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ABSTRACT 

Background: Precision agriculture (PA) is a site-specific management approach that utilises spatiotemporal information to 
improve productivity while also promoting sustainability. Accurate estimates of soil properties, along with the uncertainty of 
these estimates, are necessary for decision-making in PA. An essential soil quantity required to accurately predict crop yield is 
the soil organic carbon (SOC) content. To obtain the large amount of information necessary for PA implementation, the use of 
satellite images has become a common practice. This allows the spatial interpolation of soil properties. However, this type of 
indirect approach carries higher relative uncertainties than direct measurements (e.g., laboratory experiments). Although error 
evaluations of soil properties resulting from indirect approaches are constantly considered, the consequences of error are not. 
Aim: This work introduces a methodology to analyse the error propagation from predictions of SOC digital maps, using the Monte 
Carlo (MC) method. 
Method: We stochastically generated an error range for SOC maps, using one original map of SOC, and used these maps as 
inputs for a process-based model that simulated crop yields. Our approach evaluates how the error inherent in SOC observations 
and the subsequent spatial interpolation impacts crop yield forecasting, providing insights for decision-making and further PA 

implementation. 
Results: Our results show promise in the proposed method, delivering results that are difficult to obtain. The MC method was able 

a com
ity o
stnes
r PA
to handle complex, non-linear error distributions and provide 
important for accurately predicting the impact of SOC variabil
Conclusion: This method offers a degree of flexibility and robu
approaches, ensuring more reliable and informative insights fo
1 Introduction 

Food production increasingly relies on technology-intensive 
farming systems to meet global demand while maintaining 
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Taylor 2023 ). One requirement for the implementation of PA is
the accurate spatial mapping of the soil properties across fields.
Soil texture and soil organic carbon (SOC) are key variables, as
they influence water availability (WA) for plants (Ankenbauer
and Loheide 2017 ; Minasny and McBratney 2018 ), root devel-
opment, greenhouse gas emissions (Lehtinen et al. 2014 ) and
nutrient cycling (Plante and Parton 2007 ). As SOC is highly
variable at the field scale, inaccurate estimates can lead to
suboptimal management and yield variability (Groß et al., 2023 ).
Therefore, improving SOC mapping is essential for effective PA
implementation. 

Multiple approaches to estimate WA for agronomical purposes
are available (Asgarzadeh et al. 2014 ; Brisson 1998 ; De Melo et al.
2023 ; Inforsato and de Jong van Lier 2021 ); nevertheless, the
most common method is based on two soil hydraulic parameters
(SHPs): field capacity ( θfc ) and permanent wilting point ( θwp )
using the equation WA = 𝜃fc − 𝜃wp (Gómez et al. 2023 ; Rai et al.
2017 ). It is difficult to determine θfc and θwp directly through
experimentation, leading to the use of pedotransfer functions
(PTFs). SOC and soil texture data (i.e., sand, clay and silt content)
are common inputs for PTFs, which provide the SHPs (Botula
et al. 2012 ; Givi et al. 2004 ; Qiao et al. 2019 ). One modern PTF
that has stood out for European soils was proposed by Tóth
et al. ( 2015 ), who used 18,537 individual European soil samples
to develop it. 

One challenge in determining SHPs across arable fields is the fine-
scale spatial variability of both SOC and texture. Providing SOC
and texture inputs to PTFs in a way that represents all within-
field zones requires extensive soil sampling and analysis. A more
practical and less labour-intensive alternative involves using
processed satellite imagery combined with machine learning to
predict SHPs across the field. This approach falls under the
concept of digital soil mapping (DSM), defined as the process
of inferring spatially explicit soil information by integrating
measured observations with spatial and non-spatial predictors,
typically through data-driven models (Lagacherie and McBrat-
ney 2006 ; Wadoux et al. 2020 ). The core components of DSM
include input data, predictive modelling methods (e.g., machine
learning) and the resulting spatial soil information, such as
maps and the uncertainties in them (Chen et al. 2022 ; Minasny
and McBratney 2016 ; Söderström et al. 2016 ). DSM follows the
SCORPAN framework, 𝑆 = 𝑓(𝑠 , 𝑐 , 𝑜 , 𝑟 , 𝑝 , 𝑎 , 𝑛 ) , which e xpr esses
soil attributes or classes ( S ) as a function of other soil properties
( s ), climate ( c ), organisms ( o ), relief or topography ( r ), parent
material ( p ), age ( a ) and spatial position ( n ) (McBratney et al.
2003 ). Although horizontal soil heterogeneity may indeed require
resolutions finer than 10 per 10 m, information from satellites
such as Sentinel-2 L2A are readily accessible and provide multiple
spectral bands at this resolution. Moreover, even field data
collected by automated machinery, such as harvesters, are rarely
acquired at higher resolutions (Kumari and Karthikeyan 2023 ;
Tran et al. 2022 ). 

Dynamic process-based, or mechanistic, crop models provide
a comprehensive understanding of plant development and
estimates of crop yield potential. If accurate plant and soil
parameters are available, the simulations offer valuable knowl-
edge of the various stages of crop development. Agroecosys-
118
tem models (AEMs) may also provide insights into soil–plant
interaction processes, and they can link the response of crops
to environmental factors. Various validated AEMs are avail- 
able, including APSIM (Holzworth et al. 2014 ), DSSAT (Jones
et al. 2003 ), MONICA (Nendel et al. 2011, 2014 ) and Her-
mes (Graß et al. 2015 ; Kersebaum 2007 ). Using an AEM for
explanatory or advisory purposes at the field scale, aiding
decision-making strategies in PA, requires information on soil 
properties (such as texture and SOC) at the sub-field scale,
so the model can reproduce crop growth that typically occurs
across heterogeneous fields (Ewert et al. 2015 ; Wallor et al.
2018 ). 

