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Abstract: This review is motivated by the urgent need to improve soil organic carbon (SOC)
assessment methods, which are vital for enhancing soil health, addressing climate change,
and promoting carbon farming. By employing a structured approach that involves a sys-
tematic literature search, data extraction, and analysis, 86 relevant studies were identified.
These studies were evaluated to address the following specific research questions: (a) What
are the state-of-the-art approaches in sampling, modeling, and data acquisition? and
(b) What are the key challenges, open issues, potential advancements, and future directions
needed to enhance the effectiveness of carbon farming practices? The findings indicate that
while traditional SOC assessment techniques remain foundational, there is a significant
shift towards incorporating model-based methods, machine learning models, proximal
spectroscopy, and remote sensing technologies. These emerging approaches primarily
serve as complementary to laboratory analyses, enhancing the overall accuracy and relia-
bility of SOC assessments. Despite these advancements, challenges such as soil spatial and
temporal variability, high financial costs, and limitations in measurement accuracy continue
to hinder progress. This review also highlights the necessity for scalable, cost-effective,
and precise SOC measurement tools, alongside supportive policies and incentives that
encourage farmer adoption. Finally, the development of a “System-of-Systems” approach
that integrates sampling, sensing, and modeling offers a promising pathway to balancing
cost and accuracy, ultimately supporting carbon farming practices.

Keywords: soil organic carbon measurement; laboratory analysis; remote sensing;
spectroscopy; machine learning; kriging; carbon sequestration; technology cost–accuracy
trade-offs; roadmap for advancements

1. Introduction
1.1. Broader Perspective and Motivation

Soil organic matter refers to the organic residues within soil found at different stages
of decomposition. A key element of it is soil organic carbon (SOC), which is vital for
soil health, as it enhances soil fertility, water retention, and nutrient availability while
preventing soil erosion [1–3]. Remarkably, SOC can contribute to climate change mitigation,
as it constitutes the largest terrestrial carbon reservoir, rendering soils critical for removing
carbon dioxide (CO2) from the atmosphere and stabilizing already stored carbon. In fact,
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the top 30 cm of soil globally holds more carbon than the atmosphere and all vegetation
combined [4].

In response to the growing climate crisis, initiatives such as the 4-per-mille one,
introduced during the 2015 United Nations Climate Change Conference (COP21) in Paris,
emphasize the critical role of soil in carbon sequestration. This initiative advocates for an
annual increase of 0.4% in global SOC stocks, which could significantly offset atmospheric
CO2 emissions and contribute to climate mitigation efforts [5]. A key strategy aligned
with this vision is carbon farming, a set of agricultural practices aimed at capturing and
storing carbon in soils, reducing greenhouse gas emissions, and preserving already stored
carbon [6,7].

Carbon farming focuses on three main actions: (a) carbon sequestration; (b) emission
avoidance; and (c) emission reduction on farms. These actions are implemented through
practices such as agroforestry system establishment, SOC maintenance, livestock and
manure management, nutrient management of croplands and grasslands, and peatland
rewetting and restoration [8,9]. For example, in northern Europe, peatland preservation
is crucial due to the high carbon storage potential [10], whereas in southern Europe,
agroforestry offers greater mitigation potential [11]. Such variations across regions illustrate
that carbon farming cannot be a one-size-fits-all solution but should be tailored to local
ecosystems and conditions. By 2030, the European Commission expects carbon farming
to contribute to the storage of 42 million tons of CO2 annually, making agriculture a key
strategic sector for achieving the EU’s Fit for 55 strategy [12]. However, despite these
promising outcomes, carbon farming involves direct costs, such as potential reductions in
yields, and indirect costs, like time spent on training and adapting practices. For carbon
farming to be sustainable and widely adopted, the economic benefits, such as income
generated from carbon credits, must outweigh these costs, ensuring that carbon farming
also benefits rural communities by creating new market opportunities [13].

In light of the above discussion, the success of carbon farming depends heavily on the
accurate assessment and monitoring of the amount of SOC being sequestered. Reliable
data on SOC levels are of major importance, as they enable accurate reporting of carbon
sequestration, which is essential for farmers to optimize soil management and receive
payments under result-based carbon credit systems [14]. Monetizing carbon sequestration
can encourage farmers to invest in these practices while also gaining access to a growing
market focused on climate action. Overall, without precise and consistent SOC monitoring,
the effectiveness of carbon farming cannot be quantified, making it difficult to ensure
its viability.

1.2. Aim of the Present Study

Several review studies have focused on individual aspects of SOC, such as SOC esti-
mation through remote sensing techniques [15–19], laboratory and proximal sensing spec-
troscopy [20,21], sampling designs [22,23], the practical implementation of these technologies
in accordance with policy guidelines [24], SOC measurement protocols [25–27], SOC mod-
eling [28], soil mapping algorithms [29], and the impact of management practices on SOC
amounts [30,31]. Nevertheless, there is limited research that consolidates the various SOC
estimation techniques, soil sampling approaches, key sampling details—like sample size and
depth—and modeling methods. This study aims to bridge critical knowledge gaps in carbon
farming by addressing two research questions: (a) What are the state-of-the-art approaches
in sampling, modeling, and data acquisition? and (b) What are the key challenges, open
issues, potential advancements, and future directions needed to enhance the effectiveness of
carbon farming practices? Through a systematic review aligned with PRISMA guidelines,
this analysis provides a detailed look at current advancements, pinpoints key challenges,
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and suggests practical directions for future research. These findings are vital for developing
accessible, cost-effective SOC assessment tools, incentivizing farmers to adopt carbon farming,
and integrating accurate SOC assessment into effective climate action strategies.

1.3. Paper Outline

The following sections are structured as follows: Section 2 offers a brief overview of
the dynamics of carbon sequestration, as well as the main elements related to the design
and implementation of SOC sampling. Section 3 elaborates on the methodology employed,
detailing the steps involved in the review process. Section 4 displays the key findings
in a tabular form, enhanced with bar and pie charts for better visual understanding. In
Section 5, a discussion of the results is presented, referencing the primary research questions
established in Section 3. Lastly, Section 6 summarizes the main conclusions.

2. Overview of the Soil Organic Carbon Survey Methodologies and Key
Relevant Technologies and Models
2.1. The Dynamics of Carbon Sequestration in Agricultural Soils and Influencing Factors

The dynamics of carbon sequestration in agricultural soils involve a delicate balance
between carbon input (from plant biomass) and carbon loss (through decomposition and
disturbance). During photosynthesis, plants absorb CO2 from the atmosphere and convert
it into organic matter, which is stored in their tissues. As plants grow, they provide organic
matter to the soil through leaf litter, root exudates, and decayed plant material. This
organic matter supports carbon sequestration, namely the process of capturing and storing
carbon in the soil for the long term. A substantial portion of SOC is generally concentrated
within the top 40 cm of soil, with the highest concentrations found in the 0–20 cm depth
range [32]. Numerous factors affect SOC sequestration, which can be categorized into soil
characteristics, management techniques, and environmental conditions.

Soil texture plays a crucial role in carbon sequestration dynamics [33]. Coarse-textured
soils, such as sandy soils, generally have higher rates of carbon mineralization due to their
larger particle size, which allows for faster microbial activity and greater oxygen availability.
In contrast, fine-textured soils, such as clay soils, are more effective at preserving SOC
because their smaller particles create a higher surface area for organic matter to adhere
to, reducing microbial access and slowing down decomposition processes. These soils
also tend to have better water retention, which can mitigate the loss of carbon through
evaporation. Beyond texture, soil structure is closely tied to SOC levels. Well-aggregated
soils, with a stable structure formed through the interaction of organic matter and minerals,
provide physical protection to SOC, shielding it from microbial degradation. The presence
of sufficient SOC is essential for the formation of these aggregates, as organic matter binds
soil particles together, enhancing soil porosity and water infiltration [34]. This aggregate
formation not only helps preserve carbon but also improves soil resilience, making it more
capable of storing carbon over the long term. Soil bulk density is also a factor influencing
soil capacity to retain SOC and is influenced by the mineral and organic content, the
moisture level, and factors like soil erosion or human activities.

Management practices greatly influence SOC levels by improving soil health, prevent-
ing erosion, and enhancing carbon sequestration [24]. For instance, no-till farming, which
minimizes soil disturbance, helps maintain soil aggregates and organic matter, leading
to higher SOC retention by reducing the risk of erosion and greenhouse gas emissions.
Biochar application, a form of carbon derived from organic materials, enhances soil fertil-
ity, structure, and water retention, promoting SOC sequestration over the long term [35].
Practices such as mulching and retaining stubble help protect soil from erosion, enhance
microbial activity, and increase organic matter input, all of which support carbon storage.
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Establishing areas of native vegetation contributes to carbon sequestration by improving
soil structure and promoting biodiversity while also reducing the need for inputs like water,
fertilizers, and pesticides. Inter-cropping with perennial pastures and planting tree belts
further enhance carbon storage by developing deep root systems, preventing soil degrada-
tion, and improving overall soil health [36]. Finally, planting trees for harvest, such as oil
mallee, supports carbon sequestration during growth while also offering environmental
and economic benefits.

