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ARTICLE INFO ABSTRACT

Keywords:

Soil organic carbon (SOC) plays a crucial role in terrestrial C storage and ecosystem services. Agricultural
management practices have the potential to increase C inputs and reduce its losses. However, uniform standard
protocols for measuring, monitoring, and assessing changes using remote sensing is lacking for SOC in the sci-
entific literature. In this discussion paper, we present techniques for collecting and analyzing ground samples and
employing remote sensing to quantify SOC, along with its limitations and future perspectives. Our analysis
identified a number of key limitations to advancing the science for remotely sensed terrestrial C in croplands
including i) lack of consensus in sampling depth and density, ii) the absence of a standard (or universally
accepted) laboratory procedure and statistical methodology, and iii) lack of details on imagery pre-processing or
information on the spectral properties of the targeted soils. Establishing standard protocols for ground-truth data
collection and remote sensing approaches, as well as a knowledge of the impacts of diverse soil types, land uses,
and landscapes on C assessment, are all required to enhance the accuracy and reliability of future SOC
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assessments.

1. Introduction

Terrestrial carbon (C) comprises more than 3000 petagrams (Pg) of C
(Lal, 2004), with the potential to store significantly more by absorbing
CO5 from the atmosphere. The terrestrial C component influences
several ecosystem services, including soil water cycle, soil structure,
plant nutrition, and plant growth (Rawls et al., 2003). The largest pro-
portion of this pool, around 1500 Pg C, exists as soil organic C (SOC) in
an equilibrium between sequestration and emissions as a sink or source.
Initiatives such as “4 per 1000” explore the potential that soil has to
capture more atmospheric C (Minasny et al., 2017), helping to tackle
global challenges such as climate change, land degradation, biodiversity
loss, and food security (Lal, 2006). Agricultural management practices
have the potential to help to achieve this goal in two fundamental ways:
i) by increasing C inputs, and ii) by lowering C losses, both of which can
be accomplished via implementation of best management practices such
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as optimal fertilization rates, use of cover crops, and no-tillage agro-
forestry, crop — livestock integration, amongst others (Tiefenbacher
etal., 2021). However, to fully understand these dynamics and use them
to contribute to the improvement of C storage, we must first be able to
precisely measure and monitor changes of soil C over time, along with
an accurate description of land use and management practices that are
among the main drivers of SOC dynamics. This discussion paper presents
a brief summary on (i) the limitations associated with soil data collection
and remote sensing approaches for SOC assessments; (ii) the importance
and need for standard protocols for measurements and associated issues;
and (iii) future directions necessary to advance towards a more ho-
mogenous implementation of remote sensing for SOC assessment
(Fig. 1).
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2. Current scenario: progress and global footprint

Globally, several attempts have been made to advance the under-
standing of SOC dynamics from the sky (Angelopoulou et al., 2019). This
becomes particularly important when looking for solutions that: (i)
allow for efficient global deployment, (ii) are non-destructive, (iii) cost
effective, and (iv) can be easily updated. These studies may involve
optical and/or radar sensors, soil spectral libraries, and proxies such as
digital elevation models or other covariables. In recent review studies by
Angelopoulou et al. (2019) and Vaudour et al. (2022) described and
discussed the role of different sensors, spectral ranges, methodologies,
and spatial distribution over the past decades.

From a SOC ground sampling perspective, soil data collection pre-
sents a broad range of sampling depths (0-10 cm, 0-20 cm, 0-30 cm or
0-100 cm), number of samples per unit area (0.1 samples km ™2 to 2.7
samples km™2, to 201 per field), and laboratory methodologies (wet
oxidation and dry combustions) (Casa et al., 2013; Castaldi et al., 2016;
Chen et al., 2019; Vaudour et al., 2022). While these studies were
distributed across the world, the geographical scope has been limited to
small regions and many regions/countries remain heavily
under-represented or not represented at all.