Quantifying soil properties inherently involves measurement 
errors, which tend to be higher when estimations are made
indirectly, such as predicting SOC from satellite imagery using
machine learning models (Yuzugullu et al. 2024 ; Zhou et al. 2021 ).
Although such errors can often be quantified, their impact on
downstream modelling, for example, yield forecasting, remains 
largely unassessed (Angelopoulou et al. 2019 ; Ellinger et al. 2019 ;
Vaudour et al. 2022 ). Even moderate errors in soil property
estimates can propagate through process-based models and sig- 
nificantly compromise the accuracy of decisions derived from
them (Vågen et al. 2018 ). 

A widely used method to evaluate error and uncertainty
propagation is the Monte Carlo (MC) approach, which gener-
ates repeated random samples based on a known probability
distribution (Heuvelink et al. 1989 ; Papoulis 1991 ). MC has
proven particularly effective for complex, nonlinear models 
such as AEMs. For instance, Pinheiro and de Jong van Lier
( 2021 ) applied MC simulations to evaluate how soil parame-
ter uncertainty propagates into yield predictions. In a related
context, Wilks ( 1997 ) used a moving-block bootstrap to resam-
ple geophysical time series while preserving autocorrelation 
by controlling the block sizes. These studies emphasise the
importance of stochastic modelling in environmental simula- 
tion. 

To address spatial uncertainty in SOC predictions, we propose
a stochastic imaging protocol that explicitly incorporates spatial 
autocorrelation into the MC framework. Our method generates 
multiple spatially autocorrelated realisations of SOC maps by 
combining pixel-level prediction uncertainty and local spatial 
correlation. These maps are then used as inputs for the Hermes
AEM to simulate crop yield distributions. This allows for a
direct assessment of how uncertainty in SOC maps propagates
through process-based modelling—an aspect often overlooked in 
PA workflows. 

The methodological foundation of this study lies in 
pedometrics—the application of quantitative methods to 
analyse and predict the spatial distribution of soil properties
while explicitly accounting for uncertainties (McBratney et al. 
2003 ; McBratney and Minasny 2018). Our framework combines
pedometric modelling, spatial statistics and mechanistic 
crop modelling to assess uncertainty propagation from SOC 

predictions to simulated yields. This work therefore represents
a novel pedometric contribution to uncertainty propagation in 
DSM, with direct relevance for decision-making in PA. 
Journal of Plant Nutrition and Soil Science, 2026
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TABLE 1 The mean μ and the standard deviation σ of the sampled 
soil organic carbon (SOC) in %, and texture as sand and clay contents (%). 

n ( − ) Layer depth (m) μ (%) σ (%) 

SOC 300 0.0–0.3 1.022 0.489 
SOC 50 0.3–0–6 0.436 0.479 
SOC 50 0.6–0.9 0.207 0.253 
Sand 300 0.0–0.3 76.996 8.098 
Sand 50 0.3–0–6 75.651 8.350 
Sand 50 0.6–0.9 74.493 9.700 
Clay 300 0.0–0.3 5.502 2.812 
Clay 50 0.3–0–6 6.987 3.836 
Clay 50 0.6–0.9 8.292 5.083 

Note: The results are given per soil layer. n represents the number of locations 
from which the soil samples were taken. 
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2 Materials and Methods 

2.1 Booßen Study Site 

The study was conducted on an agricultural field of 70 ha,
located 10 km from the town of Booßen (52.394◦ N, 14.463◦ E,
77 m asl), in the Federal State of Brandenburg, Germany. The site,
further referred to as ‘Boo’, has sandy loamy soil, resulting from
repeated Pleistocene glaciations by the continental Scandinavian
ice sheet as well as by subsequent periglacial and interglacial
Holocene geomorphic processes. The climate is characterised
by an average annual precipitation of 544 mm and an average
temperature of 9.7◦C. The study started on 17 September 2020,
with the sowing of winter rye, variety KWS Tayo. An amount
of 6.5 × 103 kg m− 2 of P and K was applied to the soil a few
days later. In March 2021, another 4.0 × 103 kg m− 2 of nitrogen
was applied with other nutrients as a combination of solid and
liquid fertilisers. The crop was harvested on 23 October 2021;
the harvester was equipped with a digital yield monitor and
a navigation system based on the global positioning system
(GPS), so the location and yield were measured throughout the
field. 

Germany’s National Meteorological Service ( Deutscher
Wetterdienst —DWD) provided the data for daily temperature,
global radiation, wind speed and air humidity. The data
were measured at four weather stations in the vicinity
of Boo—in Müncheberg, Manschnow, Lindenberg and
Frankfurt an der Oder. Daily precipitation data were provided
by a private weather station located within the town of
Booßen. 

2.2 Soil Sampling 

Soil samples were collected in two surveys, one in April 2020
and the other in March 2021, providing two soil datasets: (1)
250 soil samples from the topsoil layer (0.0 to 0.3 m) and (2)
50 samples from three different layers each, 0.0–0.3, 0.3–0.6
and 0.6–0.9 m. All samples were analysed for SOC content,
defined as the percentage of the weight of the organic car-
bon per weight of soil sample (mass %), and texture, defined
as the percentage of sand, silt and clay by weight in the
soil sample (mass %), in a certified laboratory. The locations
within the field are shown in Figure 1 . Although the datasets
were collected 1 year apart, temporal changes in SOC and
texture were assumed negligible, as no significant land use
or management changes occurred between samplings. This
assumption is supported by Wuest and Durfee ( 2024 ), who
observed minimal short-term variability in SOC under stable field
conditions. 

