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SUMMARY 
 
The current state of our soils, as well as the opportunities and vulnerabilities that result from different land 
management practices, are of particular importance. Quantifying the optimal SOC storage capacity of soils would 
provide a benchmark to assess human impact on soils and help quantify potential benefits of altered soil management 
practices. In order to quantify potential SOC losses or sequestration at field, regional, and global scales, measurements 
for detecting changes in SOC are needed. Such measurements and soil-management best practices should be based 
on well established and emerging scientific understanding of processes of C stabilization and destabilization over 
various timescales, soil types, and spatial scales.  
 
There are still large knowledge gaps at global scale on:  

1. the current SOC stocks, 
2. the baselines of soil organic C stocks under current practices, 
3. the potential for increasing SOC stocks through changes in agricultural practices.  

 
Here we address such knowledge gaps through the international knowledge synthesis activities providing:  
 

1. Geo-referenced data sets from a range of sources concerning e.g. Climate, soil land use , land degradation, 
agricultural practices yields, crop residues, net primary productivity, etc.  

2. Data from models  
3. Synthesis activities and methodological guidelines.  

 
In order to understand soil’s contribution to ecosystem services, large-scale modelling and mapping soil properties 
and processes are needed. This increased global understanding will show how to tackle multiple land based challenges 
through agricultural SOC sequestration. This report is detailing the harmonized spatial data sets and their use to create 
knowledge synthesis on the potential for SOC sequestration in agriculture and on the role of SOC for agricultural 
productivity, climate change mitigation and adaptation. 
 
The combination of these data will establish the foundation for the knowledge information system (KIS) on SOC in 
agriculture and will support the development of meta-analyses showing the role of soil carbon for food supply, climate 
change mitigation and adaptation in different agricultural systems, soil and climate conditions. Moreover, those data 
sets can further contribute to proposing and designing management practices to improve the status of agricultural 
soils, stop land degradation and better target policy interventions. 
 

All data generated as part of this work is openly accessible via the CIRCASA Knowledge Information System 

https://www.ocp.circasa-project.eu/en/kis 

 

 

 

 

  

https://www.ocp.circasa-project.eu/en/kis
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FIGURES 
 

Figure 1: SoilGrids soil organic carbon stocks for the 0-30 cm layer (DRAFT). 

Figure 2: Current SOC stocks (0-30cm) in the dominant soil units (Top). Distribution of soils with more than 

100 tC/ha (Bottom). Areas not used for crops and organic soils (SOC above 200 tC/ha) are masked in grey. 

Figure 3: Simulated (RothC model) annual organic carbon inputs (in tC/ha/year) from crop residues and from 

organic fertilizer required to sustain current SOC stocks (0-30 cm) in cropped areas. Areas not used for crops, 

or with SOC stock above 100 tC/ha, are masked in grey. Note that the carbon content of dry organic matter 

(crop residues, organic fertilizers) is around 0.4.  

Figure 4: Simulated (RothC model) annual additional organic carbon inputs (in tC/ha/year) from crop 

residues and from organic fertilizer required to increase by 0.4% per year SOC stocks (0-30 cm) in cropped 

areas (assuming that SOC stocks are in a steady state). Areas not used for crops, or with SOC stock above 

100 tC/ha, are masked in grey. Note that the carbon content of dry organic matter (crop residues, organic 

fertilizers) is around 0.4. 

Figure 5. Cropland NPP flux returning to soil (litter, tC.ha-1.yr-1) for BAU crop management intensification 

scenarios. Fully irrigated (a, b), rainfed (c, d), and weighted (e, f) production without or with (b, d, f) plant 

residue removal. 

Figure 6. Cropland NPP returning to soil (litter, tC.ha-1.yr-1) for nutrient unlimited (potential) production crop 

management intensification scenarios. Fully irrigated (a), rainfed (b), and weighted (c) production without 

plant residue removal. 

Figure 7. Balance between crop litter input (tC.ha-1.yr-1) estimated for BAU nutrient input, weighted based 

on area share of rainfed and irrigated production and across all crops, with crop residue removal and carbon 

input needed to maintain current SOC stocks  

Figure 8. Balance between crop litter input (tC.ha-1.yr-1) estimated for BAU nutrient input, weighted based 

on area share of rainfed and irrigated production and across all crops, with crop residue removal and the C 

input need to reach the 4p1000 target 

Figure 9. Average corn yield changes due to switching from conventional tillage systems to (a) no-till and (b) 

reduced-till systems in tons per hectare over a 30-year period. Crop area based on IFPRI (2019). Weighted 

average yields for rainfed and irrigation. 

Figure 10. Corn mitigation effects from changing conventional tillage systems to no-till (a) and reduced-till 

(b) systems in tons CO2 per hectare and year. Crop area based on IFPRI (2019). Weighted average yields for 

rainfed and irrigation.  

Figure 11. Changes in overall production costs for wheat and corn for no-till and reduced-till in comparison 

to conventional tillage. Data found in comparison studies and cost databases (BAfA, 2019, KTBL, 2019), 

converted into Dollar and adjusted for inflation (based on data from the U.S. Bureau of Labor Statistics). Left 

panel: visualization of data presented in the right panel (RD – reduced tillage, NT – No-till). 

Figure 12. Net-cost changes [-(yield x crop price - production costs)] from changing conventional tillage 

systems to no-till systems in $US2010 per hectare, with a medium decrease in production costs (cost 

scenario: med). Crop area based on IFPRI (2019). Weighted average yields for rainfed and irrigation. Extreme 

values are limited to USD -250 and USD 250 respectively, to improve the visualization. 
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Figure 13. Global MACCs for wheat and corn; NOT – no tillage, RED – reduced tillage. Both, rainfed and 

irrigated area considered, based on (IFPRI, 2019). Extreme values are limited to USD/t CO2eq -1,000 and 

USD/t CO2eq 1,000 respectively, to improve the visualization. 

Figure 14. Number of studies returned on Web of Science searches of potentially carbon-sequestering 

agricultural practices. Keywords related to the topics were searched in conjunction with keywords related 

to soil carbon sequestration 

Figure 15. Locations of studies in our net return dataset. 

Figure 16. Differences in profit between no-till and conventional tillage plots. Boxes represent soil types (a) 

and crop types (b). Soil texture is listed from left to right in the order of decreasing sand content. 

Comparison of reduced and conventional tillage show similar trends for crop types (e.g. negative for fruits 

and vegetables and positive for fiber) but not for soil types (data not shown). 

Figure 17. Global distributions of land use types and of individual land-based challenges.  

Figure 18. Soil carbon debt for 0-30 com, 0-100 cm and 0-200 cm depths. Modified from (Sanderman et al., 

2017). 

Figure 19. Global distributions of (a) the number of overlapping land-based challenges (desertification and 

land degradation, climate change adaptation, chronic undernourishment, biodiversity, groundwater stress 

and water quality); (b) the Human Development Index (HDI) by country.  

Figure 20. Components of a Monitoring, Reporting and Verification system for soil organic carbon (Smith, 

Soussana et al., 2019, Global Change Biology) 

Figure 21.Global Inventory of Long-Term Soil-Ecosystem Experiments - LTSEs 

Figure 22. Components of the Net Ecosystem Carbon Balance for a cropland ecosystem. 

Figure 23. Soil carbon balance (∆Csoil ) as function of GPP. σ∆C is represented by the error bars, in red when 

the parameters influencing σ∆C where chosen to have the highest error, in grey for the reference scenario 

and in orange when the error was minimized. The red circle indicate the reference scenario, with GPP equal 

to 1760 gC.m−2.yr−1. 

Figure 24. a) The red curve represents the MMD as a function of the percentage of change of the three 

parameters (Re, Obs and σk ) controlling σGP P and σNP P and thus the error on ∆C for the fluxes method we 

developed. The value of these three parameters were changed all at once nine times, 10% in 10%, starting 

from the reference scenario. For Re and σk the value were diminished while it was increased for Obs. The 

black dashed line is the value of the MMD for the reference scenario. b) The blue curve represents the 

Minimable Detectable Difference (MMD) as a function of the number of samples for  a soil analysis method 

(Schrumpf et al., 2011).   The black dashed line is the value of the MMD for the reference scenario. The 

dashed-dotted line represents the value of the MMD for the soil analysis method with 10 samples. c) The 

pink curve represent the cumulated through time for a carbon storing rate of 1 ‰ with a baseline carbon 

stock of 5000 gC.m−2.  The orange curve is for a carbon-storing rate of 4 ‰.  

Figure A1. Wheat yield changes due to switching from conventional tillage systems to no-till (a) and reduced-

till (b) systems in tons per hectare. Crop area based on (IFPRI, 2019) 



D1.4 |International Knowledge Synthesis Activities       
 

8 

 

Figure B1. Wheat mitigation effects from changing conventional tillage systems to no-till (a) and reduced-

till (b) systems in tons CO2 per hectare and year. Crop area based on  (IFPRI, 2019) . Weighted average yields 

for rainfed and irrigation. 

Figure C1. Changes in net-costs of wheat production [-(yield x price - production costs)] from changing 

conventional tillage systems to no-till (NOT) and reduced-till (RED) systems in $US2010 per hectare, for 

different assumptions on related changes of production costs (low, med, high, region; see Table 4). Crop 

area based on SPAM 2010 (IFPRI, 2019). 

