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A B S T R A C T

Mapping the spatial distribution of soil organic carbon (SOC) is crucial for monitoring soil health, understanding 
ecosystem functions, and contributing to global carbon cycling. However, few studies have directly compared the 
influence of hybrid models and individual models with varying spatial resolutions on SOC prediction at a na
tional scale. In this study, by combining remote sensing data, we utilized the LUCAS 2018 soil dataset to evaluate 
the potential capacities of hybrid models for predicting SOC content at different spatial resolutions in Germany. 
The hybrid models PLSRK and RFK consisted of partial least square regression (PLSR) with residual original 
kriging (OK) models, and random forest (RF) models with residual OK models, respectively. Individual PLSR and 
RF models were used as reference models. All these models were applied to estimate SOC content at 10 m, 50 m, 
100 m, and 200 m spatial resolutions. Sentinel-2 bands, band indices, and topography variables were as pre
dictors. The results revealed that hybrid models had a more accurate prediction of SOC content with higher 
explanations and lower prediction errors compared with individual models. The RFK model at the spatial res
olution of 100 m was the fittest model with R2 = 0.416, RMSE  = 0.545, and RPIQ  = 1.647, which enhanced 
3.74% of explanation compared with the performance of RF model. The results also showed that hybrid models 
at a relatively coarse resolution (100 m) had better accuracy instead of those at high spatial resolution (10 m, 50 
m). Sentinel-2 remote sensing data showed significant predictive capabilities for estimating SOC content. The 
predicted spatial distribution of SOC content revealed that the high SOC concentrated in the northwest grassland, 
central and southwestern mountains, and the Alps in Germany. Our study provided a benchmark SOC map in 
Germany for monitoring the changes resulting from land use and climate impacts, and we illustrated the ac
curacy of hybrid models and the effects of spatial resolutions on SOC predictions at a national scale.

1. Introduction

Soil organic carbon (SOC) is an essential indicator for monitoring soil 
health and a fundamental component of the global carbon cycle (Stevens 
et al., 2008). The change of SOC has a significant impact on carbon 
storage, the ecological environment, and climate change (Crowther 
et al., 2016). Quantifying SOC content and mapping SOC distribution is 
a critical procedure for soil management and carbon monitoring. 
Traditional methods rely on abundant ground surveys and field mea
surement samples, which are time-consuming, labor-intensive, and 
destructive to the soil environment (Angelopoulou et al., 2019). 

Moreover, the traditional measurements are not suitable for effectively 
monitoring SOC on large scales, such as national scales and the global 
level. Digital soil mapping is a cost-effective approach for large-scale soil 
prediction. This approach constructs predictive models for analyzing the 
quantitative relationship between soil properties and environmental 
variables to achieve estimations of soil properties (Keskin et al., 2019).

To explore useful factors for estimating SOC content, many studies 
demonstrated that visible, near-infrared (NIR), and shortwave infrared 
(SWIR) spectral regions have a significant correlation with soil proper
ties, including SOC. Multispectral bands and their indices derived from 
remote sensing technology can be used as promising variables to 
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quantify SOC and map SOC distribution on a large scale without contact 
(Mulder et al., 2011; Ge et al., 2011). With the advanced development of 
remote sensors and satellite applications for land monitoring, therefore, 
combining remote sensing imagery with other environmental variables 
for predicting soil properties has become the primary method for digital 
soil mapping from regional scales to the global scale. For example, Wang 
et al. (2020) used Landsat data combined with topography and urban 
variables to predict SOC stocks in Dalian, China. The Landsat series 
satellites provide moderate spatial resolution remote sensing data that 
has been continuously applied to predict SOC and digital soil maps since 
the first generation satellite launched in the 1970s (Taghizadeh-Mehr
jardi et al., 2016; Were et al., 2015; Mirzaee et al., 2016). Currently, the 
Landsat satellites provide comprehensive coverage of the Earth’s surface 
at a 30-meter resolution approximately every two weeks. These satellite 
images include both multispectral and thermal data, allowing for a 
detailed analysis of various aspects of the Earth’s surface. Some vege
tation indices calculated from the ratio of spectral bands also reflect the 
growth situation of plants. However, slow revisit time and additional 
cloud cover affection reduce its application and accuracy for near real- 
time monitoring. Other public remote sensing data, like MODIS imag
ery, has been widely used for digital soil mapping on large scales and 
national scales within its advantage of a shorter repeat cycle (about 1–2 
days) and wide-area coverage (Chen et al., 2019; Mishra et al., 2010; 
Gray et al., 2015), but its low spatial resolution with 250 m to 1 km is a 
limitation (Mulder et al., 2011).

The recently launched Sentinel-2 satellites by the European Space 
Agency (ESA) provide more options based on spatial and temporal res
olutions for a wide range of monitoring and mapping of land use and 
land cover. The Sentinel-2 series includes two satellites (Sentinel-2A and 
Sentinel-2B) that work together in space to reduce the revisit time to 5 
days. There are four bands (blue, green, red, NIR) of Sentinel-2 imagery 
with 10 m spatial resolution, and six bands including red edge 1–4, 
short-wave infrared (SWIR) 1–2 with 20 m spatial resolution, of which 
the spectral range matches well with SOC spectral features (Castaldi 
et al., 2019). With the benefits of high spatial resolution, effective 
spectral region, and short revisit time, Sentinel-2 data has been widely 
and successfully used to predict and map SOC distribution (Vaudour 
et al., 2019; Pham et al., 2021; Castaldi et al., 2019).

The widely used predictive models for SOC prediction and mapping 
involve geostatistics, traditional multivariate statistics, and machine 
learning methods (Keskin et al., 2019). Partial least squares regression 
(PLSR) is one of the important multivariate statistical models because it 
can reduce the impact on multicollinearity problems and effectively deal 
with models with plenty of variables (Ge et al., 2011). As many envi
ronmental variables are used for prediction, reducing the affection of 
multicollinearity is useful for getting a reasonable result based on the 
PLSR model (Vaudour et al., 2019; Dvorakova et al., 2020; Zhang et al., 
2021). Recently, rapidly developed machine learning technologies have 
attracted more interest from researchers in exploring various algorithms 
for SOC prediction. For example, Zhou et al. (2021) used random forest 
(RF), boosted regression trees (BRT), and support vector machine (SVM) 
to analyze and compare the satellite sensors for estimating SOC content 
on the national scale (Switzerland). Lamichhane et al. (2021) compared 
the predictive prediction of stepwise multiple linear regression kriging 
(SMLRK) and random forest (RF) for SOC content prediction and map
ping on the region of Nepal, and the results illustrated that the RF model 
performed better than SMLRK. In addition, Akpa et al. (2016) indicated 
that RF had better performance for estimating SOC content in Nigeria 
compared to Cubist and BRT models.

PLSR models and machine learning algorithms belong to feature- 
based models that can not account for spatial variability among soils 
(Guo et al., 2015). Soil properties are usually influenced by neighboring 
soil information. To improve the accuracy of prediction, geostatistics 
methods, such as ordinary kriging (OK), and simple kriging (SK) are 
added to model residuals of regression models or machine learning 
models (Keskin et al., 2019; Triantafilis et al., 2001). Because 

geostatistics methods are effective tools for explaining the spatial vari
ability of soil properties. A combination with geostatistical models often 
has better predictions than individual models. For example, Mirzaee 
et al. (2016) demonstrated that the hybrid methods produced more 
reliable predictions than geostatistical methods alone based on Landsat 
7 ETM + data on the regional scale of Iran. Guo et al. (2015) used a 
random forest plus residuals kriging (RFRK) approach to predict and 
map the spatial pattern of soil organic matter for rubber plantation with 
more accurate results than stepwise linear regression (SLR) based on 
MODIS 1 km data on a region of Hainan, China. It has been found that 
there are most hybrid methods being used on the regional scale, while 
few studies focus on national scales to compare the capacity and per
formance of hybrid models with individual models (Dai et al., 2014; 
Gasmi et al., 2022; Guo et al., 2017). Martin et al. (2014) tested the 
performance of hybrid models and individual models using the French 
national soil dataset. This study compared the impact of variable 
quantity on the model results and did not use remote sensing data as 
predictive variables nor analyze the influence of spatial resolution on 
the model results.