From a remote sensing standpoint, sensors mounted on planes or
drones tend to be costly. Add to that the requirement for highly qualified
personnel to conduct the flights, the additional time for pre-processing
of the images, calibration and understanding of images, and the
limited scalability of the findings. On the other hand, spaceborne plat-
forms can retrieve data from anywhere across the world, with signifi-
cantly reduced cost. Spaceborne sensors deliver data with varying
spatial, temporal, and spectral resolutions, such as MODIS for regional
scale studies or PlanetScope images for field-level analyses. Increasing
availability of analysis-ready data (ARD) and free access via government
or educational initiatives are additional benefits of satellite-based
sources. Significant advancements in cloud computing infrastructure
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(e.g., Google Earth Engine, AWS) (Gorelick et al., 2017) have also
contributed to a greater uptake of satellite-based data by enabling an
increasing number of images to be analyzed/processed in very little
time. The past years have seen an explosion in satellite-based studies
(Vaudour et al., 2022), coincident with the launch of Sentinel 2. Sentinel
2 represents a significant advance over previous sensors with improve-
ments in both spatial, temporal, and spectral resolution, allowing for
enhanced super-spectral analyses at 10 m with a 5-day revisit (Drusch
et al., 2012). Add to that, studies based on other multi-spectral missions
such as Landsat and MODIS (Peng et al., 2015; Sayao and Dematte,
2018) and hyperspectral systems such as HyMap, Hyperion, PRISMA,
and CHRIS (Hbirkou et al.,, 2012; Hong et al, 2020). While
multi-spectral sensors collect data in discrete bands (channels) across
the electromagnetic spectrum, hyperspectral imaging (HSI) typically
measures in 100's of continuous bands. HSI has been shown to deliver
more precise retrievals given access to high spectral resolution infor-
mation across specific portions of the electromagnetic spectrum
(Angelopoulou et al., 2019; Chabrillat et al., 2019). The disadvantage,
however, is in relation to the cost per image, spatial coverage and
trained personnel to process the data. The utility of spaceborne HSI has
traditionally been hindered by a lack of global monitoring missions in
addition to more complicated image pre-processing tasks (atmospheric
correction, radiometric interferences) (Angelopoulou et al., 2019).

3. Limitations of current approaches from ground collection to
remote sensing

Multiple attempts have been made on a global scale for quantifying
SOC, as presented by Vaudour et al. (2022), but still large uncertainties
are associated with its estimation (Stockmann et al., 2015). For the
purpose of this review and discussion, these uncertainties may be
divided into three major categories: those connected with i) character-
izing land use and management practices, ii) soil sample collection and

NO STANDARD PROTOCOL
Lack of consensus in sampling depth and density
Lack of a standard laboratory procedure

Different statistical methodology

NO REMOTE SENSING PROTOCOL

No suggested spatial resolution
according to the area under study;
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the level of preprocessing

Information regarding the spectral
properties of the targeted soil

Most of the studies using one single image

CURRENT
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Fig. 1. Current limitations and future perspectives for soil organic carbon (SOC) assessments from soil sample collection and analysis to remote sensing.



L. Nieto et al.

analysis, and those linked to iii) remote sensing tools and image
processing.

Land use and management practices are among the main drivers of
SOC dynamics governing biomass-C inputs and outputs, diversity of
organic inputs and their turnover rate associated with soil aggregation
processes, abundance and diversity of soil biota that will shape the
different SOC pools. Land use and management practices are usually not
fully described in soil database or simply refer to generic terms such as
conventional and best management practices with few descriptive ele-
ments that do not always allow an external reader to assess the nature of
the practices and/or the historical path of the land use (Fujisaki et al.,
2023).

Spatial distribution, sampling density (number of samples per unit of
area), sample depth, bulk density, laboratory methodologies, and sta-
tistical methods are among the sources of uncertainty in the second
group. The importance of sampling density for SOC prediction was
studied by Long et al. (2018) who tested twenty different densities and
concluded that sampling density affects the accuracy while presenting a
correlation with the landscape, and soil orders ultimately affecting C
stocks estimations (Sa et al., 2013). This emphasizes the complexity
associated with conducting research on a worldwide scale, as the
required sample density would be substantially larger in order to cap-
ture the variability. Thereby making it even more challenging, costly,
and laborious to collect and analyze the data. In addition, if the prop-
agation of error is not properly considered, scaling up field level data to
regional or larger scales is likely to introduce substantial uncertainties.
In this context, the spatial autocorrelation between samples plays a key
role in combination with the methodology used to interpolate the values
to move from sampling level to field or regional level. Few studies have
been conducted covering extensive geographical areas across the globe
(Vaudour et al., 2022). It is impossible for such a limited evaluation with
such a low sample density to accurately portray the intricacy of this
topic in its entirety.