Figure C2. Changes in net-costs of corn production [-(yield x price - production costs)]  from changing 

conventional tillage systems to no-till (NOT) and reduced-till (RED) systems in $US2010 per hectare, for 

different assumptions on related changes of production costs (low, med, high, region; see Table 5). Crop 

area based on SPAM 2010 (IFPRI, 2019). 

Figure D1.  Regional MACCs for wheat. 

Figure D2. Regional MACCs for corn. 
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TABLES 
 

Table 1. Input datasets implemented with EPIC-IIASA at 5’x5’ spatial resolution (for EPIC-IIASA Hypercube 

v1.0 product). 

Table 2. Data dimensions of the EPIC-IIASA Hypercube v1.0 dataset 

Table 3. Overview of data (5’x5’spatial resolution GeoTiff raster layers) produced for assumed scenarios of 

cropland NPP fraction (tC.ha-1.yr-1) returning to soil. Based on EPIC-IIASA simulated crop intensification 

levels and additional assumptions on crop residue removal and irrigated land fractions. 

Table 4. Tillage management scenarios for maize and wheat cultivation. 

Table 5. Assumptions on production cost scenarios (negative sign indicates a reduction of production costs). 

Table 6. Web of KnowledgeTM search keywords used in this study 

Table 7. Results from stepwise multiple regressions for net return and yield differences between 

conventional and no-till treatments. Adjusted R2 is ~0.40 for both response variables. ‘+’ indicates positive 

effect of the term on the response variable. ‘NS’ denotes statistically not significant 

Table 8. Results from stepwise multiple regressions for net return and yield differences between 

conventional and no-till treatments. Adjusted R2 is ~0.40 for both response variables. ‘+’ indicates positive 

effect of the term on the response variable. ‘NS’ denotes statistically not significant. 

Table 9. Correlation matrix (Spearman’s rank correlation).  *, P<0.05; *, P<0.01; ***, P<0.001 

Table 10. Examples of models used in National GHG Inventories to estimate Carbon dioxide emissions and 

removals from the cropland remaining cropland soils component (Tier 3 method) 

Table 11. Input variable (in bold) and parameter table.  The column "standard values" returns the parameter 

and   the variable values for the reference scenario used for the sensitivity analysis. The range for each 

parameter was defined according to what was found in the literature. 
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1. Global maps at 250 m spatial resolution of SOC concentrations and SOC 
stocks 

 

1.1 Introduction  

Improved global soil organic carbon (SOC) stocks maps are paramount for reducing uncertainties in SOC sequestration 

potential at global scale. ISRIC’s SoilGrids  provides consistent, global maps of basic soil properties such as SOC 

concentration, pH, clay content, bulk density for six depth intervals (0-5 cm, 5-15 cm, 15-30 cm, 30-60 cm, 60-100 

cm, 100-200 cm), as well as derived properties such as SOC stock and water holding capacity at 250 m spatial 

resolution. These layers can be used as inputs for environmental  models such as RothC to assess SOC sequestration 

potential.  

SoilGrids is a system for digital soil mapping based on state-of-the-art predictions methods based on machine learning 

approaches. SoilGrids was developed from ISRIC’s soil sample data collection and an extensive stack of ancillary data 

(‘covariates’) in form of and products derived from satellite imagery and other environmental information including 

climate, land cover and terrain with global coverage. The sample data and covariates are combined in a machine 

learning framework. Machine learning models are used to elicit predictive relationships between soil samples and 

covariates. Once such a model is calibrated, it can be used to predict the soil property of interest for any location 

across the globe on basis of the covariate data at these locations. SoilGrids is a global modelling framework, meaning 

that for each soil property one machine learning model is calibrated using input data from across the globe. 

Over the years, SoilGrids went through several phases of updating and improvement. Three years ago, ISRIC improved 

the spatial resolution from 1 km to 250 m, and changed from a geostatistical modelling framework to a machine 

learning framework, with improved predictions.  

SoilGrids has evolved considerably since the previous release (2017), both in the methodologies employed as in the 

computation infrastructure and the data inputs. The following improvements can be highlighted: 

 Wider selection of soil observations: more profile observations, increased quality assessment and improved 

and consistent standardisation across the different point datasets. 

 Quantification of prediction uncertainty at pixel level with the 90% prediction interval using Quantile Random 

Forest. 

 Improved model calibration and cross-validation procedure to better take into account the uneven spatial 

distribution of data points across the world. 

 Improved covariates selection and model parameter tuning. 

 Texture fractions modelled and mapped not independently from each other, but as compositional data with 

the sum of the fractions constrained to 100%. 

This year (2019), ISRIC invested in a major update of the SoilGrids maps of basic soil properties (pH-H2O, coarse 

fragments content, sand, silt and clay contents, cation exchange capacity, bulk density, SOC concentration, total 

nitrogen), with a strong focus on quality control. Improvements includes:  

 Extension of the input datasets with soil observations: more data points, more focus on quality assessment 

of point data, improved standardization (following the standards of ISRIC’s institutional soil database WOSIS) 

across the different point datasets.  

 Quantification of prediction uncertainty at the pixel level with the 90% prediction interval.  



D1.4 |International Knowledge Synthesis Activities       
 

11 

 

 Improved model calibration and cross-validation procedure to better take into account the uneven spatial 

distribution of data points across the world.  

 Improved covariates selection and model parameter tuning.  

 Texture (sand, silt, clay) fractions modelled and mapped not independently from each other but as 

compositional data with the sum of the fractions constrained to 100%.  

1.2 Soil Organic Carbon stock mapping 

The 2019 update of SoilGrids focused on basic properties only, derived properties such as SOC stock were not 

considered initially. Because of obvious synergies between SoilGrids and CIRCASA with respect to the SOC domain 

and a smaller role for ISRIC on the KIS development as the existing platform DATAVERSE was selected, ISRIC’s T 1.3 

budget was partly used – after a plenary presentation and approval of CIRCASA leadership at the Cali project meeting 

(February 2019) – to support the update of the SoilGrids SOC stock map and expand this map with quantified 

information about uncertainty at the pixel level. The SOC stock map, together with SOC concentration map, can be 

used as inputs for CIRCASA’s knowledge information system to support assessment of SOC sequestration potential 

with the RothC model. Here we will describe the tasks and (initial) results undertaken for this activity.  

1.2.1 Bulk density and organic carbon density pedotransfer functions 

SOC stock (kg m-3) is a composite soil property that is computed from SOC concentration (g kg -1), bulk density (kg m-

3) and coarse fragments (%). For a specific depth interval SOC stock (in kg m-2) content as follows: 

𝑆𝑂𝐶 𝑠𝑡𝑜𝑐𝑘 (𝑑) = 𝑆𝑂𝐶/1000 ∗ 𝐵𝐷 ∗ [1 − (
𝐶𝐹

100
)] ∗ 𝑑 

with d as the thickness of the depth layer of interest in m; e.g. 0.3 in case of mapping the 0-30 cm layer. Data on SOC 

concentration generally is well available; for SoilGrids for approximately 117,100 sites. Data on bulk density and 

coarse fragments is much scarcer. For bulk density data from 17,500 sites are available. Our first task was therefore 

to investigate if we could enlarge the bulk density dataset through the use of pedotransfer functions (PTF) that model 

and predict bulk density at sampling sites from other readily available soil properties such as SOC concentration, pH 

and clay content. We first explored the use of linear models for this purpose and tested different models (different 

sets of predictors, separate modelling of top- and subsoil layers). Results in terms of prediction accuracy were 

moderate; the best model explained 42% of the variation in the dataset (R2 = 0.42). Furthermore, the models 

substantially over-estimated the relatively low bulk density values; which is undesirable because these will then 

heavily inflate SOC stock estimates. Next, we tested several more sophisticated models such as general additive 

models and random forest models. These models are better capable of modelling non-linear relationships between 

target property and the predictors. Results slightly improved (R2 = 0.50).  

The bulk density PTF results showed that the PTF-predicted bulk density at a sampling site is not always consistent 

with the SOC concentration measured at that site. There is a strong negative relationship between bulk density and 

SOC that must be retained for SOC stock modelling. We therefore decided to fit a pedotransfer function for the 

organic carbon density (OCD) instead of the bulk density, with OCD defined as: OCD [kg m-3] = SOC concentration [g 

kg-1]/1000 * BD [kg m-3]. We used a random forest model with sand, silt and clay contents, pH-H20, SOC class and 

depth used as predictors. The model was calibrated using data from 17,500 sampling sites for which SOC and bulk 

density were both available. Cross-validation showed that this model performed reasonable well with an explained 

variation of about 70% (R2 = 0.70). The PTF-predicted OCD was corrected for presence of coarse fragments (following 

the equation above). If a measured coarse fragments value was not available for a data point, then a predicted value 

from the SoilGrids coarse fragments map was taken instead. 
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1.2.2 SOC stock modelling and mapping 

The second task was the modelling and mapping of global SOC stocks with the SoilGrids framework. Two different 

types of maps were created:  

1. maps of SOC density  (OCD [kg m-3] = SOC concentration [g kg-1]/1000 * BD [kg m-2] * 1-(CF/100) [%]) for each 

of the six standard depths 

2. maps of SOC stock density  (OCS [kg m-2] = SOC concentration [g kg-1]/1000 * BD [kg m-2] * 1-(CF/100) [%] * d 

[m]) for the 0-30 cm and 30-100 cm layers, which are typical layers used for SOC stock assessment and 

reporting. These layers can be simple summed to obtain stocks for the 0-100 cm layer. 