The statistical description of the laboratory analysis results
is provided in Table 1 . The table summarises the mean ( μ)
and standard deviation ( σ) for SOC and soil texture (sand
and clay content) across different soil layers. These statis-
tics provide a comprehensive overview of the variability and
distribution of soil properties within the study site, which
are crucial for understanding the input data used in the
subsequent error propagation analysis and crop yield simula-
tions. 
Journal of Plant Nutrition and Soil Science, 2026
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2.3 SOC Content Data 

2.3.1 Sentinel-2 Images 

‘Sentinel’ is a European Earth observation mission developed by
the European Space Agency (ESA) that features optical imaging
for land services. The mission consists of satellites that provide
high-resolution (10–60 m) multispectral images with a revisit
time of 5 days at the equator. One of the satellites is the Sentinel-
2, which provides Level 2A (S2A) processed images. The S2A is
composed of 13 spectral bands that span from the visible and near-
infrared (VNIR) to the short-wave infrared (SWIR) regions of
the electromagnetic spectrum. This spectral diversity makes S2A, 
particularly suitable for soil and vegetation monitoring (Dedeoğlu 
et al. 2020 ). 

Three S2A images from 8 April 2020, 20 September 2020 and
10 September 2021 were selected to facilitate the SOC digital
map estimates. These images were selected on the basis of
their temporal characteristics (outside of the growing season, 
which ensured bare soil conditions) and no cloud cover over the
area. The selection was based on the available L2A SCL scene
classification, which classified the whole Boo field as ‘bare soil’
using the reflectance ratio of Band 2/Band 11 (ESA 2015 ), where
Band 2 captures the wavelengths in the blue region, whereas
Band 11 covers the SWIR region. Preprocessing of the satellite
images included clipping to the Boo field extent (6169 pixels per
image), masking and resampling all selected bands to 10 m spatial
resolution using nearest neighbour interpolation. 

Although every S2A image for the years 2020 and 2021 has 13
bands, only 10 bands were used to predict the SOC of the topsoil
layer (specifically: 2, 3, 4, 5, 6, 7, 8, 8A, 11 and 12). Some bands
have different resolutions (with squared pixels representing 10, 
20 and 60 m edges on the soil). To homogenise the images to the
same resolution, the nearest neighbour interpolation method was 
implemented, resulting in a resolution representing 10 m for all
bands. 

To ensure that the soil was bare, we calculated the Normalised
Difference Vegetation Index (NDVI) for every pixel using Equa-
119
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FIGURE 1 Left: Location of the Boßen field with Germany. Right: Locations of soil samples collected within the Booßen field for soil organic 
carbon content and soil texture determination. Two soil datasets are displayed: topsoil samples in orange (0.0–0.3 m depth), taken at 250 locations, and 
three-layer samples in blue (0.0–0.3, 0.3–0.6 and 0.6–0.9 m), taken at 50 locations. SOC, soil organic carbon. 
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tion ( 1 ). This calculation was part of the data preprocessing to
confirm the suitability of the images for SOC estimation. For
each of the three images, the mean and deviation of the NDVI
were 0.177 ( ± 0.03), 0.125 ( ± 0.02) and 0.258 ( ± 0.06), respectively.
These values indicated minimal vegetation cover, providing more
evidence that the soil was bare for accurate SOC prediction: 

NDVI = NIRn − red 

NIRn + red 
, (1)

where NIRn is the narrow infra-red band. 

2.3.2 SOC Digital Mapping 

The SOC content profile was determined in two steps: First, we
produced estimates of SOC for the topsoil layer (0.0–0.3 m) of
the Boo field, using topsoil data from both datasets. Second, we
produced an estimate of SOC for the deeper layers (0.3–0.6 and
0.6–0.9 m) on the basis of the topsoil layer (0.0–0.3 m) content. For
these steps, all SOC values were log-transformed using the natural
logarithm to reduce the bias of the data distribution. The SOC bias
was quantified using the Fisher–Pearson coefficient of skewness.
The logarithm transformation successfully reduced the bias of
measured SOC values: from 1.57, 2.35 and 2.78 to 0.10, 0.63 and
0.65 for layers 0.0–0.3, 0.3–0.6 and 0.6–0.9 m, respectively. These
transformed SOC values were then used in successive analyses to
ensure more accurate and unbiased results. 

Subsequently, we employed a Random Forest (RF) algorithm to
estimate the SOC for the topsoil layer (0.0–0.3 m) across the
entire Boo (Breiman 2001 ; Ho 1995 ). The model was trained using
the dataset containing the 300 topsoil samples (Table 1 ) as the
target variable. From the three satellite images selected, pixels
corresponding to the location of each soil sample were extracted,
with the respective spectral data, to serve as the independent
variables in the model. In total, we used 10 bands from the three
images to predict the topsoil SOC. To train the RF model, we used
the Scikit-learn package version 1.3.2 in Python version 3.12.1.
The RF parameters were 10 estimators (trees), the maximum
120
number of features for best split as the square root of the
number of features (i.e., max_features = ‘sqrt’); the other RF
parameters were set as the default. After the model was trained,
the topsoil SOC was predicted using the independent variables
(image bands). 

We also used RF to estimate the SOC for deeper layers (0.3–0.6
and 0.6–0.9 m), but instead of using the image bands, the SOC
contents of the topsoil layer (0.0–0.3 m) served as the independent
variables. The RF parameters and cross-validation parameters 
were the same as for the topsoil layer 0.0–0.3 m. 

For the validation, k -fold cross-validation was used with k = 10.
The data were split into 10 equal folds; each fold was used once
for validation and nine times for training, and the results were
averaged (Kohavi 1995 ) considering the three layers. 

For this article, the SOC digital map generated using this process
is designated the ‘Original’ prediction. 