With the high demand and tendency of attention to national SOC 
information and distribution patterns, monitoring SOC content, and 
improving quantitative accuracy is crucial for every country to identify 
the capacity of soil and make detailed plans for carbon neutrality goals. 
In Germany, however, there is a lack of studies that exploring the na
tional SOC spatial distribution, only some studies focus on SOC under 
single land use, such as forest, and cropland in Germany (Wellbrock 
et al., 2017; Jacobs et al., 2020; Sakhaee et al., 2022). Additionally, 
there are few references yet that directly compare the influence between 
hybrid models and individual models with different spatial resolutions 
for SOC prediction on a national scale. The object of this study aimed to 
analyze and compare the potential of hybrid models and individual 
models in predicting SOC content and mapping at different spatial res
olutions based on Sentinel-2 data in Germany. The main objectives were 
(1) to use the PLSR model combined OK (PLSRK) model, RF model 
combined OK (RFK) model for predicting SOC mapping, and the PLSR 
and RF models as reference models in comparison of the prediction 
accuracy with hybrid models; (2) to evaluate the hybrid models’ per
formance at 10 m, 50 m, 100 m, and 200 m different spatial resolution 
on the national scale; (3) to assess the effect of spatial correlation of soil 
features for SOC prediction on the national scale; (4) to analyze the 
relative importance of environmental variables in the different models; 
(5) to map the SOC pattern of Germany based on the optimal model.

2. Materials and methods

2.1. Study area

Germany is situated in central Europe and has a land area of 315,386 
km2, with a gradually rising altitude from flat plains in the north to 
medium-altitude mountains in the central region and the Alps in the 
South (Fig. 1) (Ginzky, 2021). The climate is diverse and mainly influ
enced by humid westerly winds and the oceanic climate in the western 
and coastal areas. The eastern regions are affected by the temperate 
continental climates (Lange et al., 2022; Zink et al., 2017). Due to the 
climate and diverse topography, at least 12 different soil types can be 
found in Germany (Ginzky, 2021). Land use in Germany is predomi
nantly by croplands (53%) and forests (31%), with a small portion being 
covered by scattered grasslands. To discuss the SOC distribution on 
different land cover, the land cover data of Germany (Fig. 2) was used 
from the European Space Agency (ESA) WorldCover 10 m 2020 product.

2.2. Soil samples

The soil samples were obtained from the Land Use and Coverage 
Area Frame Survey (LUCAS). This survey has been conducting regular, 
consistent standard investigations and analyses for soil properties 
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measurement across European members (28 countries) since 2009 
(Ballabio et al., 2019). In 2018, the LUCAS survey selected 762 points in 
Germany and collected topsoil samples of 20 cm depth for properties 
analysis, including SOC in a single laboratory (Fig. 1). Each sample was 
collected at 0.5 kg and mixed from 5 subsamples. The centre subsample 
was recorded as the coordinate of the location, and the other 4 sub
samples were collected in the north, south, east, and west direction from 
the centre subsample with a distance of 2 m. All LUCAS Samples were 

air-dried and SOC content was measured using ISO standard methods 
(Orgiazzi et al., 2018). Additionally, the main land cover class descrip
tion of each sample was recorded in the LUCAS dataset. 328 samples, 
accounting for 54.67% of the total number, were mainly located in 
cropland, followed by grassland (208, 27.30%), and woodland (205, 
26.90%). There are small accounts in the bare land, built-up land, 
shrubland, and wetland. The proportion of soil samples within each land 
cover type is generally consistent with the proportion of each land cover 

Fig. 1. Soil sampling points located on the digital elevation map in Germany.

Fig. 2. Land cover types of Germany in 2020.
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of areas in Germany. All these samples were randomly divided into two 
datasets: a training dataset (70%) for training prediction models and a 
testing dataset (30%) for validating the accuracy of models. Many 
studies have suggested that the ratio of 70:30 was a widely accepted and 
reasonable proportion for data splitting (Nguyen et al., 2021; Dobbin 
and Simon, 2011; Pham et al., 2018). Additionally, due to the moderate 
size of our dataset, the 30% of data for testing ensured it had sufficient 
numbers for a reliable assessment of model performance.

2.3. Environmental variables

In this study, Sentinel-2 multispectral bands, band indices, and 
topographic variables were selected for predicting SOC variation and 
comparing the ability of models. All these variables (Table 1) were 
collected and calculated from the Google Earth Engine (GEE). These 
variables were reprojected into WGS 84/ UTM zone 32 N coordinates 
and resampled spatially at 10 m, 50 m, 100 m, and 200 m spatial res
olutions, separately.

2.3.1. Remote sensing imagery
High spatial resolution multispectral images were acquired from 

Sentinel-2A and Sentinel-2B, successively launched into space in 2015, 
and 2017 by the European Space Agency (ESA). The Sentinel-2 captures 
13 multispectral bands for monitoring vegetation, soil, and water cover 
with a 5-day revisit cycle (Segarra et al., 2020). The most effective bands 
being relevant for SOC predictions are in the ranges of visible (400–700 
nm), near-infrared (700–1400 nm), and shortwave infrared 
(1400–2500 nm) spectrum regions (Castaldi et al., 2019; Pham et al., 
2021). The Sentinel-2 bands are located in these scopes and are 
consistent with the spectral bands required to predict SOC content. This 
study selected images from May to September, corresponding to the 
sampling time. Additionally, all chosen images had less than 10% cloud 
covers and were masked using the Sentinel-2 QA band. The average 
value of each band (B2, B3, B4, B5, B6, B7, B8, B8A, B11, B12) derived 
from images as predictor variables for modeling.

2.3.2. Band indices
In addition to a single band for retrieving SOC, some combined band 

indices effectively impact prediction models. The normalized difference 
vegetation index (NDVI) is traditionally used as a critical indicator to 
reflect vegetation cover for modeling in digital soil mapping (Xiao et al., 
2019). The normalized burn ratio 2 (NBR2) was computed to indicate 
the difference between around 1600 nm and around 2100 nm, strongly 
correlated with soil moisture vulnerability to straw and crop residues 
(Castaldi et al., 2019). Several studies have proven that soil moisture has 
a negative effect on SOC performance in laboratory experiments, but 
there is not enough precise field measurement yet (Minasny et al., 2011; 
Rienzi et al., 2014). Vaudour et al. (2019) showed that using the soil 
surface moisture index (S2WI) could distinguish moist soil and dry soil 
in the time series prediction model. Thus, the S2WI was calculated to 
explore the explanation of soil moisture for modeling. Non- 
photosynthetic vegetation (NPV) is an essential component in sorts of 
vegetation-soil ecosystems, and Wang et al. (2018) found that it played a 
crucial role in predicting soil carbon content in dry graze in Australia. 
The NPV-soil separation index (NSSI) is a novel spectral index that has 
been proven effective in separating NPV and bare soil (Tian et al., 2021). 
However, few studies have used NSSI or other indices to focus on NPV 
for estimating SOC and digital soil mapping. Therefore, NSSI was 
applied as one of the indicators to assess the prediction models. The 
specific calculations of the band index based on Sentinel-2 are in 
Table 1.

2.3.3. Topographical variables
Topographical variables are crucial factors for influencing the spatial 

distribution of SOC by controlling precipitation, water accumulation, 
vegetation cover, and soil erosional process (Wiesmeier et al., 2019). 
Many studies have illustrated topographic parameters, such as eleva
tion, slope, and aspect were significant variables to explain the variation 
of SOC (Wang et al., 2018; Zhou et al., 2020). In this study area, 
elevation data were obtained from the Shuttle Radar Topography 
Mission (SRTM) V3 product provided by NASA at a spatial resolution of 
30 m. Slope and aspect were also important terrain attributes calculated 
as terrain variables based on elevation data throughout Germany.