Figure 1 shows a draft SOC stock map for the 0-30 cm layer. The total global stock on basis of this layer is estimated 

to be approximately 605 Pg. (Note that this estimate might still change since some final checks and verifications still 

need to be carried out). The 30-100 cm layer showed some unexpected spatial patterns of predicted SOC stocks that 

need to be further scrutinized before the map can be published. In particular correction by depth needs to be 

implemented and checked. 

 

Figure 1: SoilGrids soil organic carbon stocks for the 0-30 cm layer (DRAFT). 

The preview release of SoilGrids (December 2019) can be accessed through the following services: 

 WMS: swift access for visualisation and data overview. 

 WCS: best way to obtain map segments for specific regions in the world and to use SoilGrids as input to 
other modelling pipelines. 

 WebDAV: download the complete global maps in VRT format. 

1.3 Uncertainty 

The third activity we undertook was modelling and mapping of prediction uncertainty at global level. Quantification 

of uncertainty at pixel level is new extension for SoilGrids. For previous SoilGrids versions this proved to be not feasible 

computationally. However, new methodological developments in the statistical software package R as well as the 

availability of powerful cloud computing allowed us to quantify pixel-level prediction uncertainty for this new SoilGrids 

version. We quantified the prediction uncertainty with the 90% prediction interval, following the specifications of the 

IUSS Global Soil Map Working Group.  

https://maps.isric.org/
https://maps.isric.org/
https://files.isric.org/soilgrids
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SoilGrids uses the random forest to model the soil properties. Uncertainty of random forest predictions can be 

quantified with a method referred to as ‘quantile random forest’ (QRF). This method does not only give a predicted 

value as output but the full conditional distribution of the prediction. From this distribution the upper (95%) and lower 

boundary (5%) of the 90% interval can be derived. We developed a set of scripts to implement QRF on the High 

Performances Computing (HPC) facilities of the Wageningen University and generate maps of the 5% and 95% 

boundaries for all SOC layers. The same scripts were then applied to quantify the prediction uncertainty of the other 

soil properties. 

1.4 Outlook 

Based on the work done so far, we identified several activities to further improve the quality of the models and maps: 

 Modelling and mapping of soil depth. The depth of the soil constrains the amount of carbon that can be 

stored. Having a good quality soil depth map will result in more realistic estimates of SOC stocks. Currently 

we have not yet taken soil depth into account for the global estimates of SOC stock. There is an experimental 

SoilGrids soil depth map available that was created in 2016. The methodology used to generate this map 

needs to be further developed. 

 Assembling new and improved covariates for SOC stocks modelling with focus on high-resolution satellite 

imagery, for instance as supplied by ESA’s Copernicus satellites. 

 Enlarging the soil sample database. During 2019, ISRIC has obtained new SOC datasets from various territories 

in the world that were not yet included in the dataset used for modelling. 

 Publication of a peer-reviewed article on global soil organic carbon stock mapping as a methodological quality 

control step. 

In addition, modelling and mapping of soil functions at global level with specific focus on carbon sequestration 

potential with a machine learning framework and a global soil dataset could be worthwhile to further explore and 

develop as well.  
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2. Organic carbon inputs to soils and SOC balance in world arable systems 
 

2.1. Introduction  
 

Agricultural soils have been identified as having significant potential to sequester soil organic carbon (SOC) thereby 

mitigating climate change and maintaining soil productivity(Lal et al., 2007; Zhang et al., 2014). Significant efforts 

have been made to estimate the potential of agricultural soil to sequester C under diverse environmental and 

management conditions (Ogle et al., 2010; Smith et al., 2005; Wang et al., 2013; Yu et al., 2012).The actual amount 

sequestered depends on management strategies (e.g., residue retention and fertilizer application) and 

environmental conditions (Luo et al., 2010; Smith et al., 2008; West and Post, 2002). A detailed assessment of 

critical C input level targeting at certain soil C level will assist in designing effective management practices for C 

sequestration in agricultural soils and help different stakeholders assess the status of soil C under current farmers’ C 

input level and future potential management and climate changes. 

Regardless of management practices, increasing C input through residue retention and stimulating crop growth by 

nutrient intensification usually have to be achieved (Lal, 2004; Liu et al., 2014; Luo et al., 2014)  

The objectives of this works are: 

- Estimate the organic carbon inputs required for given local pedo-climate conditions to balance SOC losses 

and maintain the stock in an equilibrium under current climate conditions 

- Estimate the organic inputs required to reach the aspirational 4 per 1000 target (0.4% annual increase in 

stock for 30 years) for SOC sequestration 

- Produce a set of maps on global cropland NPP fraction returning to soil on annual basis for assumed scenarios 

of crop intensification levels. 

- Analyze if the NPP fraction returning to soil (tC.ha-1.yr-1) is enough to sustain or to reach the 4 per 1000 target 

in agricultural soils. 

 

This work was carried out based on data assembled by IIASA, and involved RothC simulations at INRA. 

- The Rothamsted Carbon Model (RothC)(Coleman et al., 1997)  model is one of the most commonly used soil 

models today (Coleman et al., 1997; Lark et al., 2019). The set of inputs required by RothC is a crucial 

advantage when compared with other process-based soil models that require more input data to drive the 

model (Morais et al., 2018). The range of dynamic SOC processes captured by RothC is lower, but the fact 

that it is a parsimonious model makes RothC a good candidate for global modelling exercises due to its 

manageability. However, few examples exist of continental or global-scale applications of RothC (Gottschalk 

et al., 2012; Smith et al., 2005).  

- EPIC-IIASA provides a modelling framework, which integrates EPIC model with global-extent geographical 

data on all inputs necessary to run the model. Geographical data adds spatial component to otherwise field-

scale simulation model making it suitable for large-scale applications (Balkovič et al., 2013)(Balkovič et al., 

2014) (Mueller et al., 2012)(Folberth et al., 2019). Maps were interpreted from EPIC-IIASA model outputs for 

17 major crops cultivated worldwide (Hypercube v1.0 dataset). The cropland NPP fraction estimates cover 

EPIC-IIASA simulation results for set of theoretical scenarios of crop intensification levels (subset of 

Hypercube v1.0 dataset) and additional assumptions on crop residue removal and irrigated land area 

fractions.  
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2.2. Methodological aspects 

RothC simulations 

Several datasets were gathered in order to yield the necessary input variables for the RothC runs. Among these, we 

used the HWSD soil database (running simulations on the dominant soil types only, and excluding organic soils), the 

AgMERRA climate dataset for years from 1980 to 2010 and the land cover as estimated for GEOBENE project from 

GLC2000 and SPAM datasets (Skalský et al., 2008) 

The RothC model (Jenkinson et al., 1992) was originally developed to simulate changes in SOC stock in arable topsoils 

in the long-term field experiments at Rothamsted in the UK. It was then extended to model SOC turnover in grasslands 

and forests and evaluated in a variety of ecosystems in different climatic regions  (Smith et al., 1997). The RothC 

model can be written as: 

𝑑𝑆𝑂𝐶(𝑡)

𝑑𝑡
= 𝐹. 𝑆𝑂𝐶(𝑡) + 𝐶𝑖𝑛  (1) 

where SOC is a dimension 4 vector composed of organic carbon content in four dynamic compartments, the resistant 

plant pool (RPM), the decomposable plant pool (DPM), the microbial pool (BIO) and the humic pool (HUM). 𝐶𝑖𝑛 is a 

dimension 4 vector that indicates in which pools SOC inputs are incorporated, and F is a 4 x 4 matrix representing SOC 

mineralization and carbon flows between the four active carbon pools. The type of vegetation influences the 

distribution of C inputs into the RPM and DPM pools, hence the DPM:RPM ratio typically depends on the type of plant. 

In RothC, three plant types are available: croplands, unmanaged grasslands and forests with a DPM:RPM ratio of 1.44, 

0.67 and 0.25 respectively. 

The RothC model, like many other first-order kinetic SOC dynamic models, results in equilibrium SOC stocks in the 

long term, assuming that both SOC inputs and mineralization factors are constant or at least exhibit periodicity (Martin 

et al., 2007) 

lim
𝑡→∞

𝑆𝑂𝐶(𝑡) = 𝑆𝑂𝐶∗ 

𝑆𝑂𝐶∗ hereafter called the equilibrium state, can then be easily calculated and depends on OC input rates and the F 

matrix: 

𝑆𝑂𝐶∗ = (𝐼4 − 𝐹)−1𝐶𝑖𝑛  (2) 

where 𝐼4 is the identity matrix of dimension 4x4. Conversely, if estimates of 𝑆𝑂𝐶∗ and 𝐹 exist, 𝐶𝑖𝑛 can in turn be 

estimated, assuming that the soil has reached equilibrium and that climatic conditions are constant. Note that SOC 

refers to SOC that is subject to SOC dynamics. For the RothC model, this dynamic SOC is a fraction of the total SOC. 

𝑆𝑂𝐶𝑡𝑜𝑡𝑎𝑙 = 𝑆𝑂𝐶 + 𝐼𝑂𝑀 

where 𝑆𝑂𝐶𝑡𝑜𝑡𝑎𝑙  is the total SOC, that can be measured in soils using for instance dry combustion analyzers, and IOM 

is the inert SOC fraction, which, according to RothC, is constant over time. IOM is usually estimated using the (Falloon 

et al., 1998) equation. Eq. 2 gives: 

𝐶𝑖𝑛 = (𝐼4 − 𝐹)𝑆𝑂𝐶∗  (3) 

Like in eq. 1, 𝐶𝑖𝑛 is a dimension 4 vector. For the purpose of simplicity, 𝐶𝑖𝑛 hereafter refers to total carbon inputs into 

the soil, i.e. the sum of the 4 components of this vector. 