Environmental factors, such as moisture, temperature, and aeration, also play a vital
role in determining the overall SOC balance. In particular, increased temperatures can
speed up decomposition, especially when coupled with optimal moisture conditions, while
proper aeration is crucial for promoting microbial activity, which affects carbon turnover
and respiration rates [37]. In addition, extreme weather events, including droughts and
floods, are becoming more frequent due to climate change and significantly impact SOC
dynamics [38]. Frequent flooding leads to a significant reduction in SOC concentrations,
especially in floodplain soils, owing to sedimentation and erosion, which can redistribute or
remove organic matter [39]. On the other hand, SOC depletion typically follows a drought
event, with the extent of loss varying across different agricultural systems, as the impact on
SOC depends on the type of crops grown in this region [40].

2.2. Soil Organic Carbon Assessment

Calculating changes in SOC stocks involves multiplying organic carbon content by
bulk density across a fixed depth of 0–30 cm. This calculation is expressed as the mass
of carbon per unit area, typically in tons per hectare [41]. Typically, the procedure for
estimating SOC includes the following steps: (a) designing the sampling strategy with farm
stratification; (b) collecting soil samples; (c) preparing samples and applying analytical
techniques; (d) quantifying SOC stocks; and (e) scaling these estimates to landscape or
whole farm levels. The necessary framework for conducting SOC surveys is summarized by
MRV (Monitoring, Reporting and Verification) protocols, such as [42–44]. These protocols
provide guidelines for analyzing and specifying the target variables, setting constraints,
utilizing prior information, enforcing data collection protocols for quality assurance, choos-
ing statistical inference methods, and performing ex-ante evaluation of results in terms of
cost and statistical quality.

2.2.1. Sampling Scale

A well-defined scale determines the geographic extent of the survey, including the
specific areas or regions to be sampled. This decision can impact the representativeness
of the data, as different land uses, soil types, and climatic conditions may influence SOC
levels. Based on their geographic extent, sampling surveys can be classified into the
following categories:

• Global scale: This involves the evaluation of SOC levels on an international level, thus
offering a broad appreciation of global patterns in SOC dynamics.

• Continental scale: Focusing on particular continents allows for examining how SOC
variations are influenced by regional climates across large geographic areas.

• National scale: Investigating specific countries yields valuable insights that can en-
hance policy-making efforts at the national level.

• Regional scale: This scale deals with particular regions of a country, facilitating the
study of the impact of local climate and soil types on SOC variations.

• Local scale: At this level, granular information is provided, enabling site-specific
management practices.
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The present review will focus on the local scale. Understanding SOC dynamics at this
level allows for the identification of unique soil characteristics and variability within specific
areas, which is important for tailoring carbon farming strategies to local conditions. It also
guarantees that suggestions are pertinent and practical, promoting the implementation of
novel strategies in SOC management that cater to the unique requirements and challenges
of each specific location.

2.2.2. Sampling Scope

The scope of an SOC sampling survey involves defining the temporal framework,
namely whether the survey aims to track long-term changes, providing a snapshot of
current SOC levels, or analyzing seasonal variations. The sampling scope should also
consider spatial variability, as SOC levels can differ considerably across landscapes, owing
to variations in soil types, vegetation cover, and land use. While the sampling design,
intensity, and depth are determined by various factors, including the survey’s goals and en-
vironmental conditions, the scope partly influences these decisions by outlining the broader
objectives and the desired outcomes. By clearly defining the scope, the survey ensures
that the methods employed are aligned with the specific objectives of understanding SOC
patterns, facilitating accurate and meaningful analysis [45].

2.2.3. Sampling Depth and Size

Selecting appropriate sampling depths is also vital for precisely evaluating SOC levels,
as different soil horizons may contain varying concentrations of them, with topsoil normally
having higher levels as compared to subsoil layers. Samples should ideally be collected at
depth intervals of 0–10 cm and 10–30 cm, with the inclusion of the 30–50 cm depth being
beneficial, if it can be accomplished. In fact, the upper 30 cm depth is the standard sampling
depth recommended by the Intergovernmental Panel on Climate Change (IPCC) [46].
Consequently, sampling should focus on multiple depths and employ different techniques
based on the objectives of the survey at hand [23]. Sample size is also a key consideration,
involving careful allocation based on cost-efficiency trade-offs. The sample size should be
sufficient to meet the project’s goals within the constraints, depending on the scale and
accuracy requirements and available resources. The identification of sampling requirements
involves developing detailed protocols for fieldwork mentioned above and data recording,
including the creation of sampling location maps, recording of spatial coordinates, and
planning of sampling periods.

2.2.4. Sampling Techniques

Various approaches can be employed to ensure representative and reliable data collec-
tion, which can be broadly classified into (a) design-based and (b) model-based approaches.

In brief, the design-based approaches commonly include:

• Random sampling: Samples are selected randomly from the population.
• Grid sampling: This involves dividing the area into a grid, and then samples are

selected at specific grid points.
• Stratified sampling: This involves dividing a population into distinct subgroups

(strata) based on specific characteristics and selecting samples from each to ensure
reliable results.

• Sampling based on management zones: Samples are collected within predefined zones
that reflect different management practices.

• Balanced sampling: Equal representation of different categories or strata within
the sample.
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• Transect sampling: This includes collecting samples along a predetermined line that
runs through the study area.

Each of the aforementioned sampling approaches presents trade-offs between cost,
efficiency, and accuracy, which are summarized in Table 1. The choice of sampling strat-
egy ultimately depends on study objectives, available resources, and the level of spatial
resolution required for SOC assessment.

Table 1. Summary of the main advantages and disadvantages of each sampling approach.

Sampling Approach Advantages Disadvantages

Random sampling Minimizes selection bias and enhances
statistical validity

Requires a larger sample size, which
can be resource-intensive and lead to

non-representative results

Grid sampling

Useful for assessing spatial patterns
and trends with even coverage, mainly

in larger areas; ease of use and
repetitiveness; minimum bias

May overlook important variations;
not cost-effective; labor-intensive

Stratified sampling
Improves precision and efficiency by

ensuring representation of specific
strata; minimum bias

Requires prior knowledge to define
strata, making design and analysis

more complex

Management zone sampling
Optimizes resource use and allows

targeted assessment of
management impacts

Defining boundaries can be
challenging; may introduce bias

Balanced sampling
Improves precision and efficiency

through ensuring comprehensive data
collection

Can be difficult to implement,
especially in diverse populations; may

introduce bias

Transect sampling Captures detailed spatial information
and reveals SOC gradients

Limited spatial coverage may not
represent overall diversity

As far as the model-based approaches are concerned, they include the following:

• Statistical models: These models use statistical techniques, such as Kriging geostatisti-
cal models, to find relationships between SOC levels and several variables, such as
climate factors, soil properties, and land use.

• Machine learning (ML) models: With advancements in technology, ML approaches
have gained popularity for predicting SOC levels. These models can handle large
datasets and identify complex, non-linear relationships among variables [47,48].

• Process-based models: These models can simulate the underlying biological, chemical,
and physical factors that govern SOC accumulation, decomposition, and mineraliza-
tion [49]. Various inputs can be included in these models, ranging from land use,
climate, vegetation, and soil properties to mineralization and “humification” (the
formation of humus from decomposed organic matter [50]).

2.2.5. Soil Organic Carbon Measurement Methods

Selecting the appropriate method for measuring SOC depends on the specific research
objectives and available resources, as well as the soil characteristics being examined. The
methods used to quantify SOC can be roughly classified into laboratory, proximal sensing,
and remote sensing categories.

Regarding laboratory methods, soil samples are analyzed under controlled conditions
using specialized equipment. Direct methods for measuring SOC include loss on ignition
and dry combustion, while indirect approaches involve techniques such as Walkley-Black,
near-infrared spectroscopy (NIR), and visible near-infrared spectroscopy (VNIR) [51,52].



Agriculture 2025, 15, 567 7 of 33

In contrast, proximal sensing methods utilize portable field analyzers to measure SOC
on-site. Examples include handheld spectrometers (VNIR, mid-infrared (MIR)), laser-
induced breakdown spectroscopy (LIBS), and inelastic neutron scattering (INS), which
provide rapid and cost-effective SOC estimations [53]. Moreover, soil penetrometers and
ground-penetrating radar (GPR) can assess soil resistance and subsurface properties, both
of which correlate with SOC content, aiding in soil characterization and mapping. Soil
penetrometers measure mechanical resistance, providing insights into soil compaction and
structure [54]. In contrast, GPR uses electromagnetic waves to detect variations in soil
composition, moisture levels, and organic matter distribution [55].