2.3.3 Benchmark Mapping With Block Ordinary 
Kriging (BOK) for the Topsoil Layer 

The topsoil dataset contains 300 SOC observations for the 0.0–
0.30 m layer ( ≈ 3 samples × 100 m− 2 ). To benchmark the satellite-
based RF described in Section 2.3.2 , we produced an independent
SOC map using BOK (Mondal et al. 2017 ; Parvizi and Fatehi 2025 ).
The interpolation was carried out using SAGA-GIS 7.8.2 software
(Conrad et al. 2015 ). The BOK and the performance comparison
took place in the following steps: 

Variogram modelling: SOC values were log-transformed in the 
same way as for the other SOC observed data used for the SOC
mapping. A linear semi-variogram was fitted by least squares. 

Block dimension: Kriging estimates were computed for 
10 m × 10 m blocks, identical to the Sentinel-2 pixel grid
structure, so that both approaches shared the same spatial
support. 
Journal of Plant Nutrition and Soil Science, 2026
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TABLE 2 Statistical overview of the predicted soil texture digital 
map of Booßen, with mean ( μ), and standard deviation ( σ) of the texture 
content for each of the three different layer depths, predicted for each pixel 
image of the field. 

Texture Layer depth (m) μ (%) σ (%) 

Sand 0.0–0.3 77.32 6.93 
Clay 0.0–0.3 5.40 2.24 
Sand 0.3–0.6 76.32 6.38 
Clay 0.3–0.6 5.95 2.51 
Sand 0.6–0.9 76.26 7.14 
Clay 0.6–0.9 7.23 3.38 
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Cross-validation: Spatially stratified 10-fold cross-validation
(Kohavi 1995 ) was applied. 

Performance metrics: Accuracy was quantified by the cross-
validated root mean square error (RMSECV ) and the coefficient
of determination ( R2 ), allowing direct comparison with the
satellite-based RF model. 

2.4 Digital Map of Soil Texture for Booßen 

The textures of the soil samples were combined with
georeferenced electrical resistivity data and collected with
proximal sensing throughout the field; this resulted in
digital soil texture maps at three layer depths (0.0–0.3,
0.3–0.6 and 0.6–0.9 m). The three images were combined
to form the digital soil texture profile, composed of 6169
pixels carrying texture data for the three layers of each image
pixel. 

The pixels of the image are displayed as a regular square grid,
with each pixel representing an area of 10 m × 10 m of the field.
Table 2 provides the soil texture statistics for all pixels across the
Boo. 

The soil texture errors (Table 2 ) must be taken into account for
further comparison; the RMSECV for the prediction of texture
classes is 4.22% for sand and 2.17% for clay for all three layers. 

The methodology used for the determination of texture maps and
thus the RMSECV is available in Sections S1 , S1.1 , and S1.2 . 

2.5 Sensitivity of Crop Yields to SOC and Texture 

We then conducted a sensitivity analysis based on the work
of Turanyi ( 1990 ) and Saltelli and Bolado ( 1998 ) to make the
uncertainty comparison of different soil properties possible. This
in turn makes it possible to assess the relative impact of SOC
and texture content on hydraulic properties and their effect on
simulated crop yield. 

Local sensitivity ( Se ) is defined here as the partial derivative of the
model output variable 𝑦with respect to one specific input variable
of the model 𝑥, at a specific parameter value, 𝑥 = 𝑥0 . This method
Journal of Plant Nutrition and Soil Science, 2026
(Equation 2 ) enables to quantify the immediate response of 𝑦 to
𝑥: 

Se =
𝛿𝑦 

𝛿𝑥 

||||𝑥=𝑥0 . (2) 

However, for the same model output ( 𝑦), it is cumbersome to use
Equation ( 2 ) to directly compare the different input variables. To
directly compare the sensitivity between two input parameters, 
we therefore weighted Se by the respective RMSECV of the 
variable. This results in the weighted sensitivity, wS , defined
as 

wS =
𝛿𝑦 

𝛿𝑥 

||||𝑥=𝑥0 × RMS ECV ( 𝑥) = Se × RMS ECV ( 𝑥) . (3) 

The first desired characteristic of Equation ( 3 ) was the dimension
of wS . Regardless of the unit of the variable 𝑥, wS maintains the
same unit of the variable 𝑦. The characteristic of having the same
physical dimension (unit) allows the direct comparison of 𝑤𝑆
considering two different input variables, 𝑥1 and 𝑥2 , as shown in
the following equation: 

dim 

{ 

𝛿𝑦 

𝛿𝑥1 
× RMS ECV ( 𝑥1 ) 

} 

= dim 

{ 

𝛿𝑦 

𝛿𝑥2 
× RMS ECV ( 𝑥2 ) 

} 

. 

(4) 
The term dim in Equation ( 4 ) denotes the physical dimension of
the expression inside the curly brackets. 

The second desired characteristic of wS is the weighting of the
error itself, which means that wS quantifies the influence of
uncertainty in 𝑥 on the model output 𝑦, incorporating both the
model sensitivity and the expected input error. This formulation
is conceptually aligned with approaches in traditional risk assess-
ment, where the impact of uncertain variables is evaluated by
weighting sensitivity (or hazard) by variability. A similar prin-
ciple also underlies the first-order error propagation framework 
described by Heuvelink et al. ( 1989 ), chapter 4.1, where the model
sensitivity and input uncertainty together determine the output 
variance. 

For our analysis, the SOC content and the sand and clay fractions
were analysed in relation to field capacity, θfc , (m3 m− 3 ), wilting
point, θwp , (m3 m− 3 ) and crop yield (kg m− 2 ), respectively. For
the field capacity and wilting point estimate, the modern PTFs
proposed by Tóth et al. ( 2015 ) were used, and Hermes was applied
to predict yields. As the sensitivity analysis is limited to a fixed
point in space, we randomly selected 100 profile points from Boo
to calculate all described 𝑤S , followed by taking the average for
the entire sensitivity analysis. 