2.4. Prediction models

2.4.1. PLSR
PLSR (partial least square regression) is the most frequently multi

variate statistical model for predicting soil properties and digital soil 
mapping (Angelopoulou et al., 2019). This is because of its advantages 
for constructing prediction models that reduce multicollinearity among 
variables. There is usually a high correlation between environmental 
variables, especially among different VIS–NIR spectral bands (Wold 
et al., 2001). The PLSR algorithm generates orthogonal latent variables 
in variable space. These latent variables are linearly comprised of pre
diction variables or response variables to construct new regression re
lationships between them based on the maximum covariance. The 
numbers of latent variables have a critical impact on the accuracy and 
generalization of prediction models. In order to select optimal numbers 
of latent components, a 10-fold cross-validation method was used to 
train models based on the numbers of latent variables from 1 to 17 for 
selecting fitting one with minimum root mean square error (RMSE). The 
PLSR models were used by the ”pls” package in R.

2.4.2. RF
RF (random forest) method is a tree-based ensemble learning method 

and has been a popular approach for predicting SOC in recent years (Jia 
et al., 2021). The review of (Lamichhane et al., 2019) showed that RF 
had the best performance in 13 papers out of 17 comparative papers that 
used it as one of the predictive models. Additionally, previous studies 
have illustrated that RF performed better than other machine learning 
models, such as artificial neural network (ANN), and support vector 

Table 1 
Environmental variables for prediction of SOC content.

Types Variables Definition Reference

Sentinel-2 
MSI

Band 2 Blue; central wavelength: 490 nm ESA - Sentinel-2

​ Band 3 Green; central wavelength: 560 
nm

​

​ Band 4 Red; central wavelength: 665 nm ​
​ Band 5 Red edge 1; central wavelength: 

705 nm
​

​ Band 6 Red edge 2; central wavelength: 
740 nm

​

​ Band 7 Red edge 3; central wavelength: 
783 nm

​

​ Band 8 NIR; central wavelength: 842 nm ​
​ Band 8A Red edge 4; central wavelength: 

865 nm
​

​ Band 11 SWIR 1; central wavelength: 
1610 nm

​

​ Band 12 SWIR 2; central wavelength: 
2190 nm

​

Band index NDVI (Band 8 - Band 4)/(Band 8  +
Band 4)

Pham et al. 
(2021)

​ NBR2 (Band 11 - Band 12)/(Band 11  +
Band 12)

Dvorakova et al. 
(2020)

​ S2WI (Band 8 - Band 11 - Band 12)/ 
(Band 8  + Band 11  + Band 12)

Vaudour et al. 
(2019)

​ NSSI (Band 8A - Band 7)/(Band 8A  +
Band 7)

Tian et al. 
(2021)

Topography Elevation Height above the Earth’s sea level 
(m)

Huang et al. 
(2022)

​ Slope Average degree above flow path Hu et al. (2021)
​ Aspect The compass direction of the 

maximum rate of change
Hu et al. (2021)

X. Ji et al.                                                                                                                                                                                                                                        Ecological Indicators 167 (2024) 112654 

4 



regression (SVR) (Jeong et al., 2017; Siewert, 2018). The RF algorithm 
uses a series of independent regression trees to generate predictions by 
averaging the values of all trees’ prediction results. To avoid overfitting 
problems, each regression tree is trained using a unique bootstrap 
sample of training data, making the RF algorithm more stable and ac
curate compared to decision trees. In the RF algorithm, two main pa
rameters need to be defined in the model processing: the number of trees 
(ntree) and the number of input variables used to split the nodes at each 
partitioning (mtry). Additionally, RF uses out-of-bag (OOB) samples as 
inner cross-validation to assess the accuracy of model prediction and 
estimate the importance of each predictor variable in the models. The 
OOB mean square error (MSEOOB) is calculated by aggregating the pre
diction across all trees using Eq. (1): 

MSEOBB =
1
n
∑n

i=1

(
xi − x̂OOB

i
)2

(1) 

where n is the number of observations, and x̂OOB
i is the OOB prediction 

for observation xi.
In this study, to select optimal parameters of ntree and mtry, the range 

number of ntree was set from 100 to 1000 at 100 intervals, and the range 
of mtry was set from 1 to 17 as 1 interval. Combined every group of two 
parameters generated a series of prediction models based on training 
data. The final model was selected with the smallest prediction error. 
The training process was employed by the ’randomForest’ package in R.

2.4.3. Hybrid models and spatial correlation evaluation
PLSRK (a combination of PLSR and residual ordinary kriging) and 

RFK (a combination of RF and residual ordinary kriging) are hybrid 
methods that combine PLSR, and RF with OK, respectively. The OK is 
regarded as an appropriate and effective geostatistical approach to be 
used for spatial distribution information about SOC content (Yao et al., 
2019). It has been widely applied to interpolate residues from deter
ministic trend analyses (Gasmi et al., 2022; Lamichhane et al., 2019), 
and was reported to outperform other geostatistical models such as the 
SK for residual interpolation (Mirzaee et al., 2016). Thus, in this study, 
after prediction via PLSR or RF, the residual error of the predicted 
response variable (here is SOC content) was interpreted to explain the 
intrinsic spatial variability using OK methods. The residual error was 
defined as follows: 

r(xi) = Z(xi) − ẐPLSR(xi) (2) 

r(xi) = Z(xi) − ẐRF(xi) (3) 

where r(xi) is the residual at location xi,Z(xi) is the measured value, 
ẐPLSR(xi), ẐRF(xi) is the predicted value by PLSR and RF, respectively.

Moran’s I index and empirical semivariograms are the common 
methods to explore spatial autocorrelation and structure (Legendre and 
Fortin, 1989). The semivariograms examine the spatial dependence 
between data at a lag distance of h. The average variance between any 
pair of data is calculated as follows: 

γ

(

h

)

=
1
2n
∑n

i=1
[r(xi) − r(xi + h)]2 (4) 

where γ(h) is the average semivariograms of the SOC content, n is the 
number of pairs of sample points, and h is the lag distance between pairs 
of points.

In this study, Moran’s I index was used to quantify the spatial 
autocorrelation levels of residue and measured SOC content based on 
training data, and empirical variogram models were used to access 
spatial variability of residue SOC. The parameters derived from empir
ical variogram models were conducted to build OK models for inter
preting residues. The final results of ẐPLSR(xi) and ẐRF(xi) got the sum of 
the prediction by PLSR or RF and residual interpretation by OK: 

Ẑ(xi) = ẐPLSR(xi)+ ẐOK(xi) (5) 

Ẑ(xi) = ẐRF(xi)+ ẐOK(xi) (6) 

where Ẑ(xi) is the final predicted SOC content, and ẐOK(xi) is the result 
of interpretation by OK.

2.5. Model evaluation

To evaluate and compare the capability of prediction methods and 
effects of spatial resolution, PLSR, RF, PLSRK, and RFK models were 
trained to predict SOC content using all of the predictor variables in the 
10 m, 50 m, 100 m, and 200 m spatial resolution based on training data. 
The testing data was used to assess model performances. Three evalu
ation indices (1) the coefficient of determination (R2), the root mean 
squared error (RMSE), (3) the ratio of performance to interquartile 
range (RPIQ) were calculated to evaluate the accuracy of the predicted 
SOC content by testing data. R2 and RMSE are widely used to measure 
the degree of linear correlation between predicted and measured values 
(Wang et al., 2018). Additionally, the RPID is a way to normalize the 
RMSE of prediction to compare the prediction accuracy between the 
different models and is preferred over the ratio of prediction to deviation 
(RPD) (Bellon-Maurel and McBratney, 2011). The definition of these 
three indices as: 

R2 = 1 −

∑n

i=1
(zi − ẑi )

2

∑n

i=1
(zi − z)2

(7) 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(zi − ẑi)

2

√

(8) 

RPIQ =
IQ

RMSEP
(9) 

where n is the number of samples, zi is the measured SOC value for the 
sample i, ẑi is the predicted SOC value, z is the mean value of the 
measured SOC, IQ is the interquartile range (IQ  = Q3 - Q1) of the 
measured SOC from the testing data. The fittest model would be used to 
predict the SOC map. The uncertainty of the model was validated by the 
bootstrap approach. We used ten-time iterations to generate the SOC 
maps, thereby calculating the standard deviation of each raster cell to 
present the uncertainty map of SOC (Baltensweiler et al., 2021; Zhou 
et al., 2023).

