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Abstract

Multi-cropping systems play a crucial role in global agricultural production. Accurately estimating the soil carbon
sequestration capacity of multi-cropping systems is of significant importance for enhancing agricultural
productivity, mitigating greenhouse gas emissions, and reducing carbon footprint. However, soil carbon cycling is
more complex in multi-cropping systems compared with single-cropping systems, and existing assessment
methods cannot accurately estimate soil carbon sequestration in multi-cropping systems with high operability.
Here, we reviewed the accuracy and efficiency of the three primary global soil carbon assessment methods,
including statistical models, process-based models, and the Intergovernmental Panel on Climate Change (IPCC)
steady-state method. Our study concludes that it is difficult to simulate the dynamic evolution of soil organic
carbon (SOC) using the statistical models, while the well simulation through process-based models demands a
large amount of data. Additionally, the IPCC Tier 2 method cannot be directly applied to estimate SOC in multi-
cropping systems due to mismatches in parameters and time steps. We suggest modifying the structures and
parameters of the IPCC Tier 2 method by revising the inventory unit and redetermining the parameter values,
which should efficiently address its bottleneck in estimating SOC for multi-cropping systems. Moreover, long-term
experimental observations and multi-model ensemble simulations are beneficial for determining the parameter
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values to address the data deficiencies in IPCC Tier 2. This study aims to explore pathways for improving the
accuracy of SOC estimation in multi-cropping systems and, thus, carbon footprint calculation worldwide.

Keywords: Soil organic carbon, carbon footprint, statistical models, process-based models, steady-state method

INTRODUCTION

Soil is the largest natural carbon sink, and ranks as the second-largest carbon emission source following
fossil fuel combustion. Enhancing soil carbon sequestration is crucial for mitigating global warming™”. The
initiative in the Paris Agreement indicated that an annual increase of 0.4% in global soil carbon storage can
offset anthropogenic greenhouse gas emissions, which highlighted the vital role of soil carbon sequestration
in mitigating global warming". In general, cropland covers 11.2% of the global land area, serving as a
significant carbon sink, while its role has been undermined because of original cultivation and tillage
activities. Optimizing management practices plays a substantial role in enhancing the carbon sequestration
potential of cropland**. Global cropland could sequester up to 1.85 Pg C annually, which accounts for 53%
of the carbon sequestration needed for the “4 per 1,000 program™. However, global cropland exhibits
distinct differences in climate, crops, soil and management practices. Accurately assessing soil organic
carbon (SOC) stocks and their trends in cropland remains a focal point of international attention and has
not been fully addressed”?. Changes in soil carbon storage are crucial in carbon footprint assessments, and
accurate estimation of SOC is essential for refining agricultural carbon footprint calculations'.

Variations of SOC in cropland represent a dynamic equilibrium between carbon input and carbon output,
with its underlying mechanisms being complex"*'". Generally, primary productivity is a core factor limiting
the maximum carbon input into soil. Agricultural practices, including straw management, green manure
incorporation, grazing intensity, and organic fertilizer application, determine the actual amount of carbon
entering the soil"”'*. After crop residues and organic amendments enter the soil, the transformation and
sequestration processes of soil carbon are motivated by the collaborative effects of climate and soil
biology"*!. Previous studies showed that soil tillage, fertilization, and irrigation significantly influence SOC
turnover and mineralization rates"*'*, as well as the interaction between C cycling and other nutrients, such
as nitrogen and phosphorus*’. Generally, global cropland includes single-cropping and multi-cropping
based on the number of crop types planted in the same field within one year, and multi-cropping represents
the planting method that two or more crops are grown in the same field within a year". Single-cropping
systems are mainly distributed in the mid-to-high latitudes of the Northern Hemisphere and the high
latitudes of the Southern Hemisphere, accounting for about 88% of global cropland. In contrast, multi-
cropping systems are widely distributed in tropical and subtropical humid climates, including regions in
central and southern China, Southeast Asia, Central America, and Africa, covering another 12% of global
cropland””. Among them, paddy-upland rotation is a widely adopted agricultural planting pattern in Asia,
covering an area of 23.5 million hectares, accounting for 14.4% of Asia’s multi-cropping area, and making a
significant contribution to global food security'’. Previous studies have thoroughly explained the drivers of
SOC sequestration in single-cropping systems, and identified practical methods for estimating SOC
sequestration with ease of operation”**”. Compared with single-cropping, multi-cropping alters soil
microorganism dynamics, increases the diversity of organic inputs and accelerates carbon cycling,
introducing significant uncertainties in tracing SOC turnover***”. Previous studies emphasized the need for
detailed consideration of management intensity and the differences in varying residue properties when
modeling SOC in multi-cropping systems, while the overall lack of parameter values and low operability