In the present study, we used the available analytical formulation of the RothC model to estimate  
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(i) the inputs of SOC that would be needed to maintain current SOC stocks, assuming these are at 

equilibrium state, and  

(ii) the increased SOC inputs needed to reach SOC stocks in 30 years from now, assuming a constant yearly 

4‰ rate of increase in SOC. More specifically, at each location, we performed the following algorithm, 

again assuming that SOC stocks were currently at equilibrium in each location: 

Compute 𝑆𝑂𝐶0 as 𝑆𝑂𝐶0
𝑡𝑜𝑡𝑎𝑙 − 𝐼𝑂𝑀 = 𝑆𝑂𝐶0

𝑡𝑜𝑡𝑎𝑙 − 0.049(𝑆𝑂𝐶0
𝑡𝑜𝑡𝑎𝑙)1.139 (Falloon et al., 1998) 

Using eq. 2 and eq. 3 

Split 𝑆𝑂𝐶 among 𝑅𝑃𝑀, 𝐷𝑃𝑀, 𝐵𝐼𝑂 and 𝐻𝑈𝑀 

Calculate 𝐶𝑖𝑛
0  needed to have observed 𝑆𝑂𝐶0 

Compute 𝑆𝑂𝐶4𝑝1000 as 𝑆𝑂𝐶0. (1.004)30 (a 30-years 4‰ increase) 

Estimate 𝐶𝑖𝑛
4𝑝1000

 needed to reach 𝑆𝑂𝐶4𝑝1000  

From the 𝐶𝑖𝑛
4𝑝1000 estimate, the increase in SOC input is calculated as 

𝛥𝐶𝑖𝑛 = 𝐶𝑖𝑛
4𝑝1000

− 𝐶𝑖𝑛
0  

The RothC model was implemented in the RothC R package (Martin, 2018), GIS operations using GRASS GIS software 

(GRASS Development Team, 2018) and statistical analysis using R software (R Core Team, 2016)  

EPIC-IIASA modelling framework  

The Environmental Policy Integrated Climate (EPIC) model (Williams, 1995) is process-based field-scale simulation 

model of crop production developed in US. EPIC operates on daily time step integrating modules on weather, plant 

growth, nutrients cycling, and water balance. It requires input data on: 

 weather (daily data on minimum/maximum temperature, sunshine hours, rainfall, and relative humidity),  

 topography (position, slope inclination, slope length, and more),  

 soil (soil profile depth, soil hydrological group, and for each layer sand, clay, stones, and organic carbon 
content, pH, cation exchange capacity, bulk density, and more),  

 crop (planting, harvesting, cropping densities, and more),  

 crop management (tillage operations, harvest operations, irrigation type and amount, fertilizer amount and 
timing, crop residue management, multi-cropping, mixed-cropping, crop rotations, and more).  

Model provides daily, monthly, or yearly outputs for (among many more): crop biomass production (aboveground, 

below ground), crop yield, nutrient consumption (N, P), water balance elements (potential/actual evapotranspiration, 

irrigation water amount, surface/sub-surface runoff), soil organic carbon, crop residue decomposition rates, sediment 

transport, nutrient and soil organic carbon transport with sediments. 

Geographical data (Table 1) integrated with EPIC-IIASA is organized within regular grid of 5’x5’ spatial resolution pixels 

covering global croplands. Individual pixels are organized within wider spatial domains (Simulation units – SimU). Each 

SimU groups one or more 5’x5’ pixels based on their similarity in topography and soil. It is further divided by country 

borders and 0.5°x0.5°spatial resolution grid. The 0.5°x0.5°spatial resolution grid keeps maximum size of each SimU 

constant and also serves for linking weather information (AgMERRA daily climate dataset). Size of SimU range 

between 5’x5’ and 0.5°x0.5°, actual size depending on physiographic heterogeneity of the area. 

 

https://data.giss.nasa.gov/impacts/agmipcf/
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Table 1. Input datasets implemented with EPIC-IIASA at 5’x5’ spatial resolution (for EPIC-IIASA Hypercube v1.0 product). 

 

Hypercube v1.0 dataset (further referred to as HC) is global-extent dataset which contains EPIC-IIASA simulated crop 

production characteristics and selected environmental externalities associated with crop production as assumed for 

selected crop intensification scenarios. HC scenarios cover qualitative and temporal dimensions including nutrient 

and water intensification gradients (Table 2). 

Table 2. Data dimensions of the EPIC-IIASA Hypercube v1.0 dataset 

Dimension Points 

Crop 17 major crops cultivated globally: barley, cassava, cotton, groundnut, corn, millet, potato, 
peas, beans, rape, rice, rye, sugar beet, sugar cane, sunflower, sorghum, soybean, and wheat 
 

N fertilization rate 5 levels of nitrogen input: 0.1 kg.ha-1, 25 kg.ha-1, 100 kg.ha-1, 200 kg.ha-1, and 400 kg.ha-1 
 

P fertilization rate  1 level of phosphorous input: automatically balanced with N input 
 

Irrigation 3 levels of irrigation water input: rainfed, moderately irrigated with 50 % water stress allowed 
for crops and maximum irrigation volume 300 mm, and fully irrigated with 20 % stress allowed 
for crops and maximum irrigation volume 2000 mm) 
 

Time 30 individual years (1980-2010) 

 

Annual HC outputs include dry matter yield (t.ha-1), total biomass (t.ha-1), below ground biomass (t.ha-1), N application 

(kg.ha-1), P application (kg.ha-1), and irrigation water amount (mm). More than 100 variables are available in HC on 

monthly basis (crop production, nutrient and water inputs/consumption and environmental externalities). 

 

 

 

Input Dataset Spatial 
resolution 

Temporal 
resolution 

Source 

Climate AgMERRA Climate Forcing Dataset for 
Agricultural Modelling 
 

0.5 arc-deg 1980-2010 
(daily) 

(Ruane et al., 2015) 

Terrain Shuttle Radar Topographic Mission 
Data (SRTM) 
 

3 arc-sec N/A (Werner, 2001) 

Global 30 Arc Second Elevation Data 
(GTOPO) 
 

30 arc-sec N/A https://www.usgs.gov/center
s/eros 

Soil Digital Soil Map of the World 1:5 mil N/A http://www.fao.org/geonet 
 

World Inventory of Soil Emission 
Potential database (WISE) 
 

5 arc-min N/A (Batjes, 2009) 

Administrative 
units 

Global Administrative Unit Layers 
(GAUL) 
 

N/A 2007 http://www.fao.org/geonetw
ork 
 
 

Land 
cover/Crop 
management 

The Global Land Cover for year 
2000 (GLC2000) 

0.5 arc-min Around 
2000 

(Bartholomé and Belward, 
2005) 

    
Spatial Production and Allocation 
Model (SPAM) for physical and 
harvested crop areas 

5 arc-min Around 
2000 

(You et al., 2014) 

 Crop calendar  30 arc-min 1990s (Sacks et al., 2010) 

https://www.usgs.gov/centers/eros
https://www.usgs.gov/centers/eros
http://www.fao.org/geonet
http://www.fao.org/geonetwork
http://www.fao.org/geonetwork
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2.3. Results  
 

2.3.1 Simulated annual organic carbon (OC) inputs for SOC conservation and sequestration  

Our analysis for arable crops shows that the distribution of organic carbon inputs to soils ( 

 3) closely follows the distribution of SOC stocks worldwide (Figure 2 

), but is modulated by SOM mineralization rates. RothC assumes that these rates are controlled both by soil properties 

and by climate. SOM mineralization increases with soil temperature and with soil moisture. Therefore, under tropical 

wet conditions the model calculates high mineralization rates per unit SOC. This results in large simulated demands 

of OC inputs to maintain the SOC stocks of arable crops in tropical wet regions.  

Since RothC does not cover organic soils (SOC> 200 tC/ha) and these were excluded from the initial run. However, 

some soils – although not defined as organic – have large organic C stocks that may lead to unrealistic OC inputs 

values under tropical conditions, since for instance the model assumes a freely draining soil whereas soil anoxia may 

frequently happen in the wet tropics. Therefore, a more stringent filtering was used to exclude arable sites with SOC 

content > 100 tC/ha.  

 

 

Figure 2: Current SOC stocks (0-30cm) in the dominant soil units (Top). Distribution of soils with more than 100 tC/ha (Bottom). Areas not used 

for crops and organic soils (SOC above 200 tC/ha) are masked in grey. 



D1.4 |International Knowledge Synthesis Activities       
 

19 

 

 

Figure 3: Simulated (RothC model) annual organic carbon inputs (in tC/ha/year) from crop residues and from organic fertilizer required to sustain 

current SOC stocks (0-30 cm) in cropped areas. Areas not used for crops, or with SOC stock above 100 tC/ha, are masked in grey. Note that the 

carbon content of dry organic matter (crop residues, organic fertilizers) is around 0.4.  