3. Results

3.1. Descriptive statistics of SOC

Table 2 presents the basic statistics of SOC content for soil samples in 
Germany, including training and testing datasets. The SOC content of 
the training data ranged from 4.80 g/kg to 530.70 g/kg, with an average 
of 37.49 g/kg, and a median of 23.90 g/kg. The SOC content of the 

Table 2 
Descriptive statistics of SOC content (g/kg).

Data Min Max Mean Median Standard Skewness
Deviation

SOC (Training) 4.80 530.70 37.49 23.90 49.84 5.72
LnSOC 

(Training)
1.57 6.27 3.27 3.17 0.76 0.78

SOC (Testing) 5.30 471.00 35.26 23.00 47.02 5.52
LnSOC (Testing) 1.67 6.15 3.23 3.13 0.71 0.95

Note: LnSOC: log-transformed SOC.
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testing data ranged from 5.30 g/kg to 471.00 g/kg, with an average of 
35.26 g/kg, and a median of 23.00 g/kg. The testing data had a similar 
data distribution as the training data as indicated by their results of 
mean, median, standard deviation (SD), and skewness. These statistical 
parameters reflected that both datasets were strongly skewed, with 
skewness values of 5.72 and 5.52 respectively. Therefore, both SOC 
content values were transformed by applying the natural logarithm 
function to remove skewness. After transformation, the median values 
became similar to the mean values, and the skewness of training and 
testing datasets was reduced to 0.78 and 0.95, respectively, which were 
both close to 0.

3.2. Performance of prediction models

The assessments of the performance of each model in predicting SOC 
content are shown in Table 3. The results showed that the type of 
models, and spatial resolutions had significant impacts on SOC predic
tion. In detail, the PLSR model at the 50 m spatial resolution achieved 
the best performance with R2 = 0.361 on the testing data. The accuracy 
of the 100 m spatial resolution was slightly less than that of the 50 m 
resolution, while the worst precision quality was observed at 200 m 
resolution with R2 = 0.277. RF models exhibited a similar trend to the 
PLSR models in terms of the spatial resolutions but they performed 
better than the PLSR models at each corresponding resolution. At the 50 
m spatial resolution, the RF model achieved the best performance, with 
the lowest RMSE and the highest value of the R2 and RPIQ which were 
13.30%, 4.13% higher than those of the PLSR model, respectively. RF 
models had better accuracy for predicting SOC content on the national 
scale compared with PLSR models.

Compared to individual models, the interpretation of residues by 
combined-OK models improved the performance at all four spatial res
olutions (Fig. 3). For instance, in the PLSRK model, the R2 and RPIQ 
improved by 6.65%, and 1.65%, respectively, and the RMSE decreased 
by 1.58%, at the 50 m spatial resolution. However, PLSR models ach
ieved the highest accuracy at the 50 m spatial resolution, while PLSRK 
performed best at the 100 m spatial resolution, with R2 = 0.386, RMSE 
= 0.559, and RPIQ  = 1.606. The same situation also occurred in the RFK 
models, where the performance results had the highest accuracy at the 
100 m spatial resolution instead of at the 50 m spatial resolution as in 
the RF model. The comparative analysis of model performance indicated 
that hybrid models performed better at a relatively coarse spatial reso
lution (100 m), while the performance was unsatisfactory at high reso
lutions (10 m, 50 m) and a coarser resolution of 200 m.

Compared to OK models interpreting the residue of RF models, the 
residual interpretation of PLSR models significantly enhanced SOC 
prediction at the same spatial resolution in hybrid models (Fig. 3). For 
instance, when the PLSR model was combined with the OK model to 
predict SOC, the R2 of the prediction increased by 9.66%, and the RMSE 
dropped by 2.61% at the 100 m spatial resolution, while the R2 of the 
RFK model only increased by 3.74% and the RMSE decreased by 1.27% 
compared to the RF model. Although PLSR models combined with OK 
models improved SOC prediction significantly, the RFK models consis
tently performed best at all spatial resolutions. When the resolution was 
set at 100 m, the RFK model was the fittest model to predict SOC content 
in this study with R2 = 0.416, RMSE  = 0.545, RPIQ  = 1.647.

3.3. Spatial autocorrelation

The results of analyzing the spatial autocorrelation and variability of 
original and residual SOC are exhibited in Table 4, including Moran’s I 
index and variogram function with optimal parameters. Moran’s I index 
measures spatial autocorrelation on a scale from − 1 (completely nega
tive spatial autocorrelation) to 1 (completely positive spatial autocor
relation), where a value of 0 indicates complete spatial randomness. The 
value of Moran’s I for original SOC samples was 0.141 which indicated 
they existed positive spatial autocorrelation, but it was weak. The values 
for the residues of PLSR and RF models were less than those for SOC, 
excluding the residue of PLSR on the 10 m spatial resolution. These 
results illustrated the residue retained spatial variability determined by 
intrinsic effects, while some complex relationships between residue and 
extrinsic effects had been explained by PLSR and RF models.

The experimental variogram functions fitted to the residual SOC 
were optimized using exponential, spherical, and Gaussian models. The 
ratios of nuggets and sill for these models were less than 0.25, indicating 
a high dependence on the spatial variability of residual SOC. The large 
range values were between 16000 m and 24000 m which indicated the 
scale of occurring spatial autocorrelation is relatively large.

3.4. Importance of environmental variables

The relative importance of environmental variables used in PLSR and 
RF models for SOC prediction at a 50 m resolution is displayed in Fig. 4. 
Based on the prediction accuracy of these models, the environmental 
variables showed the highest influence for accounting for SOC content at 
the 50 m pixels, but the related importance ranking of environmental 
variables was different. In the PLSR prediction model, the relative 
importance of all variables did not reach 10%, their performance is 
relatively flat concentrating on 4% to 8%. On the contrary, variables had 
an evident difference in importance in the RF model. Elevation ranked 
top in the RF model, while it is also ranked third in the PLSR model, 
which indicated elevation was an important explanatory variable in this 
study. Among the band indices, NSSI and NDVI were the top two vari
ables in the PLSR model, while NBR2 had significant importance and 
ranked second in the RF model. However, S2WI did not have a high rank 
in both models. Regarding the Sentinel-2 bands, B4 and B2 were the 
most important band variables in the two models, another visible band 
B3 had a moderate ranking in both models. Other bands had different 
performances in these two models. Red edge B7 had over 5% relative 
importance located in the moderate ranking in the PLSR model, while it 
was the bottom variable in the importance ranking of the RF model. 
Whatever in the PLSR or RF model, the sum of Sentinel-2 bands was the 
main domination for explaining SOC content. Band-based indices were 
remarkable variables. It can be concluded that Sentinel-2 data can be 
effectively used for SOC estimation with good performance accuracy 
within the PLSR and RF models.

3.5. Spatial distribution of SOC

Fig. 5 and Fig. 6 show the spatial distribution of SOC content in 

Table 3 
Accuracy of predicted SOC content produced by using PLSR, RF, PLSRK, and RFK 
models at 10 m, 50 m, 100 m, and 200 m spatial resolutions.