2.6 Stochastic Imaging Protocol 

The stochastic process framework is based on a random sampling
of a multivariate normal distribution with correlated parameters. 
The process requires a vector containing the mean values of a
parameter set, and the covariance matrix containing covariances 
between each parameter pair. We have adapted the covariance
matrix to make it possible to implement it in SOC digital maps.
The method uses the mean SOC values as the mean values,
121
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FIGURE 2 Schematic of the pixel region selection to calculate the 
correlation between each pair of pixels in an image. On the left (1), the 
region of 3 × 3 pixels is selected as variable X . On the right, (2), the 
schematic of the correlation between the red and green pixels in the centre 
of regions X and Y . 
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and for the covariance matrix, we propose the use of spatial
autocorrelation and the RMSECV of the SOC values. 

2.6.1 Covariance and Autocorrelation Matrix 

The autocorrelation matrix of the SOC values is based on
the Pearson correlation. The procedure is a particular case of
the normalised cross-correlation presented in Lewis ( 1995 ). To
calculate the autocorrelation matrix, we first use a method to
calculate the correlation between two pixels. First, a 3 × 3 pixel
area is defined, with the pixels inside the area numbered 𝑋1 

to 𝑋9 , as shown in the image on the left in Figure 2 ; then a
second area is delimited, represented as the square outlined in
red, on the right side of Figure 2 , with the pixels designated
as 𝑌1 to 𝑌9 . Then the pixels are arranged as (𝑋, 𝑌 ) ordered
pairs: (𝑋1 , 𝑌1 ) , (𝑋2 , 𝑌2 ) , (𝑋3 , 𝑌3 ) , . . . , (𝑋9 , 𝑌9 ) . After linking the
nine-pixel pairs, the autocorrelation is calculated on the basis of 

𝐑𝑖,𝑗 =
cov ( 𝑋, 𝑌 ) 

𝜎𝑋 𝜎𝑌 
, (5)

where cov (𝑋, 𝑌 ) is the covariance calculated from the pixel pairs,
𝜎 is the standard deviation of the subscripted pixel set 𝑋 or 𝑌,
and the subscripts 𝑖 and 𝑗 represent the pixel coordinates. The
calculated correlation is established as the correlation between
pixels 𝑋5 and 𝑌5 (the central pixels). The process is repeated
for all possible pixel pairs in the image. For the pixel pairs that
are not neighbours, the autocorrelation is considered zero. The
correlation matrix 𝐑 is constructed with the 𝐑𝑖,𝑗 elements. 

The covariance matrix 𝐌 is generated using the correlation
matrix, similar to that of De Jong Van Lier ( 2023 ). In this step, the
error of each pixel value is used to build the covariance matrix.
Each element of the correlation matrix is multiplied by both
respective error values, expressed as the RMSECV , 

𝐌𝑖,𝑗 = 𝐑𝑖,𝑗 ×
(
RMS ECV ,𝑖 × RMS ECV ,𝑗 

)
, (6)

where 𝐌𝑖,𝑗 is the covariance matrix element with coordinates 𝑖
and 𝑗. In Equation ( 6 ), the RMSECV, i and RMSECV, j substitute
the deviations 𝜎𝑋 and 𝜎𝑌 . To ensure that the covariance matrix
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is positive semidefinite, we use a Python adaptation of D’Errico’
( 2024 ) algorithm for MATLAB, based on Higham ( 1988 ). 

For Boo specifically, as the images are composed of 6961
pixels each, the total elements in the correlation matrix are
69612 = 48,455,521. As the input of the correlation matrix was
deliberately limited to the adjacent pixels, most elements in the
matrix are zeros. 

2.6.2 Decomposition of the Covariance Matrix and 
Random Samplings 

Having generated the Original SOC map and the covariance
matrix, the next step was to decompose the covariance matrix, 𝐌 ,
into lower triangular matrices 𝐋 : 

𝐌 = 𝐋𝐋T , (7) 

where the superscript T indicates the transposition of a matrix.
Cholesky decomposition is computationally efficient and was 
used for this step. 

After the decomposition, the random autocorrelated multivariate 
maps were generated using the equation: 

𝐧 = 𝐋𝐳 + 𝛍, (8) 

where the vector 𝐧 contains the newly sampled SOC values, 𝐳 is
a univariate random variable obeying normal distribution with 
zero as mean and variance one, and 𝛍 is the vector containing all
Original SOC image pixel values. The procedure can be performed
an arbitrary number of times, generating one new random SOC
digital map each time. For Boo, a total of 5000 SOC images for
layer 0.0–0.3 m were generated. 

2.7 Subsoil Layers Random Sampling 

The SOC subsoil layers were estimated on the basis of the
topsoil layer. For each of the 5000 topsoil (0.0–0.3 m) SOC maps
generated, two additional subsoil SOC maps were created: one for
layer 0.3–0.6 m and the other for layer 0.6–0.9 m. The process is
defined in two stages: 

i. From one sampled SOC topsoil map (0.0–0.3 m), an estimate
for both layers 0.3–0.6 and 0.6–0.9 m was generated using the
respective calibrated RF model. 

ii. For each of the generated subsoil layers described in Stage (i),
a new random sampling process was done for the same layer.
For this step, we applied the stochastic imaging protocol
described before. The randomly generated SOC map uses
the mean values from the SOC map predicted by the model
to generate the covariance matrix; the RMSECV used is the
RMSECV of the model. 

By repeating the process for every sampled SOC map from the
topsoil layer (0.0–0.3 m), we obtained 5000 SOC image profiles
for all three layers. The digital SOC profile images provided by
this method will be referred to as ‘Samples’ in this text. 
Journal of Plant Nutrition and Soil Science, 2026
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2.8 Crop Yield Simulation 

In this step, we first simulated crop yields of Boo using the Hermes
model. Weather and crop parameters for the model simulations
were considered as described in the methods section. A Hermes
simulation was carried out for each of the pixels of the soil
digital maps, that is, one for each 10 m × 10 m field region.
The Hermes model requires soil data below a depth of 0.9 m,
so we expanded the information of the 0.6–0.9 layer down to
2.0 m. 