Regarding soil sample depths, (Vaudour et al., 2022) highlighted the
wide range of sample depths used in literature studies in addition to the
lack of a complete characterization of other relevant management con-
ditions. The importance of sample depth and its effect on SOC stocks has
been highlighted (Olson and Al-Kaisi, 2015), concluding that optimal
depth should correspond with the root zone (e.g., 1-2 m). However, this
contributes to the challenge related with the cost of the analysis as well
as the Intensity and laboriousness of the task.

Bulk density not only affects the flow of water and oxygen within a
soil profile and the availability of nutrients but could also be source of
large uncertainties when estimating SOC stocks. Overall, bulk density
differed among land management uses and over time, with usually
greater bulk densities under no-till cropping systems during the first
years of implementation when compared with conventional manage-
ment (Li et al., 2020). SOC stocks should always be estimated as an
equivalent mass in order to reduce uncertainties in the results analysis
(Wendt and Hauser, 2013). Unfortunately, many studies do not correct
soil thickness based on difference of bulk density across management
practices, resulting in one of the main reasons for high uncertainty in
SOC storage estimates (Walter et al., 2016), specifically when
comparing the effect of management practices (Wendt and Hauser,
2013). Attempts are also made to substitute missing bulk density data on
soil database covering large scales. (Xu et al., 2016) compared several
methods and reported that statistical methods involving the mean and
median tend to overestimate the SOC storage by 50%, while methods
using pedo-transfer functions underestimated the SOC by 8%, with a
decreasing accuracy with sampling depth.

In terms of laboratory procedures for determination of soil C con-
centration, wet oxidation and dry combustion are the two most often
used procedures (Davis et al., 2018; Meersmans et al., 2009), despite
efforts to establish the latter one as the norm. This leads to another
source of uncertainty when comparing soil libraries and samples from
various times and years. Wet oxidation methods fail to completely
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oxidize SOC, resulting in an underestimation of the SOC content. A re-
covery factor of 1.33 is usually found in the literature, and used to es-
timate the total SOC, however this factor must be changed based on land
use, soil type, climate, depth, and other variables (Tivet et al., 2012).
Vaudour et al. (2022) advise adding this information to the metadata in
order to compare varied sources and the same source across different
periods in order to partially mitigate this issue. In addition, the intrinsic
error associated with the laboratory (equipment and technicians) is
another factor that should be included in the metadata, especially if data
from different laboratories will be compared (Mountier et al., 1966).

The selection of an appropriate model of SOC estimation, has a sig-
nificant impact on the uncertainties associated with the final estimate.
Various modeling techniques can be employed. Many published studies
use multivariate methods, with partial least squares regression as the
most prevalent option. In recent years more complex algorithms such as
support vector machine, artificial neural networks, random forest,
Bayesian analysis, hybrid and ensemble models have become increas-
ingly common due to enhanced computer power and cloud computing
(Tajik et al., 2020). These machine learning methods can effectively
account for nonlinear data relationships and integrate supplementary
variables in the learning process. Due to the fact that SOC dynamics and
correlations with other variables are often non-proportional and even
non-monotonic (Croft et al., 2012), nonlinear techniques become a core
requirement for analyzing SOC dynamics. The proper model selection,
hence, is determined by the available data, objectives, and level of un-
derstanding of underlying processes.

The remote sensing-based uncertainties (i.e., last group) are associ-
ated with (i) spatial resolution, (ii) image pre-processing, (iii) the
spectral properties of the targeted soil (soil moisture, cover, soil type,
etc.), and (iv) temporal analysis when assessing SOC. Insufficient spatial
resolution can significantly limit the accuracy of SOC estimates via
remote sensing. Remote sensing data may lack the granularity to
differentiate between various SOC levels on the ground and this type of
pixel mixing can result in erroneous estimations (Zhou et al., 2021).

In addition, image pre-processing steps such as atmospheric correc-
tion, absorption effects, and topographic effects are frequently implied
but not explicitly stated in the literature. Differences in pre-processing
procedures and lack of universal ARD (analysis ready data) standards
can contribute to wrongful assessments, especially when looking at the
same area at different times.