Remote sensing technologies capture data on soil properties using sensors mounted
on satellites, aircraft, or unmanned aerial vehicles (UAVs), commonly referred to as drones.
These sensors detect various wavelengths of light and other energy emissions from the soil,
enabling SOC estimation across different scales [56]. Multispectral and hyperspectral imag-
ing play a crucial role in providing high-resolution SOC mapping. Drones, in particular, are
an emerging technology that allows for rapid, high-precision assessments of soil properties,
enhancing spatial resolution while reducing field labor. The aerial surveys conducted by
drones provide detailed spatial mapping, enabling researchers to identify SOC distribution
patterns more efficiently than traditional sampling methods. Overall, the ability to conduct
frequent, non-invasive monitoring makes drones a valuable tool for precision agriculture
and large-scale environmental assessments, ultimately supporting more sustainable soil
management practices [47].

2.2.6. Sources of Error

SOC measurements can be affected by various sources of error throughout the sam-
pling, analysis, and monitoring processes [57]. Sampling design errors, such as inadequate
density, possible bias, and temporal variability, may lead to the inaccurate representation
of SOC levels. Soil disturbance, contamination, and mishandling of samples can further
compromise results. In the laboratory, analytical errors, method limitations, and incorrect
conversion factors may skew SOC estimates. Similarly, proximal sensing methods can be
impacted by calibration challenges, environmental interference, and sensor sensitivity. Fi-
nally, remote sensing is also susceptible to atmospheric interference, sensor limitations, and
calibration issues. Towards minimizing these errors, careful planning of sampling methods,
proper calibration, and rigorous quality control measures are of major importance.

3. Methods
This review study followed a structured approach comprising six critical steps, consis-

tent with relevant research practices [58,59].

1. Development of primary research questions (RQs):

• RQ1: What are the state-of-the-art approaches in sampling, modeling, and data ac-
quisition?;

• RQ2: What are the key challenges, open issues, potential advancements, and
future directions needed to enhance the effectiveness of carbon farming practices?

2. Research protocol development: A thorough research protocol was created to outline
the methodology for literature screening and data extraction. This protocol was
unanimously approved by all authors prior to commencing the literature search.

3. Literature search: Papers relevant to the current research topic were explored using
the following search engines: Google Scholar, Scopus, Taylor & Francis, and MDPI.
Combinations of specific keywords, including “Soil Organic Carbon”, along with “Soil
Sampling”, “Estimation”, and “Monitoring”, were utilized in the search. The search
process began on 1 October 2024 and proceeded backward year by year to ensure the
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inclusion of relevant works published in previous years. To achieve this, references
within each article were also examined to identify additional relevant studies. To
assess their relevance to the scope of the present review, the titles and abstracts of the
identified papers were first evaluated, followed by a detailed examination of the full
texts. Filters applied during the search included the following: (a) publication date
filters; (b) limiting the results to peer-reviewed journal papers; (c) restricting results
to studies published in English; (d) focusing on field-scale assessment; (e) studies
clearly articulating soil sampling techniques or SOC measurement methods; and
(f) excluding review papers to focus on primary data, allowing for the direct evalua-
tion of methodology. This approach also prevents data duplication and minimizes
reliance on interpretations that could introduce bias. Although review papers were
not included in our analysis, they consisted of significant information sources to
tackle multiple facets primarily concerning RQ2. A final consensus meeting was held
with all co-authors to discuss the appropriateness of the selected papers based on
the established inclusion criteria and to resolve any differing opinions. Following
the PRISMA guidelines [60], 86 relevant studies were found, with the corresponding
review procedure flowchart depicted in Figure 1.

Agriculture 2025, 15, x FOR PEER REVIEW 9 of 36 
  

 

 
 
` 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

  
 
 
 
 

Figure 1. Flowchart illustrating the systematic review process used to select relevant papers. 

4. Results 

4.1. Categorization of the Selected Studies Based on Their Main Features 

Table 2 summarizes the 86 relevant studies on SOC sampling in chronological order, 
providing an overview of the evolution of methods and techniques in the field. Each col-
umn highlights critical aspects of SOC research, as follows: 

• Reference: The citation for each study, including the first author names. 
• Year: The year of publication. 
• Approach: The sampling strategy employed in the study, classified as either design-

based (DB) or model-based (MB), to differentiate between direct sampling efforts and 
those incorporating computational modeling. 

• Sampling: The method used to gather SOC data, represented by abbreviations such 
as balanced sampling (BS), grid sampling (GS), random sampling (RS), and transect 
sampling (TS). 

Id
en

ti
fi

ca
ti

on
 Records identified through 

database searching 

(n = 912) 

Additional records identified 

through other sources  

(n = 0) 

Sc
re

en
in

g 

Records after duplicates removed 

(n = 526) 

Records screened 

(n = 118) 

Records excluded via abstract assessment 

(n = 29) 

E
lig

ib
ili

ty
 Full-text articles assessed for 

eligibility 

(n = 89) 

Full-text articles excluded based on five main 

criteria: (a) they are not journal papers; (b) they 

are not written in English; (c) they do not focus 

on field-scale; (d) they do not clearly articulate 

soil sampling techniques or SOC measurement 

methods; (e) they deal with overviewing the 

relevant literature.  

(n = 408) 

Studies included in qualitative 

synthesis 

(n = 86) 

In
cl

ud
ed

 

Studies included in qualitative 

synthesis (meta-analysis) 

(n = 86) 

Figure 1. Flowchart illustrating the systematic review process used to select relevant papers.

4. Data extraction: Specific information, covering references (title, publishing year,
and authors), scope, sampling and modeling approach, data sources, and relevant
sampling details, were systematically documented in an online spreadsheet that all
authors could access.
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5. Data analysis and results: The preliminary stage comprised a brief descriptive review
of each paper, organized in tabular form and accompanied by statistical assessments.

6. Findings interpretation: Drawing conclusions from the available scientific evidence
was performed in relation to the primary RQs discussed above.

4. Results
4.1. Categorization of the Selected Studies Based on Their Main Features

Table 2 summarizes the 86 relevant studies on SOC sampling in chronological order,
providing an overview of the evolution of methods and techniques in the field. Each
column highlights critical aspects of SOC research, as follows:

• Reference: The citation for each study, including the first author names.
• Year: The year of publication.
• Approach: The sampling strategy employed in the study, classified as either design-

based (DB) or model-based (MB), to differentiate between direct sampling efforts and
those incorporating computational modeling.

• Sampling: The method used to gather SOC data, represented by abbreviations such
as balanced sampling (BS), grid sampling (GS), random sampling (RS), and transect
sampling (TS).

• Sampling details: Specific details provided about the sampling procedure, such as the
number of samples (NS), depth interval (DI), sample density (SDEN), and the specific
procedures used during sample collection.

• Modeling: The geostatistical or ML models used to process and analyze SOC data,
such as several types of Kriging variants and regression algorithms for addressing
specific challenges in SOC sampling.

• Data acquisition: The techniques or sensors used to obtain SOC data, including traditional
laboratory methods (LAB), remote sensing approaches, and proximal spectroscopy.

Table 2. Compilation of the reviewed studies on soil organic carbon sampling: methodological
approaches, modeling, and data acquisition techniques.

Reference Year Approach Sampling Sampling Details Modeling Data Acquisition

Bocchi et al. [61] 2000 DB GS DI; TS; SS ML; FK LAB

Morton et al. [62] 2000 DB TRS TS; CO; NS N/A LAB

Bergstrom et al. [63] 2001 DB TRS SPT; TS RK LAB

Pennock & Frick [64] 2001 DB GS TS; SS; DI SM LAB

Martin et al. [65] 2002 DB TRS NS; HD; SPT; TL ML EXS.NIR; LAB

Mueller & Pierce [66] 2003 DB GS SDEN; CO; SPT ML; OK; COK; KED;
KT LAB; SAT

Udelhoven et al. [67] 2003 DB GS TOS; CO; TS; SPT ML LAB; PS.VNIR;
EXS.VNIR

Hengl et al. [68] 2003 DB STR NS ML SAT; LAB; HMD

Poussart et al. [69] 2004 DB GS TOS; TS; NS; NL; SPT;
CO N/A LAB

Evrendilek et al. [70] 2004 DB RS TS; DI; NS; NL; SPT;
TL N/A LAB

Simbahan et al. [71] 2005 DB GS; STR; TRS;
RS

SDEN; NL; TS; NS;
TOS; CO; SPT OK; COK; KED; RK LAB; SI; SAT; PS.EMI

Su et al. [72] 2006 DB GS TS; SS; DI; TL N/A LAB

Stevens et al. [73] 2006 DB GS TOS; NS; NL; SPT;
CO; TS ML PS.VNIR; AIR; LAB

Simbahan
& Dobermann [74] 2006 DB STR; TRS; GS;

RS NS; NL; TS ML; OK; RK PS.EMI; SAT; SI; LAB
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Table 2. Cont.

