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ARTICLE INFO ABSTRACT

Handling Editor: Jingyi Huang Mollisols play a crucial role in global sustainable development due to their high fertility and large carbon stocks.

However, the high spatio-temporal resolution dynamic monitoring of soil organic carbon (SOC) content in global

Keywords: Mollisol croplands remains limited, particularly regarding its driving factors and regional variations. In this
SO‘ilorglamc carbon (SOC) study, we utilized 35,760 Landsat satellite images from 2000 to 2023 to develop an ensemble learning model (R?
Mollisols

= 0.71, RMSE. = 4.25 g/kg, R3 = 0.61, RMSE, = 4.98 g/kg) with 14 features, including spatial location,
topography, and spectral indices, to estimate the annual topsoil SOC content dynamics in the global Mollisol
croplands. The results showed that the topsoil SOC content averaged 21.30 g/kg, with higher levels in Eurasia
than in the Americas. From 2000 to 2023, global topsoil SOC content exhibited a significant fluctuating increase,
rising by 3.17% overall, with an average annual percentage change of 0.04 g/kg/year. Considerable regional
variation was observed, with a sustained 5.66% increase in the Americas but fluctuating declines in Eurasia,
including a 2.21% decrease in Northeast China. These regional disparities reflect the coupled effects of vege-
tation dynamics, soil-water-atmosphere interactions, and human activities. Further analyses reveal the dual
sensitivity of SOC dynamics to agro-environmental controls and socio-economic drivers, including cultivation
practices, policy shifts, and socio-political stability. The findings of this study represent a new baseline for
precision agricultural management and global soil carbon monitoring.

Ensemble learning
Spatio-temporal dynamics
Remote sensing

in SOC content in the global Mollisols, compared to the 20th century,
due to a combination of natural changes and anthropogenic distur-

1. Introduction

Mollisols (USDA Soil Taxonomy system (Liu et al., 2012; Smith,
2014)) are a type of soil with high fertility and strong carbon storage
capacity. They store approximately 8.2% of the global soil organic
carbon (SOC) stocks (FAO, 2022a), and the quality changes of the soil
are not only related to the sustainable utilization of arable land, but also
directly affect the global carbon cycle process. As a key indicator of soil
quality and ecosystem functioning, SOC content plays an essential role
in regulating soil structure, nutrient cycling, and crop productivity. In
recent years, more and more studies have reported a significant decrease

bances (Meng et al., 2025). The continuous decline of SOC is often
accompanied by soil structural degradation, reduced fertility, and
diminished carbon sequestration capacity, potentially posing risks to
agricultural productivity and regional carbon balance. Pursuant to the
2030 United Nations Sustainable Development Goals (SDGs), the end of
hunger (Goal 2) and the preservation of terrestrial ecosystems (Goal 15)
are closely dependent on the rational use and conservation of soil re-
sources (Zhang et al., 2021). Therefore, long-term, high-resolution, and
high-precision SOC content monitoring of Mollisols facilitates the early
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identification of land degradation signals, and also provides a scientific
basis for agricultural management and global carbon reduction (Wang
et al., 2023a).

The formation and distribution of SOC are jointly controlled by
multiple environmental factors, including climate conditions, soil
physicochemical properties, parent material, topography, and vegeta-
tion cover. Accurate characterization of these factors is fundamental for
SOC spatial modeling and change analysis. Many studies of the spatial
and temporal variations in SOC content at different regional scales and
time periods have been conducted in recent years (Heuvelink et al.,
2021; Wang et al., 2021; Yang et al., 2023). However, at large spatial
scales, conventional field-based surveys are often insufficient to provide
continuous, multi-source environmental information. Consequently,
satellite remote sensing technology is becoming a vital tool to support
large-scale soil surveying and modeling, because of its wide coverage,
cost-effectiveness, and sustainability (Abdulraheem et al., 2023; Burke
et al., 2021). The spectral information contained in remote sensing
imagery can indirectly capture vegetation status, surface cover types,
and certain soil properties, providing essential input variables for SOC
modeling. At the regional or field scale, remote sensing data with a high
spatial and spectral resolution can significantly improve the accuracy
and explanatory ability of SOC content estimation models (Jiang et al.,
2024b; Meng et al., 2022; Wu et al., 2023a). However, such data are
often faced with the problem of limited historical coverage, which
makes it difficult to satisfy the demand for research on the long-term
trends of SOC content changes. In contrast, medium-resolution remote
sensing data that are publicly available and have a wide coverage
(Chinilin and Savin, 2023; Yang et al., 2023), such as Moderate-
Resolution Imaging Spectroradiometer (MODIS) data, have provided
high-frequency observations since 2000 with good temporal continuity.
However, the spatial resolution of 250-1000 m makes it difficult to
capture the spatial differences in SOC content at the plot scale. Available
with a spatial resolution of up to 10 m, Sentinel-2 data have only had a
global coverage since 2015, and their temporal dimension is still limited
(Cui et al., 2025; Dvorakova et al., 2023; Urbina-Salazar et al., 2023).
Among the many sources of remote sensing data, the Landsat series of
satellites have continuously provided multispectral observation data
with a 30-m resolution since 1984. As such, Landsat data combine the
advantages of a high spatial resolution and long time series, and have
become an ideal data source to support large-scale, high temporal res-
olution SOC content estimation (Meng et al., 2024; Meng et al., 2025;
Wang et al., 2023b). However, relying solely on appropriate remote
sensing data is often insufficient to fully capture the spatial heteroge-
neity of SOC. To further improve the spatial adaptability and modeling
interpretability of SOC content estimation, the choice of feature design
and modeling strategy is also crucial.

Mechanistically, SOC content can be expressed as a function of
environmental information (Jenny, 1994; McBratney et al., 2003; Meng
et al., 2024), with its spatial distribution jointly controlled by climate,
soil properties, parent material, vegetation, and topography. Therefore,
the introduction of diverse environmental covariates should be theo-
retically beneficial for SOC content assessment, despite practical chal-
lenges in acquiring these data with consistent spatial and temporal
coverage. In contrast, spectral indices serve as a practical alternative to
accessing environmental information, can diminish the dependence of
estimation models on physical parameters while retaining the inter-
pretability of the effects between spectra and soil properties
(Bartholomeus et al., 2008). In areas where bare soil images can be
acquired, many studies have been conducted to achieve accurate spatial
modeling of SOC content by extracting spectral indices reflecting envi-
ronmental information (Misebo et al., 2024; Yuan et al., 2024) or con-
structing spectral indices using all the available spectral bands (Jin et al.,
2016; Zhang et al., 2024b). In recent years, time-series spectral indices
have been introduced to reflect the indirect response of crop growth to
soil properties (Meng et al., 2024; Santillano Cazares et al., 2019), but
their dependence on high-frequency remote sensing data increases the
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complexity of the data preprocessing and computation. Consequently,
how to extract more stable and adaptive input variables while ensuring
the representativeness of the spectral features and spatio-temporal
consistency remains a challenge for large-scale SOC content remote
sensing estimation. In soil attribute estimation, various modelling stra-
tegies have been extensively explored to address characteristics such as
the pronounced spatial heterogeneity of SOC and the complex envi-
ronmental control mechanisms. Local strategies employing rich features
and deep learning models effectively isolates complex soil component
interactions by enhancing the spectral distinctions through fine-grained
classification (Liu et al., 2019; Poggio et al., 2021) and accurately
characterizing soil properties at local scales. However, the generaliz-
ability of the local strategy is constrained by the model complexity and
inherent locality limitations. In contrast, the global strategy typically
exhibits a lower modeling accuracy, due to environmental noise inter-
ference (Moura-Bueno et al., 2020; Padarian et al., 2022), but has the
advantages of fewer parameters, higher efficiency, and consistency,
suggesting that the global strategy has the potential to be used for
effective soil property assessment. Moreover, agricultural management
practices, such as fertilization, crop rotation, and straw return, can
significantly influence the spatiotemporal dynamics of SOC by altering
soil carbon inputs, including vegetation-derived carbon inputs and
organic fertilizer inputs. These processes are often indirectly reflected in
remotely sensed vegetation growth and surface characteristics,
providing a key entry point for elucidating SOC evolution mechanisms
from a remote sensing perspective.