Simulated annual OC inputs required for a steady state in SOC stocks of mineral soils from cropped areas range between low values (less than 

0.8 tC/ha/yr) in cold and dry regions with SOC depleted soils (e.g. in parts of Northern Asia and Western North America) and much higher values 

(up to 10 tC/ha/yr) in equatorial and tropical regions with a wet climate (e.g. Central America, Central Africa, Indonesia). Intermediate values 

(around 1 tC/ha/yr) are simulated for temperate regions (e.g. Western and Central Europe, Eastern USA and Canada) and in dryer tropical 

conditions (e.g. Sahel, parts of Australia, North-East Brazil). 

 

Figure 4: Simulated (RothC model) annual additional organic carbon inputs (in tC/ha/year) from crop residues and from organic fertilizer required 

to increase by 0.4% per year SOC stocks (0-30 cm) in cropped areas (assuming that SOC stocks are in a steady state). Areas not used for crops, 

or with SOC stock above 100 tC/ha, are masked in grey. Note that the carbon content of dry organic matter (crop residues, organic fertilizers) is 

around 0.4. 

Compared to the assumption of OC inputs to soils maintaining SOC stocks in a steady state, we have also simulated 

additional OC inputs allowing to increase SOC stocks by 0.4% per year (i.e. the aspirational 4p1000 target, see 

Soussana et al., 2019) (Figure 4). Results show that the spatial distribution of additional inputs is closely correlated to 

the spatial distribution of OC inputs required for the maintenance of SOC stocks. Additional OC inputs to cropped soils 

required to reach the 4 per 1000 target are about 25-32% of the OC inputs required for a steady state in SOC stocks. 

Therefore, although after 30 years, compared to a steady state, the 0-30 cm SOC stock would be increased by 

1.004^30, that is by 13% only, reaching this target demands a substantial increase (between one fourth and one third) 

in the annual return of organic matter to soils.  

2.3.2 Simulation of  annual organic carbon (OC) inputs to soils according to agricultural practices  

 

Spatially explicit and SimU specific global cropland NPP fraction  fraction returning to soil (tC.ha-1.yr-1) was 
interpreted from HC data with set of assumptions: 
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 business-as-usual (BAU) aboveground and belowground biomass production (with crop yield fraction 
subtracted) for each crop and irrigation scenario was estimated from two closest HC points based on spatially 
explicit and crop specific data on N fertilizer inputs at around 2000 (Mueller et al., 2012),  

 irrigated and rainfed aboveground and belowground biomass production for N input level at 400 kg.ha -1.yr-1 
(with crop yield fraction subtracted) was taken to represent potential (POT) production, 

 national crop-specific residues removal and burning rates were taken from recent global report (Koeble, 
2014) to account for plant residue removal with BAU nutrient input scenario and the removed fraction of 
crop residues was subtracted from BAU aboveground biomass production, 

 organic C fraction of dry biomass was calculated for all crops and crop management intensification scenarios 
(BAU, POT, rainfed, fully irrigated) with coefficient 0.49 taken from (Bakker et al., 2013), 

 NPP fractions (tC.ha-1.yr-1) were calculated across all crops using physical and harvested crop areas from SPAM 
dataset (You et al., 2014) , 

 irrigated and rainfed crop areas around the year 2000 from MIRCA2000 dataset (Portmann et al., 2010) were 
used for weighting irrigated and rainfed NPP fractions for combined rainfed and irrigated BAU or POT 
scenarios. 

Overview of scenarios of cropland NPP fraction returning to soil (tC.ha-1.yr-1) and resulting datasets which were 

interpreted from HC data is provided in Table 3. Data visualizations for all scenarios are shown on Figure 5 and Figure 

6 

Table 3. Overview of data (5’x5’spatial resolution GeoTiff raster layers) produced for assumed scenarios of cropland NPP fraction 

(tC.ha-1.yr-1) returning to soil. Based on EPIC-IIASA simulated crop intensification levels and additional assumptions on crop 

residue removal and irrigated land fractions. 

Data layer File name Description 
 

BAU_firr hc_c_per_ha_phys_bau_firr.tif Plant residue input (tC.ha.yr-1) estimated for BAU nutrient 
input and fully irrigated production, weighted across all 
crops 

BAU_firr_rem hc_c_per_ha_phys_bau_firr_rem.tif Plant residue input (tC.ha.yr-1) estimated for BAU nutrient 
input and fully irrigated production, weighted across all 
crops, with crop residue removal 

BAU_noirr hc_c_per_ha_phys_bau_noirr.tif Plant residue input (tC.ha.yr-1) estimated for BAU nutrient 
input and rainfed production, weighted across all crops 

BAU_noirr_rem hc_c_per_ha_phys_bau_noirr_rem.tif Plant residue input (tC.ha.yr-1) estimated for BAU nutrient 
input and rainfed production, weighted across all crops, 
with crop residue removal 

BAU_wirr hc_c_per_ha_phys_bau_wirr.tif Plant residue input (tC.ha.yr-1) estimated for BAU nutrient 
input, weighted based on area share of irrigated 
production and across all crops 

BAU_wirr_rem hc_c_per_ha_phys_bau_wirr_rem.tif Plant residue input (tC.ha.yr-1) estimated for BAU nutrient 
input, weighted based on area share of rainfed and 
irrigated production and across all crops, with crop 
residue removal 

POT_firr hc_c_per_ha_phys_pot_firr.tif Plant residue input (tC.ha.yr-1) estimated for unlimited 
nutrient input (yield potential) and fully irrigated 
production, weighted across all crops 

POT_noirr hc_c_per_ha_phys_pot_noirr.tif Plant residue input (tC.ha.yr-1) estimated for unlimited 
nutrient input (yield potential) and rainfed production, 
weighted across all crops 

POT_wirr hc_c_per_ha_phys_pot_wirr.tif Plant residue input (tC.ha.yr-1) estimated for unlimited 
nutrient input (yield potential), weighted based on area 
share of rainfed and irrigated production and across all 
crops 
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a) b) 

  

c) d) 

  

e) f) 

  

Figure 5. Cropland NPP flux returning to soil (litter, tC.ha-1.yr-1) for BAU crop management intensification scenarios. Fully irrigated 

(a, b), rainfed (c, d), and weighted (e, f) production without or with (b, d, f) plant residue removal. 
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a) 

 

b) 

 

c) 

 

Figure 6. Cropland NPP returning to soil (litter, tC.ha-1.yr-1) for nutrient unlimited (potential) production crop management 

intensification scenarios. Fully irrigated (a), rainfed (b), and weighted (c) production without plant residue removal. 

For soils under current climate conditions, the balance between C inputs by crop residues and inputs required for 

maintaining (Fig. 7) or increasing SOC stocks by 0.4% per year (Fig. 8) was calculated, considering the following crop 

management scenario: mean of all crops, BAU nutrient input, weighted rainfed and irrigated production and crop 

residue removal. It should be noted that crop residue removal (for use as feed and litter for livestock, as biomass for 

biogas production, etc.) and open burning of residues happen in many world regions. However, the fate of crop 

residues is not known global scale and there are no gridded data available showing crop residue use (although the 

GLEAM model by FAO1, has gridded data on the feedbasket of livestock systems, including crop residues). 

                                                             
1 http://www.fao.org/policy-support/tools-and-publications/resources-details/fr/c/1070783/ (accessed, Feb. 1, 2021) 

http://www.fao.org/policy-support/tools-and-publications/resources-details/fr/c/1070783/
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When this C balance is positive, simulations estimate that the amount of crop litter going back to the soil exceeds the 

amount required to maintain SOC stock, or to increase it following the aspirational 4 per 1000 target. Such a positive 

C balance is simulated for most temperate regions of the Northern hemisphere. In contrast, in the intertropical 

latitudinal band, the C balance is on average negative, indicating that SOC stocks may decline (Fig. 7) and that they do 

not reach the aspirational 4 per 1000 target (Fig. 8). It should be noted that this C balance would be shifted upwards 

by considering an alternative scenario without removal of crop residues (since C inputs are higher without than with 

crop residues removal, see Figs. 5e and 5f, respectively). 

 

Figure 7 .Balance between crop litter input (tC.ha-1.yr-1) estimated for BAU nutrient input, weighted based on area share of rainfed 

and irrigated production and across all crops, with crop residue removal and carbon input needed to maintain current SOC stocks  

 

Figure 8 .Balance between crop litter input (tC.ha-1.yr-1) estimated for BAU nutrient input, weighted based on area share of rainfed 

and irrigated production and across all crops, with crop residue removal and the C input need to reach the 4p1000 target 
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2.4. Conclusion and Outlook 
 

Increasing soil organic carbon (SOC) stock is a promising option to mitigate the increase in atmospheric CO2 

concentration (Minasny et al., 2017; Soussana et al., 2019). At the field scale, changes in SOC stocks result from an 

imbalance between C inputs (crop residues, litterfall, root exudates, manure application, etc.) and C outputs due to 

harvests, mineralization of organic C, leaching or erosion (e.g. Lal, 2018). Although some farming practices may reduce 

mineralization rates (e.g. reduced tillage, see a recent review by  Haddaway et al., 2017), it is generally agreed that 

the most efficient way to increase soil C stocks is to increase C inputs (e.g. Virto et al., 2012; Autret et al., 2016; 

Fujisaki et al., 2018). This can be achieved by increasing on-field biomass production and residue return (e.g. cover 

crops, Poeplau & Don, 2015), or by mobilizing and spreading external C resources such as manures or composts. 