Soil moisture may alter the precision of remote sensing based SOC
estimates (Jiang et al., 2016). The reflectance of the soil surface, de-
pends on soil moisture that may indirectly control SOC retrievals via
impacts on surface reflectivity (Nocita et al., 2013). Similarly, the
presence of surface cover may further influence the precision of SOC
estimates via its impact on surface reflectivity (Angelopoulou et al.,
2019; Chabrillat et al., 2019). Variations in the spectral reflectance
signature of the soil may also impact the precision of SOC given the
influence of soil type, mineralogy, texture and SOC concentration,
(Dematte et al., 2009; Liu et al., 2018; Castaldi et al., 2016; Gholizadeh
et al., 2018). These potentially confounding features and complexities
become even more relevant when the assessments are extrapolated to
larger areas, since heterogeneity is more likely to be part of the
landscape.

In terms of temporal analysis (i.e., intra and inter-year) the literature
is considerably scarce on the topic. For example from the perspective of
the resolution and time of satellite data acquisition, Vaudour et al.
(2019) found that the image date has an impact on the SOC assessment,
while Shi et al. (2022) highlighted that a multitemporal composite
consistently outperformed single-date images.

To quantify changes in-field SOC and the impact of different man-
agement practices over C stocks, long term analysis is required along
with diachronic assessments to improve the accuracy of SOC accumu-
lation rates (Costa Junior et al., 2013). The Food and Agriculture Or-
ganization of the United Nations (FAO), for example suggest 5 to 10
years before impacts can be measured (Lefevre, 2017). In this sense the
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literature is still scarce even with decades old satellite missions, such as
Landsat, being available. In addition, the conversion rate of biomass
inputs to SOC can be highly variable based on management practices.
For example, Fujisaki et al. (2018) assessing 48 tropical studies observed
a mean conversion rate of C inputs to SOC of 8.2% with a range from
—7.3 to 35.6% with biomass-C inputs being the main predictor of SOC
accumulation rate. The conversion rate of biomass to C could depend on
factors such as no-tillage, use of cover crops, rotation, restitution of
biomass inputs, and years of implementation. This highlights the need to
have a clear description of agricultural practices along with soil
attributes.

4. Future perspectives

Fujisaki et al. (2023) called for a harmonized thesaurus to give
genericity to the terms describing land use and management practices
across large soil database for the evaluation of soil carbon storage. The
authors proposed a hierarchical tree based on three main management
practices (i.e., annual and perennial croplands, grasslands, and forest
and tree plantations) subdivided on land managers’ point of view
including plant, biomass, amendments management but also erosion,
fire, and land clearing management. This being one example, the
absence of a uniform and well-established ground-based protocol for
SOC estimation is one of the major obstacles in the field. This is owing to
a wide range of sampling strategies (such as sample depth, density, and
bulk density) and laboratory tests (such as dry combustion and wet
oxidation), which have led to inconsistent methodologies for SOC
measurement and evaluation. This prevents us from accounting for
unbiased estimations and from establishing a foundation for more
knowledgeable contributions of each biome, ecosystem, crop, and ac-
tivity to the overall C system. A first step to help accelerate and upscale
the use of remote sensing tools to address C dynamics, should lean to-
wards a deeper understanding of the effect of sampling density to cover
the variability and diversity of soil type at catena scale, sampling depth,
soil thickness corrected by bulk density, sampling dates, historical in-
formation, management practices, and laboratory methods for different
soil types around the world (Fig. 1).

The increasing presence and potential democratization of hyper-
spectral systems such as the Environmental Mapping and Analysis Pro-
gram (EnMAP) launched on April 2022 and emerging HIS systems such
as Copernicus Hyperspectral Imaging Mission for the Environment
(CHIME, collaboration between European Space Agency and US Na-
tional Aeronautics and Space Administration, ESA-NASA), Tanager
(Planet), and TD-2 (Pixxel) embrace the opportunity for significant
science innovations. These systems have the potential to deliver higher
resolution and accuracy in SOC evaluations, playing an essential role in
enhancing our comprehension of the effects that agricultural manage-
ment practices have on the terrestrial storage of carbon. Still, un-
certainties presented previously, associated with spatial resolution,
image pre-processing, and temporal assessment hold valid for this
technology as well.