Within the context of environmental drivers and remote sen-
sing-based modeling frameworks, Mollisols, as a representative soil type
with high SOC content and strong anthropogenic disturbances, exhibit
spatiotemporal dynamics that reflect the combined effects of natural
processes and human activities. Globally, Mollisols are primarily
distributed across the North American Great Plains, the Eurasian Cher-
nozem belt, and northeastern China. These regions are characterized by
intensive agricultural practices and frequent land-use changes, resulting
in pronounced temporal dynamics and spatial non-stationarity of SOC.
Most previous studies have focused on regional scales or short-term
observations, and long-term, continuous estimation of SOC at a global
scale remains challenging due to sparse sampling, limited model
generalization, and high computational demands (Hengl et al., 2017;
Stockmann et al., 2013). Previous studies have employed traditional
statistical methods such as multiple linear regression (MLR) and partial
least squares regression (PLSR) to estimate SOC in Mollisols (Liu et al.,
2019). These approaches offer advantages including high interpret-
ability and straightforward implementation. However, they demon-
strate limited capability when addressing complex nonlinear
relationships among remote sensing input features (Gomez et al., 2008;
Meersmans et al., 2008). In recent years, non-parametric machine
learning methods, such as k-nearest neighbors (KNN), support vector
regression (SVR), random forest (RF), extreme gradient boosting
(XGBoost), and categorical boosting (CatBoost), have been increasingly
applied to SOC modeling in Mollisols. These methods offer strong ca-
pabilities for capturing nonlinear relationships and demonstrate high
tolerance to high-dimensional input features, thereby improving pre-
diction accuracy and enhancing model robustness to a certain extent (Li
et al., 2025; Mansuy et al., 2014; Zhang et al., 2024a; Zhang et al.,
2022). In addition, shallow neural networks, such as the multilayer
perceptron (MLP) and radial basis function network (RBFN), further
enhance the capacity to capture complex interactions among soil prop-
erty features through nonlinear activation functions (Chen et al., 2020;
Qi et al.,, 2023). With the increasing dimensionality and temporal
coverage of remote sensing data, deep learning methods, such as con-
volutional neural networks (CNNs), long short-term memory networks
(LSTMs), and graph neural networks (GNNs) offer powerful feature
extraction capabilities. These methods provide a novel technical
pathway for characterizing SOC dynamics under the combined influence
of human activities and environmental factors, and have demonstrated
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significant advantages in estimating SOC content across regional-scale
Mollisols (Meng et al., 2024; Meng et al., 2022; Meng et al., 2025;
Tziolas et al., 2024; Wang et al., 2023c; Zhao and Efremova, 2023).
However, deep learning models are reliant on large amounts of high-
quality samples and require substantial computational resources, and
thus face practical challenges in training costs, model transferability,
and interpretability. These limitations constrain the widespread appli-
cation of deep learning models in large-scale research (Ji et al., 2025).
Compared to the highly complex deep learning methods, stacking
models achieve multi-model fusion with a lower computational cost. By
maintaining computational efficiency while retaining a certain level of
interpretability, they have the potential to overcome the limitations of
individual models in complex Mollisols systems, thereby demonstrating
practical value in SOC estimation (Tan et al., 2021; Wu et al., 2023).
Although previous studies have explored the use of stacked models for
soil property mapping (Biney et al., 2022; Tan et al., 2021), in-
vestigations focusing on SOC estimation across global Mollisols based on
long-term Landsat time series remain scarce. A key scientific challenge is
how to leverage temporally consistent remote sensing data together with
robust modeling strategies at large spatial scales to comprehensively
capture the combined influences of natural environmental factors and
human activities on SOC dynamics in Mollisols.

To address the above challenges, this study focuses on the long-term
dynamics of SOC in global Mollisol cropland areas under intensive
agricultural management and the multiple factors driving these changes.
We developed a SOC content estimation framework incorporating a
multi-modeling strategy based on the globally available Landsat multi-
spectral data from 2000 to 2023. To compensate for the lack of temporal
resolution in the digital mapping of large-scale SOC content, we
generated new year-by-year SOC content distribution maps for the
global Mollisol cropland areas from 2000 to 2023 with the spatial res-
olution of 30 m, to allow for a finer observation of the spatial and
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temporal variability patterns. Furthermore, the main environmental
drivers affecting SOC changes were assessed based on the model input
features, and the qualitative analyses of previous studies on the rela-
tionship between certain factors and SOC content were validated based
on the estimation results. In addition, some typical Mollisol regions were
analyzed to characterize the response of human activities to SOC vari-
ation, exploring how differences in the intensity of human activities
regulate SOC dynamics across multiple spatial scales. These analyses
provide a scientific basis for understanding the mechanisms of soil
carbon evolution under anthropogenic influence and for informing
sustainable land management strategies.

2. Materials and methods

The overall methodological framework of this study is illustrated in
Fig. 1. First, multi-source soil sample data within the study area were
integrated to construct a SOC sample database covering the topsoil of
major global Mollisol croplands. Second, long-term consistent surface
reflectance data were derived from Landsat multispectral imagery
spanning 2000-2023 under bare-soil conditions, from which spectral
features with ecological and soil-indicative significance were extracted.
Together with auxiliary environmental variables, including topography
and climate, a multidimensional input feature set was constructed.

On this basis, SOC estimation models were developed using feature
selection and multi-model ensemble strategies, and model performance
was evaluated through cross-validation. Finally, the trained models
were applied to annual Landsat composite images to produce year-by-
year SOC maps for global Mollisol croplands at a spatial resolution of
30 m, followed by analyses of spatiotemporal variations and their re-
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Fig. 1. Overall method flowchart.
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2.1. Study areas

Mollisols are mainly distributed in Eastern Europe, Central Asia, and
Eastern Asia, as well as in North and South America (Fig. 2), and are
widely found in countries such as Russia, the United States, China, and
Argentina. Globally, Mollisols cover a total area of about 725 Mha
(Yuxin et al., 2024), of which approximately one-third is used for agri-
culture (Zanaga et al., 2022), forming an important basis for global food
production. From a biogeographical perspective, although Mollisols
occur across multiple climatic zones, they are mainly concentrated in
the Nearctic, Palearctic, and Neotropics (Olson et al., 2001).

Mollisols are characterized by a thick humus-rich surface horizon,
relatively low bulk density, well-developed aggregate structure, and
high cation exchange capacity. Their topsoil layers are typically rich in
organic matter and nutrients, conferring strong carbon sequestration
capacity and high productive potential. Mollisols contribute approxi-
mately 9% to the estimated global total of 677 Gt of SOC stored within
the upper 30 cm of the soil profile (Yuxin et al., 2024), highlighting their
important role in the global terrestrial carbon pool.

In this study, the global Mollisol cropland areas were selected as the
study area. Spatial constraints were defined using a global Mollisol
distribution vector data provided by the National Earth System Science
Data Center of the National Science and Technology Infrastructure of
China (http://www.geodata.cn), in combination with the GLC_FCS30-
1985-2020 land-use data (https://data.casearth.cn/). These datasets
were jointly used to delineate the study area and to characterize the
spatial distribution and long-term temporal dynamics of SOC content in
the topsoil layer (0-30 cm).