Model Resolution R2 RMSE RPIQ

PLSR 10 m 0.337 0.583 1.540
​ 50 m 0.361 0.574 1.575
​ 100 m 0.352 0.574 1.563
​ 200 m 0.277 0.608 1.477
PLSRK 10 m 0.356 0.581 1.545
​ 50 m 0.385 0.561 1.601
​ 100 m 0.386 0.559 1.606
​ 200 m 0.315 0.592 1.518
RF 10 m 0.405 0.551 1.629
​ 50 m 0.409 0.547 1.640
​ 100 m 0.401 0.552 1.627
​ 200 m 0.327 0.587 1.529
RFK 10 m 0.409 0.550 1.632
​ 50 m 0.412 0.547 1.642
​ 100 m 0.416 0.545 1.647
​ 200 m 0.350 0.577 1.557

Note: PLSR: partial least square regression; RF: random forest; PLSRK: partial 
least square regression plus original kriging; RFK: random forest plus original 
kriging; R2: the coefficient of determination; RMSE: the root mean squared error; 
RPIQ: the ratio of performance to the interquartile range.

X. Ji et al.                                                                                                                                                                                                                                        Ecological Indicators 167 (2024) 112654 

6 



Germany based on the RFK model and RF model at a 100 m spatial 
resolution. The SOC content of the spatial distribution was classified into 
ten levels, with the majority of areas exhibiting SOC content ranging 
from 8–47 g/kg. The SOC distribution predicted by the RFK model is 
generally similar to that predicted by the RF model. Some regions with 
abundant SOC content were located in the plains of northwestern, in the 
central and southwestern mountains, and in the Alps region of southern 
Germany. These two predictive maps both showed the general spatial 
distribution of SOC. However, some details were different. For instance, 
it was found that the SOC content produced by the RFK model is higher 
than that produced by the RF model in the central area expanded plots in 
Fig. 5, and 6. According to the prediction of the RFK model, approxi
mately 9.49% of the pixels had SOC content over 50 g/kg, with 0.07% of 
the pixels exhibiting over 100 g/kg across Germany. This proportion was 
larger than that predicted by the RF model (8.83%, 0.05%). The Fig. 7
presented the fittest RFK model with a low uncertainty map. In most 
areas, this model showed a steady prediction of SOC content. Only the 
northwestern areas that had high SOC concentration presented the high 
uncertainty of this model.

4. Discussion

4.1. Comparisons of model performance in SOC prediction

In this study, it was found that model types and spatial resolutions 
significantly influence the prediction accuracy of SOC content at the 
national scale. Although the PLSR model is a popular regression method 
and widely used for soil properties on the regional scale, it did not 
perform as well as the RF models at each spatial resolution in Germany. 
In previous studies, PLSR models were rarely used to predict SOC at the 
national scale. On the contrary, advanced machine learning methods 
were widely used for soil prediction on the national scale (Zhou et al., 
2021; Wang et al., 2020; Odebiri et al., 2021). In previous comparison 
studies, machine learning algorithms had better performance than PLSR 
models (Laamrani et al., 2019; Heil et al., 2022). These reasons might be 
that PLSR models cannot effectively deal with the complicated and non- 
linear relationships between SOC and environmental variables. There
fore, machine learning methods are the preferred selection on the na
tional scale for retrieving SOC compared to the PLSR model. In this 
study, the RF model had satisfactory prediction results. This is supported 
by the result of Wang et al. (2020), which also used the RF model to 
predict SOC content in Mainland Spain with a reliable prediction based 
on the LUCAS database. However, for SOC prediction in Switzerland, 
Zhou et al. (2021) found that boosted regression trees (BRT) models 
performed better than RF models, while Paul et al. (2020) showed that 
the RF model overperformed the BRT model in all accuracy measures for 
digital SOC mapping in the agricultural land on the regional scale. These 
differences were likely due to the influence of various environmental 
situations, selected remote sensors, and study scales.

Compared with the individual RF model, the hybrid model RFK 
added the residual interpretation improved the prediction performance 
whatever the resolutions. Similar results were observed for PLSRK 
models. To further analyze the spatial autocorrelation at the national 
scale, the calculation results of Moran’s I index revealed that residual 
errors persisted after predicting with RF and PLSR models and that these 
errors still exhibited spatial characteristics similar to those of the orig
inal SOC content. Thus, neither PLSR nor RF models explained the inner 
spatial variability or spatial dependence. Even if RF performed well in 
accounting for SOC, hybrid combination RFK had better performance. 
Although the spatial autocorrelation was not strong among soil content 

Fig. 3. Improvement for predicting SOC using PLSRK and RFK compared to PLSR and RF at four spatial resolutions.

Table 4 
The analysis of Moran’s I index and experimental variogram for original SOC and residuals predicted by PLSR and RF models.

Model Resolution Moran’s I Model type Nugget Sill Nugget/Sill Range R2

Original ​ 0.141 Exponential 0.035 0.476 0.074 24600 0.774
PLSR 10 0.143 Spherical 0.093 0.302 0.308 23100 0.805
​ 50 0.137 Gaussian 0.039 0.321 0.121 17667 0.791
​ 100 0.111 Gaussian 0.043 0.327 0.131 17840 0.738
​ 200 0.109 Gaussian 0.042 0.331 0.127 17840 0.913
RF 10 0.114 Gaussian 0.007 0.044 0.159 16628 0.795
​ 50 0.097 Exponential 0.005 0.048 0.104 22200 0.803
​ 100 0.091 Spherical 0.001 0.052 0.019 19300 0.671
​ 200 0.110 Exponential 0.006 0.055 0.109 23400 0.906

Fig. 4. Relative importance of the environmental variables used for SOC con
tent prediction in the PLSR and RF models at 50 m spatial resolution. B2 to B12 
correspond to band 2 to band 12 of Sentinel-2 data; NVDI, normalized differ
ence vegetation index; NBR2, normalized burn ratio 2; S2WI, soil moisture 
index; NSSI, NPV-soil separation index.
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at the national scale, it still improved the performance of the prediction 
when combined with geostatistical methods. A similar combination 
model was used by Gasmi et al. (2022), who found when comparing the 
RF model to the interpolation of RF residuals by the OK method, the 
predictive results were higher than RF models. Similarly, Guo et al. 

(2015) illustrated that the RFK model could map the SOM spatial dis
tribution for a rubber plantation region and account for unexplained 
spatial information in the RF model residuals. The difference is these 
studies concentrated on regional areas and occurred spatial autocorre
lation at a mediate level while the global spatial autocorrelation was not 

Fig. 5. The spatial distribution of SOC content in Germany predicted by RFK at 100 m resolution.

Fig. 6. The spatial distribution of SOC content in Germany predicted by RF at 100 m resolution.
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strong among soil content at the national scale in our study (Moran’s I 
= 0.141). At a large scale, SOC spatial autocorrelation is influenced by a 
broader range of factors, and some of these factors are important for SOC 
content and interactively affect its distribution. However, these factors 
may exhibit different spatial variability patterns on the local area of a 
large scale, and their variability weakens the overall autocorrelation of 
SOC on large scales (Liu et al., 2012; Gorai et al., 2013). For example, 
elevation was the most critical factor for predicting SOC in RF models, 
and its heterogeneity from northern low plain to southern rugged 
mountains combined with vegetation indices can disrupt the continuity 
of SOC. On the local scale, these environmental factors exhibit contin
uous patterns. As a result, partial strong autocorrelation may exist, 
demonstrated according to the value of the nugget/still in variogram 
functions. In addition, the spatial autocorrelation may also be influenced 
by the sampling density and distribution (Oliver and Webster, 2014). In 
our study, the sampling points are spaced too far apart and unevenly 
distributed, capturing the fine-scale spatial autocorrelation may be 
challenging. Thus, most spatial analyses of soil properties focus on local 
or regional scales, and the studies on large scales exit the challenge of 
the impact of environmental heterogeneity and sampling distributions.