Indeed, high C stock increases are often observed in experiments with high rates of organic fertilization (Poulton et 

al., 2018; Maillard & Angers, 2014). However, as manures are often already applied to soils, they do not necessarily 

represent a potential source of additional soil C gain at global scale. In a context of increasing competition for C 

resources (e.g. for food, feed, fiber or energy production), the question arises of how much additional C is needed to 

reach the aspirational target of 4‰. Here, we have investigated with the RothC model (used in an inverse mode) the 

amount of additional C that is necessary for increasing the SOC stock by 4‰ per year during 30 years, and assessed 

the feasibility of the 4‰ target (increase the SOC stocks by 0.4% per year) in terms of available organic carbon flux 

going back to soils as litter (estimated by Global EPIC model) in current cropping systems worldwide. 

 

We have identified methodological problems with the RothC model in some of the tropical areas, especially in hot 

and wet environments where the model overestimates SOC mineralization. High simulated values of carbon input in 

warm and wet tropical areas can be anticipated from RothC, as they result from the interplay of high carbon stocks, 

and high temperature (although < 30°C), high moisture content in soils leading to high mineralization rates. However, 

the following model limitations need to be considered when refining these first results: 

- RothC is developed for mineral soils. In this study, we excluded organic soils, but not waterlogged soils and 

andosols (which have high SOC stocks). With Andosols, a modified version of RothC is needed as shown by 

Shirato et al. (2011) since there are strong interactions between decomposition and Al content.   

- RothC does not simulate seasonal waterlogging of part or all of the soil profile although such conditions tend 
to reduce decomposition rates. Seasonal waterlogging may happen frequently under wet climatic conditions 
(precipitations exceeding ETP) especially in conditions (flat terrain, compacted soils, etc.) leading to low soil 
drainage).  

- RothC  has no maximum limitation of the temperature factor for soil OM decomposition. However, daily soil 

temperature exceeding 30 degrees are infrequent even in the tropics and such conditions usually come with 

a low soil moisture that suppresses decomposition through the soil water content factor of the model.    
- The soil cover has also a direct impact on mineralization in RothC. This parameter was set to its default value 

of 4-month which is plausible in temperate cropping systems, but is likely to be underestimated in tropical 

cropping systems with more than one harvest per year. Increasing the simulated duration of the soil cover 

period in the tropical systems would lead to lower mineralization rates. In addition, as cropland systems are 

simulated on every dominant soil type, we might end up with unrealistic combinations, therefore it is needed 

to check  the combinations of soil types and crop rotations when refining the simulations shown. 

- The resolution of the climate data used is lower than that of the HWSD map. Some mismatch between climate 

data and soil data (especially concerning SOC stocks) might occur and could contribute to explain unrealistic 

values. 

- To make progress, one option would be to set region specific maximum values for carbon input to soils in 

croplands. This could be based on known maximum NPP levels. These maximum values could be used a 

posteriori, to truncate simulations results. 

The amount of SOC sequestered depends on management strategies (e.g., residue retention and fertilizer application) 

and environmental conditions. Regardless of management practices, increasing C input through residue retention 



D1.4 |International Knowledge Synthesis Activities       
 

25 

 

and stimulating crop growth by nutrient intensification usually have to be achieved. Across space and time, the 

required C input levels to maintain or increase soil C stock may vary widely depending on local soil and climatic 

conditions. A detailed assessment of critical C input level targeting at certain soil C level will assist in designing 

effective management practices for C sequestration in agricultural soils and help different stakeholders assess the 

status of soil C under current farmers’ C input level and future potential management and climate. 
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3. Costing strategies for crop and soil management in world arable systems 

3.1. Introduction 

Here we describe how we estimated spatially explicit impacts from changing agricultural management practices on 

soil organic carbon, yields, and production costs. Subsequently, the different data are combined to generate global 

marginal abatement cost curves (MACCs) for different practices of conservation agriculture. The analysis is done for 

two crops (corn and wheat) and two management systems (reduced tillage and no tillage) in comparison to 

conventional tillage, under rainfed and irrigated conditions. 

3.2. Methodological aspects 

In a first step, the global gridded version of the Environmental Policy Integrated Climate (EPIC) crop model, EPIC-IIASA 

(Balkovič et al., 2014; Izaurralde et al., 2006; Williams, 1990) was applied to simulate different management systems 

(conventional tillage, reduced tillage and no-tillage) for corn and wheat and the respective impacts on yield and soil 

organic carbon under rainfed conditions and irrigation. 

The basic spatial resolution of the model is 5’ x 5’ (about 10 km x 10 km near the equator) at which soil and topographic 

data are provided. These are aggregated to homogenous response units and further intersected by country 

boundaries and with a 30’ x 30’ climate grid, the resolution at which global gridded climate data are available. This 

results in a total of 131,326 simulation units with a spatial resolution of 5’ to 30’ upon which the EPIC model was run. 

We used global daily weather data from the AgMERRA dataset for the years 1980-2010 (Ruane et al., 2015), at spatial 

resolution of 0.25° x 0.25°, soil information from the Harmonized World Soil Database (FAO/IIASA/ISRIC/ISSCAS/JRC, 

2009), and topography from USGS GTOPO30 (USGS, 1997). In the reduced and no-tillage scenarios, we decreased soil 

disturbance by reducing cultivation operations, tillage depth and surface roughness, and we increased the plant 

residues left in the field after harvest (Table 4). 

Table 4: tillage management scenarios for maize and wheat cultivation. 

 Conventional tillage Reduced tillage No-tillage 

total cultivation operations 6 – 7 4 – 5 3 

max. surface roughness 30 – 50 mm 20 mm 10 mm 

max. tillage depth 150 mm 150 mm 40 – 60 mm 

plant residues left 25 % 50 % 75 % 

cover treatment class straight  contoured contoured & terraced 
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3.3. Preliminary results  

3.3.1. Yield Impacts 

Spatially explicit impacts on annual yields from changing the management systems from conventional tillage to (a) no 

tillage and (b) reduced tillage as described above, are calculated per simulation unit, based on average yields over 30 

years (1980 to 2010). 

Yield impacts for corn are presented in figure 9 and for wheat in Annex A. 

Switching management from conventional tillage to no tillage has a negative impact on corn yields in large parts of 

Latin America, Eastern Europe, South Asia, Sub-Saharan-Africa (except for South Africa) and Australia. The strongest 

negative effects are estimated for the region around Ukraine and the European part of Russia. Western and Central 

Europe, China, Turkey, and large parts of USA are impacted slightly positive from switching to no tillage practices. 

With reduced tillage we observe similar geographic patterns but more moderate changes in yields. 

For wheat (Annex A), strongest negative impacts are observed for Russia, Ukraine, but also for most parts of Europe 

and some parts of the USA, China and India. South America and Australia face mixed effects. 

 

 

Figure 9. Average corn yield changes due to switching from conventional tillage systems to (a) no-till and (b) reduced-till systems 
in tons per hectare over a 30-year period. Crop area based on IFPRI (2019). Weighted average yields for rainfed and irrigation. 

 

3.3.2. Mitigation effects 

For the calculation of mitigation rates from shifting tillage management, in a first step the total organic carbon change 

(OCPD) in each simulation unit after a simulation period of 21 years was calculated as:  

∆𝑂𝐶𝑃𝐷 =
(𝐴𝑣_𝑂𝐶𝑃𝐷2006−2010−𝐴𝑣_𝑂𝐶𝑃𝐷1990−1994)

21
 , 

A 

B 
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where OCPD is the total organic carbon change in tons of CO2 per hectare and year (tCO2/ha/y) in the topsoil 0-30 

cm, Av_OCPD2006-2010 is the average of total organic carbon over the last 5 years of the simulation; Av_OCPD1990-

1994 is the average of total organic carbon over the first 5 years of the simulation. OCPD was calculated for each 

crop management scenario. The so-called apparent CO2 mitigation rate CO2 (in tCO2/ha/y) for the shift from 

conventional (baseline) to alternative crop management (x) in each grid is the difference between the OCPD in the 

alternative and the conventional crop treatment: CO2 = OCPDx - OCPDbaseline. 

 

Figure 10. Corn mitigation effects from changing conventional tillage systems to no-till (a) and reduced-till (b) systems in tons CO2 
per hectare and year. Crop area based on IFPRI (2019). Weighted average yields for rainfed and irrigation.  

In most of the simulation units, changing the tillage systems to reduced or no tillage has a positive carbon mitigation 
effect (Figure 10). For corn, the strongest mitigation effects can be observed in the USA, Europe, Russia and South 
America. Positive but rather small effects are estimated for Latin America, SSA, large parts of Asia and Australia. 

For wheat (Annex B), very low mitigation rates are observed in most parts of Africa and South America, mixed effects 

in India and positive effects in Europe, Russia, China and Middle Eastern countries. 

3.3.3. Cost changes 

Based on a literature survey, impacts on production costs from switching from conventional tillage to no-till or 

reduced-till have been determined. These estimates only consider production costs, yield changes are not considered 

here. Furthermore, the opportunity costs of farming are not taken into account. 

In many studies it is observed that labor, machinery and related costs are reduced because of reducing the number 

of field operations (Erenstein and Laxmi, 2008; Ribera et al., 2004). At the same time, the herbicide costs may increase 

when switching to reduced or no tillage systems (Janosky et al., 2002; Mattoso et al., 2001). 

Overall, a very diverse picture of production cost changes emerges, depending on many farm specific attributes. 

(Epplin et al., 2005) find for Northwestern Oklahoma that the overall cost effect depends on the farm size and the 

A 

B 
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assumptions made regarding machine selection and custom applications. In their study, conventional tillage appeared 

to be more economical for small farms, while for large farms no-till was found to be more economical, however, with 

overall relatively small differences in costs. 