The estimation of SOC is a complex and multidimensional issue,
affected by various factors as highlighted in this discussion paper. To
achieve more accurate and consistent SOC estimations, it is necessary to
establish uniform protocols, generate consensus, and develop true
transdisciplinary efforts to better account for the complexity of biolog-
ical processes, variability and diversity of agricultural landscapes
around the world. A concerted effort by the scientific community to
tackle these challenges and develop a more comprehensive approach is
crucial for achieving sustainable goals and moving forward relevant
efforts on long-term food security.

5. Conclusions

This study discussed the current challenges, limitations, and next
steps related to advancing the use of remote sensing to monitor
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terrestrial C in croplands. The major limitations for expanding this
discipline are linked to: (i) lack of consensus in sampling density and
depth, (ii) lack of proper bulk density assessment, (iii) lack of standard
laboratory procedures, (v) lack of details on imagery pre-processing
steps, (vi) missing information on the spectral properties of the tar-
geted soil, and (vii) lack of multi-temporal approaches. Our ability to
accurately quantify SOC and its dynamics in space and time comes down
to how well we can address and resolve these obstacles.

In summary, this study highlights the need for standardized pro-
tocols in terms of ground-truth data collection and remote sensing ap-
proaches, along with an improved understanding of the interlinked
impacts of differences in soil types, land use, and landscape heteroge-
neity on C assessment.

Funding

This study was supported by the Feed the Future Innovation Lab for
Collaborative Research on Sustainable Intensification (SIIL) at Kansas
State University through funding United States Agency for International
Development (USAID) under the Cooperative Agreement (Grant number
AID-OAA-L-14-00006).

CRediT authorship contribution statement

Luciana Nieto: Conceptualization, Data curation, Investigation,
Project administration, Resources, Writing — original draft, Visualiza-
tion, Writing — review & editing. Rasmus Houborg: Writing — review &
editing. Florent Tivet: Writing — review & editing. Brad J.S.C. Olson:
Writing — review & editing. P.V. Vara Prasad: Writing — review &
editing. Ignacio A. Ciampitti: Conceptualization, Funding acquisition,
Project administration, Writing — original draft, Writing — review &
editing.

Declaration of competing interest

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

Acknowledgments

Contribution no. 24-167-J from Kansas Agricultural Experiment
Station.

The findings and views described herein do not necessarily reflect
those of Planet Labs PBC.

References

Angelopoulou, T., Tziolas, N., Balafoutis, A., Zalidis, G., Bochtis, D., 2019. Remote
sensing techniques for soil organic carbon estimation: a review. Remote Sens. 11 (6),
676. https://doi.org/10.3390/1s11060676.

Casa, R., Castaldi, F., Pascucci, S., Basso, B., Pignatti, S., 2013. Geophysical and
hyperspectral data fusion techniques for in-field estimation of soil properties. Vadose
Zone J. 12 (4) https://doi.org/10.2136/vzj2012.0201.

Castaldi, F., Palombo, A., Santini, F., Pascucci, S., Pignatti, S., Casa, R., 2016. Evaluation
of the potential of the current and forthcoming multispectral and hyperspectral
imagers to estimate soil texture and organic carbon. Remote Sens. Environ. 179,
54-65. https://doi.org/10.1016/j.rse.2016.03.025.

Chabrillat, S., Ben-Dor, E., Cierniewski, J., Gomez, C., Schmid, T., van Wesemael, B.,
2019. Imaging spectroscopy for soil mapping and monitoring. Surv. Geophys. 40 (3),
361-399. https://doi.org/10.1007/510712-019-09524-0.

Chen, D., Chang, N., Xiao, J., Zhou, Q., Wu, W., 2019. Mapping dynamics of soil organic
matter in croplands with MODIS data and machine learning algorithms. Sci. Total
Environ. 669, 844-855. https://doi.org/10.1016/j.scitotenv.2019.03.151.

