.33 0.67 790
5–15 0.35 0.63 915
15–30 0.39 0.61 945
30–60 0.41 0.57 1351

DTr

0–5 0.32 0.66 790
5–15 0.35 0.65 810
15–30 0.38 0.41 3200
30–60 0.44 0.57 5238

MLR

0–5 0.44 0.58 817
5–15 0.48 0.54 878
15–30 0.49 0.24 6251
30–60 0.45 0.46 2846

RF = Random forest; SVR = Support vector regression; CB = Cubist; k-NN = k-nearest
neighbor; DTr = Decision tree regression; MLR = Multiple linear regression.
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