hampers the further development of current SOC estimation method toward integrating multi-
[28,29]

cropping***”.
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Given the substantial differences in global agriculture among different regions, and the lack of in-depth
understanding and precise assessment of SOC sequestration in multi-cropping systems, it is crucial to
establish a scientific and universally standardized method for assessing SOC in multi-cropping systems.
Here, we review the fundamental principles of estimating SOC sequestration in cropland, summarize the
challenges for the major methods in estimating SOC in cropland, and explore the strategy of raising an
accurate SOC estimation method by improving the Intergovernmental Panel on Climate Change (IPCC)
Tier 2 method. This study aims to provide a scalable method for estimating SOC sequestration in multi-
cropping systems, which should be beneficial for improving the carbon footprint calculation in agricultural
production systems.

CHALLENGES IN ESTIMATING SOC SEQUESTRATION IN MULTI-CROPPING SYSTEMS

Generally, SOC sequestration is mainly regulated by the processes of decomposition, mineralization and
stabilization, representing a current international research hotspot”*”'. Previous studies indicated that the
mechanisms of SOC turnover and sequestration in cropland mainly fall into the following three categories,
namely chemical stabilization mechanism, physical protection mechanism, and microbiological mechanism.
Generally, the chemical stabilization mechanism hypothesized that simple compounds produced during the
decomposition of plant residues form humus during the microbial aggregation process. Humus constitutes
60%-80% of soil organic matter, possessing a complex chemical structure and high stability, making it
resistant to microbial decomposition””. The physical protection mechanism hypothesized that root
exudates or decomposition products of organic residues, acting as mucilage, interact with soil clay particles
to form aggregates. These aggregates physically isolate soil organic matter from decomposers™. Organic
matter can also enter the micro-pores of clay minerals for isolation””. The microbiological mechanism
considers that microbes are the first responders to environmental changes and play a major regulatory role
in the dynamics of soil organic matter”. Moreover, microbial residues contribute greatly to the long-term
accumulation of SOC, and the growth dynamics and activity of microbes in the SOC sequestration process
should be well captured”*”. SOC sequestration has been relatively well-studied and understood in single-
cropping systems, while SOC sequestration mechanisms in most multi-cropping systems remain

31,38,39]

unclear!

Previous studies demonstrated that the diversified crop types and frequent agricultural practices (i.e., tillage,
fertilizer management and irrigation) resulted in the complex SOC sequestration process in multi-cropping
systems'*>*"\. Different crop sequences in rotations significantly influence the structure and dynamics of the
soil microbial community through changes in root exudates. Additionally, the lignin content, C:N ratio, and
the decomposition rates of crop residues vary among different crops**. This indicates that multi-cropping
systems cannot be formulated as a singular input-output balance process, but as interactive and synergistic
progression of two or even multiple systems. For instance, the residues that return to the soil undergo rapid
decomposition and enter a slow decomposition stage. The addition of fresh residues peaks microbial
activity, and promotes the decomposition of pre-existing organic matter'*>*. Frequent incorporation of
fresh residues enhances the priming effect in multi-cropping systems, and significantly increases the rate
and complexity of soil organic matter turnover mechanisms [Figure 1A]"“"**). Moreover, the complexity is
heightened in systems with alternating wet and dry cycles, such as rice-wheat rotations. Generally, the slow
organic matter decomposition under flooded conditions is well-understood, but the impact of wet-dry

alternation on organic matter decomposition remains unclear!*>*’

, as the rewetting soil after prolonged
drought stimulates microbial activity, and accelerates organic matter decomposition*>*". Furthermore,
frequent wet-dry alternation favors the formation of composite structures, such as Fe-organic matter

[52,53]

associations, promoting carbon fixation through adsorption and co-precipitation processes [Figure 1B]***.
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Figure 1. SOC transformation processes in multi-cropping systems, the priming effect in wheat-maize rotations (A); and the altered
drying and wetting in wheat-rice rotations (B). SOC: soil organic carbon.