Reference Year Approach Sampling Sampling Details Modeling Data Acquisition

Huang et al. [75] 2007 DB TRS NS; TS OK; ML LAB; SAT; PS.NIR

Goidts et al. [76] 2009 DB, MB STR; KM;
WMV NS; NL; PD ML; KR HMD; LAB

Martinez et al. [77] 2009 DB, MB STR; KM TOS; HD; TS; SPT OK; SKLM PS.EMI; LAB

Peigne et al. [78] 2009 DB GS; RS; STR NS; TS; TL; SPT OK; ROK LAB

Ogle et al. [79] 2010 DB STR N/A SM HMD

Dlugoß et al. [80] 2010 DB GS; TRS TOS; NS; TS; SS;
SDEN; TL; SPT; DI OK; RK PS.LIDAR; LAB

Delbari et al. [81] 2010 DB GS NS; TS OK LAB

Vasat et al. [82] 2010 DB GS TOS; NS; CO; TL; TS;
SS COK LAB

Knadel et al. [83] 2011 DB GS TOS; NS; SPT; TS OK PS.NIR; PS.EMI; LAB

Gelder et al. [84] 2011 DB GS NS; TOS; TL; SPT; TS;
SS ML LAB; AIR; SI

Muñoz & Kravchenko [85] 2011 DB TRS TOS; NS; TS; SPT ML LAB; AIR; PS.NIR

VandenBygaart et al. [86] 2011 DB TRS NS; DI; TS; SS; TL;
SPT N/A LAB

Hbirkou et al. [87] 2012 DB RS TOS; NS; TS; SPT ML; OK; IDW AIR; LAB

Izaurralde et al. [88] 2013 DB GS TS; TL ML; OK PS.DRIFTS; PS.LIBS;
PS.INS; LAB

Brodsky et al. [89] 2013 DB GS NS; TS ML; OK LAB; PS.VNIR

Kuang et al. [90] 2015 DB; MB TRS NS; SPT; TS ML; K PS.VNIR; EXS.VNIR;
LAB

Radionov et al. [91] 2015 DB RS NS; CO; TS ML PS.VNIR; LAB

De Gruijter et al. [92] 2015 DB STR NS; CO ML SAT; PS.GR; SI

Aldana-Jague et al. [93] 2016 DB TRS; RS TOS; NS; TS; TL; SPT ML UAV; LAB; SI

Sherpa et al. [94] 2016 DB GS; STR TOS; TS; TL OK LAB; SI

Naveed et al. [95] 2016 DB GS TOS; TS; SPT ML LAB

Adhikari
& Hartemink [96] 2017 DB; MB GS; RS; CLHS NS; SDEN; SPT; TS;

SS RK; IDW PS.LIDAR; PS.EMI;
LAB

Francaviglia et al. [97] 2017 DB RS NS; SPT; SS; TS; DI;
NL N/A LAB

Vasat et al. [98] 2017 DB GS NS; NL; TS; SPT ML EXS.VNIR; LAB

Luo et al. [99] 2017 DB RS NS; TS; SPT ML EXS.MIR; LAB

Vos et al. [100] 2018 DB GS NS; TS ML EXS.IR; LAB

Vos et al. [101] 2018 DB GS NS; DI; TS; SS ML HMD; LAB

Guo et al. [102] 2018 DB, MB GS; RS TOS; NS; SDEN; SS;
TS; SPT ML; PLSRK AIR; LAB

Nawar & Muazen [103] 2018 DB; MB RS; SA; KM NS; NL; SPT ML EXS.VNIR; SI; LAB

Arrouays et al. [104] 2018 DB GS; STR NS; DI; HD; TS; SS;
SPT N/A LAB

Gholizadeh et al. [105] 2018 DB; MB STR; CLHS TS; SPT; NL ML LAB; EXS.VNIR; AIR

Ellinger et al. [106] 2019 MB KM, KS NS; TS; TOS ML LAB; EXS.VNIR

Laamrani et al. [107] 2019 DB TRS TOS; NS; TS; SPT ML UAV; EXS.VNIR; SI;
LAB

Seidel et al. [108] 2019 DB RS NS; DI; TS; SS; SPT ML EXS.VNIR; LAB

Žížalaet al. [109] 2019 DB; MB STR; CLHS NS; NL; TS; SPT; CO ML SAT; UAV; LAB

Castaldi et al. [110] 2019 DB RS NS; NL; SPT ML AIR; SAT; LAB

Gholizadeh et al. [111] 2020 DB; MB GS TOS; NS; NL; HD; TS;
SPT ML SAT; EXS.VNIR; LAB
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Table 2. Cont.