(Pannell et al., 2014) analyze different farms in Zimbabwe and find that for smallholders reducing the intensity of 

tillage operations only leads to labor savings when herbicides are used for weed control, but may increase labor 

demand when manual weeding is practiced.  

Total production costs were found to decrease in most of the analyzed studies, however, in a few studies the overall 

cost of switching to reduced or not tillage systems are estimated to increase slightly when reducing the intensity of 

tillage (Figure 11). 

 

Figure 11. Changes in overall production costs for wheat and corn for no-till and reduced-till in comparison to conventional tillage. 
Data found in comparison studies and cost databases (BAfA, 2019, KTBL, 2019), converted into Dollar and adjusted for inflation 
(based on data from the U.S. Bureau of Labor Statistics). Left panel: visualization of data presented in the right panel (RD – reduced 
tillage, NT – No-till). 

Since the data are suggesting a large possible range of impacts on production costs (Figure 11), with some studies 

even disagreeing on the direction of the change, four different stylized scenarios were derived for the following 

analysis (Table 5).  

 

Table 5: Assumptions on production cost scenarios (negative sign indicates a reduction of production costs). 

 low med high region specific 

$US(2010) 

Africa  

 

 

0 

 

 

 

-50 

 

 

 

-100 

0 

Northern America -50 

Latin America 0 

Europe -100 

Asia (except China & India) 0 

- China and India -80 

Oceania -50 

 

 

 

 Wheat Wheat Corn Corn  

 Reduced No Till Reduced 
No 
Till  

   $US(2010)   

Austria -52  -84  

Bundesanstalt fuer 
Agrarwirtschaft, 2019 

Brazil    14 Mattoso et al., 2001 

China  -105*  -83* Jin et al., 2007 

Germany -115 -120 -159 -154 Verch et al. 2009 

Germany -42 -98 -23  KTBL, 2019 

India  -64   Erenstein and Laxmi, 2008 

USA 12    Janosky et al., 2002 

USA -46   Riber et al., 2004 

USA -33   Epplin and Vitale, n.d. 

USA 29   Epplin et al., 2005 

USA -9   Epplin et al., 2005 

Zimbabwe   18 Panell et al., 2013 

Zimbabwe   -22 Panell et al., 2013 

* average of 4-year-noTill+1-year-subsoiling 
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3.3.4. Profits and MACCs 

For an economic evaluation of switching from conservation tillage to no tillage or reduced tillage systems, we combine 

the yield effects with the changes in production costs.  

To monetarize yield impacts, we multiply the estimated yield changes as presented above on a per hectare level with 

the respective product price of 2010 taken from the FAOstat database. For the subsequent construction of the MACC, 

we express all yield increases as a reduction in net-costs (with a negative sign) and decreasing yields as an increase in 

net-costs (with a positive sign). Additionally, the changes in production costs, as specified for respective scenarios 

(Table 5), are considered.  

Like this, we calculate the changes in net-costs, with a negative sign indicating a profit increase and a positive sign 

indicating a decrease in profits: 

 net-costs = -(yield x crop price2010 - production costs). 

Spatially explicit impacts on per hectare net-costs are presented for the medium cost reduction scenario in Figure 12. 

Results for all combinations of management systems and production cost scenarios are presented in Annex C. 

 

 

Figure 12. Net-cost changes [-(yield x crop price - production costs)] from changing conventional tillage systems to no-till 
systems in $US2010 per hectare, with a medium decrease in production costs (cost scenario: med). Crop area based on IFPRI 
(2019). Weighted average yields for rainfed and irrigation. Extreme values are limited to USD -250 and USD 250 respectively, to 
improve the visualization. 

 

As a final step, marginal abatement cost curves are presented (Figure 13). For that purpose, net-cost changes have 

been calculated per ton of CO2. Figure 13 presents global MACCs for different management systems and cost 

reduction scenarios for corn and wheat weighted by crop area (IFPRI, 2019). Regional MACCs are presented in Annex 

D. 
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The absolute mitigation potential for switching from conventional to no tillage (which likely is overestimated because 

we are not accounting for area that is already under alternative tillage systems) for corn and wheat together is 

estimated to be 205 Mt CO2 per year, where 80 Mt CO2 per year are coming from corn and 125 MT CO2 per year from 

wheat production. 

Depending on the cost reduction scenario, 20 – 100 Mt CO2 per year could be mitigated in win-win situations (i.e, 

mitigation goes together with reducing net-costs of production) from wheat production and 55 – 70 Mt CO2 per year 

from corn. 

 

 

Figure 13. Global MACCs for wheat and corn; NOT – no tillage, RED – reduced tillage. Both, rainfed and irrigated area considered, 
based on (IFPRI, 2019). Extreme values are limited to USD/t CO2eq -1,000 and USD/t CO2eq 1,000 respectively, to improve the 
visualization. 

3.4. Meta-analysis of tillage and crop rotations effects on yields and profit 

We examined studies comparing net farm returns of different agricultural practices, identified using literature 

searches in the Web of KnowledgeTM (Thomson Reuters, Philadelphia, PA; see Table 6 for search keywords). In 

addition, we used google scholar, websites of research organizations, and the bibliographies of relevant reviews, and 

contacted government agencies to identify relevant reports in the gray literature. Only English language search terms 

were used but all studies identified in other languages were included. 

3.4.1 Methods 

We identified the following as some of the most studied carbon-sequestering agricultural practices (CSAP): tillage, 

crop rotations, residue management, amendments, biochar, agroforestry, fertilizations and irrigation. Considering 

our goal of a global synthesis, we ultimately decided not to include topics that yielded small number of studies in our 

search (agroforestry, biochar; see Figure 14), or would have substantially high environmental costs if applied globally 

(irrigation, fertilization), or would have logistical or socioeconomic challenges over established alternative uses 

(residue, amendments), or lack of time and resources on our part (e.g. livestock). For example, due to already-large 

allocations of water to agriculture and worsening water scarcity or greenhouse gas emissions (CO2, N2O) associated 

with mineral fertilizer manufacturing and use, we did not think it would be meaningful to look to irrigation or 

increasing inorganic fertilizer application as means for carbon sequestration (Alvarez and Alvarez, 2005; West and 

Marland, 2002). Many existing alternative uses of crop residues or animal manure also indicate that addition of these 

materials to soils often does not represent carbon sequestration or would logistically challenging to achieve on a large 
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scale (Kirkegaard et al., 2014; Powlson et al., 2011). Therefore, we limited our data entry efforts to studies comparing 

profits under different agricultural practices in the following two broad categories: tillage, and crop rotations. We saw 

these categories to represent agricultural practices with some of the largest potential for significant contributions to 

negative emissions and wide-scale adoption (Ogle et al., 2005; Poeplau and Don, 2015; West and Post, 2002). We 

excluded data from papers that did not report values based on physical observations.  

 

 

Figure 14. Number of studies returned on Web of Science searches of potentially carbon-sequestering agricultural practices. 

Keywords related to the topics were searched in conjunction with keywords related to soil carbon sequestration. 

 

From tables, digitized graphs, and text, we recorded profits, yields, precipitation during the study period or the 

reported long-term mean (P), potential evapotranspiration (PET), soil texture (clay and sand contents and/or textural 

classes), tillage, crops, rotations, fertilizer, pesticide, irrigation, and any other management practices that differed 

such as liming, residue management when reported.  

Most studies did not provide mean annual precipitation (MAP), potential evapotranspiration (PET) or temperature, 

and these variables were therefore obtained from the high spatial resolution (10’ by 10’) Climate Research Unit global 

data set, using locations of sites given in the studies {New, 2002 #74`; csi.cgiar.org/cru/index.asp}. We calculated PET 

using the Penman–Monteith equation from the monthly climate data set. Potential water excess (PWE) were 

calculated as MAP − PET to identify the climatic index with the strongest associations with farm profits and yields. To 

ensure that our estimates of precipitation were reasonable, we compared them with values of precipitation from the 

subset of studies where they were reported. When soil information was not reported, we looked for it in other studies 

describing the same experiment. Many studies did not report clay, silt and sand contents, so to increase the degrees 

of freedom in our analysis, we converted the reported soil texture classes into a continuous variable using the average 

clay + silt values of individual texture categories from the USDA texture triangle. We grouped crops into the following 

categories to simplify our analyses: corn, wheat, other cereals, legumes, oil-seeds, fruits and vegetables, and fiber. 

We used a multiple regression model to compare the effects of management and biophysical variables on profit. Our 

response variable was the difference in profit or yield between conventional and CSAP:  

y = ɸcs - ɸconv             Eq. 1 

where y is our response variable, ɸcs is profit or yield of CSAP, and ɸconv is that for conventional practice. Response 

ratios are commonly used to calculate effect size in meta-analysis. However, we used the differences because net 

returns in our database include values close to 0, making the interpretation of the ratio difficult. We compared 
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between conventional (moldboard or disc plow or deep ripper) vs. reduced (subsoiler, chisel plow, field cultivator, 

ridge till, mulch tillage, stubble tillage, strip tillage and slot tillage) tillage and conventional vs. no-till (Reicosky, 2015). 

For crop rotations, we made the following comparisons: monoculture vs. monoculture + cover crop, single cropping 

vs. double- or multiple-cropping, monoculture vs. crop rotation, and less vs. more diverse crop rotations. 