Costa Junior, C., Corbeels, M., Bernoux, M., Piccolo, M.C., Siqueira Neto, M., Feigl, B.J.,
Cerri, C.E.P., Cerri, C.C., Scopel, E., Lal, R, 2013. Assessing soil carbon storage rates
under no-tillage: comparing the synchronic and diachronic approaches. Soil Tillage
Res. 134, 207-212. https://doi.org/10.1016/j.still.2013.08.010.

Croft, H., Kuhn, N.J., Anderson, K., 2012. On the use of remote sensing techniques for
monitoring spatio-temporal soil organic carbon dynamics in agricultural systems.
Catena 94, 64-74. https://doi.org/10.1016/j.catena.2012.01.001.



L. Nieto et al.

Davis, M.R., Alves, B.J.R., Karlen, D.L., Kline, K.L., Galdos, M., Abulebdeh, D., 2018.
Review of soil organic carbon measurement protocols: a us and Brazil comparison
and recommendation. Sustainability 10 (1). https://doi.org/10.3390/5u10010053.
Article 1.

Dematte, J.A.M., Fiorio, P.R., Ben-Dor, E., 2009. Estimation of soil properties by orbital
and laboratory reflectance means and its relation with soil classification. Open
Remote Sens. J. 2 (1), 12-23. https://doi.org/10.2174/1875413900902010012.

Drusch, M., Del Bello, U., Carlier, S., Colin, O., Fernandez, V., Gascon, F., Hoersch, B.,
Isola, C., Laberinti, P., Martimort, P., Meygret, A., Spoto, F., Sy, O., Marchese, F.,
Bargellini, P, 2012. Sentinel-2: ESA’s optical high-resolution mission for GMES
operational services. Remote Sens. Environ. 120, 25-36. https://doi.org/10.1016/j.
rse.2011.11.026.

Fujisaki, K., Chevallier, T., Bispo, A., Laurent, J.B., Thevenin, F., Chapuis-Lardy, L.,
Cardinael, R., Le Bas, C., Freycon, V., Bénédet, F., Blanfort, V., Brossard, M.,

Tella, M., Demenois, J., 2023. Semantics about soil organic carbon storage: DATA4C
+, a comprehensive thesaurus and classification of management practices in
agriculture and forestry. Soil. 9 (1), 89-100. https://doi.org/10.5194/50il-9-89-
2023.

Fujisaki, K., Chevallier, T., Chapuis-Lardy, L., Albrecht, A., Razafimbelo, T., Masse, D.,
Ndour, Y.B., Chotte, J.L., 2018. Soil carbon stock changes in tropical croplands are
mainly driven by carbon inputs: a synthesis. Agric. Ecosyst. Environ. 259, 147-158.
https://doi.org/10.1016/j.agee.2017.12.008.

Gholizadeh, A., Zizala, D., Saberioon, M., Boriivka, L., 2018. Soil organic carbon and
texture retrieving and mapping using proximal, airborne and Sentinel-2 spectral
imaging. Remote Sens. Environ. 218, 89-103.

Gorelick, N., Hancher, M., Dixon, M., Ilyushchenko, S., Thau, D., Moore, R., 2017.
Google earth engine: planetary-scale geospatial analysis for everyone. Big Remot.
Sens. Data: Tools Applic. Exp. 202, 18-27. https://doi.org/10.1016/j.
rse.2017.06.031.

Hbirkou, C., Patzold, S., Mahlein, A.K., Welp, G., 2012. Airborne hyperspectral imaging
of spatial soil organic carbon heterogeneity at the field-scale. Geoderma 175-176,
21-28. https://doi.org/10.1016/j.geoderma.2012.01.017.

Hong, Y., Guo, L., Chen, S., Linderman, M., Mouazen, A.M., Yu, L., Chen, Y., Liu, Y.,
Liu, Y., Cheng, H., Liu, Y., 2020. Exploring the potential of airborne hyperspectral
image for estimating topsoil organic carbon: effects of fractional-order derivative
and optimal band combination algorithm. Geoderma 365, 114228. https://doi.org/
10.1016/j.geoderma.2020.114228.

Jiang, Q., Chen, Y., Guo, L., Fei, T., Qi, K., 2016. Estimating soil organic carbon of
cropland soil at different levels of soil moisture using VIS-NIR spectroscopy. Remote
Sens. 8 (9), 755. https://doi.org/10.3390/rs8090755.