Priming

SOC STORAGE CALCULATION METHODS

Statistical models

Statistical models are built on large datasets using regression analysis to elucidate the functional
relationships between variables™. They predict SOC based on the principles of soil carbon sequestration
and organic matter decomposition, using meteorological factors, soil physicochemical properties, and
anthropogenic disturbance factors as independent variables dominating SOC reserves™ . For instance,
Burke et al. constructed a SOC estimation model employing annual temperature, annual precipitation, and
soil clay fraction with data from the United States. Great Plain, and silt fraction was set as the input
parameters through an all-possible-subsets regression analysis*”. The model could explain over 50% of the
variation in SOC for croplands and grasslands in the U.S. Great Plain. However, it exhibited an overall
underestimation of 30% when assessing the SOC in the Inner Mongolia region of China®. The limited
applicability of statistical models across different regions is a crucial issue attributed to the lack of
consideration for regional differences in carbon inputs, especially the net primary production. Previous
study utilized multiple regression analysis to enhance the applicability of statistical models in estimating
SOC stocks across diverse regions, which considered soil texture, pH, and groundwater level as primary
driving factors, and also introduced specific parameters for different land-use types, leading to more precise
predictions™. However, this model exhibits lower accuracy in grid-based simulations due to the lack of
consideration of climate effects on SOC changes and relevant parameters for management and soil erosion,

59,60]

which are known determinants of SOC accrual and loss!

Incorporating more predictive parameters is a crucial approach to enhance the accuracy of statistical
models. Increasing parameters places higher demands on the statistical methods, and conventional
regression analysis methods often struggle to meet these modeling requirements. In recent years, machine
learning methods have been widely employed in the construction of SOC prediction models to improve
modeling efficiency and simulation accuracy'**’. Were et al. utilized 19 predictors, including climate data,
land cover data, and digital elevation model (DEM) for machine learning modeling of SOC reserves in

61-63

agricultural ecosystems””. They analyzed the performance of random forests, support vector machines, and
artificial neural networks in simulating SOC reserves, and found that soil total nitrogen is the most crucial
factor explaining SOC changes, with the support vector machine algorithm performing best, explaining 64%
of SOC variation. Another machine learning study showed that the random forest algorithm generally
outperformed other algorithms in simulating SOC reserves, while hybrid models within the regression
kriging framework showed better simulation results than any single model*. Generally, the selection of
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parameters in the model is related to the simulation scale. At the regional scale, climate is the predominant
factor influencing SOC changes, whereas at the farm or plot scale, the impacts generated by land use and
vegetation characteristics are more significant.

Due to the high operability and scalability, statistical models have been widely applied in SOC
spatiotemporal mapping at either regional, national, or global scale, often integrated with geographical data
interpolation or remote sensing methods to address data gaps™**. Furthermore, statistical models are
helpful in predicting the comprehensive effect of various environmental factors and management practices
on SOC storage. However, there are significant discrepancies among different statistical models regarding
the dominant factors influencing SOC changes and their respective impact magnitudes. This divergence
may be attributed to the statistical models overlooking the mechanistic processes of SOC changes. The
weakness of statistical models in mechanistic understanding prevents them from accurately reflecting the
response characteristics of SOC dynamics to complex management practices, rendering them insufficient to
support simulations of SOC changes in multi-cropping systems, farms, and smaller scales'".

Process-based models

Carbon pools and carbon fluxes

Crop models typically comprise an ensemble of several sub-models simulating the influence of management
on crop growth, soil water, senescence, nutrient turnover, and organic matter dynamics'*. As most widely
used SOC models assumed, crop residues or other organic amendments are first applied to soil; afterwards,
organic carbon decomposes at a specific rate, only parts of which go to the SOC pools after the death of
microbes. Decomposition rates and flow directions varied largely in different SOC pools; carbon typically
turns out from one pool to another or is mineralized***. Most widely used process-based SOC models,
including Century-DayCent, CERES, DNDC, STICS, APSIM, and DAISY, exhibit significant differences in
SOC pool divisions, carbon fluxes, and factors influencing carbon turnover rates, as shown in Figure 2!,