There are four typical areas known worldwide for their high-quality
crop production (Meng et al, 2024), namely, Northeast China
(38°72'-53°56'N, 115°52'-135°09'E), the Russian Plain
(43°10-58°52'N, 22°26'-96°50'E), the Mississippi River Basin of north-
central America (20°16-54°50'N, 86°55-124°16'W), and the Pampas
Plain of South America (18°10'-39°36'S, 50°58'-66°16'W). Despite
representing only a small proportion of the global soil, Mollisols provide
a significant proportion of the cultivation of oilseeds, cereals, and tuber
crops, which are essential to global food security and economic devel-
opment (International Food Policy Research Institute, 2019).

2.2. Soil sample collection

To construct a representative dataset for model training and vali-
dation, soil samples were collected or integrated from multiple sources,
covering the major global Mollisols regions. In areas with extensive
Mollisols croplands, such as northeastern China and Russia, soil samples
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were obtained through field surveys or provided by collaborating in-
stitutions. In other regions, public datasets were used to supplement the
temporal and spatial coverage of the data.

In northeastern China, a total of 639 topsoil samples (0-30 cm) were
collected from Mollisol cropland areas during the bare-soil periods in
2005, 2011-2021, and 2023. The bare-soil period typically occurs in
early spring (March-May) and late autumn (October—November) (Wang
et al., 2022), minimizing vegetation interference (Meng et al., 2024) and
ensuring reliable soil spectral signals (Meng et al., 2022). Sampling
points were initially arranged based on a gridded layout across the study
area and were adjusted on-site as needed to achieve a uniform spatial
distribution while avoiding roads, buildings, and other anthropogenic
disturbances. Adjacent sampling points were separated by at least 100
m. At each location, soil was collected using a five-point composite
method, and information on geographic coordinates, crop residue type,
and ground cover was recorded. The SOC content was then measured
using the potassium dichromate heating method.

The 92 samples (0-30 cm) from Russia were provided by the V.V.
Dokuchaev Soil Science Institute. Humus content was determined using
the Tiurin method (FAO, 2021) (here regarded as soil organic matter
content), and converted to SOC content by dividing by 1.724 (the Van
Bemmelen coefficient).

Additionally, a total of 1,067 topsoil samples were obtained from the
World Soil Information Service (WoSIS, December 2023 release, http
s://data.isric.org/), covering the United States, Canada, Argentina,
and Mexico. The database provides quality-controlled and standardized
soil property data and is widely used in global-scale soil mapping
studies. To ensure compatibility with the study region and Mollisols,
only samples with a sampling depth <30 cm and consistent soil type
were retained. For locations with multiple records, the data were
consolidated to derive representative topsoil SOC values. This screening
and consolidation procedure ensured spatial representativeness, type
consistency, and temporal applicability. It should be noted that although
WOoSIS contains samples from China and Russia, only those matching the
study’s spatial extent and soil type were included, whereas the majority
were excluded due to mismatches in soil type or sampling period.

2.3. Landsat image acquisition

Since a single Landsat satellite cannot provide complete coverage of
the global study area, we used multi-satellite data from the Landsat
series for the modeling. For 2011 and earlier, Landsat 5 Thematic
Mapper (TM) data were selected, Landsat 7 Enhanced Thematic Mapper
Plus (ETM-+) data were used for 2012, and Landsat 8 Operational Land
Imager (OLI) data were applied for 2013 and after. Regarding Landsat 7
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ETM+ images, the raw data does exhibit striping problem. However, we
retained the original data to ensure consistency across years and to avoid
additional uncertainties introduced by gap-filling procedures.

In this study, six bands (Table 1) of the Landsat image data were
downloaded from the United States Geological Survey (USGS) Earth
Explorer website (https://earthexplorer.usgs.gov/) for the bare soil pe-
riods from 1985 to 2023, which were all obtained from the Landsat
Collection 2 Level-2 Quality Assessment (QA) band. Moreover, these
data are surface reflectance data that have been radiometrically cali-
brated and atmospherically corrected, and are an important and reliable
data source for qualitative or quantitative studies of surface ecological
and environmental elements.

According to the orbital coverage of the Worldwide Reference Sys-
tem (WRS-2), approximately 1,490 scenes are required each year to
achieve complete coverage of the study area. Therefore, suitable images
for SOC estimation must be selected from a large archive of satellite
data. To obtain optimal bare-soil observations for annual SOC estima-
tion, we adopted a pixel-based best bare-soil observation selection
approach rather than using annual or seasonal image composites. Spe-
cifically, based on the WRS-2 orbital coverage, all available Landsat
images covering the study area for a given year were first collected to
construct an initial annual image pool. Subsequently, for each pixel, all
images acquired in that year were examined, and a combination of
multiple spectral indices (Egs. (1)-(4)) was applied to identify valid
observations. These criteria ensured that the pixel reflectance was free
from contamination by clouds, snow/ice, built-up areas, and vegetation,
thereby retaining spectral information representative of “pure bare-soil”
conditions as much as possible. On this basis, the single observation
corresponding to the minimum value of Eq. (3) was selected as the
effective annual reflectance for that pixel, in order to minimize the in-
fluence of residual vegetation and atmospheric effects. Finally, the best
observations from all pixels were assembled to generate the annual bare-
soil image for that year. The threshold values used in the above equa-
tions were determined through a multi-threshold segmentation analysis
applied to 100,000 randomly selected cropland pixels uniformly
distributed across the study area, and subsequently validated using 100
Landsat scenes from Northeast China and the central United States. A
total of 96,498 images were browsed, and 35,760 Landsat TM/OLI im-
ages with six bands were selected for mapping of the year-by-year SOC
content for 2000-2023. Reflectance spectra of the soil sample points
were also acquired under the same rules.

The range of available thresholds for the normalized difference snow

Table 1
The specific band information for the Landsat series of satellites employed in this
study.

Sensor type Band Description Wavelength
name (pm)
Landsat TM/ B Band 1 (blue) surface reflectance 0.45-0.52
ETM+ G Band 2 (green) surface reflectance ~ 0.52-0.60
R Band 3 (red) surface reflectance 0.63-0.69
NIR Band 4 (near infrared) surface 0.77-0.90
reflectance
SWIR1 Band 5 (shortwave infrared 1) 1.55-1.75
surface reflectance
SWIR2 Band 7 (shortwave infrared 2) 2.08-2.35
surface reflectance
Landsat OLI B Band 2 (blue) surface reflectance 0.45-0.51
G Band 3 (green) surface 0.53-0.59
reflectance
R Band 4 (red) surface reflectance 0.64-0.67
NIR Band 5 (near infrared) surface 0.85-0.88
reflectance
SWIR1 Band 6 (shortwave infrared 1) 1.57-1.65
surface reflectance
SWIR2 Band 7 (shortwave infrared 2) 2.11-2.29

surface reflectance
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index (Riggs et al., 1994) (NDSI) was used to exclude ice and snow
pixels, as follows:

G — SWIR1
G + SWIR1

The cloud index (Zhai et al., 2018) (CI) enabled us to remove cloud-
covered pixels as much as possible, with the threshold expression as
follows:

NDSI = € (—,0) )

B+ G+R+ NIR + SWIR1 + SWIR2

CI
6

€ (0,0.20) @)

The threshold expression for the normalized difference vegetation
index (Rouse et al., 1974) (NDVI) used in order to exclude vegetation
pixels during the growing period can be written as follows:

NIR - R

NDVI = ———
NIR +R

€ (0,0.25) 3)