On the national scale, Martin et al. (2014) used the BRT model and 
the hybrid model to predict SOC content in France and compared the 
impact of variables on the performance of models. Their study showed 
that the performance of hybrid models was influenced by the number of 
environmental variables. The predictive performance of the BRT model 
was not significantly improved by geostatistical interpolation when 
numerous environmental variables were applied to the models. How
ever, when the environmental predictors were limited in the prediction 
models, the hybrid model was a significantly effective method to 
improve prediction performance. This difference might be various 
covariates sufficiently explain deterministic trends of featured space for 
SOC compared to limited covariates. So the errors of residues were not 
likely to show significant spatial variability and hybrid models did not 
improve the accuracy of SOC prediction. In this study, the selected 
covariates are limited to only involving Sentinel-2 bands, bands-based 
indices, and topographical factors. On the one hand, variables with 
high spatial resolution were limited. McBratney et al. (2003) proposed a 

fundamental framework of environmental variables for soil properties 
indicating that climate and parent materials were influential to SOC 
estimations. However, it was difficult to acquire high spatial resolution 
resources of these factors. For example, climate factors like temperature 
and precipitation are common with 1 km resolution. Resampling these 
data to high resolutions (10 m) might produce much noise and errors 
decreasing the performance of models. On the other hand, although it is 
possible to obtain numerous variables from remote sensing images, it 
would generate redundancy, model overfitting, and covariates collin
earity issues (Rahmani et al., 2022). For example, Suleymanov et al. 
(2021) calculated 17 relief variables from the digital elevation model to 
map SOC, and there are only three variables with the most importance 
for modeling. In most cases, it is a challenge to include all significant 
variables or to easily acquire them. Therefore, with a limited number of 
variables, our study demonstrated that, at the national scale, employing 
a hybrid model is a promising method to enhance the accuracy of SOC 
prediction. Kühn and and Dormann (2012) suggested considering the 
missed residual spatial process to improve the mapping accuracy. Thus, 
the hybrid model, which integrated feature-based models with geo
statistical methods, effectively captured the complex relationships of 
SOC and spatial variability across diverse land covers. It could be 
precious for countries with limited legacy inventories, as it allowed for 
more accurate national-scale SOC mapping by residual analysis, which 
offered a reliable reference for them seeking soil strategies on a national 
scale.

Additionally, in our study, we found that the performance of hybrid 
models was affected by spatial resolutions on the national scale. On the 
one hand, the PLSRK and RFK models performed well at 100 m instead 
of 10 m spatial resolution. The high spatial resolution (10 m) did not 
have the best performance in all of the models. Similarly, Zhou et al. 
(2021) predicted SOC content and C: N ratio with multi-spatial scales 
(20 m, 100 m, 400 m, and 800 m) in Switzerland, and the best perfor
mance was also found at the 100 m spatial resolution. In other soil 
properties mapping studies, Chi et al. (2019) predicted total nitrogen 
using the PLSR model achieved the best accuracy at 100 m spatial res
olution compared with 200 m, 400 m, and 800 m scales. Correspond
ingly, Xu et al. (2017) suggested that high spatial resolutions(<10 m)- 

Fig. 7. The standard deviation map of SOC content in Germany by the RFK model at 100 m resolution.
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based soil prediction models did not have better performance than 
coarse spatial resolution (30 m) models in the exchange potassium 
prediction. The spatial resolutions have similar impacts on hybrid 
models.

On the other hand, hybrid models with the best performance were 
not consistent with individual models in terms of spatial resolution. The 
interpolation of OK in the residue was affected by spatial resolutions of 
environmental indices as well. Thus, the performance of hybrid models 
was affected by the integrated effection of featured space models plus 
residual interpretation on spatial scales. In this study, we found indi
vidual models whether PLSR or RF, had the highest accuracy at 50 m 
spatial resolution. At the fine resolution, more detailed information can 
be captured, which provides higher accuracy and lower uncertainty in 
deterministic trend analyses (Chi et al., 2019). In this situation, the 
interpretation of OK models might be limited, in particular RF individual 
models. The residual OK model only improved R2 by 0.73%, while the 
RMSE did not improve at 50 m resolution (Fig. 3). However, at the 100 
m resolution, despite RF or PLSR models performing worse than those at 
the 50 m resolution, the residual OK model improved the integrated 
performance of hybrid models at a coarser resolution. In the coarse 
scale, certain details are smoothed out and averaged, resulting in 
reduced spatial variability within the local area. Thus, at the 200 m 
resolution, OK models were more influential to residues than those at 
the 100 m resolution. However, due to the bad performance of RF and 
PLSR models at 200 m resolution, the integrated performance did not 
exceed models at 100 m resolution. It was found that when the spatial 
resolution was 200 m, all models performed the worst compared to other 
scales in our studies. Hybrid models are sensitive to the scales of spatial 
resolutions of environmental variables. It plays an essential role in soil 
prediction and mapping, the best accurate prediction of hybrid models 
might happen at a related coarser resolution than that of individual 
models. These results might be interpreted cautiously because only OK 
models were considered for interpolating the spatial distribution of re
sidual SOC in our study. Although many studies showed OK combining 
with various machine learning models had better performance than 
individual models, there is a lack of comparisons in using different 
geostatistical models for hybrid model combinations. A further study 
focusing on selecting various geostatistical models, such as Inverse 
distance weighting (IDW), should be done to investigate the accuracy of 
hybrid models..

4.2. Remote sensing variables controlling SOC prediction

Previous studies have demonstrated the crucial role of remote 
sensing data in digital soil mapping (Xiao et al., 2019; Wang et al., 2018; 
Vaudour et al., 2022). In this study, we investigated the contribution of 
Sentinel-2 variables as environmental predictors for predicting SOC 
content and creating a digital mapping of SOC in Germany. Our results 
showed that Sentinel-2 bands accounted for 56.2%, and 48.2% of the 
relative importance of all variables in the PLSR and RF models, 
respectively, at a spatial resolution of 50 m. Similar studies have also 
reported the importance of Sentinel-2 variables in explaining soil 
properties (Castaldi et al., 2019; Vaudour et al., 2019; Gholizadeh et al., 
2018). The relative importance of bands varied across different models, 
however, the visible bands (B2, B3, B4) at 490, 560, and 659 nm 
consistently performed well in explaining SOC features, which is 
consistent with previous studies (Nocita et al., 2015; Wang et al., 2022). 
This is because high levels of organic carbon generally lead to lower 
reflectance in these spectral bands, as organic materials tend to absorb 
more light (Nocita et al., 2014; Stuart, 2004). Soils with higher organic 
carbon content often appear darker, particularly in the red band, which 
is sensitive to color changes induced by organic matter (Ladoni et al., 
2010). Castaldi et al. (2019), in the northern region of Germany, found 
that Sentinel-2 performed similarly to airborne hyperspectral data in 
predicting SOC content. The spatial resolution and spectral character
istics of Sentinel-2 were adequate for mapping SOC variability at the 

regional and even large-scale distribution. Compared to Landsat or 
MODIS data, Sentinel-2 has four extra red-edge bands (B5, B6, B7, B8A), 
which are sensitive to SOC. However, these bands were ranked lower in 
the importance lists, particularly in terms of the RF models. This was 
different from previous studies (Xie et al., 2022; Guo et al., 2021). The 
performance of the red-edge band and red-edge information should be 
explored for future studies. Xie et al. (2022) showed their designed new 
spectral indices, where B5, B6, and B7 replaced B4, and B8A replaced 
B8, involved in the models had better prediction for SOC content.