Models generally divide crop residues into a series of litter organic carbon pools (LOC), considering the
discrepancies in decomposition rates and flow direction between different types of carbon. Specifically, LOC
is divided into structural carbon and metabolic carbon in DayCent, while a recalcitrant pool is added in
DAISY'"**. STICS applies a simpler method, dividing LOC into a “labile pool” and a “recalcitrant pool”,
while DNDC has an additional “very labile pool”®”. CERES and APSIM divide LOC pools into
carbohydrate, cellulose, and lignin based on plant physiology'””". On the other hand, the “active, slow and
passive SOC pool” was incorporated in DayCent'*””. Additionally, microbial biomass is divided into
different fractions according to the resistance and turnover rate in DNDC and DAISY, which have more
. However, some models simplify the SOC pools; for example, STICS does not
have a slow pool, and CERES has the simplest model structure, considering all SOC as a single pool”™”*.

68,73

than one microbial pool!

Determinants of SOC decomposition

Soil temperature and soil moisture are considered the most important environmental factors for simulating
SOC decomposition in all process-based models. Different models use multiplication factors to reflect the
influences of environmental factors on SOC decomposition [Table 1]. In general, soil microorganisms
incorporate carbon based on a specific C:N ratio, and thus, the C:N ratio of LOC or SOC, as well as the soil
mineral N availability, are important factors affecting the carbon turnover rate!*”. However, CERES
ignores the effect of C:N ratio, and the N availability is not considered a factor in CERES and DayCent”".
Furthermore, soil texture and soil anaerobic condition are considered factors in DayCent, DAISY, and
DNDG, to simulate the oxygen demand of microbes when decomposing SOC!***7,
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Table 1. Comparisons of factors driving SOC in widely used process-based models

Influence factors of decomposition rate

Soil Soil C: Soil Soil N Anaerobic Reference
temperature moisture N texture availability condition
APSIM N N N Probert et al. (1998)">' Probert et al.
(2005)*”
Baum et al.(2023)"®’
CERES ¢ Gijsman et al. (2002)!""
Luo et al.(2021)""
DAISY J NN J Hansen et al. (2012)"®
Laub et al.(2021)""®
DayCent V \ NN N Parton et al. (1987)"°
Necpalova et al. 20154
DNDC N \ J V Li (2000)""*!
Gilhespy et al.(2014)"”
sTics ¢ \ J Brisson et al. (2003)"%

Levavasseur et al. (2021)7%

SOC: soil organic carbon.

Uncertainties in simulating SOC

Process-based models have been widely used in simulating SOC in diverse areas across the world, mainly in
single-cropping systems. However, challenges still exist when models are applied in multiple-cropping
systems due to the diversified carbon inputs and more intensive agricultural management™*. The crop
growing processes, such as dry matter accumulation and nitrogen uptake of different crops, need to be more
accurately simulated in multi-cropping systems"*. Surface soil is more frequently influenced by tillage and
compaction in multi-cropping systems, which requires more sensitivity in modeling the agronomic
management effects”®*. Additionally, the conversion between aerobic and anaerobic conditions in paddy-
upland rotation systems plays an important role in SOC dynamic, which is not commonly well simulated in
most plant-soil models"™.

The uneven distribution of microorganisms and plant residues in the soil brings great uncertainty in
simulating carbon mineralization and sequestration. Microorganisms play a leading role in SOC
transformations, and their community structure and spatial distribution are influenced by numerous
factors, such as soil mineral and organic matter characteristics”®”. Previous studies showed that process-
based models have overlooked the evolutionary dynamics of soil microorganisms, as shown in Table 1.
However, recent studies indicated that the SOC sequestration rate will rapidly decrease as the SOC stock
increases, achieving carbon saturation earlier than previously expected™'. The high stability of inert organic
matter in classical models has also been questioned; the resistance based on biochemical properties is now
believed to withstand decomposition for only several decades, rather than the previously thought thousands
of years™. These new perspectives were derived from studies on the dynamics of microbial communities
related to soil organic matter, indicating that crop-soil models should incorporate more microbial
mechanisms. Previous studies indicated that the CENTURY model was efficiently improved by employing
microbial enzymatic litter transformation methods"", resulting in simulation results close to field
measurements and satellite estimates'®”. Researchers have integrated the DAMM (Dual Arrhenius
Michaelis-Menten) soil flux model into an ecosystem model, which better simulated the inter-annual
dynamics of soil respiration compared to the original model®**. These studies showed that incorporating
microbial enzymatic reactions into process-based models is possible, while the characterization of
microbially-mediated litter decomposition schemes is not yet widespread and further research is needed.
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Figure 2. SOC pools and carbon fluxes in the most widely used process-based models worldwide. SOC: soil organic carbon.