In addition, building pixels are also prone to be incorrectly extracted as
bare soil pixels and needed to be removed, which was achieved using the
normalized difference building index (Zha et al., 2003) (NDBI) threshold
expression:

SWIR1 — NIR

NDBl = —————
SWIR1 + NIR

€ (0.10, + ) &)

2.4. Harmonization of landsat

The acquisition and matching of images has an important impact on
the analysis of feature characteristics in time-series quantitative remote
sensing studies, mainly due to the fact that different sensors have
different conditions of their own, and it is complicated to obtain
consistent temporal characteristics and spectral effects in different pe-
riods. This can result in bias and non-optimal results in the long time-
series analysis of soil properties based on multi-sensor images (Mishra
etal., 2016). To address this issue, the Landsat ETM+ sensor was used to
determine the cross-calibration factor for the three Landsat sensors to
calibrate both the TM and the ETM+ data to the OLI level. Since the
acquired images were concentrated in March to May and October to
November, single-month monthly mean images from the different sen-
sors in 2011, 2012, and 2013 were used for the cross-calibration. The
calibration coefficients were ultimately the most consistent over the
image spectra at random points in May, and May was the preferred time
period for mapping the large areas of Mollisols (Luo et al., 2022), which
allowed us to obtain a large number of images with wide coverage.

2.5. Environmental data acquisition

To characterize the climatic and topographic context relevant to SOC
modeling, a number of environmental features were used as explanatory
variables (McBratney et al., 2003; Meng et al., 2024). We used the
digital elevation model (DEM) with a 30-m spatial resolution provided
by the USGS-led Shuttle Radar Topography Mission (SRTM) to obtain
elevation values, as well as slope and aspect calculated from the eleva-
tion, as auxiliary topographic data. The global annual average surface
temperature (GAAST) and precipitation rate (GAAPR) for each year
were obtained from the National Oceanic and Atmospheric Adminis-
tration: Climate Forecast System (NOAA CFS) NOAA/CFSV2/FOR6H
dataset. The above datasets were accessed through the Geospatial Pro-
cessing Service on the Google Earth Engine platform, and all the data
were analyzed at the raw resolution.

2.6. Feature construction and selection

In this study, a feature library (Table S1) of three clusters of spectra,
spectral indices, and auxiliary data was established, covering a variety of
factors, such as vegetation, soil, and topography. The light gradient
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boosting machine (LGBM) model (Ke et al., 2017) was chosen to
implement the feature extraction, due to the large number of features,
the presence of covariance, and the tendency for there to be missing
values. The feature importance provided by the LGBM model when each
type of feature individually predicted the SOC content was used to
extract the final input features. The top two to top ten most important
features of each category were selected to be combined into the set of
input features for the different cases. In addition, phenomena such as
jumps in the values of features in contiguous geographic space or
complex operations leading to image noise can affect the mapping of soil
organic matter content. This is more restrictive for the spectral index
features, as such, and after selecting the input features based on the
LGBM model, 100 images were randomly selected within the global
Mollisol cropland areas to perform the inversion testing, and features
that would lead to spatial inconsistencies in the images were eliminated.
We retained as few and as general and effective features as possible, to
facilitate the global regression mapping. A total of 14 features were
finally selected, including longitude, latitude, elevation, GAAST,
GAAPR, and spectral-based calculations (descriptive statistics for the
features are shown in Table S2).

The feature formulas used to represent the spectral differences were
as follows:

B2 B3.DI=R-G 5)
B4_B5_DI = SWIR1 — NIR (6)
B5_B6_DI = SWIR2 — SWIR1 (@]

The formulas related to soil properties and parent material (Drury,
1987; Hunt Jr and Rock, 1989; Smith et al., 2005) can be written as:

Char soil index(CSI) = NIR/SWIR2 ®
Moisture stress index(MSI) = SWIR1/NIR )
Iron oxide ratio index(IORI) = R/B 10)

where the ferrous minerals index (FMI) (Segal, 1982) has the same
formula with MSI.
Vegetation indices (Gitelson et al., 2002; Pinty and Verstraete, 1992;
Scudiero et al., 2015) were also utilized:
G—R

Visible atmospherically resistant index(VARI) = G+iR_B an

NI — B
Canopy response salinity index(CRSI) = 4 /% 12)

Global environmental monitoring index(GEMI)

-0.12
=eta x (1 —0.25 x eta) — ngiRS, eta
_ 2% (NIR* -R*) +1.5 x NIR+0.5 xR 13)
n NIR+R+0.5

2.7. Prediction models

In this study, to identify the optimal combination strategy among the
different model structures, we built ensemble model frameworks based
on the typical machine learning models, and conducted extensive ex-
periments to evaluate the effects of different model types, parameter
configurations, and ensemble learning structures on the performance of
SOC content estimation. Finally, we constructed a global SOC ensemble
(GloSOC-Ensemble) model, which adopted a typical two-layer stacked
ensemble structure, in which the first layer contained three base
learners, namely, RF, MLP, and KNN. The second layer employed a
CatBoost model as the meta learner to further optimize the final SOC
content estimation based on the predictions of the first-layer model.
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RF is an extension of the bagging (bootstrap aggregating) ensemble
method, featuring strong resistance to overfitting and the capability to
assess variable importance (Breiman, 2001). Complementarily, MLP
represents a classic form of feed-forward neural network that leverages
nonlinear activation functions to capture complex feature interactions
(Rumelhart et al., 1986). In addition, KNN, as a distance-based learning
algorithm, offers good interpretability and implementation simplicity by
directly using labeled training instances for prediction (Cover and Hart,
1967). The base learners covered three different types of modeling
paradigms, which can provide more adaptive learning capabilities under
the conditions of differences in data distribution, feature dimensions,
and sample density. As an efficient gradient boosting algorithm, Cat-
Boost has the advantage of dealing with unbalanced data and high-
dimensional features, and it is especially good at improving model
generalization and mitigating overfitting (Prokhorenkova et al., 2018).

Therefore, for sample i, with a set of features x; € R%, the training
dataset for the first layer can be denoted as:

T ={(x,y) Yy, % € R? (14

where x; is the set of features, y; denotes the true SOC content of sample
i, and n is the number of samples.

After input to the first-layer model, the predicted values were
generated as follows, respectively:

71" = furlox) = 7. gﬁ(xi) (15)

i M = funp(x:) = Wio(Wy_16(--0(Wix; + by)-)+by_1 ) + by (16)

7 = fam(x) = > wy; a7
JjeNk(x;)

W — 1/d(x;, x))

ZLeNk(xijl/d(xivxl)

where T is the total number of trees in the RF model, f(*) is the pre-

diction function for the regression tree t, and ﬁ(RF) is the predicted value
of SOC based on RF. L denotes the number of layers of the MLP network
(without input layers); Wy, and b, are the weight matrix and bias vector

of layer L, respectively; o(*) is the activation function; and ﬁ(MLP) is the
value of the SOC content predicted based on MLP. Ny (x;) denotes the set
of k training samples that are closest to sample X;, y; denotes the true
SOC values of the j neighboring points, d(*, *) is the Manhattan distance,
and the weight wj is inversely proportional to the distance.