Reference Year Approach Sampling Sampling Details Modeling Data Acquisition

Hong et al. [112] 2020 DB GS TOS; NS; TS; CO; SPT ML AIR; LAB

Badagliacca et al. [113] 2020 DB RS TOS; NS; DI; TS; TL;
CO; SPT ML LAB

Dvorakova et al. [114] 2020 DB RS TOS; TS; CO; SPT ML AIR; SAT; LAB

Longo et al. [115] 2020 DB; MB RS; STR; KM TOS; NS; NL; DI; TS;
SS; TL; CO; SPT ML PS.EMI; LAB

Poeplau et al. [116] 2020 DB GS; STR NS; DI; TS; SS; TL N/A HMD; LAB

Liu et al. [117] 2020 DB STR NS; DI; TS SOK; OK; RK; GDSRK LAB

Deluz et al. [118] 2020 DB STR; RS; TRS NS; TS; TL; SPT; CO OK HMD; LAB

Du et al. [119] 2021 DB GS TOS; TS; TL; CO RK LAB; PS.LIDAR

Matinfar et al. [120] 2021 DB RS NS; TS; SPT ML; RF-OK LAB, SAT

Biney et al. [121] 2021 DB GS NS; TS; CO; SPT ML; IDW SAT; UAV; LAB

Zhang et al. [122] 2021 DB GS NS ML; RK UAV; EXS.VNIR; SI;
LAB

Gholizadeh et al. [123] 2021 DB GS NS; NL; TS; SPT ML EXS.VNIR; LAB

Guo et al. [124] 2021 DB GS TOS; NS; TS; CO; SPT ML SAT; AIR; LAB

Izurieta et al. [125] 2021 DB RS TOS; NS; TS; TL; SPT ML SAT; LAB

Li et al. [126] 2021 DB STR NS; NL ML EXS.VNIR; EXS.IR;
LAB

Potash et al. [127] 2022 DB; MB RS; BS; STR;
KM

TOS; NS; TS; SS; TL;
SPT ML; KED SAT; SI

De Benedeto et al. [128] 2022 DB GS TOS; NS; NL; SPT ML; RK PS.EMI; PS.GPR; LAB

Drexler et al. [129] 2022 DB GS; STR TS N/A HMD

Kandpal et al. [130] 2022 DB RS NS; NL; SD; TS; SPT ML EXS.MIR; EXS.XRF;
LAB

Izurieta et al. [131] 2022 DB RS TOS; DI; TS; SS; TL;
SPT ML SAT; LAB

Rosinger et al. [132] 2022 DB TRS NS; NL; DI; TS; CO;
SPT ML EXS.MIR; LAB

Wu et al. [133] 2022 DB GS TOS; NS; SPT ML; RK LAB

Zhao et al. [134] 2022 DB GS NS; NL; TS ML LAB; PS.NIR; SI

Saurette et al. [135] 2022 DB; MB GS; CLHS NS;TS; SPT ML; K LAB; PS.LIDAR

Biney [136] 2022 DB RS; GS NS; TS; SPT ML LAB; PS.VNIR; SAT

Vandervoort et al. [137] 2023 DB; MB STR NS; SD; TS ML SAT; PS.NIR; SI; LAB

Zayani et al. [51] 2023 DB GS NS; TS; NL; CO; SPT ML LAB; SAT; EXS.VNIR

Castaldi et al. [138] 2023 DB GS NS; SDEN; NL; TL;
SPT; TS; CO ML, K LAB; SAT

Bettigole et al. [139] 2023 DB; MB STR; RS; GS;
CLHS; KM

NL; DI; TOS; SDEN;
TS; TL EBK SAT; SI; LAB

Hengl et al. [140] 2023 MB CLHS NS; NL; DI; TS; SS ML SAT; LAB

Greenberg et al. [141] 2023 DB GS TOS; NS; NL; SPT ML EXS.MIR; EXS.XRF;
LAB

Potash et al. [142] 2023 DB; MB RS; BS; STR;
KM

TOS; NS; NL; SD; DI;
TS; SS; TL; SPT ML; KED SAT; SI; LAB

Reyes & Ließ [143] 2023 DB STR TOS; NS; TS; SPT ML; OK; BK PS.NIR; SI; LAB

Reyes & Ließ [144] 2024 DB STR TS; NS; SPT ML LAB; PS.VNIR;
EXS.VNIR; HMD

Segura et al. [145] 2024 DB GS TOS; TS ML SAT; HMD; LAB

(a) Approach: DB: design-based; MB: model-based; (b) sampling: BS: balanced sampling; CLHS: conditioned
Latin hypercube sampling; GS: grid sampling; KM: k-means clustering; KS: Kennard–Stone; RS: random sam-
pling; SA: similarity analysis; STR: stratified sampling; TRS: transect sampling; WMV: Ward’s minimum variance;
(c) sampling details: CO: compositing; DI: depth interval; HD: horizon depth; NS: number of samples; NL: number
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of locations; PD: plough depth; SDEN: sample density; SPT: sample pre-treatment; SS: subsoil sampling; TL: tools;
TOS: time of sampling; TS: topsoil sampling; (d) modeling: BK: block Kriging; COK: co-Kriging; EBK: empiri-
cal Bayesian Kriging, FK: factorial Kriging; GDSRK: geographical detector-based stratified regression Kriging;
IDW: inverse distance weighting; KED: Kriging with external drift; KT: Kriging with a trend; ML: machine
learning; OK: ordinary Kriging; PLSRK: partial least squares regression Kriging; RF-OK: random forest–ordinary
Kriging; RK: regression Kriging; ROK: robust ordinary Kriging; SKLM: simple Kriging with varying local means;
SM: soil model; SOK: stratified ordinary Kriging; (e) data acquisition: AIR: aircraft; DR: drifts; EMI: electro-
magnetic induction; EXS: ex situ; GR: gamma radiometric; GPR: ground-penetrating radar; HMD: historical
management data; INS: inelastic neutron scattering; IR: infrared; LAB: laboratory; LIBS: laser-induced break-
down spectroscopy; LIDAR: light detection and ranging; MIR: mid-infrared spectroscopy; NIR: near-infrared
spectroscopy; PS: proximal sensing; SAT: satellite; SI: soil inventory; UAV: unmanned aerial vehicle; VNIR: visible
near-infrared spectroscopy; XRF: X-ray fluorescence.

4.2. Keyword Information Clustering

To gain a deeper understanding of the research landscape surrounding SOC assess-
ment for carbon farming, a keyword clustering analysis was conducted. Approximately
430 keywords were extracted from 86 selected articles, with the ten most frequently used
keywords presented in Figure 2, where font size reflects frequency.

The dominant keyword, “Soil Organic Carbon”, unsurprisingly aligns with the central
theme of this review. Following closely in frequency is “Spectroscopy”, highlighting its
pivotal role in SOC research. Spectroscopy encompasses a suite of techniques that ana-
lyze the interaction of electromagnetic radiation with soil samples, allowing for the rapid,
non-destructive, and cost-effective determination of SOC content and composition. This
method is particularly significant due to its ability to provide detailed information about
the chemical properties of SOC, which are crucial for understanding carbon sequestration
dynamics. The prevalence of “Spectroscopy” also signals a shift towards advanced analyt-
ical techniques that can provide more nuanced insights into SOC characteristics beyond
simple quantification. Similarly, “Remote Sensing” emphasizes the increasing reliance
on spatially explicit data for SOC assessment. By leveraging satellite and drone imagery,
remote sensing enables the mapping and monitoring of SOC distribution at regional and
global scales, addressing the challenges associated with traditional soil sampling methods.
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“Soil Sampling” remains a significant keyword, stressing the necessity of ground-
truth data for validating and calibrating spectroscopic and remote sensing models. The
spatial variability inherent in SOC distribution, as indicated by the keyword “Spatial
Variability”, necessitates strategic sampling designs to capture the heterogeneity of SOC
across landscapes.
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The prominence of “Machine Learning” and “Kriging” reflects the growing adoption
of advanced computational and geostatistical techniques for modeling and predicting
SOC distribution. ML algorithms can identify complex relationships between SOC and
environmental factors, while Kriging provides robust geostatistical interpolation for spatial
prediction. Finally, the keywords “Carbon Farming” and “Carbon Sequestration” empha-
size the applied aspects of SOC research, focusing on developing practical strategies to
enhance carbon storage in agricultural soils and mitigate climate change. This perspective
is consistent with the growing recognition of agriculture’s potential to contribute to climate
solutions through effective SOC management.

4.3. Chronological Distribution

Figure 3 illustrates the chronological distribution of the examined papers based on
the methodological approach used between 2000 and 2024. In particular, the blue bars
represent design-based work, which dominates most years. The orange segments indicate
papers utilizing both design-based and model-based approaches, which start appearing
from 2009 and show a remarkable increase from 2017 onwards. Green sections correspond
to papers based exclusively on models, which appear infrequently and in 2019 and 2023.
Overall, there is a clear trend of increasing publications over time, with a notable surge in
the number of papers from 2017 onwards. This growth can be attributed to several factors,
including advancements in remote sensing, proximal sensing technologies, and ML, as well
as the significant increase in computing power and the availability of large datasets [47].
Additionally, policy initiatives promoting carbon sequestration and climate-smart agricul-
ture, such as the Paris Agreement and national carbon farming programs, may have driven
increased research interest [5]. While design-based approaches continue to stand out, there
is a constant presence of papers that combine design-based and model-based methods.
This signifies a growing recognition of the synergistic potential in combining empirical
field data with predictive modeling, allowing for more robust analyses of complex systems
and a deeper understanding of underlying processes. The small number of papers in 2024
is attributed to the timing of the final data collection for the present review.
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4.4. Sampling Methods

The distribution of sampling methods presented in the reviewed papers employing
design-based approaches, as shown in Figure 4, reflects a preference for grid sampling,
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which accounts for 44 papers in total. This method involves dividing the area into a
systematic grid for uniform coverage. Random sampling follows with 26 papers indicating
an effort to eliminate bias. Following closely with 24 papers, stratified sampling stresses
the necessity to capture variations within specific subgroups, which is essential for studies
involving diverse populations. Transect sampling, presented in 14 papers, is useful for
investigating spatial changes along environmental gradients. Finally, balanced sampling,
the least represented and found in two papers, aims to maintain an even distribution
across different sample segments, hence enhancing the reliability of the findings. The
general concepts of these sampling methods are analyzed in Section 2.2.4, while their main
advantages and disadvantages are summarized in Table 1.
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In the pie chart of Figure 5, the distribution of modeling techniques employed in
research papers that primarily utilize model-based approaches is depicted. The most
frequently used method is k-means clustering, followed by conditioned Latin hypercube
sampling (CLHS). Ward’s minimum variance, Kennard–Stone, and similarity analysis
methods are less frequently used, with one occurrence each. K-means clustering is an
unsupervised learning technique that organizes similar data points into distinct groups.
This method allows for the identification of unique clusters among soil samples based on
their characteristics, thereby improving the accuracy of SOC predictions. CLHS generates
input values that represent the entire input space while adhering to specific constraints,
which is valuable for exploring the effects of various predictor variables on SOC content.
Ward’s minimum variance, a hierarchical clustering method, identifies groups of soil
samples with similar SOC characteristics, providing insights into the factors driving SOC
variability. The Kennard–Stone algorithm selects a representative subset of data points
from a larger dataset, optimizing the training dataset for model efficiency and reducing
computational demands. Lastly, similarity analysis encompasses various techniques for
assessing the similarity or dissimilarity among data points, aiding in the identification of
relationships that can inform model development and improve prediction outcomes in
SOC studies.
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4.5. Sampling Details

To provide insights into the methodologies employed in the investigated studies,
the distribution of various aspects of soil sampling is presented in Figure 6. Understand-
ing sampling details aids in informing best practices for soil management and carbon
sequestration strategies. In total, a strong interest is observed in topsoil sampling, which is
important for accurately assessing SOC levels. Also, the focus on the number of samples
indicates an effort to ensure adequate representation for reliable findings. Moreover, the in-
clusion of sample pre-treatment emphasizes the importance of preparing samples to reduce
contamination and improve measurement accuracy. Timing of sampling is also essential
for capturing seasonal variations in SOC, while the consideration of multiple locations
gives emphasis to the need for spatial diversity in data collection. The mention of various
tools and compositing techniques illustrates researchers’ commitment to standardizing
procedures for enhanced data quality. In addition, the attention to depth intervals and
subsoil sampling reflects a recognition of the significance of analyzing the entire soil profile.
Horizon depth, sample density, and plough depth, though less frequently addressed, are
still important factors for understanding soil variability.
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4.6. Modeling Methods

As can be seen in Figure 7, ML models are leading trends in SOC studies, with
Kriging methods, however, still holding a significant place, while other methods, like
inverse distance weighting (IDW) and a specific agroecosystem dynamic model called
CENTURY [146], are used less frequently.
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4.6.1. Machine Learning Models

ML models have gained significant attention in SOC studies because of their ability
to process vast amounts of data and capture complex, non-linear relationships between
variables. Their flexibility has made them a valuable tool for addressing the spatial variabil-
ity of SOC and predicting SOC levels across different landscapes [47]. ML is mainly used
for regression tasks in SOC research for predicting SOC content based on various factors,
including soil properties, land use, and climate conditions.