Model calibration is vital to reduce the uncertainties in simulating SOC using large amounts of field
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observations. However, the observed data are not always complete enough to optimize all parameters, and
SOC storage usually changes too slowly to show significant differences in a relatively short period, which
aggravates the challenge"***\. In general, an incubation experiment with lower errors is a potentially effective
method to purposefully determine some of the parameter values, such as the potential decomposition rate
of residue and the corresponding optimal soil temperature and moisture. However, the ideal values
obtained from incubation experiments under specific environments often cannot directly support model
calibrations. In addition, the SOC pools in the models are hypothetical and cannot be directly quantified
through experimental methods"”**. Therefore, it is necessary to design incubation experiments reasonably
considering a wide range of environmental conditions, which should be helpful for understanding the
mechanisms of SOC transformation and provide more effective guidance for modeling work".

The steady-state method of IPCC

The IPCC updated the SOC estimation methods for cropland in 2019"™". Generally, there are three tiers in
estimating SOC generated by IPCC, where higher tiers provide more accurate results but also demand
stricter requirements for input data details and software technology [Figure 3]. IPCC Tier 1 and Tier 2 are
established based on the SOC balance hypothesis, while Tier 3 involves the process-based modeling
methods as described in section 3.2. The SOC balance hypothesis posits that, under long-term unchanged
land use, SOC reserves will reach and maintain a balanced state determined by factors such as climate, soil,
and management measures. IPCC Tier 1 provides the reference soil organic carbon (SOC,,) considering
climate zones and soil classifications, along with impact coefficients corresponding to different land uses
and management measures. For SOC assessments in specific regions, the users only need to look for SOC,,
and its corresponding impact coefficients and easily obtain the SOC reserves. If there is a change in land
use, SOC reserves will transition to a new equilibrium. IPCC Tier 1 roughly considers this process as a
linear change with a standard 20-year time span for the transition. Consequently, utilizing IPCC Tier 1 may
introduce a considerable degree of variability in assessing SOC changes.

IPCC Tier 2 categorizes SOC into active, slow, and passive carbon pools referencing the Century model
framework, which assumes the steady state and turnover rates of each pool and calculates the annual
variation in organic carbon reserves"*. Initially, IPCC Tier 2 requires the provision of initial values for the
capacities of the three carbon pools. Typically, carbon inputs over the recent 20 years or a longer period
(average annual carbon input, lignin content of materials, carbon-nitrogen ratio), climate data (monthly
average temperature and precipitation), and soil information (percentage of sand) are used for carbon pool
initialization. The detailed calculation process of IPCC Tier 2 is illustrated in Figure 4. Specifically, for each
year during the inventory period, the first calculations involve water (w;) and temperature (t;) impact
coefficients. These coefficients, combined with the potential decomposition rates of the carbon pools (ki ,,
k.., and k;_, for passive, slow, and active pools, respectively), tillage coefficient (till,.), and sand percentage,
yield the actual decomposition rates (k, k;, k,). Subsequently, the theoretical steady states for each carbon
pool (PASSIVE,., SLOW,., ACTIVE,.) are calculated based on the decomposition rates and carbon inputs,

including input amount (C,,,,), lignin proportion of materials (LC), and nitrogen fraction of the carbon

input
input (NC). Finally, each carbon pool approaches its theoretical steady state based on the actual
decomposition rates, resulting in the annual change. The calculation process of IPCC Tier 2 indicated that
SOC reserves will approach theoretical steady states in a nonlinear manner, which better aligns with actual
patterns compared to the linear change assumed by IPCC Tier 1. Nevertheless, both IPCC Tier 1 and Tier 2

can only estimate SOC at the 0-30 cm soil layer.