After five-fold cross-validation of the samples for each model in the
first layer, a predicted set of stacked values was obtained:

Si= Vg;,(xi)vfl\%P(xi)afngN(xi” (18)
the training data for the input meta-learning model were then:

g = {(Si7Yi)}?:1 o

Finally, the new training set was learned to obtain the final
predictions:

5/\i = gCatBoost(Si) (20)

To further improve the model performance and avoid overfitting, all
the sub-models were hyper-parameter optimized through the Optuna
(3.3.0) framework (Prokhorenkova et al., 2018), which applies a
Bayesian optimization strategy to automatically search for optimal
hyperparameter combinations. The objective function was defined as
the minimization of the mean squared error (MSE) on the validation set,
ensuring that each model was optimized under a fair and comparable
setting. Model construction and training were conducted in the Python
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environment, primarily relying on libraries such as Vecstack (0.4.0)
(Shcherbatyy, 2016), scikit-learn (1.0.2), and CatBoost (1.2).

2.8. Feature importance assessment

For each base learner in the first layer, the feature importance was
calculated individually. The RF model utilized its built-in feature
importance metric, while MLP and KNN utilized the SHapley Additive
exPlanations (SHAP) algorithm to compute the mean absolute SHAP
value as the feature importance (Lundberg and Lee, 2017). Subse-
quently, the second-layer CatBoost model evaluated the model contri-
bution weights by a built-in algorithm. The feature importance of each
base learner was scaled to the range [0,1], and the final feature
importance values were calculated as follows:

Final_Imp; = ZZI (wi x Imp; J-) 21

where w; is the weight for base learner i, Imp;; denotes the normalized
importance of feature j from learner i, and M is the number of base
learners.

2.9. Estimation model and prediction accuracy

With the soil sampling points arranged in ascending order of true
SOC content values, they were divided into two groups by a stratified
sampling method, where 67% of the samples were used for the model
calibration (N = 1204) and 33% of the samples were used for the vali-
dation set (N = 594). Five-fold cross validation was used to assess the
model performance.

The coefficient of determination (RZ), root-mean-square error
(RMSE), and residual prediction deviation (RPD) were also calculated to
evaluate the model performance. In addition, the 1:1 line was used to
measure how far the true SOC content values deviated from the pre-
dicted SOC content values. A detailed description of the equations is
provided as follows:

n =~ 2
R =1 - TV 22)
Y0 —y)
n =2
RMSE — /2= = Y) 0;1 ) (23)
Z?ﬂ()’i *37)2/71
RPD = V= (24)

where n is the number of samples, y; is the true SOC content of sample i,
¥ is the predicted SOC content of sample i, and y; is the mean value of y;.
In general, a well-performing model usually exhibits high R? and low
RMSE values (Williams, 1987). Furthermore, the RPD values were
divided into five levels to interpret the model performance (Yuan et al.,
2019): RPD < 1.4 (unacceptable), 1.4 < RPD < 1.8 (fair), 1.8 <RPD <
2.0 (good), 2.0 < RPD < 2.5 (very good), and RPD > 2.5 (excellent).

To quantify the overall uncertainty of the ensemble model, we
adopted a five-fold cross-validation approach and calculated the SD of
the RMSE across folds for the CatBoost model. The SD of the MSE was
used to approximate the 95% confidence interval (CI) for the model
performance using the following formula (Montgomery and Runger,
2019; Walpole et al., 1993):

Closy, = u+1.96-0 (25)

where y denotes the mean RMSE, and o the corresponding SD. This
approach provides an interval-based estimation of model performance
and serves as an initial approximation of predictive uncertainty.

To analyze the spatial and temporal volatility of the estimation re-
sults, we calculated the weighted SD using the mean, SD, and pixel count
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of the SOC values across the years and spatial blocks. For each year or
spatial block, the weighted overall SD was calculated as follows:

1 n
Ototal = N Z {612 + (ﬂi - /7)2 ] -N; (26)
i=1

where n is the number of sub-blocks or sub-years involved in the merger,
u; is the mean value of component i, ¢; is the SD of component i, N;
denotes the number of pixels in component i, N is the total number of
pixels, and 7 is the weighted average value.

In addition to the uncertainty associated with model performance
stability and spatiotemporal variability, as reflected by fluctuations in
cross-validation performance (Eq. (25)) and spatiotemporally weighted
statistical features (Eq. (26)), this study further quantified the uncer-
tainty of SOC spatiotemporal predictions using a bootstrap-based
empirical prediction interval (PI) approach to characterize the predic-
tive distribution of the test samples. This method does not rely on any
specific distributional assumptions and has been widely applied in un-
certainty assessment for digital soil mapping (Schmidinger and Heuve-
link, 2023; Wadoux, 2019).

Specifically, the training samples were repeatedly resampled with
replacement, and the model was retrained for each bootstrap replicate to
generate an ensemble of predictions for the test samples across different
model realizations. Based on the resulting predictive distribution, pre-
diction intervals were constructed at a given confidence level (1—a)
using quantiles, with the lower and upper bounds defined as the a/2 and
(1—a/2) quantiles of the predictive distribution, respectively.

The prediction interval width (PIW) for an individual sample is
defined as:

PIW[ — }’;i(l*“/” _y\i(“/z) (27)

where }71-“7“/ ) and }Z-W 2 denote the upper and lower quantiles of the

predictive distribution for the ith sample, respectively. In this study, a
90% empirical prediction interval was adopted (a = 0.10). Furthermore,
the mean prediction interval width (MPIW) was calculated by averaging
PIW across all samples:

N
MPIW = 1% ZPIWi (28)
i=1

where N is the number of test samples. MPIW was used to characterize
the overall level of model prediction uncertainty, while the distribution
of PIW was employed to analyze the spatial heterogeneity of prediction
uncertainty among individual samples.

2.10. Result normalization

Since Landsat images exhibit variations in effective coverage across
different periods and regions, conducting direct temporal sequence
statistics for the whole region may introduce spurious variations due to
missing observations. To ensure spatial comparability among SOC esti-
mates from different years, a spatial coverage consistency procedure was
applied to the annual SOC prediction maps prior to the statistical ana-
lyses (the specific process is shown in Fig. S1). According to the WRS2
grid, there were 181 paths (Fig. S2(a)) and 80 rows (Fig. S2(b)) in the
raw image data for every year. Considering the spatial continuity and
aggregation of Landsat path numbers, we grouped adjacent orbital
tracks by extracting the prefix of the WRSPR attribute (i.e., the higher-
order digits of the path index), thereby simplifying the subsequent
block-wise statistics and spatial consistency analysis. Combined with the
GLC_FCS30-1985-2020 cropland mask (mosaicked into five regions),
the annual images were ultimately divided into 28 spatial blocks (Fig. 52
(e)).

For each year, the number of valid SOC pixels within 28 spatial
blocks and their proportion relative to the total number of valid pixels
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were calculated, and coverage time series for each block were con-
structed for the period 2000-2023. The temporal stability of spatial
coverage was evaluated using the coefficient of variation (CV), range,
and relative range (RR) of the coverage ratio (Table S3). Spatial blocks
exhibiting pronounced coverage fluctuations were identified as poten-
tial anomalous regions, and their coverage time series were corrected
using linear interpolation (Shen et al., 2015) to mitigate the influence of
interannual differences in spatial coverage. After this procedure, the
effective spatial coverage used for statistical analyses remained stable at
42.5% + 2.5% across years (Fig. S3). This essentially compensated for
the pixel-coverage of the Mollisols in Eurasia for the years 2000-2005/
2013 during the statistical analyses, and did not modify the SOC content
estimation images in a practical sense.

3. Results
3.1. Soil sample characteristics

A total of 1798 sets of topsoil sample (Fig. 3) data with SOC contents
ranging from 1.90 to 62.50 g/kg from Northeast China, Russia, the
United States of America, Canada, Argentina, and Mexico were
employed, with 827 samples from 1985 to 1999 and 971 samples from
2000 to 2023 (Fig. S4). The mean, standard deviation (SD), and coeffi-
cient of variation of the SOC content were 16.51 g/kg, 6.90 g/kg, and
41.79% for 1985-1999 and 20.15 g/kg, 8.35 g/kg, and 41.44% for
2000-2023, respectively.