Lal, R., 2004. Soil carbon sequestration impacts on global climate change and food
security. Science 304 (5677), 1623-1627. https://doi.org/10.1126/
science.1097396.

Lal, R., 2006. Enhancing crop yields in the developing countries through restoration of
the soil organic carbon pool in agricultural lands. Land Degrad. Dev. 17 (2),
197-209. https://doi.org/10.1002/1dr.696.

Lefevre, C. (2017). Soil Organic carbon: The hidden Potential (L. Wiese, Ed.). Food and
Agriculture Organization of the United Nations.

Li, Y., Li, Z., Cui, S., Zhang, Q., 2020. Trade-off between soil pH, bulk density and other
soil physical properties under global no-tillage agriculture. Geoderma 361, 114099.
https://doi.org/10.1016/j.geoderma.2019.114099.

Liu, J., Han, J., Zhang, Y., Wang, H., Kong, H., Shi, L., 2018. Prediction of soil organic
carbon with different parent materials development using visible-near infrared
spectroscopy. Spectrochim. Acta Part A 204, 33-39. https://doi.org/10.1016/j.
5aa.2018.06.018.

Long, J., Liu, Y., Xing, S., Qiu, L., Huang, Q., Zhou, B., Shen, J., Zhang, L., 2018. Effects of
sampling density on interpolation accuracy for farmland soil organic matter
concentration in a large region of complex topography. Ecol. Indic. 93, 562-571.
https://doi.org/10.1016/j.ecolind.2018.05.044.

Meersmans, J., Van Wesemael, B., Van Molle, M., 2009. Determining soil organic carbon
for agricultural soils: a comparison between the Walkley & Black and the dry
combustion methods (North Belgium). Soil Use Manag. 25 (4), 346-353. https://doi.
org/10.1111/j.1475-2743.2009.00242.x.

Minasny, B., Malone, B.P., McBratney, A.B., Angers, D.A., Arrouays, D., Chambers, A.,
Chaplot, V., Chen, Z.S., Cheng, K., Das, B.S., Field, D.J., Gimona, A., Hedley, C.B.,
Hong, S.Y., Mandal, B., Marchant, B.P., Martin, M., McConkey, B.G., Mulder, V.L.,
Winowiecki, L., 2017. Soil carbon 4 per mille. Geoderma 292, 59-86. https://doi.
org/10.1016/j.geoderma.2017.01.002.

Environmental Challenges 14 (2024) 100839

Mountier, N.S., Griggs, J.L., Oomen, G.A.C., 1966. Sources of error in advisory soil tests:
1. Laboratory sources. N.Z. J. Agric. Res. 9 (2), 328-338. https://doi.org/10.1080/
00288233.1966.10420784.

Nocita, M., Stevens, A., Noon, C., van Wesemael, B., 2013. Prediction of soil organic
carbon for different levels of soil moisture using Vis-NIR spectroscopy. Geoderma
199, 37-42. https://doi.org/10.1016/j.geoderma.2012.07.020.

Olson, K.R., Al-Kaisi, M.M., 2015. The importance of soil sampling depth for accurate
account of soil organic carbon sequestration, storage, retention and loss. Catena 125,
33-37. https://doi.org/10.1016/j.catena.2014.10.004.

Peng, Y., Xiong, X., Adhikari, K., Knadel, M., Grunwald, S., Greve, M.H., 2015. Modeling
soil organic carbon at regional scale by combining multi-spectral images with
laboratory spectra. PLoS One 10 (11), e0142295. https://doi.org/10.1371/journal.
pone.0142295.

Rawls, W.J., Pachepsky, Y.A., Ritchie, J.C., Sobecki, T.M., Bloodworth, H., 2003. Effect
of soil organic carbon on soil water retention. Geoderma 116 (1), 61-76. https://doi.
org/10.1016/50016-7061(03)00094-6.

S4, J.C.M., Biirkner dos Santos, J., Lal, R., de Moraes, A., Tivet, F., Machado S&, M.F.,
Briedis, C., de Oliveira Ferreira, A., Eurich, G., Farias, A., Friedrich, T., 2013. Soil-
specific inventories of landscape carbon and nitrogen stocks under no-till and native
vegetation to estimate carbon offset in a subtropical ecosystem. Soil Sci. Soc. Am. J.
77 (6), 2094-2110. https://doi.org/10.2136/ss52j2013.01.0007.