As output, in addition to crop yield, Hermes provides information
on plant growth stress due to the absence of water and nitrogen
(N). If the plant lacks water, the water growth-limiting factor is
less than 1, indicating non-optimal growth. Similarly, if there is
a lack of N, the N growth-limiting factor is also less than 1, also
resulting in non-optimal growth. Both growth-limiting factors are
multiplied together to produce a single growth-limiting factor.
The supply of N from soil organic matter turnover is a function
of the C/N ratio of the soil, which in Hermes was kept constant at
11 throughout the simulation. Mean values of water and N stress
were calculated for the entire field. 

The first simulation batch used the Original SOC map. After
that, all the 5000 SOC samples were simulated. All other
model variables besides the SOC were kept constant through all
simulations. 

After the simulations, all the outputs were organised, resulting in
a single Original Boo SOC prediction, and 5000 additional Boo
sampled scenarios, with each scenario containing 6961 crop yield
values (one for each image pixel). 

The process flow with the stochastic sampling to generate the
SOC digital maps for the three layers is shown in Flowchart I of
Figure 3 . The simulation process using Hermes is also shown in
Figure 3 , as Flowchart II. 

2.9 SOC Random Sampling and Simulation 

Output Analysis 

Next, the SOC random sampling outputs from the entire Boo site
were analysed. We used Moran’s I (Li et al. 2007 ) to calculate all
three different layers for the spatial autocorrelation. In addition,
the mean values and the standard deviation of the SOC maps’
random sampling were analysed. 

To understand how the SOC sampling process behaved towards
a particular pixel through the different realisations, we also
conducted a single-pixel analysis for the SOC Sampled maps.
Pixel choice was made on the basis of skewness, the highest values
and the lowest values. 

Multiple statistical analyses were conducted for crop yield. The
RMSE between the measured crop yield throughout the field was
compared with the crop yield provided from the Original and the
Sampled scenarios. The global autocorrelation for the measured
data, the Original and the Sampled simulated crop yields were
also calculated. Finally, we calculated R2 and Willmott statistics
(Willmott and Matsuura 2005 ) to compare performance. 
Journal of Plant Nutrition and Soil Science, 2026
3 Results and Discussion 

3.1 The Accuracy of SOC Measurements in 

Topsoil for Interpolation Based on Satellite Imaging 
as Well as Block Kriging 

The method based on satellite imaging with RF achieved an
RMSECV = 0.14 mass % and R2 = 0.90 for the topsoil layer.
BOK yielded an RMSECV = 0.15 mass % and R2 = 0.84. Thus,
incorporating multispectral information and machine learning 
provided a small improvement over purely geostatistical inter- 
polation ( ΔRMSE = 0.01 mass %; ΔR2 = 0.06). The difference
is smaller than the analytical uncertainty of laboratory SOC
measurement, according to De Vos et al. ( 2007 ), which established
a limit of 0.04 mass % for SOC determination, indicating that
the two mapping approaches are statistically equivalent for this
dataset. 

3.2 Weighted Sensitivity 

The weighted sensitivities ( wS ) for soil texture and SOC profiles,
along with the RMSECV between the measured and predicted val-
ues, are summarised in Table 3 . The analysis reveals that the sand
fraction has the highest absolute weighted sensitivity concerning 
field capacity ( θfc ), indicating its significant influence. The sign of
the sensitivities was retained to preserve directional information.
SOC follows the sand fraction closely, with a difference of 0.14 in
the magnitude of absolute values. For the wilting point ( θwp ), sand
also exhibits the most substantial impact on average, followed by
clay and SOC. 

Despite the high sensitivity of θfc and θwp to the presence of sand,
crop yield is most sensitive to SOC according to the weighted
sensitivity values. This can be attributed to two main factors: the
inherently high sensitivity ( Se ) of crop yield to SOC (as shown in
Table 4 ) and the role of SOC in the Hermes model for calculating
the available nitrogen to plants. An in-depth examination of the
Hermes daily output files revealed that nitrogen stress occurred
on 62% of the days on average, with an average N growth-limiting
factor of 0.79. In comparison, water stress was observed on only
11% of the days, with an average water growth-limiting factor of
0.93, evidencing the importance of N, which is driven by SOC
levels. 

3.3 SOC Analysis of the Booßen Field 

The Sampled images exhibit a lower global autocorrelation than
the Original image, as illustrated in Table 5 . Specifically, the mean
value of Moran’s I for the Sampled SOC maps is consistently lower
than that of the Original SOC map across all layers. The standard
deviation of Moran’s I values is also the lowest for the 0.0 − 0.3 m
layer among the sampled maps. 

This decrease in Moran’s I values for the Sampled SOC maps
indicates that the random sampling process inevitably introduces
noise into the data, which was expected. Despite this, it preserves
the SOC pattern throughout the field, as can be seen through
visual analysis (Figure 4 ). The Sampled SOC maps appear noisier
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FIGURE 3 Process flows of the stochastic random sampling (Flowchart I) and simulated crop yield (Flowchart II). Flowchart I shows the process 
to generate 5000 soil organic carbon maps (SOC) for three layers: topsoil (0.0–0.3 m) layer, 2nd (0.3–0.6 m) and 3rd (0.6–0.9 m) layers, inside the blue 
rounded boxes. The abbreviation corr refers to the spatial autocorrelation matrix. Flowchart II shows the process used to simulate the crop yield using 
the randomly sampled SOC digital maps. SOC, soil organic carbon. 

TABLE 3 Mean weighted sensitivity tests for field capacity, θfc , wilting point, θwp , and crop yield prediction for the variables sand, clay and organic 
carbon (SOC) content in the soil profiles. 