In addition to the multispectral data, the band indices performed 
significantly in the prediction models. The combinations of multis-bands 
represented the impact of different environmental factors on SOC pre
diction. Among all band indices, NSSI had the highest relative impor
tance in the PLSR model and a moderately important role in the RF 
model. Unlike most indices that rely on measuring green vegetation, 
such as NDVI, NSSI effectively separates non-photosynthetic vegetation 
and bare soil from the 750 nm-900 nm spectral range (Jia et al., 2021). It 
reflects the surface cover situation of non-photosynthetic vegetation, 
which influenced carbon cycling and soil erosion and had still not been 
appropriately learned for predicting SOC content. However, this study 
used NSSI as a prediction variable and verified it to be an essential 
predictor for estimating SOC variability. Non-photosynthetic vegetation 
should be considered a necessary element for predicting soil properties, 
particularly in regions where it is prevalent, such as drylands or post- 
harvest agricultural fields. By integrating NSSI, the prediction models 
can capture a more complete picture of the surface cover, improving 
SOC estimates’ accuracy. NDVI also made similar contributions to both 
prediction models. It is often used to assess vegetation health and den
sity, which is strongly correlated with SOC. Areas with high-density and 
healthy plant cover can contribute to high organic matter in the soil 
through leaf litter, root decay, and other processes (Zhang et al., 2019). 
As NDVI captures variations in vegetation, it indirectly reflects varia
tions in SOC content. This result was consistent with previous studies 
(Taghizadeh-Mehrjardi et al., 2021; Jeong et al., 2017). Particularly, in 
tropical regions or countries where vegetation dynamics significantly 
influence SOC, using vegetation indices like NDVI could provide critical 
insights into its predictions. Among other band indices, NBR2 had a very 
high ranking in the importance of variables in the RF model with 
moderate importance in the PLSR model. It reflected the influence of 
crop residues and soil moisture. Crop residues could prevent weed 
growing to improve soil aeration and enhance SOC (Berger et al., 2021). 
Sentinel-2-derived data effectively represent biophysical properties 
related to vegetation cover, and residues reducing the time-consuming 
of field measurements. However, S2WI as an indicator calculated from 
Sentinel-2 data for analyzing the influence of soil moisture did not play a 
key role in exploiting soil moisture with features of SOC variability. 
Regarding the limitation of optical images, acquiring accurate infor
mation on soil moisture relies on land surface spectral data, which is a 
challenge. To fill these gaps, active SAR sensors, such as Sentinel-1, were 
proven to be sensitive to the variation in soil moisture (Bauer-Mar
schallinger et al., 2019; Paloscia et al., 2013). In addition, previous 
studies have illustrated that combining SAR data with multispectral data 
improved the accuracy of SOC prediction (Hamzehpour et al., 2019; 
Shafizadeh-Moghadam et al., 2022), particularly in dense vegetation 
areas (Yang and Guo, 2019). It is a promising approach to use multi- 
remote sensing data fusion for future studies’ digital mapping of SOC.

4.3. Spatial distribution of SOC content in Germany

In this study, the fittest digital SOC map of Germany was predicted 
by the RFK model at 100 m spatial resolution. The map generally 
revealed the spatial distribution and variability of SOC content in the 
topsoil. The range of SOC content predicted was from 7.57 g/kg to 
137.68 g/kg. The maximum value is far less than that in LUCAS soil 
samples. The evaluation of prediction results did not perform well at the 
scale of high SOC value, and many of the samples that have high soil 
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organic carbon are underestimated (Figure S1). Furthermore, in the 
northwest region where soil organic carbon was very high, the uncer
tainty map (Fig. 7) revealed that the uncertainty in the predictions was 
also stronger. The first limitation is related to imbalanced data distri
bution. The variability of SOC content of Germany in inventory was 
significant, ranging from 4.80 g/kg to 530.70 g/kg, while only 2.62% of 
all soil samples contained more than 150 g/kg SOC. Due to the limited 
number of soil samples, only 762, there are not enough samples with 
high SOC values to train predictive models. The models may be inclined 
to learn patterns from low SOC samples, leading to underestimating 
samples and high uncertainty with high SOC values. Supplying extra 
databases should be considered to increase and balance the number of 
samples in further studies. Sakhaee et al. (2022) used soil datasets from 
German agricultural soil inventory to supply LUCAS 2013. Then, they 
divided German soil samples into organic soils and mineral soils in 
agricultural land for SOC prediction due to the highly variable range of 
SOC content, which improved the performance compared to the original 
data. The capacity of predictive models probably causes the second 
limitation. Because these models might not be sufficient to capture 
highly complex or nonlinear interactions effectively, leading to less ac
curate predictions. Although the RF has successfully demonstrated its 
excellent performance for SOC prediction in many studies, its algorithms 
usually exist in incommensurable results across complicated and various 
ecological systems, limiting its general effection and application in 
different situations (Simon et al., 2023). Recently, some deep learning 
methods, such as deep neural networks (DNN) have been used to esti
mate SOC and found with competitive abilities to estimate SOC (Odebiri 
et al., 2022; Zhong et al., 2021). Nonetheless, the performance of each 
model should be discussed and compared according to specific envi
ronmental situations.

To further discuss the SOC distribution in different land types, the 
SOC content on the main land cover was described, separately (Table 5, 
Fig. 8). The high concentration of SOC content was found in the tree 
cover lands, mainly located in the central and southwestern areas with 
mediate to high altitude and Alps mountain zones. High-altitude 
mountain areas in Germany, usually with high averaged SOC content, 
showed that topography was a crucial environmental variable for SOC 
estimation. Moreover, the high tree cover SOC reserves were attributed 
to the vegetation biomass, forest transformation, parent materials, and 
climate (Akpa et al., 2016; Wiesmeier et al., 2013). The German Na
tional Forest Inventory (NFI) 2012 reported an increase in the growth of 
broadleaved trees in German forests compared to NFI 2002. This in
crease is partly due to the regeneration of coniferous forests with 
broadleaved species, resulting in multilayer stands. These trans
formations may influence carbon pools by potentially translocating soil 
organic carbon (SOC) from the organic layer into the mineral soil 
(Grüneberg et al., 2014). Additionally, Wellbrock et al. (2017) showed 
that broadleaved forests and limed plots store more carbon. This is 
attributed to the lower C:N ratio in broadleaved forests, which enhances 
the humus layer, while liming or elevated pH levels may lead to carbon 
leaching from the humus layer into the upper mineral soil. Similarly, 
Grüneberg et al. (2014) mentioned soil carbon sequestration was 
affected by the interactions of tree species in conjunction with specific 
parent material. Their study indicated that calcareous soils stored higher 
amounts of carbon than noncalcareous soils. The evident result was 