Among the most commonly used ML techniques, random forest (RF) is known for its
robustness in handling high-dimensional data and its ability to rank variable importance,
making it a popular choice for SOC modeling. However, RF can be computationally
intensive, especially when dealing with large datasets. Support vector machines (SVMs) are
also widely used, particularly for their strong predictive power in smaller datasets and their
ability to model non-linear relationships. However, they require careful parameter tuning
and are sensitive to noise. Artificial neural networks (ANNs) have demonstrated promising
results in SOC studies due to their capacity to model highly complex interactions, yet they
require large training datasets and substantial computational resources. More recently,
gradient boosting methods, such as XGBoost and LightGBM, have gained attention for
their efficiency and high accuracy in SOC prediction, often outperforming RF in terms of
precision while maintaining interpretability.

As can be noted in Table 2, ML algorithms are leveraging data from remote sensing
technologies, like satellites, UAVs, and aircraft, to support SOC research. These technologies
provide imagery and spectral data that can capture spatial variations in soil properties and
land cover. By integrating diverse data sources, such as remote sensing, soil properties, and
climate data, ML provides more robust predictions of SOC distribution. The detailed SOC
maps provided by ML algorithms can help identify “hotspots” for carbon storage, guiding
decision-making in carbon sequestration strategies and carbon farming practices.
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4.6.2. Kriging Models

As far as Kriging is concerned, it is a widely utilized geostatistical interpolation
method used to estimate random variable values, such as soil properties, at unknown
locations based on nearby known observations. The process involves statistical data
analysis, variogram modeling, surface construction, and variance exploration [147]. Unlike
deterministic models such as IDW [148], Kriging relies on autocorrelation to predict values
and generate surfaces that reflect some uncertainty. For Kriging to provide the best linear
unbiased predictions, it must satisfy two conditions; stationarity and isotropy, though these
assumptions may vary depending on the specific Kriging method used [147,149]. Several
variants of Kriging were found in the present analysis addressing different spatial patterns
and complexities in SOC data, as follows:

• Ordinary Kriging: Estimates using spatial correlation assuming a constant, unknown
mean across the study area; best for data with relatively uniform trends.

• Block Kriging: Averages estimates over defined blocks, smoothing results for re-
gional assessments.

• Stratified Ordinary Kriging: Applies ordinary Kriging within pre-defined, homoge-
neous strata to account for known sub-regions.

• Simple Kriging with Local Means: Incorporates known local mean variations and is
suitable for heterogeneous landscapes but requires accurate local mean data.

• Robust Ordinary Kriging: Minimizes the impact of outliers, providing more stable
estimates in datasets with potential errors.

• Co-Kriging: Uses correlations between multiple variables to improve predictions of
the target variable.

• Empirical Bayesian Kriging: Accounts for semivariogram uncertainty through simula-
tions; useful for sparse data or complex spatial variability.

• Factorial Kriging: Decomposes spatial variability into multiple components; suitable
for complex datasets with varied trends.

• Geographical Detector-based Stratified Regression Kriging: Integrates geographical
detectors to identify influencing factors, then applies stratified regression Kriging.

• Kriging with External Drift: Incorporates auxiliary data (environmental factors) as a
trend component to improve predictions.

• Kriging with a Trend: Models systematic trends alongside spatial correlation; effective
in areas with gradients.

• Partial Least Squares Regression Kriging: Combines regression with Kriging for high-
dimensional datasets.

• Random Forest–Ordinary Kriging: Blends random forest’s non-linear modeling with
ordinary Kriging’s spatial interpolation.

• Regression Kriging: Combines regression for non-spatial factors with Kriging for
spatial residuals.

While some of these are purely geostatistical methods, some are hybrid models that
integrate Kriging with other techniques like regression, machine learning, or auxiliary data
to enhance predictions and capture more complexity.

4.6.3. Inverse Distance Weighting

IDW was less common, appearing in three papers [87,96,121]. IDW is a spatial inter-
polation method normally used in SOC research to estimate SOC values at non-sampled
locations based on nearby measured points. The method assumes that nearby points have
a stronger impact on the predicted value compared to points that are farther away. This
approach is particularly useful when there is a limited number of SOC samples, allowing
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researchers to create smooth maps of SOC distribution and estimate SOC variability across
large areas.

4.6.4. CENTURY Agroecosystem Dynamic Model

Finally, two studies [64,79] utilized the CENTURY model [146]. This is a plant–soil
nutrient cycle process-based model that simulates the long-term carbon, nitrogen, and other
nutrient dynamics in various ecosystems. It uses a mechanistic approach incorporating eco-
logical and biogeochemical processes, such as photosynthesis, respiration, decomposition,
nutrient cycling, and plant growth. CENTURY also models soil organic matter, dividing it
into active, slow, and passive pools, each of these with different turnover rates as affected
by environmental conditions, too.

4.7. Data Acquisition
4.7.1. Conventional Laboratory Measurements

As can be deduced from Table 2, laboratory measurements were the most common
method of data acquisition, cited in 82 studies. SOC content was calculated directly in
55 of these studies, while others used indirect methods. Organic matter content was
measured in 4 studies, total carbon in 18, inorganic carbon in 12, and total organic carbon
in 11. Particulate organic matter and oxidizable carbon were analyzed in one and three
studies, respectively. Laboratory measurements are fundamental in providing accurate and
reliable data that serve as reference data for other measurement approaches. They can be
broadly divided into two main categories, namely oxidation-based and combustion-based
methods. The former method involves chemically oxidizing organic carbon in the soil. One
common method is Walkley–Black, which was used in 10 studies, where SOC is oxidized
using potassium dichromate in the presence of sulfuric acid, and the amount of carbon is
estimated based on a chemical reaction [150]. Concerning the combustion-based methods,
the soil sample is combusted at high temperatures, typically using an instrument like a
dry combustion analyzer. The carbon in the sample is converted to CO2, which is then
measured to estimate the total organic carbon content [151]. Dry combustion, including the
Dumas method, was applied in 25 studies.

Less commonly, the loss on ignition and the total combustion–Scheibler method were
each used in one study. Additionally, air-drying, sieving, and thorough mixing were
the main sample pre-treatment methods performed in most of the studies. Bulk density
measurements, essential for calculating carbon stocks, were reported in 25 papers. Eleven
studies measured gravel content during soil texture analysis, which also included clay, sand,
and silt measurements, primarily determined using the pipette method. Excluding gravel
content from the calculation allowed for a more accurate estimation of SOC stocks. Other
laboratory measurements were also commonly conducted, with pH measured in 16 studies,
nitrogen and water content in 11 studies, cation exchange capacity and potassium in 5,
electrical conductivity and phosphorus in 4, and calcium carbonate (CaCO3) in 3 studies.

Traditional laboratory methods are frequently characterized by time-consuming pro-
cesses that may not meet the growing demand for high-throughput analyses in contem-
porary research. In order to highlight the trends shaping the future of SOC measurement,
Figure 8 offers a visual representation of the distribution of the other reported techniques.
These methods provide complementary approaches that significantly broaden the scope of
SOC research. The graph is divided into four main categories (represented by separate bars):
(a) spectroscopy; (b) remote sensing; (c) historical inventory; and (d) other techniques.
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Figure 8. Distribution of data acquisition methods that supplement conventional laboratory methods
across the examined papers.

Overall, spectroscopy (both proximal and ex situ) and remote sensing techniques are
the most frequently used methods, indicating their significance in SOC research, while
historical inventory and other techniques are also used in SOC research. These findings
stress the complex nature of SOC dynamics and emphasize the importance of multi-
methodological approaches to address diverse research questions. As shown in Table 2,
laboratory and remote sensing techniques are commonly employed, reflecting the need
for both precise, field-based measurements and large-scale, spatial data collection. By
combining these methods, researchers can gain a deeper understanding of SOC variability,
integrating detailed soil properties with broader environmental patterns captured through
remote sensing. This combination enables more accurate SOC mapping and predictions,
supporting efforts in carbon farming strategies.

4.7.2. Spectroscopy

Concerning spectroscopy, in the context of SOC research, it works by analyzing the
interaction between light and soil matter to determine its composition. Different types of
spectroscopy, like NIR, MIR, and VNIR, use specific wavelengths of light to measure the re-
flectance or absorption of soil samples. These measurements provide information about the
chemical and physical properties of the soil, including SOC content. Spectroscopy is particu-
larly useful in mapping SOC across large areas without needing extensive laboratory-based
chemical analysis. In the present analysis, the most frequently used method was VNIR
spectroscopy (21 instances), which is effective in assessing SOC content through reflectance
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patterns in the visible and near-infrared spectrum. NIR follows, similarly focusing on soil
reflectance but with a narrower infrared range. MIR spectroscopy delves deeper, providing
precise identification of organic compounds within the soil. Infrared spectroscopy and
X-ray fluorescence extend the range of analyses, with the latter offering elemental composi-
tion insights. Less commonly used were gamma radiometric, diffuse reflectance infrared
Fourier transform, and laser-induced breakdown spectroscopy (one instance each). All of
them contribute specialized data for analyzing SOC.