Weighted sensitivity (wS) 

RMSEcv (%) θfc (m3 m− 3 ) θwp (m3 m− 3 ) Crop yield (kg m− 2 ) 

Sand 4.22 − 1.43 − 0.96 − 2.77 × 10− 2 

Clay 2.17 0.87 0.83 1.23 × 10− 2 

SOC 0.18 1.29 0.28 9.38 × 10− 2 

Note: The RMSECV is the cross-validated root mean square error of the mass %. 
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than the Original SOC map; however, the overall spatial pattern
of SOC distribution has remained. 

Figure 4 presents a digital SOC map for the soil layer depth of
0.0 − 0.3 m. On the left is the Original estimated SOC map, and on
the right is an example of the 5000 Sampled SOC maps. 
124
The analysis confirms that although the introduction of stochastic
variations reduces the global autocorrelation, the essential spatial 
trends of SOC across the Boo are still recognisable. This indicates
that the proposed stochastic sampling method is effective in
maintaining the overall structure of the original SOC map while
allowing for the quantification of uncertainty. 
Journal of Plant Nutrition and Soil Science, 2026
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FIGURE 4 Digital soil organic carbon map (SOC), of the soil layer depth 0.0–0.3 m. On the left, is the originally estimated SOC, and on the right, 
one example out of 5000 sampled SOC maps. 

TABLE 4 Mean sensitivity (Se) of the crop yield to the sand, clay 
and organic carbon (SOC) contents in soil. 

Se to crop yield (kg m− 2 ) 

Sand − 0.657 × 10− 2 

Clay 0.568 × 10− 2 

SOC 52.104 × 10− 2 

TABLE 5 Moran’s test values of the soil organic carbon digital maps 
(SOC). 

(m) Moran’s original Moran’s μ Moran’s σ

0.0–0.3 0.969 0.869 0.005 
0.3–0.6 0.703 0.458 0.023 
0.6–0.9 0.485 0.226 0.022 

Note: The Original SOC estimate for Booßen field, the mean Moran’s values 
( μ) for the multiple randomly Sampled SOC maps, and the standard deviation 
( σ) of Moran’s test for the Sampled SOC maps. 
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Figure 5 illustrates the frequency distributions of the SOC values
for Boo across three different soil layer depths: 0.0 − 0.3, 0.3 − 0.6
and 0.6 − 0.9 m. The left column displays the distributions for the
Original SOC estimates, whereas the right column presents distri-
butions for a randomly sampled SOC digital map. In the Original
SOC maps, the frequency distributions show distinct peaks that
become less pronounced with increasing soil depth. The Sampled
SOC maps, in contrast, exhibit smoother frequency distributions,
reflecting the introduction of stochastic variability. Despite this
added noise, the overall trends are consistent across layers, with
SOC values generally decreasing as soil depth increases. The
selected Sampled scenario demonstrates a smoother distribution
compared to the Original SOC data, which indicates the efficacy
of the stochastic sampling method in preserving the general SOC
distribution while introducing the necessary variability. Although
only one Sampled SOC map is shown, the visual characteristics of
the others are similar, confirming the robustness of the sampling
Journal of Plant Nutrition and Soil Science, 2026
process. These frequency distributions emphasise the reliability 
of the stochastic approach in maintaining the underlying pat-
terns of SOC across the field while accounting for uncertainty,
thereby enhancing the robustness of subsequent analyses and 
decision-making processes. 

Figure 6 presents the distribution of SOC values for two selected
pixels, px1 and px2 , across the 5000 randomly generated SOC
digital maps. Each histogram represents the distribution of SOC
values for one of these pixels at the different soil depths 0.0 − 0.3,
0.3 − 0.6 and 0.6 − 0.9 m. The pixels were chosen on the basis
of the skewness of their SOC values in the 0.0 − 0.3 m layer,
with px1 exhibiting the lowest skewness (left column) and px2 
the highest skewness (right column). The skewness values for
each depth layer are indicated in the figure. All skewness values
are positive due to the logarithmic transformation applied to
the SOC data. This transformation ensures that the distribution
frequencies maintain a well-behaved pattern, despite the spa- 
tial correlation introduced by the random sampling. For px1 ,
the SOC distributions display lower skewness across all layers,
indicating a more symmetric distribution of values around the
mean. Conversely, px2 shows higher skewness, reflecting a more 
asymmetric distribution with a longer tail on the right side.
The distributions highlight the impact of stochastic sampling on
individual pixel SOC values, preserving the inherent variability 
and ensuring realistic spatial correlations. This approach allows 
for a comprehensive analysis of uncertainty propagation through
the SOC predictions, enhancing the robustness and reliability of
the findings. 

3.4 Results of Simulations 

Figure 7 presents the frequency distributions of crop yield values
for Boo, comparing the measured data, the Original predicted
data, and one case from the Sampled scenario. The histograms
reveal notable differences between the measured and simulated 
data. The measured data exhibit a bimodal distribution, indicat-
ing the presence of two predominant yield values. In contrast,
both the Original predicted data and the Sampled scenario display
125
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FIGURE 5 Frequencies of soil organic carbon (SOC, in mass %) map values on the Booßen field map for three different layer depths: 0.0–0.3, 
0.3–0.6 and 0.6–0.9 m. Left: the original estimate for the SOC map values of the Booßen field. Right: the frequencies of one exemplary sampled SOC 
map. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

TABLE 6 Comparative analysis of RMSE values for crop yield 
predictions in the Booßen field. 