IPCC Tier 2 is most suitable for widespread application among the three methods, as it is more
operationally feasible and allows optimization of key parameters based on regional characteristics to
enhance simulation accuracy compared to IPCC Tier 3 (process-based model). Previous studies showed



Bai et al. Carbon Footprints 2024;3:19 | https://dx.doi.org/10.20517/cf.2024.15 Page 9 of 16

Tier 1 Tier 2 Tier 3
Fundamental Balance of total ~ Balance of SOC Phystcgl g
chemical
Theory SOC storage Pools .
mechanisms
Annual carbon

input, lignin content
of residue, nitrogen =~ Comprehensive

Clithate zone, soil f:ontent of residue, data of cr.op,
Data . tillage method, sand weather, soil, and
5 type and tillage
Requirements content, monthly management,
method 4 .
mean temperature, including hundreds
monthly rainfall, of parameters
monthly
evapotranspiration
Time-step Twenty years One year One day or shorter
Number of SOC
1 3 3 or more
pools
SOC dynamic ; . .
2 linear nonlinear nonlinear
function

Figure 3. Comparative analysis of IPCC SOC tiered approaches. SOC: soil organic carbon; IPCC: Intergovernmental Panel on Climate
Change.
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Figure 4. Process for quantifying annual change in soil organic carbon using the Tier 2 method. Transfer coefficients (f-fy) for
determining the flow direction of C, and the calculation formula are detailed in the IPCC 2019 report™®. IPCC: Intergovernmental Panel
on Climate Change.

that IPCC Tier 2 performed much better than other assessment methods in evaluating the long-term
response of SOC reserves to crop types and straw management"*’. The limitations of the IPCC Tier 2
method mainly lie in its applicability to specific cropping patterns. Currently, it is primarily suitable for
assessing SOC dynamics in rainfed single-cropping systems and cannot be directly applied to paddy fields
and multi-cropping systems"™’. Accurately evaluating the impacts of residue diversity in multi-cropping
systems and the effects of wet-dry alternation processes on SOC using the IPCC Tier 2 still presents
significant challenges.

PRACTICAL STRATEGY TO ESTIMATE SOC STORAGE IN MULTI-CROPPING SYSTEMS

An accurate and easily conducted SOC calculation method in multi-cropping systems is beneficial for
precisely estimating SOC storage in cropland. Though both statistical models and process-based models can
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provide relatively robust simulations when abundant observations are available, they need very strong
academic skills and cannot be easily operated. This seriously influences their adaptations in SOC estimation.
Our review indicates that IPCC Tier 2 is a potentially widely used SOC estimation method for multi-
cropping systems if we solve the challenges concluded above. Therefore, practical strategies to improve the
IPCC Tier 2 are essential for realizing the easy estimation of SOC in multi-cropping systems with high
accuracy.

Revising the parameters of IPCC Tier 2

Generally, IPCC Tier 2 cannot be directly applied to estimate soil carbon sequestration in multi-cropping
systems, mainly because carbon input, environmental impact factors, and carbon pool decomposition rates
are calculated at the annual scale in the standard algorithm. It is available to designate each growing season
as the inventory unit in IPCC Tier 2 to enable its application in multi-cropping systems. Firstly, the carbon
input from each crop growing season can be determined, incorporating lignin proportions and carbon-to-
nitrogen ratios specific to the crop type. The maximum decomposition amount for each carbon pool per
season can be initially calculated by converting the maximum decomposition amount from the entire year
to the growing season. The temperature and moisture impact coefficients for carbon pool decomposition
rates, initially calculated monthly and averaged over 12 months, can be adjusted to reflect the monthly
averages within a season in multi-cropping systems. However, the subdivision of the computational unit
will result in changes to many parameter values, and comprehensive parameter databases are needed for
extensive calibration and validation. Enhancing the IPCC Tier 2 method for multi-cropping systems will
promote consistency in SOC assessment methodologies, though validating its applicability will entail a
considerable duration.