3.2. Results of Landsat data harmonization

The results of Landsat data harmonization are listed in Table 2. All
data were ultimately converted to OLI sensor reflectance values, and
model training and validation were conducted using the converted data.
The same reflectance transformation was applied to the images during
image mapping.

3.3. Mapping and long-term trends of topsoil SOC content in the global
Mollisol cropland areas

Annual maps of the topsoil SOC content in the global Mollisol
cropland areas were produced using the GloSOC-Ensemble model (five-
fold cross-validation, RZ = 0.71, RMSE, = 4.25 g/kg, R2 = 0.61, RMSE,
= 4.98 g/kg, Fig. 4). Year-by-year results are provided in Fig. S5. The
multi-year average map based on the valid data (see Section 2.10) is
shown in Fig. 5(a). Since the beginning of the 21st century, the Mollisol
cropland areas have largely maintained high soil fertility, with most
areas exhibiting SOC contents above 18.04 g/kg and an average SOC
content of 21.30 g/kg. In addition, the 45°N latitudinal zone passes
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Table 2

The cross-calibration results for the TM, ETM+, and OLI data. p and RMSE
represent the correlation coefficient and the root-mean-square error,
respectively.

Band Regression p RMSE  Regression p RMSE
model between model between
ETM+ and TM OLI and ETM+

B ETM+ = 0.69  0.02 OLI = 0.72  0.02
0.7092*TM + 0.6168*ETM+ +
0.0128 0.0121

G ETM+ = 0.71  0.02 OLI = 0.72  0.02
0.7157*TM + 0.644*ETM+ +
0.0162 0.0251

R ETM+ = 0.81  0.02 OLI = 0.84  0.02
0.8536*TM + 0.7871*ETM+ +
0.0071 0.0114

NIR ETM+ = 0.88 0.05 OLI = 0.855 0.87 0.05
0.9009*TM + *ETM+ + 0.0463
0.0295

SWIR1  ETM+ = 0.81  0.04 OLI = 0.7767 0.77  0.04
0.8275*TM + *ETM+ + 0.0471
0.0347

SWIR2 ETM+ = 0.83  0.04 OLI = 0.8091 0.82  0.04
0.8558*TM + *ETM+ + 0.0287
0.0207

through the world’s three major grain-producing regions (Meng et al.,
2024), i.e., the Russian Plain, Northeast China, and the Mississippi River
Basin of north-central America, with regional mean SOC contents of
29.02 g/kg, 20.13 g/kg, and 17.72 g/kg, respectively. With reference to
the terrestrial ecoregions of the world data (Olson et al., 2001), the three
regions with the largest area and highest mean SOC content are the
Palearctic, Nearctic, and Neotropical regions, which suggests that the
relatively humid climate of the temperate zones provides favorable
conditions for the development of Mollisols, while higher latitudes with
lower temperatures allow for prolonged accumulation of humus.

The analysis of the interannual trend (Fig. 5(b)) shows that the
topsoil SOC content in the global study area increased significantly be-
tween 2000 and 2023 (Mann-Kendall test, p < 0.01; Theil-Sen slope =
0.037 g/kg), which indicates that it was slowly accumulating overall.
The average annual percentage change shows that the fluctuation of
SOC content was generally less than +2% from year to year, and the
global average annual change rate was 0.15%, which further supports
the stability and moderation of the growth trend. Overall, spatial and
temporal continuity was maintained across the different spatio-temporal
blocks, although variations remained among continental regions. SOC
content in Eurasia was generally higher than in North America, and both
were significantly higher than in South America. Dividing the period
into four intervals of six years each (Fig. 5(c)), the SOC content increased

1200 35.00
N 31.06
28.80
1000 | 1013 1 30.00
Mean
1 25.00
800 —e—SD 20.04 =
w eo
E 16.58 12000 2
E 60 13.50 639 9
Z : {1 1500 &
2]
400 | 10.34
4 10.00
200 | 1 5.00
0.71 1 M
0 2 L : : : 0.00
Argentina Canada China Mexico Russia United States of

America

Fig. 3. Sample data from different countries. N denotes the number of samples, Mean denotes the mean value of the SOC content, and SD denotes the standard

deviation of the SOC content.
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from 22.10 g/kg in the early 2000 s to 22.80 g/kg in recent years, with a
maximum stage-specific increase of 0.30 g/kg. The spatio-temporal
trends of SOC content varied across regions. North America experi-
enced a notable increase, whereas Eurasia exhibited an alternating
pattern of gains and losses, with a pronounced decrease in Northeast
China. Furthermore, the increase observed in the Americas outweighed
the decrease in Eurasia, resulting in an overall upward trend.

3.4. Assessment of the predictive feature importance and environmental
correlations

The correlation analysis results (Fig. 6(a)) show that latitude, the
canopy response salinity index (CRSI), and the global environmental
monitoring index (GEMI) exhibit moderate correlations with SOC con-
tent (|p| > 0.4, p < 0.001), representing the strongest correlations
among all the features. The feature importance assessment further re-
veals considerable variation in the importance of individual features to
SOC estimation. Notably, spatial location information accounts for more
than 50% of the total importance, highlighting the strong geographic
dependency of SOC distribution. Elevation, as a primary topographic
factor, contributes 18.71%, indicating the potential influence of terrain
on SOC accumulation (Gibson et al., 2021; Shen et al., 2015). The
spectral difference indices contribute approximately 10.56% in total,
reflecting their capacity to characterize soil and vegetation surface
conditions through remote sensing. Vegetation indices contribute
8.42%, indicating an indirect modulation effect via vegetation cover and
primary productivity. Soil properties and parent material related vari-
ables contribute 7.42%, suggesting that pedogenic characteristics
partially influence the spatial pattern of carbon stocks. Although cli-
matic factors contribute relatively little (4.80%), they still constitute an

(@)
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important environmental background for SOC spatial variability.

In this study, to preliminarily investigate the dynamic responses of
SOC, we incorporated variables such as net primary productivity (NPP),
evapotranspiration (ET), and potential evapotranspiration (PET) for the
temporal analyses (the MOD17A3HGF and MOD16A2GF products were
obtained from https://Ipdaac.usgs.gov/products/). The results show
(Fig. 6(b)) that there is a significant moderate positive correlation be-
tween NPP and SOC content (p = 0.46, p < 0.05), with some consistency
between the two in terms of multi-year trends. This suggests that
possible positive feedbacks exist between the increase of NPP and the
accumulation of SOC. Regarding ET and PET, which are closely related
to irrigated agriculture, the former is positively correlated with SOC
content in the time series ((Fig. 6(c)), p=0.60, p < 0.01), while the latter
is significantly negatively correlated with SOC content ((Fig. 6(d)), p =
— 0.55, p < 0.01). Further regression analyses showed that the average
annual variation in SOC content explains about 30% of the variation in
ET/PET, implying that it affects vegetation water use efficiency to some
extent (Huang et al., 2021; Yang et al., 2014).

3.5. Regional associations between SOC content variations and major
human activities

In addition to natural environmental factors, human activities have
been suggested to be associated with regional-scale SOC dynamics
(Beillouin et al., 2023). Based on the predicted SOC results described
above, we further examine, from a results-oriented perspective, the
correspondence between SOC changes and major human activity in-
dicators in selected representative regions.