4.7.3. Remote Sensing

In SOC research, remote sensing platforms, such as satellites, aircraft, and UAVs,
are increasingly important for efficiently monitoring and mapping large areas. Satellites
emerged as the most frequently utilized method in the present analysis, reflecting their
ability to cover extensive areas and provide long-term data collection, which is crucial
for understanding regional SOC dynamics. Aircraft were used less often, yet they offer
higher resolution imagery and greater flexibility for specific studies, allowing researchers
to capture detailed data in targeted locations. UAVs, while the least used in this context,
present a cost-effective solution for collecting high-resolution data over smaller areas,
making them ideal for localized SOC assessments.

4.7.4. Historical Inventory

The third bar in Figure 8, which represents historical inventory, is used less frequently
but still offers valuable insights into past land use practices, agricultural activities, and
historical changes in vegetation cover. By examining these historical data, researchers can
enhance their understanding of current SOC patterns and identify long-term trends. Specif-
ically, soil inventory plays a fundamental role in SOC research by informing researchers
about the spatial distribution of soil properties. Meanwhile, historical management data
shed light on the effects of past land management practices on soil health and carbon stor-
age, highlighting its significance in developing sustainable land management strategies.

4.7.5. Other Techniques

In the category of “Other Techniques”, the use of LIDAR, electromagnetic induc-
tion, and ground-penetrating radar demonstrates a valuable yet less frequent approach
in SOC research. LIDAR provides high-resolution topographic data, allowing researchers
to analyze vegetation structure and terrain features that influence SOC dynamics. Elec-
tromagnetic induction enables non-invasive assessments of soil properties by measuring
electrical conductivity, offering insights into factors like moisture content that affect SOC
storage. Though ground-penetrating radar is utilized even less frequently, it serves to
visualize subsurface soil structures, assisting in the examination of soil horizons and their
carbon relationships. Although these techniques are not as commonly employed as others,
they have an important impact on enhancing the understanding of SOC dynamics and can
complement more prevalent methods for a comprehensive analysis.

4.7.6. Ex Situ, Proximal, and Remote Sensing Categorization

Focusing on sensing techniques, they can be roughly divided into three categories:
(a) ex situ sensing, which involves laboratory analyses of soil samples collected from the
field, allowing for the detailed examination of soil properties and validation of other data
sources; (b) proximal sensing, referring to techniques that gather data at close range using
handheld instruments, providing high-resolution, site-specific information directly in the
field; and (c) remote sensing, which utilizes aerial or satellite technologies to collect data
over larger areas, enabling the monitoring of soil characteristics and changes over time at
a landscape level. As can be seen in Figure 9, proximal and remote sensing are the most
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frequently utilized methods in SOC research, with a notable number of studies. Their
widespread adoption in research can be attributed to technological advancements recently
that have enhanced data accuracy and accessibility. Finally, ex situ sensing, while the
least employed of the three, still holds significant importance by validating and comple-
menting findings from proximal and remote sensing. Overall, these results emphasize the
importance of integrating multiple techniques for reliable SOC assessments.
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5. Discussion
5.1. RQ1: What Are the State-of-the-Art Approaches in Sampling, Modeling, and Data Acquisition?

The exploration of methodologies in SOC research that was conducted in this analysis
reveals a notable emphasis on diverse sampling techniques, modeling methods, and data
acquisition strategies. Traditional laboratory analyses still remain important for providing
accurate and reliable baseline data.

In short, publication trends show a significant increase over time, particularly from
2017 onward. Interestingly, although design-based approaches remain prevalent, there
is a growing trend of integrating model-based methods in recent studies. This evolution
indicates an increasing focus on combining these methodologies. Regarding the distribution
of sampling methods, it indicates a clear preference for grid sampling, which suggests a
targeted, structured approach in specific study areas. Random, stratified, transect, and
balanced sampling follow in order of decreasing frequency. The analysis of modeling
techniques in model-based research displays that k-means clustering is the most frequently
used method, followed by CLHS. Ward’s minimum variance, similarity analysis, and
Kennard–Stone methods are less common. In addition, a strong focus on topsoil sampling
is observed, which is essential for accurately assessing SOC levels. The number of samples
collected from several sites indicates an effort to ensure the reliability of the findings and
spatial diversity, and pre-treatment procedures, vital for reducing contamination, follow.
Finally, sampling timing was also frequently used in the relevant literature to capture
seasonal variations.

Notably, modeling methods demonstrate a substantial shift toward ML algorithms,
particularly in recent years, primarily focused on regression approaches. This shift is
largely driven by the increasing demand to analyze complex and large datasets and capture
relationships among variables for predicting SOC levels and spatial variability. In this
direction, ML algorithms, such as RF and SVM, have been pivotal in identifying patterns.
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However, Kriging remains an important interpolation method, allowing for the estimation
of soil properties based on spatial relationships and thus providing valuable predictions in
areas with varying complexities.

In terms of data acquisition, laboratory measurements are the predominant method
cited across numerous studies. These conventional approaches provide essential baseline
data for SOC assessments. Furthermore, other techniques, such as spectroscopy (both
ex situ and proximal) and remote sensing, have emerged as integral components of SOC
research, enabling efficient and comprehensive data collection over larger areas. These
methods, typically used as supplementary methods, both enhance the accuracy of SOC
measurements and facilitate the integration of spatial data, ultimately improving predic-
tive capabilities. Overall, the convergence of innovative sampling strategies, modeling
techniques, and multi-faceted data acquisition methods calls attention to a transformative
period in SOC research. By leveraging these state-of-the-art approaches, researchers are
better equipped to address the complexities of SOC dynamics, contributing to effective
carbon farming strategies [24].

5.2. RQ2: What Are the Key Challenges, Open Issues, Potential Advancements, and Research
Directions Needed to Enhance the Effectiveness of Carbon Farming Practices?

The ongoing research into SOC sampling methodologies has illuminated a range of
challenges and open issues that should be addressed towards optimizing future carbon
farming strategies. These challenges arise from the inherent complexities of SOC dynamics
and the integration of various sampling and modeling approaches.

One of the primary challenges in SOC research is the inherent complexity in character-
izing agricultural ecosystems, as soils are heterogeneous and demonstrate both spatial and
temporal variability. This remarkable variability complicates the design of sampling strate-
gies that accurately represent SOC levels across different landscapes and track changes
over time. Determining the optimal frequency of SOC monitoring depends on factors like
the rate of carbon turnover, land management practices (such as tillage and fertilizer use),
and the specific objectives of the carbon farming project. Moreover, unpredictable natu-
ral events, including droughts and floods, can significantly disrupt SOC stocks. Climate
change introduces extra uncertainty, as shifting weather patterns can alter the ability of
soils to sequester carbon.

The common denominator of all efforts for facilitating carbon farming is that reliable
methodologies are necessary to evaluate the effectiveness of carbon farming practices
over time. Direct measurement methods have significantly advanced our understanding
of carbon cycling in agroecosystems. However, they face several limitations that hinder
their practicality and scalability. One major challenge is the high financial and labor
costs associated with these techniques, making it impractical to apply them across large
areas or at the field level on a regular basis. In particular, laboratory analysis, while widely
regarded as one of the most reliable methods for verifying SOC outcomes, is labor-intensive.
It also involves complex processes, such as measuring SOC concentration through dry
combustion and calculating bulk density. Additionally, although advances like laboratory-
based spectroscopy have reduced some costs, in situ technologies remain less accurate than
traditional methods, further limiting their effectiveness [152,153].

Direct measurements also face challenges in capturing the aforementioned spatial
variability of SOC within a field, as well as the uncertainty introduced by year-to-year
fluctuations. This makes them unsuitable for short-term monitoring but useful for estab-
lishing baselines or conducting periodic verifications over long periods. In addition, direct
measurement methods are not ideal for assessing changes in SOC fluxes compared to
a “business-as-usual” scenario [154] since they cannot simultaneously capture both the
effects of a new practice and the hypothetical baseline for comparison. For instance, when
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evaluating practices like cover cropping, the “additionality” requirement for carbon credits
demands a comparison of SOC levels under the new practice and the counterfactual sce-
nario. While SOC under the new practice can be directly measured, the “business-as-usual”
scenario cannot be directly observed and should be modeled instead.

Remote sensing technologies (especially hyperspectral imaging) have demonstrated
promise in monitoring SOC. Nevertheless, their implementation for monitoring SOC in
actual field conditions presents significant challenges. One major limitation is that remote
sensing primarily captures data on SOC and related properties only at the surface level,
failing to provide insights into the full depth of the soil profile. Additionally, factors such
as crop residues, green plant cover, and soil moisture can considerably interfere with
spectral readings, complicating the accurate estimation of carbon concentrations in bare
soil surfaces [155].