found in the Alps, where calcareous substrates were predominant and 
had high SOC concentrations. Similar studies were reported by 
(Vesterdal et al., 2008). Besides that, human activities and forest man
agement, such as thinning, timber harvest, and drainage, also play 
important roles in carbon dynamics in forest ecosystems (Nave et al., 
2010). For example, different harvest treatments will likely lead to 
significant long-term differences in ecosystem carbon during later stages 
of stand development (Johnson et al., 2002). Additionally, forest lands 
are under threat because of the increasing interest in wood products, 
resulting in the carbon sink rate of forest stands with the potential 
reduction in the coming years (Wellbrock et al., 2017). To avoid the 
reduction of SOC and increase the economic benefits of Germany’s 
forests, the government should consider specific management and 
ecological conditions to create more site-adapted orientated forests. 
German grassland stored plenty of organic carbon underground in soils. 
The northwestern low plains of Germany, where grassland was the 
predominant land use, had the highest concentration of SOC. The 
consistent result was reported in the first comprehensive inventory of 
Germany (Poeplau et al., 2020). One of the reasons for this high SOC 
distribution was the concentration of organic soils in the north and peat 
soils in the northwest areas (Roßkopf et al., 2015). There were also some 
small areas with organic soils in the moraine landscape and the foothills 
of the Alps (Sakhaee et al., 2022). Similarly, results of high SOC distri
bution in the Alps were reported by Zhou et al. (2021), who explained 
the high contribution of SOC in the Alps in Switzerland due to the 
abundant plant litter under the forest cover and cold environment. 
Additionally, grasslands differ from other ecosystems by storing the bulk 
of their sequestered carbon underground in the root zone, which pro
vides greater resilience against natural disturbances like wildfires 
(Odebiri et al., 2022). Nonetheless, grassland soil carbon has been 
shown to be vulnerable to management intensity (van Wesemael et al., 
2010; Smith et al., 2007). Different grassland management practices 
have varying impacts on soil carbon accumulation. On the one hand, in 
extensive grassland management, such as management with minimal 
human intervention, the accumulation of SOC tended to decrease over 
time as plant productivity declined due to nutrient limitations (Allard 
et al., 2007). On the other hand, intensive management practices, such 
as the heavy application of fertilizers, could harm SOC content, leading 
to its decline (Soussana et al., 2004). Conversely, applying fertilizers in 
modest amounts under intermediate grazing management has been 
shown to enhance the accumulation of SOC (Leifeld et al., 2011). At 
present, Lange et al. (2022) reported Alpine foothills had a high grazing 
intensity and a high share of fertilized grasslands, and northwestern 
areas had a high grazing intensity in Germany. To avoid overgrazing 
resulting in soil carbon loss, grassland management should balance the 
intensity of land use with soil health for sustainable development. Most 
croplands had low SOC contents under 20 g/kg than tree covers and 
grasslands. Because native ecosystems such as unmanaged forests and 
grasslands usually conserve much higher SOC stocks than croplands 
(Paustian et al., 2016). In Germany, agricultural soils are threatened by 
contamination by fertilizers, erosion, and loss of SOC (Ginzky, 2021). 
Carbon loss and input rely greatly on land use and management prac
tices (Poeplau et al., 2011; Lal, 2004). Traditional deep tillage disrupts 
soil structure, increasing the exposure of SOC and accelerating its 
decomposition (Hussain et al., 2021), while long-term monocropping 

Table 5 
Summary statistics of the spatial distribution of SOC (g/kg) throughout main land types in Germany.

Land type Tree cover Grassland Cropland Built-up Bare/ Sparse vegetation Herbaceous Wetland

Mean SOC 35.75 34.58 19.99 19.45 19.96 40.00
Min SOC 7.75 7.56 7.60 7.86 7.63 8.14
25% SOC 23.11 20.89 14.40 15.42 13.81 26.94
Median SOC 36.93 32.66 17.82 17.93 17.17 36.64
75% SOC 45.25 43.02 23.21 21.55 22.89 48.72
Max SOC 124.70 137.68 129.92 108.61 111.86 137.08
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Fig. 8. SOC content spatial distribution and Violin plot of SOC content for six main land cover types including (a) and (b): Tree cover; (c) and (d): Grassland; (e) and 
(f): Cropland; (g) and (h): Built-up; (i) and (j): Bare/ sparse vegetation; (k) and (l): Herbaceous wetland.
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depletes soil nutrients and reduces soil biodiversity, thereby leading to 
the loss of SOC (Zhang et al., 2016). At the same time, improved agri
cultural management can reduce greenhouse gas emissions and store 
carbon from the atmosphere. Increasing the capacities of croplands for 
storing organic carbon has been regarded as a necessary approach to 
reducing greenhouse gas effects on climate change (Amelung et al., 
2020). As more than half of Germany’s land is used for agricultural 
purposes, improving organic matter in agricultural soils is essential. 
Within the study of Seitz et al. (2023), cover crops were a promising 
method for improving the storage of SOC in croplands in Germany. In 
addition, organic fertilizer and cropping system shifts were suggested to 
enhance the large regional SOC stock (Deng et al., 2018). Regarding bare 
or sparse vegetation areas, utilizing naked soils for growing crops might 
effectively reduce SOC losses. Herbaceous wetlands were less distributed 
in Germany. However, soils under wetlands were predicted with high 
SOC content. Some regions with SOC values over 100 g/kg were 
concentrated on the coast side in the north. Whereas herbaceous wet
lands are not widely distributed in Germany, protecting the wetland 
environment and reducing wetland degradation is crucial for carbon 
stock in wetlands.

5. Conclusion

This work compared the predictive capabilities of the hybrid models 
with individual PLSR models and RF models in mapping SOC content 
using Sentinel-2 data at four spatial resolutions (10 m, 50 m, 100 m, 200 
m) in Germany. The comparative analysis identified the best-performing 
models, the optimal spatial resolutions, and the important variables for 
predicting SOC content. At the national scale, the RF model out
performed the statistical model PLSR at four resolutions, additionally, 
the hybrid models that combined with OK models showed better pre
dictive performance compared to individual models. The best prediction 
(R2 = 0.416) for SOC content was constructed by the RFK model at a 
spatial resolution of 100 m, and the hybrid model enhanced the expla
nation by 3.7% of prediction compared to the individual RF model. 
Although spatial autocorrelation was low on the national scale, geo
statistical models should be considered as a residual prediction to 
analyze the inner spatial variability of SOC content based on machine 
learning methods within limited covariates. Additionally, selecting an 
appropriate spatial resolution is crucial for prediction accuracy at the 
national scale. Our results demonstrated that the prediction results of 
hybrid models were affected by spatial resolutions, and the best per
formance of the hybrid model occurred at a related coarser spatial res
olution (100 m) compared to individual models. The spatial resolution 
at which the hybrid model achieves the best prediction effect is incon
sistent with that of a single model with the best performance at 50 m 
resolution. Multiscale spatial resolution comparison could be explored 
to select optimal prediction models based on the study areas. In this 
study, the selected Sentinel-2 bands and band indices accounted for 
63.0% and 78.1% of all environmental variables in the PLSR and RF 
models, respectively, indicating Sentinel-2 remote sensing data had 
predictive capabilities for SOC content prediction at the national scale. 
Visible bands, vegetation indices, and elevation were important factors 
for predicting SOC content. A digital SOC content map of Germany was 
displayed, revealing the spatial distribution of SOC in different land 
types. The significant high SOC distribution was concentrated in the 
northwestern grassland, in the forest covers of central and southwestern 
altitudes, and in the Alps in the south. This map offered a national SOC 
distribution in Germany, which can guide researchers to monitor the 
changes of SOC content under the impacts on climate and land use 
change. It worked toward being a useful reference to fill up the appli
cation of hybrid methods on national SOC monitoring and management. 
It aimed to offer new feasibility for using remote sensing data and hybrid 
models to achieve digital soil mapping and analyze the important and 
potential factors for SOC prediction on the national scale.

Declaration of Competing Interest

The authors declare that they have no known competing financial 
interests or personal relationships that could have appeared to influence 
the work reported in this paper.

Data availability

Data will be made available on request.

Acknowledgments

The authors are particularly grateful to the European Soil Data 
Center for its support of soil data. This research was supported by the 
China Scholarship Council PhD program (Xiande Ji).

Appendix A. Supplementary material

Supplementary data associated with this article can be found, in the 
online version, at https://doi.org/10.1016/j.ecolind.2024.112654.

References

Akpa, S.I., Odeh, I.O., Bishop, T.F., Hartemink, A.E., Amapu, I.Y., 2016. Total soil 
organic carbon and carbon sequestration potential in Nigeria. Geoderma 271, 
202–215. https://doi.org/10.1016/j.geoderma.2016.02.021.

Allard, V., Soussana, J.F., Falcimagne, R., Berbigier, P., Bonnefond, J.M., Ceschia, E., 
D’hour, P., Hénault, C., Laville, P., Martin, C., Pinarès-Patino, C., 2007. The role of 
grazing management for the net biome productivity and greenhouse gas budget (co2, 
n2o and ch4) of semi-natural grassland. Agric., Ecosyst. Environ. 121, 47–58. 
https://doi.org/10.1016/j.agee.2006.12.004.
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