In Northeast China, maize and soybean are the most widely grown
crops, and crop rotation between the two is the predominant
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agricultural practice. By analyzing the annual statistics (https://data.sta
ts.gov.cn/easyquery.htm?cn=E0103) from the region (Fig. 7(a)), it was
found that the sown area of maize is significantly and negatively
correlated with the SOC content of the surface Mollisols throughout
Northeast China (|p| > 0.53, p < 0.01), showing that the expansion of
maize planting may be accompanied by a decreasing trend of SOC
content. In contrast, the soybean planting area shows a significant
positive correlation with SOC content only in Jilin province (|p| = 0.59,
p < 0.01). The temporal trend analysis further indicates that fluctuations
in soybean planting area and SOC content exhibit complementary pat-
terns in multiple years. These regionally and temporally differentiated
correlations reflect the potential links between cropping patterns and
SOC dynamics.

The number of land protection policies also exhibits clear regional
differences worldwide. Among the 73 countries with Mollisols, the
number of policy documents related to land and soil protection (from
https://www.fao.org/faolex/en; Fig. 7(b)) is significantly higher in
Eurasia than in the Americas and Oceania, with Russia, China, and
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Canada having the largest number of such policies. In general, the
spatial distribution of the number of policies corresponds to the topsoil
SOC contents of the Mollisol cropland areas of Eurasia and North
America.

However, abrupt human disturbances have the potential to cause
significant fluctuations in SOC content. In Ukraine, for instance, the
average SOC content in the Mollisol cropland areas decreased signifi-
cantly following the large-scale conflict that began in 2022. Compared
with 2021, although the main conflict area recovered partially in 2023,
the SOC content in the secondary impact area decreased by 0.92 g/kg in
two years (Fig. 7(c) and (d)), revealing that social conflicts can cause
short-term disturbances in the soil system and generate heterogeneous
responses.

Therefore, human activities, such as agricultural restructuring,
institutional security, and social stability, can affect the spatial and
temporal distribution and dynamic characteristics of SOC content at
different scales.
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Fig. 7. Associations between human activities and SOC content variations. (a) Sowing areas of soybean and maize in Northeast China. (b) Global map showing the
total number of legislations, regulations, and policies related to “land and soil” for each country in the FAOLEX database. (¢) Map of Ukraine, showing the areas
affected by the armed conflict. (d) Variation of the topsoil SOC content in the Mollisol cropland areas of Ukraine.
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4. Discussion
4.1. Spatial and temporal characteristics of regional SOC trends

According to the year-by-year spatial distribution maps (Fig. S5) and
statistical results (Fig. 5), it can be observed that the SOC contents in the
different regions have shown significant differences between 2000 and
2023. In general, the spatial distribution pattern of SOC is highly
consistent with the relative distribution pattern of the existing data
products (e.g., GSOC v1.5 (https://data.apps.fao.org/), SoilGrids 2.0
(https://soilgrids.org/) (Poggio et al., 2021), and the SOC estimation
results based on a geographic knowledge dataset and probability hybrid
model (GEKD-PHM) (Meng et al., 2025)). The spatial distribution shows
a gradient of “Europe > Northeast China > North America > South
America”. This consistency reflects the robustness of multi-source
modeling in spatial pattern identification. Nevertheless, the range of
SOC values varies between products. The results of this study have lower
values over the whole global study area, compared to the other products
(SoilGrids 2.0 (0-116.00 g/kg), GSOC v1.5 (0-99.70 g/kg), GEKD-PHM
(0-82.07 g/kg), this study (0-55.51 g/kg)), which may stem from the
range of SOC values in the training samples, the type of input variables
used for the estimation, the modeling method, the time horizon, the
scale sensitivity, and the range of pixels used for the statistical analysis.
However, the temporal trend of SOC content shows some differentiation
when compared to the spatial pattern. Remote sensing estimation
studies (Meng et al., 2024; Meng et al., 2025) based on the reflectance of
multi-year synthetic remote sensing data at longer time scales (e.g., the
1980 s to the present) have generally reported a continuous downward
trend in SOC content in the Mollisols globally. The findings of this study
based on high temporal resolution remote sensing data show that this
trend is not generalized over the period of 2000-2023.

Specifically, Northeast China still showed a certain degree of
decreasing trend (—0.34 g/kg) during the whole period. The most sig-
nificant changes in SOC were observed in each region during 20062017
(Fig. 5(c)). Although high-intensity farming activities in Northeast
China, as a major grain-producing region in China, have made important
contributions to national food security, long-term irrational farming,
over-tillage, and soil erosion have also accelerated the loss of SOC (Jiang
et al., 2024a), which is consistent with the results of the existing studies
(Meng et al., 2024; Wang et al., 2023b). Since 2017 (Ministry of Agri-
culture of the People's Republic of China, 2017), the Chinese govern-
ment has implemented land protection policies every year (Fig. 7(b)),
including the introduction of a protection law for Mollisols (Standing
Committee of the National People’s Congress of China, 2022), which
aims to improve soil quality through measures such as erosion control,
increased application of organic fertilizers, and returning straw to the
soil. This may have had a positive effect on the SOC content in Northeast
China, which did rebound somewhat during 2018-2023. In contrast,
North America showed a more consistent and significant SOC growth
trend over the study period (+1.28 g/kg). Previous studies based on
counterfactual scenarios have indicated that SOC stocks increased
annually in US cropland areas from 1995 to 2015 (Ogle et al., 2023).
This can be mainly attributed to the continued promotion of efficient
management practices such as no-till agriculture, rotational grazing, and
cover crops (Joshi et al., 2023; Sangotayo et al., 2023). These differences
may reflect the complex coupling effects of the different regions in terms
of agricultural management policies, land-use change, and climate
change response.

4.2. Ecological and anthropogenic coupling of regional SOC dynamics

In this study, to better interpret the possible background factors for
SOC changes in the different regions, we attempted to combine
ecological and anthropogenic disturbances in a preliminary analysis.
Although we did not explicitly model ecological process variables in this
study, the temporal changes in SOC (Fig. 6(b)-(d)) are closely related to
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the increase in NPP (Kida et al., 2017) and decrease in PET (Mishra et al.,
2022), which indirectly supports the SOC accumulation mechanism
proposed by the previous studies. This provides a reference for the
subsequent exploration of the relationship between carbon stocks and
ecosystem functions. In addition, the results of the feature importance
analysis showed that the remote sensing indices related to vegetation
coverage, moisture status, and soil mineral composition made a high
contribution to the spatial estimation of SOC (the proportion of related
features was 15.84%), which reflects the key role of regional ecological
base conditions in soil carbon distribution (Wang et al., 2024; Xiao et al.,
2024). Based on the model estimation performance, the spectral indices
selected in this study exhibited notable ecological relevance and appli-
cation potential. Spectral indices such as the char soil index (CSI),
moisture stress index (MSI), and iron oxide ratio index (IORI) reflect the
surface soil characteristics related to carbonaceous materials, moisture
stress, and iron oxide distribution, while the visible atmospherically
resistant index (VARI), canopy response salinity index (CRSI), and
global environmental monitoring index (GEMI) correspond to vegeta-
tion density, salinity stress, and overall ecosystem status, respectively.
These indices not only capture surface environmental changes effec-
tively, but also help overcome the limitations of the conventional
vegetation indices such as NDVI in soil property estimation (Liu et al.,
2021; Sims and Gamon, 2002). Compared to the traditional indices,
these structural or composite indices show greater sensitivity to
ecological changes such as land degradation, crop structure adjustment,
and moisture disturbance (Lei et al., 2024; Sun et al., 2021). This en-
hances their capacity to reflect the spatial heterogeneity of SOC distri-
bution and highlights their potential utility in large-scale soil carbon
monitoring.