Regarding the emission factor methods for estimating SOC, they involve quantifying
carbon emissions or sequestration based on predefined coefficients that reflect average car-
bon dynamics associated with specific agricultural practices or land uses. These coefficients,
often derived from empirical studies, represent the expected changes in SOC per unit of
land area or agricultural output, making them suitable for large-scale carbon accounting.
While these methods simplify calculations and allow for the scaling of estimates across
broader regions, they also have noteworthy limitations. They often fail to capture spatial
and temporal variability, leading to potential inaccuracies, and may discourage farmer
participation in carbon markets due to their generalized assumptions about carbon dy-
namics [156]. Commonly referenced emission factors include those provided by the IPCC,
which offer standardized values for various agricultural practices and their carbon impacts.

Process-based modeling can simulate both “business-as-usual” and counterfactual
scenarios, thereby addressing some of the limitations associated with the above methods.
Nonetheless, existing modeling approaches have significant challenges that need to be
addressed. One major issue is the absence of essential processes and the lack of constraints
that can reduce uncertainties in model parameters. Many process-based models do not
incorporate observational constraints, especially in locations that extend beyond their
calibration sites. The effectiveness of these models mainly hinges on two types of param-
eters: (a) process-specific parameters, which remain constant over space and time, and
(b) location-specific parameters, which vary by location [157]. While the former parameters
can often be calibrated using extensive laboratory or field data, location-specific param-
eters, such as photosynthetic capacity, are critical for the model’s scalability. In addition,
many models neglect the spatial and temporal variability of these parameters, leading to
significant errors in carbon estimations. Additionally, location-specific inputs, such as local
weather, soil properties, and management practices, are essential for achieving accurate
field-level assessments. The absence of these crucial location-specific details represents a
significant source of uncertainty in quantifying SOC outcomes accurately.

In summary, quantifying carbon outcomes involves a trade-off between cost and
accuracy, with scalable technologies needing to maintain operational costs significantly
below expected monetized carbon values. In the U.S. carbon market, for instance, this
translates to costs under $10 per acre per year (encompassing the setup, calibration, func-
tioning, and overall lifespan of the hardware) while achieving less than 20% error in SOC
quantification [158]. No existing technology meets these criteria alone; therefore, a more
effective solution seems to be the “System-of-Systems” approach, which integrates sam-
pling, sensing, and modeling [156]. This holistic framework includes several key features,
including (a) the scalable gathering of ground truth data along with cross-scale sensing of
crop, environmental, and management-related information at the local field level; (b) so-
phisticated modeling that includes essential processes for accurately measuring carbon
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outcomes; (c) methodical model–data fusion, which utilizes robust techniques to combine
sensor data and models at the individual farm level; (d) high computational efficiency and
the application of artificial intelligence (AI) to facilitate scalability across a number of fields
at a low cost; and (e) efficient multi-tier validation systems and infrastructures to evaluate
the scalability of the model or solution, ensuring reliable performance with acceptable
accuracy across all targeted fields.

Figure 10 illustrates a qualitative comparison of different technological methods used
to measure SOC levels at the field level based on [156,158]. The methods are categorized in
accordance with their accuracy and cost. On both horizontal (accuracy) and vertical (cost)
axes, the corresponding magnitudes increase from low to high. This results in a rough
classification of methodologies into the following regimes: “fail”, “cost to be reduced”,
“accuracy to be improved”, and “preferred”. Overall, methods with higher accuracy,
such as soil sampling, tend to be more expensive. In contrast, lower-cost methods, like
emission factor methods, satellite imagery, and data-driven models, often compromise
on accuracy. The preferred quadrant (in green) indicates the ideal combination of high
accuracy and low cost. This occurs where methods like the system-of-systems approach
may reside, integrating multiple technologies to optimize both cost and accuracy. Finally,
methods such as UAV and ground sensing are at the intersection of “fail” with “accuracy
to be improved” and “cost to be reduced”, respectively. Consequently, while they offer
intermediate accuracy potential, they often face challenges, including data processing
complexity and time-consuming analysis. Additionally, weather conditions and terrain
variations can affect the quality and consistency of data collected.

Building on the challenges and advancements discussed, several key future directions
can enhance the effectiveness of SOC assessment and carbon farming implementation.
Table 3 ties together practical aspects like farmer engagement, policy support, and market
access with the technical research directions needed to improve SOC monitoring, accuracy,
and scaling.
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Table 3. Future research directions for advancing soil organic carbon assessment methodologies and
carbon farming implementation.

Research Area Research Need Future Direction

Uncertainty quantification in SOC 1

measurement

There is uncertainty in SOC quantification due to
inherent variability in soils, temporal fluctuations,

and measurement methods.

Quantify and reduce uncertainty by improving
calibration techniques and sensor accuracy and
developing methods to account for spatial and

temporal SOC variability.

SOC assessment accuracy and
precision

SOC assessment methods often face challenges in
accuracy and scaling across diverse soils and

regions.

Explore improvements in sampling, modeling (e.g.,
explainable AI-enhanced ML [159]), and analysis

to enhance SOC assessment accuracy across
diverse agricultural environments and soil types.

Cost-effective SOC measurement
techniques

High costs of direct measurement methods limit
the scalability of carbon farming.

Explore low-cost, high-accuracy alternatives for
SOC measurement that are scalable to large areas

to reduce operational costs.

Remote sensing for SOC estimation
Remote sensing technologies struggle to capture

SOC levels at depth and are influenced by external
factors like crop residues and moisture content.

Improve remote sensing techniques to enhance the
depth and accuracy of SOC estimation while

minimizing interference from non-soil elements.

Integration of ground and remote
sensing data

There is often a lack of integration between
ground-based measurements and remote sensing
data, limiting the effectiveness of large-scale SOC

assessments.

Develop integrated approaches that combine
ground-truth data with remote sensing

information for more accurate and spatially
representative SOC assessments.

Integration of digital tools (e.g.,
FMIS 2, Digital Twins)

Limited use of digital tools for real-time
monitoring and decision-making in carbon

farming.

Integrate FMIS and digital twins with carbon
farming practices to enable real-time tracking of

carbon sequestration [160].

Carbon market accessibility and
transparency

Carbon markets are often seen as complex, with
price volatility and transaction costs creating
barriers to entry for small-scale farmers [24].

Investigate blockchain and transparent carbon
credit systems to improve traceability, accessibility,

and market stability.

Policy support and incentives for
carbon farming

Policy frameworks and incentives that support
carbon farming adoption are often lacking or

poorly implemented [161].

Research policy models that provide financial and
technical support to farmers, including subsidies,
carbon credit incentives, and market stabilization.

Farmer engagement and adoption
Farmers face barriers such as lack of awareness,

knowledge, and technical support to adopt carbon
farming practices effectively [162].

Explore methods to enhance farmer engagement
through awareness campaigns, accessible training,

and incentives for carbon market participation.

1 SOC: soil organic carbon; 2 FMIS: Farm Management Information System.

6. Conclusions
This study provides a review of state-of-the-art methodologies for SOC sampling,

modeling, and data acquisition. While traditional methods remain crucial, the shift to-
wards ML-based techniques and remote sensing technologies is transforming SOC research.
However, the high financial costs and measurement inaccuracies associated with SOC
monitoring present significant barriers to carbon farming adoption. Laboratory-based
measurements, though accurate, are expensive and labor-intensive, making frequent as-
sessments impractical, particularly for small-scale farmers who may struggle to afford
them. This limits their ability to verify SOC gains and access carbon credit programs, reduc-
ing financial incentives for sustainable practices. On the other hand, remote sensing and
model-based approaches, while more scalable, often suffer from accuracy limitations. These
inaccuracies can lead to the underestimation of SOC sequestration, potentially causing
lower carbon credit earnings for farmers. Overestimation, on the other hand, risks market
credibility. Regarding emission factor methods, they rely on standardized coefficients that
fail to capture site-specific SOC dynamics, potentially undervaluing sequestration efforts
and discouraging participation in carbon markets. Finally, emission factor methods rely
on standardized coefficients that fail to capture site-specific SOC dynamics, potentially
undervaluing sequestration efforts and discouraging participation in carbon markets. As a
consequence, farmers may hesitate to invest in carbon farming practices without reliable,
cost-effective measurement solutions that ensure fair compensation and market stability.
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In conclusion, the adoption of scalable, cost-efficient, and precise technologies, com-
bined with supportive policies and farmer incentives, is critical to unlocking carbon farm-
ing’s potential. Monetizing carbon sequestration can encourage farmers to adopt these
practices while tapping into the expanding market centered on climate action. A promis-
ing step forward is the development of a “System-of-Systems” approach that effectively
balances cost and accuracy. An essential future direction lies in advancing techniques
through collaboration among policymakers, farmers, and the private sector. By embracing
this multidisciplinary approach to bridging the gap between research and practice, more
practical and impactful solutions can be created to accelerate carbon farming adoption and
contribute to more sustainable agriculture.
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