Simulation RMSE (kg m− 2 ) 

Original 0.1027 
Sampled mean 0.1192 
Sampled minimum 0.1147 
Sampled maximum 0.1234 

Note: The Original simulation refers to the RMSE of the yield prediction 
using the originally estimated soil organic carbon map (SOC). The mean, the 
maximum and the minimum, refer to the RMSE of the simulations realized 
with the sampled SOC. 
Abbreviation: RMSE, root mean square error. 
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a multimodal distribution, with three distinct peaks. These peaks
correspond to the regions observed in the measured data, albeit
with reduced intensity. In addition, the measured crop yield data
showed a broader distribution range (0.3–1.0 kg m− 2 ) compared
to the Original and Sampled scenarios (0.4–0.9 kg m− 2 ). This
suggests that the simulated results fail to capture the full variance
observed in the measured crop yields. Despite these differences,
the general pattern of crop yield distribution remains across
the simulated scenarios. This consistency indicates that the
stochastic sampling method effectively incorporates the under-
lying variability of the Original SOC data into the randomly
sampled crop yield predictions. The R2 and Willmott statistics
further quantify the performance of the simulations. For the
Original prediction compared to the measured data, the R2 and
Willmott statistics are 0.56 and 0.68, respectively. For the Sampled
scenarios, these values are 0.43 and 0.65, respectively. Although
the Sampled scenarios show slightly lower performance metrics,
they still provide a reasonable approximation of the measured
crop yields. Although the simulated crop yield distributions do
not fully replicate the measured data’s variance, they successfully
capture the key patterns and variability, demonstrating the utility
of the stochastic sampling approach in providing robust crop yield
predictions that account for the inherent uncertainties in SOC
estimates. 

The simulations using the Original SOC digital map produced
crop yield estimates that significantly differed from those derived
126

e

from the Sampled SOC maps. Table 6 presents the RMSE
values between the measured crop yield data and the simulated
scenarios. The RMSE for the Original SOC map is provided, along
with the mean, maximum and minimum RMSE values for the
simulations using the Sampled SOC maps. The Original SOC map
resulted in an RMSE of 0.1027 kg m− 2 , which indicates the error
magnitude between the predicted and measured crop yields. In
contrast, the Sampled SOC scenarios produced a slightly higher
mean RMSE of 0.1192 kg m− 2 , with minimum and maximum
RMSE values of 0.1147 and 0.1234 kg m− 2 , respectively. The
increase in RMSE for the Sampled scenarios can be expected, as
Journal of Plant Nutrition and Soil Science, 2026
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FIGURE 6 Frequencies of the soil organic carbon (SOC) values of two pixels px1 (left column) and px2 (right column) across randomly generated 
SOC digital maps. The two pixels, px1 and px2 , correspond to the minimum and maximum skewness of the SOC values of the layer 0.0 − 0.3 m, respectively. 

FIGURE 7 Frequency distributions of the crop yield (kg m− 2 ) the measured, Original and one exemplary sampled scenario. 
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the stochastic sampling method introduces additional noise into
the data. Despite this increase, the RMSE values remain within a
reasonable range, demonstrating the robustness of the sampling
approach in maintaining prediction accuracy. The slightly higher
RMSE values for the Sampled scenarios highlight the trade-off
between incorporating uncertainty and maintaining prediction
accuracy. Although the introduction of noise through stochastic
sampling can increase the error of an individual random sample,
it also provides a more comprehensive understanding of the
potential variability in crop yield predictions caused by errors in
Journal of Plant Nutrition and Soil Science, 2026

reativ
input variables, thereby enhancing the reliability of the results for
decision-making processes. 

Figure 8 provides a comparison between the measured crop yields
and the simulated outputs. The left panel shows simulations
based on the initially estimated SOC values, whereas the right
panel displays simulations using one of the randomly sampled
SOC digital maps. The colour coding indicates the simulations’
deviation from the 1:1 axis, green for less than one standard
deviation, blue for less than two deviations and red for less
127
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FIGURE 8 Comparison between simulated and measured crop yield (kg m− 2 ). On the left, the simulations were realised with the firstly estimated 
soil organic carbon (SOC) values (%). On the right, one of the randomly sampled digital soil maps was used as SOC for the simulations. In green, the 
simulations with less then one standard deviation difference between the 1:1 axis, In blue and red similar, but for less then 2 and 3 deviations, respectively. 
RMSE, root mean square error. 
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than three deviations. The comparison reveals an increase in
the amplitude of data distribution around the 1:1 axis, resulting
in a slightly rounder shape. This suggests that the proposed
stochastic sampling method introduces variability that affects the
crop yield predictions, expanding the range of simulated outputs.
The comparison demonstrates that although the original simu-
lations closely align with the measured data, the incorporation
of stochastic variations provides a more comprehensive view of
potential yield variations. This approach allows for a more robust
analysis of error impact and enhances the reliability of crop yield
predictions under varying SOC conditions. 

4 Conclusions 

This study introduces a novel stochastic approach to quan-
tify the propagation of uncertainty in SOC content predictions
derived from satellite imagery, utilising the MC method. Using
a process-based crop model with stochastically generated SOC
maps provide valuable insights into how SOC estimation errors
impact crop yield forecasts. The methodology proved successful
in capturing the inherent variability and uncertainty in SOC
predictions, thereby offering a more reliable tool for PA. 

The results demonstrated that accounting for SOC uncertainty
can significantly influence crop yield predictions, highlighting
the necessity of incorporating uncertainty analysis in PA prac-
tices. This approach enables better risk assessment and decision-
making, ultimately contributing to more sustainable and efficient
crop management strategies. 

Although the study focused on a specific field in Booßen,
Germany, the methodology has the potential to be applied
to various agricultural settings, enhancing the generalisability
and robustness of the findings. Future research should explore
the incorporation of additional variables or a combination of
them. In addition, expanding the application of this method to
128
different crop types and diverse environmental conditions will 
help to validate its broader applicability. We have provided a code
example to generate the SOC map samples at https://github.com/
infoleon/StochImag . 
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