In terms of anthropogenic influences, regional shifts in cropping
structure and changes in socio-political stability can partly explain the
spatial variability of SOC dynamics. For example, in Northeast China,
the reduction in soybean cultivation and the expansion of maize led to a
decline in the root decomposition and biological nitrogen fixation
associated with shallow-rooted soybean (Thibodeau and Jaworski,
1975). The increased reliance on nitrogen fertilizers, combined with the
prolonged nutrient depletion by deep-rooted maize, may have acceler-
ated the mineralization and loss of topsoil SOC (Hong et al., 2023). In
addition, the case of Ukraine (Fig. 7(c)-(d)) illustrates that modern
armed conflict does not necessarily halt national food production and
export (FAO, 2022b). In the major conflict zones, SOC levels showed
signs of recovery in 2023, possibly due to farmland abandonment and
subsequent natural vegetation regrowth (Shi et al., 2024; Zhao et al.,
2023). In contrast, intensified agricultural activities in the secondary
affected areas may have increased the cultivation pressure, thereby
further depleting topsoil SOC content (FAO, 2022b).

4.3. Uncertainties and limitations of the SOC estimation framework

In this study, the topsoil SOC content of the global Mollisol cropland
areas was estimated based on the GloSOC-Ensemble model. While the
overall prediction performance was good, inherent uncertainties in both
the model and data warrant careful consideration. Through five-fold
cross-validation, the mean RMSE of the model training phase yielded
5.21 g/kg, with an SD of 0.42 g/kg, and the 95% CI was estimated to be
approximately +0.82 g/kg. However, cross-validation metrics primarily
reflect the stability of model performance and do not adequately capture
the uncertainty of individual predictions across temporal and spatial
dimensions. Although the model achieved relatively high predictive
accuracy on the test dataset, the bootstrap-based empirical prediction
intervals indicate that SOC predictions are still associated with consid-
erable uncertainty. The MPIW value suggests that the average width of
the prediction intervals at the overall scale is 5.52 g/kg. In contrast, the
distribution of PIW (Fig. 8) exhibits a pronounced right-skewed pattern,
with most samples characterized by relatively narrow prediction in-
tervals, indicating stable predictive performance across the dominant
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sample space. However, a small number of samples show substantially
larger PIW values, reflecting elevated prediction uncertainty under
extreme or complex environmental conditions. These results demon-
strate that, in addition to uncertainties arising from input data and
environmental covariates, the predictive model itself constitutes a non-
negligible source of uncertainty in SOC spatiotemporal mapping
(Heuvelink et al., 2021; Szatmari et al., 2024). Therefore, in practical
applications, SOC spatiotemporal variations should be interpreted by
jointly considering both prediction results and their associated uncer-
tainty information, in order to avoid over-interpretation of predictions
in localized areas.

The spatial coverage of the remote sensing data was also not com-
plete, especially in some areas of Eurasia between 2000 and 2005, which
affected the temporal continuity and led to uncertainty (Fig. 9(a)) (Shen
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et al., 2016). Therefore, different data were used for the statistical an-
alyses in this study: i) only valid data were used; and ii) all the data were
used, where the data pending calibration were adjusted by the inter-
polation method. Despite being effective in mitigating the problem of
incompleteness and outliers in different spatio-temporal image data, the
compensation accuracy was still limited in high-latitude and complex
terrain regions (Fig. 9(b)). Further minimization of the inaccuracy due
to the differences in image coverage will be needed in the future, in
order to improve the reliability of the results (Zhu and Woodcock,
2014). In addition, the Landsat 7 ETM+ data used for 2012 are affected
by localized pixel gaps caused by the failure of the scan line corrector
(SLC) onboard Landsat 7 ETM+ (hereafter referred to as the SLC-off
issue), which represents a potential source of data-related uncertainty
in SOC mapping. However, in the global-scale analyses conducted in this
study, SOC estimates are primarily derived from regional statistics based
on a large number of valid pixels, and both the spatial patterns and long-
term temporal trends show strong robustness to a limited proportion of
missing pixels. For future studies aiming at higher-resolution, pixel-level
SOC mapping, gap-filling or multi-source remote sensing data fusion
approaches could be considered to further reduce this type of
uncertainty.

The analysis of global-scale SOC content variations also faces the
challenge of differences in data resolution and time span across regions,
leading to unequal model confidence among regions (Jungkunst et al.,
2022). Global models can provide a unified analysis framework for
large-scale regions, but can ignore local features, resulting in a lower
accuracy (Chen et al., 2022). In contrast, region-based models can better
capture local features and improve the accuracy, with the disadvantage
that they can cause inconsistency in cross-region analysis (Liu et al.,
2019; Padarian et al., 2017). Therefore, prospective studies should
consider appropriately combining regional models under a global
analysis framework, to ensure the accuracy while enhancing the overall
consistency. In addition, the input features of this study included nine
Landsat-derived spectral indices (see Section 2.6), which had the
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13



Y. Yang et al.

advantage of temporal coverage but did not adequately account for the
effects of factors such as soil moisture and texture on reflectance
(Dharumarajan et al., 2024). The nonlinear and nonstationary rela-
tionship between SOC and spectral response may be simplified, affecting
the predictive stability (Gomez et al., 2022). Finally, the spatial distri-
bution of the ground sampling was uneven, mainly concentrated in the
United States and China, and the temporal distribution of sample
collection was also unbalanced, limiting the model generalization ability
(Zhou et al., 2023). In the future, more public datasets should be
assembled to optimize the structure of the spatial and temporal distri-
bution of the samples and improve the regional applicability and
representativeness. In summary, insufficient data coverage, limited
feature selection, and inadequate representative sampling still limit the
accuracy and reliability of SOC content estimation.

5. Conclusion

In this study, the annual spatial distribution of topsoil SOC content in
global Mollisol cropland areas was mapped based on ensemble learning
and Landsat satellite imagery from 2000 to 2023, providing a long-term
and spatially explicit assessment of SOC dynamics in major Mollisol
croplands. The results indicated an overall increase in SOC levels across
global Mollisol croplands during the study period, with a net rise of
3.17%. However, this global tendency masked pronounced regional
heterogeneity. Mollisol croplands in the Americas exhibited a relatively
consistent increase in SOC, exceeding 5.00% over the past two decades,
whereas Eurasian regions showed more variable trajectories with
localized fluctuations and occasional declines. These contrasting pat-
terns highlight the spatial complexity of SOC dynamics in major black
soil agricultural systems.

Further analyses revealed the close associations between SOC dy-
namics and environmental factors such as vegetation productivity and
soil-water conditions. The integration of agro-environmental indicators,
including—such as NPP, ET, and vegetation indices—provided addi-
tional insights into the coupling between ecosystem functioning and
cropping systems, which jointly regulate the spatial and temporal pat-
terns of SOC in croplands. Beyond environmental control factors, our
findings also demonstrated that human interventions—such as cultiva-
tion practices, agricultural policies adjustments, and socio-political
conditions—may exert significant influence over the dynamics of SOC.
This underlines the dual sensitivity of soil carbon dynamics to both
ecological and socio-economic factors.

Overall, these insights will enhance our understanding of soil carbon
dynamics and underscore the importance of region-specific soil man-
agement strategies for maintaining and enhancing soil carbon stocks.
The findings provide valuable scientific evidence for precision agricul-
tural management, soil conservation planning, and the formulation of
policies promoting sustainable land use and soil carbon sequestration.
Future investigations should incorporate multi-source observational
data, refine spatio-temporal modelling methods, and integrate socio-
economic drivers to more accurately quantify the underlying mecha-
nisms of SOC dynamics. These efforts will support more effective soil
carbon management under evolving environmental and land-use
conditions.
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