Sayao, V.M., Dematté, J.A.M., 2018. Soil texture and organic carbon mapping using
surface temperature and reflectance spectra in Southeast Brazil. Geoderma Reg. 14,
€00174. https://doi.org/10.1016/j.geodrs.2018.e00174.

Shi, P., Six, J., Sila, A., Vanlauwe, B., Van Oost, K., 2022. Towards spatially continuous
mapping of soil organic carbon in croplands using multitemporal Sentinel-2 remote
sensing. ISPRS J. Photogramm. Remote Sens. 193, 187-199. https://doi.org/
10.1016/j.isprsjprs.2022.09.013.

Stockmann, U., Padarian, J., McBratney, A., Minasny, B., de Brogniez, D.,
Montanarella, L., Hong, S.Y., Rawlins, B.G., Field, D.J., 2015. Global soil organic
carbon assessment. Glob Food Sec. 6, 9-16. https://doi.org/10.1016/j.
¢fs.2015.07.001.

Tajik, S., Ayoubi, S., Zeraatpisheh, M., 2020. Digital mapping of soil organic carbon
using ensemble learning model in Mollisols of Hyrcanian forests, northern Iran.
Geoderma Reg. 20, e00256. https://doi.org/10.1016/j.geodrs.2020.e00256.

Tiefenbacher, A., Sandén, T., Haslmayr, H.P., Miloczki, J., Wenzel, W., Spiegel, H., 2021.
Optimizing carbon sequestration in croplands: a synthesis. Agronomy 11 (5).
https://doi.org/10.3390/agronomy11050882. Article 5.

Tivet, F., Carlos de Moraes S4, J., Borszowskei, P.R., Letourmy, P., Briedis, C., Ferreira, A.
O., Burkner dos Santos Thiago Massao In, J., 2012. Soil carbon inventory by wet
oxidation and dry combustion methods: effects of land use, soil texture gradients,
and sampling depth on the linear model of C-equivalent correction factor. Soil Sci.
Soc. Am. J. 76 (3), 1048-1059. https://doi.org/10.2136/sssaj2011.0328.

Vaudour, E., Gholizadeh, A., Castaldi, F., Saberioon, M., Bortivka, L., Urbina-Salazar, D.,
Fouad, Y., Arrouays, D., Richer-de-Forges, A.C., Biney, J., Wetterlind, J., Van
Wesemael, B., 2022. Satellite imagery to map topsoil organic carbon content over
cultivated areas: an overview. Remote Sens. 14 (12), 12. https://doi.org/10.3390/
1514122917.

Vaudour, E., Gomez, C., Loiseau, T., Baghdadi, N., Loubet, B., Arrouays, D., Ali, L.,
Lagacherie, P., 2019. The impact of acquisition date on the prediction performance
of topsoil organic carbon from sentinel-2 for croplands. Remote Sens. 11 (18), 2143.
https://doi.org/10.3390/rs11182143.

Walter, K., Don, A., Tiemeyer, B., Freibauer, A., 2016. Determining soil bulk density for
carbon stock calculations: a systematic method comparison. Soil Sci. Soc. Am. J. 80
(3), 579-591. https://doi.org/10.2136/ss5aj2015.11.0407.

Wendt, J.W., Hauser, S., 2013. An equivalent soil mass procedure for monitoring soil
organic carbon in multiple soil layers. Eur. J. Soil Sci. 64 (1), 58-65. https://doi.org/
10.1111/ejss.12002.

Xu, L., He, N., Yu, G., 2016. Methods of evaluating soil bulk density: impact on
estimating large scale soil organic carbon storage. Catena 144, 94-101. https://doi.
org/10.1016/j.catena.2016.05.001.

Zhou, T., Geng, Y., Ji, C., Xu, X., Wang, H., Pan, J., Bumberger, J., Haase, D., Lausch, A.,
2021. Prediction of soil organic carbon and the C:N ratio on a national scale using
machine learning and satellite data: a comparison between Sentinel-2, Sentinel-3
and Landsat-8 images. Sci. Total Environ. 755, 142661 https://doi.org/10.1016/j.
scitotenv.2020.142661.