Optimizing the region-specific parameters of IPCC Tier 2

The lack of regional agricultural parameter databases hampers the widespread application of the IPCC Tier
2 method in simulating soil organic carbon in multi-cropping systems. The Bayesian calibration was utilized
in the IPCC report (2019) to provide default parameter values globally in ensuring the accessibility of the
IPCC Tier 2 method. Simultaneously, countries are advised to build region-specific parameter databases
based on field sampling data to enhance the accuracy of SOC estimates. However, it is very difficult to
measure/determine the carbon partitioning pathway and carbon pools in soils due to the variations in soil,
vegetation and climate. This is a limitation in resolving soil spatiotemporal heterogeneity at a large scale.
Therefore, the widespread issue of missing sampling data makes it challenging to construct specific
parameter databases for many regions"*.. Process-based models have been demonstrated to be very efficient
in addressing this data scarcity'*. Sufficiently high-frequency field trial data, leveraging high-resolution
climate and soil data, are beneficial for calibrating process-based models. The well-calibrated process
models can be applied to diverse regions and scenarios. This can replace actual sampling and provide data
support for the regional calibration of IPCC Tier 2. Ensuring the accuracy of process model simulations is
fundamental to implementing this strategy, and multi-model integration has also been proven to be an
effective approach to reducing simulation uncertainties"*"*. Multi-model ensembles were identified to
significantly improve the accuracy of SOC simulations in cropping systems"*'*”.. Furthermore, algorithms
like genetic optimization, Bayesian calibration, and maximum likelihood estimation can be utilized to
ascertain the optimal values for region-specific parameters in IPCC Tier 2, thereby achieving accuracy
comparable to multi-model integration. The strategy of multi-model integration and multi-algorithm fusion
calibration aims to establish relevant parameter thresholds for IPCC Tier 2 in different regions, and build a
parameter database for SOC in multi-cropping systems in order to ensure the robustness and accuracy of
SOC estimation.
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Improving the structure of IPCC Tier 2

The overview of the IPCC methodology indicated that introducing the priming effect and wet-dry
alternation to the IPCC Tier 2 method should improve the model algorithm. The IPCC 2019 report
explicitly mentioned the inapplicability of the current Tier 2 method to rice cultivation, and further
developments in IPCC Tier 2 may be applicable to other land uses"*. Therefore, it is essential to clarify
whether there is a mechanistic difference in SOC steady-state between paddy fields and uplands. Generally,
applications of meta-analysis and random forest algorithms should be helpful for determining the key
driving factors for the priming effect and physical protection effect. Subsequently, the application of
machine learning techniques can help construct the wet-dry alternation sub-modules align with IPCC Tier
2 guidelines"**'*”). Moreover, soil microorganisms are crucial driving factors for the priming effect'", and
incorporating the corresponding mechanism into the model should be necessary"'". Although the efficiency
of carbon assimilation by microorganisms and its substrate use efficiency have been considered by IPCC
Tier 2 in the decay rates for carbon pools (k, k, and k), they are still determined solely by weather
conditions""?. However, the increase in microbial biomass due to the priming effect is ignored by IPCC Tier
2 when changing crops. The potential decomposition rate of SOC (k. , k.., and k;, ) may need to increase
in months when wet-dry alternation occurs, with new coefficients being added to define the relevant
function [Figure 4]. Further work is essential to determine the values of new parameters, including the
effects of weather conditions and residue characteristics on the magnitude of the priming effect, by
synthesizing various research findings from diverse regions.

If the above-mentioned improvements and revisions were successfully finalized for the IPCC Tier 2, a more
accurate depiction of SOC turnover in multi-cropping systems can be achieved. Consequently, CO,
emissions and carbon footprints from relevant food production processes can be more precisely predicted
using a more unified framework. These enhancements will address the gaps in previous agricultural carbon
footprint calculations, and have the potential to contribute to updates in global ecosystem models for
designing low-carbon development strategies in the future.

CONCLUSIONS AND PERSPECTIVES

This study comprehensively analyzed the advantages and deficiencies of the major soil carbon sequestration
assessment methods, namely statistical models, process-based models, and the IPCC Tier 2, in estimating
SOC storage for multi-cropping systems. It is difficult to simulate the dynamic evolution of SOC at the field
scale using the statistical models based on regression, while the well simulation through process-based
models demands data richness. The IPCC Tier 2 stands out for its clear structure and operational simplicity.
Developed for global applications, it has the potential for widespread use. However, IPCC Tier 2 cannot be
directly applied to assess SOC in multi-cropping systems due to parameter mismatches. To address this
bottleneck, a shorter time scale is essential to account for discrepancies in input residues and the associated
seasonal climatic conditions. Furthermore, the determination of certain constant parameters and multi-
model ensembles could help meet the data requirements. Additionally, the effects of flooding and wet-dry
alternation, which are lacking in the current method, should be incorporated into new equations in the
advanced version. These revisions would address the current shortcomings and inaccuracies in assessing
organic carbon stocks in multi-cropping systems, providing methodological support to enhance the SOC
assessments in global cropland.
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