Our regression model tested for effects of precipitation, potential evapotranspiration, mean annual temperature, clay 

content, crop types, irrigation, machinery costs as fixed effects and the studies as random effects to control for intra-

study correlation. Moreover, we tested for interactions based on previous studies. For example.(Matus et al., 1997) 

showed that no-till increased N-fixation of legume crops compared to conventional tillage. 

Using our net return dataset, we also looked for corresponding studies on soil carbon sequestration for those with 

long-term data (>15 years) to estimate the cost of ASCS. We limited our search to this specific duration because SOC 

sequestration in agricultural has been shown to start to level off between 10-20 years (West and Post, 2002).  

Table 6. Web of KnowledgeTM  search keywords used in this study 

WoS search keywords 

Profit 
(net near/3 return*) or "return on" or "returns on" or "return over" or "returns over" 
or "returns to" or (econom* near/3 return*) or profit* or income* or revenue* or 
(gross near/3 margin*) or (net near/3 margin*) 

Tillage 
tillage or till* or plow* or plough* or "no till*" or "zero till*" or "reduced till*" or 
"direct drill*" or "conservation till*" or "minimum till*" 

Crop 
rotations 

(crop* and rotat*) and (divers* or sole* or mono*) 

Cover 
crop 

"cover crop*" "inter crop*" or inter-crop* or intercrop* or "mixed crop*" or 
"companion crop*" or "relay crop*"polycultur* or "multiple crop*" or multiple-

crop* or polycrop* or doublecrop* or "double crop*" or "double-crop*" 

    
 

3.4.2 Results and discussion 

Our dataset on studies comparing profits under different tillage practices in croplands so far contain approximately 

300 studies. The bulk of the data came from North America and Asia (Figure 15). We reached out to CIRCASA members 

to try to gain access to any government publications that might contain information on agricultural profit 

experiments, but thus far have been unsuccessful (except for Argentina). In this report, we present preliminary results 

comparing no-tillage vs. conventional tillage. About 120 studies remain to be added to the database, which will be 

cleaned and analysed for other CSAPs (cover crops, double-cropping, etc.). 
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Figure 15. Locations of studies in our net return dataset. 

Our multiple regression analysis showed that profits under no-tillage were higher than conventional tillage (positive 

intercept; Table 7) but yields were not (negative intercept), indicating some of the no-till profit gains are likely due to 

reduced fuel and equipment costs as opposed to yield increases. This also suggests that changes in profits and yields 

from adopting no-till may be at odds with one another, and that widespread adoption of no-tillage to sequester 

carbon could be problematic from food security perspective.   

No-till was also more profitable in more humid and warmer climates where SOC gains are also expected to be greater 

with no-till compared to conventional tillage (Table 7; e.g. (Mangalassery et al., 2015; Reeves, 1997). Hence, switching 

to no-tillage in more humid and warmer regions may increase both profit and carbon sequestration relative to 

conventional tillage. 

Table 7. Results from stepwise multiple regressions for net return and yield differences between conventional and no-till 
treatments. Adjusted R2 is ~0.40 for both response variables. ‘+’ indicates positive effect of the term on the response variable. ‘NS’ 
denotes statistically not significant 
 

Terms Net return P Yield P 

Intercept + <0.00001 ‒ <0.00001 
Humidity + <0.00001 NS NS 

Temperature + <0.0001 + <0.02 

Clay % ‒ <0.0001 ‒ <0.0001 
Irrigation ‒ <0.00001 NS NS 
Fruits and 
vegetables 

‒ <0.00001 ‒ <0.00001 

Corn NS NS ‒ <0.0001 
Year NS NS + <0.00001 

 

The economic benefit of no-till was also higher in coarse-textured (sandier) soils (Table 7, Figure 16). This may be a 

reflection of the trend of no-till having greater agronomic benefits in coarser-textured soils, e.g. preventing loss of 

soil fertility, enhancing soil water storage, and reducing compaction. 



D1.4 |International Knowledge Synthesis Activities       
 

35 

 

 
Figure 16. Differences in profit between no-till and conventional tillage plots. Boxes represent soil types (a) and crop types (b). 

Soil texture is listed from left to right in the order of decreasing sand content. Comparison of reduced and conventional tillage 

show similar trends for crop types (e.g. negative for fruits and vegetables and positive for fiber) but not for soil types (data not 

shown). 

Long-term studies with both SOC and profit data showed that no-till or reduced tillage tend to increase net return 

while also increasing soil carbon storage compared to conventional tillage, suggesting a win-win scenario in terms of 

profit and carbon sequestration (Table 8). Because deeper sampling (~60 cm) has shown to reduce the differences in 

carbon storage between conventional and no-tillage (Baker et al., 2007; Luo et al., 2010), the shallow sampling depth 

(up to 15 to 40 cm) of these long-term studies indicate carbon sequestration potential is likely overstated. Moreover, 

decreases in crop yields for many of the rotations again present problems for future food security (Table 8) and 

suggests reducing or eliminating tillage may work in some regions against food security. 

Table 8. Results from stepwise multiple regressions for net return and yield differences between conventional and no-till 

treatments. Adjusted R2 is ~0.40 for both response variables. ‘+’ indicates positive effect of the term on the response variable. ‘NS’ 

denotes statistically not significant. 

Study Location Period Tillage Crop Δ net return %Δ yield† ΔSOC‡ 

     
$/ha Mg/ha Mg C/ha 

Fathelrahman 2011 Iowa, USA 1990-2003 CT NT corn-soybean 22.05 -15, 0 2.7 (0-30) 

Sánchez-Girón 2004 Madrid, Spain 

1986- 

2001 CT NT barley 10.88 -1 7.2 (0-40) 

Sánchez-Girón 2004 Madrid, Spain 

1986- 

2001 CT NT wheat-vetch 44.09 5, 0 9.4 (0-40) 

Sánchez-Girón 2004 Madrid, Spain 

1986- 

2001 CT RT barley 31.67 4 0 (0-40) 

Sánchez-Girón 2004 Madrid, Spain 

1986- 

2001 CT RT wheat-vetch 6.19 5, -4 0.8 (0-40) 

Ribera 2004 Texas, USA 1984-2001 CT NT sorghum -3.73 -10 4.2 (0-15) 
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Ribera 2004 Texas, USA 1984-2001 CT NT 

sorghum-wheat/ 

soybean 13.5 -14, -6, 5 6.9 (0-15) 

Ribera 2004 Texas, USA 1984-2001 CT NT sorghum -30.41 -23 8.2 (0-15) 

Ribera 2004 Texas, USA 1984-2001 CT NT wheat 33.72 -3 1.5 (0-15) 

Ribera 2004 Texas, USA 1984-2001 CT NT soybean/wheat 26.5 -8, 1 (0-15) 

†Percent change in yield correspond to the crops listed in the Crop column. 

‡Depths of soil examined for SOC in parentheses 

As mentioned in the Methods section, we are adding more data on other SOC-sequestering farming 

practices such as cover crops and diversifying crop rotations. We will focus first on completing the tillage 

part of the study and hope to finish assembling the tillage database and a manuscript submitted by August 

2021. 

 

4. Relating soil carbon sequestration with land-based challenges 

4.1. Introduction 

Land-based systems are exposed to multiple overlapping challenges including climate change (adaptation and 

mitigation), land degradation and desertification, food insecurity, ground water stress (from over-abstraction), water 

pollution, biodiversity loss and declining nature’s contribution to people (Smith et al., 2019a).  Soil degradation is 

among the most crucial threats to ecosystem stability, and soil have recently gained more and more social and 

politically visibility. Land use and land cover change has resulted in substantial losses of carbon from soils globally, 

but credible estimates of how much soil carbon has been lost have been difficult to generate. Using a data-driven 

statistical model and the History Database of the Global Environment v3.2 historic land-use dataset (Sanderman et 

al., 2017) estimated that agricultural land uses have resulted in the loss of 133 Pg C from the soil. Importantly, the 

maps indicate hotspots of soil carbon loss, often associated with major cropping regions and degraded land.  

We have assessed the spatial distribution of individual land-based challenges and soil carbon loss  to show: 

i) if SOC baselines are declining especially in world regions exposed to multiple overlapping challenges (e.g. 
land degradation and food insecurity) and  

ii) how potential for SOC sequestration co-varies with land-based challenges.  

 

4.2. Methods 
 

Global maps have been standardized to a 5 arc-minute grid using longitude/latitude relative to the WGS84 datum.The 

spatial distribution of multiple challenges was calculated using the “raster” and “sp” R packages. We used the 

following challenges based on indices from recent published studies (Figure 17): 

• Desertification attributed to land use is estimated from vegetation remote sensing, mean annual change in 
NDVImax < -0.001 (between 1982-2015) in dryland areas (Aridity Index > 0.65) 

• Land degradation is based on a soil erosion proxy (annual erosion rate of 3 t ha-1 or above); 
• The climate change challenge for adaptation is based on a dissimilarity index of monthly means of 

temperature and precipitation between current and end of century scenarios (dissimilarity index equal to 
0.7 or above) 

• The food security challenge is estimated as the prevalence of chronic undernourishment (higher or equal to 
5%) by country in 2015 using FAO data. 



D1.4 |International Knowledge Synthesis Activities       
 

37 

 

• The biodiversity challenge uses threatened terrestrial biodiversity hotspots (areas where exceptional 
concentrations of endemic species are undergoing exceptional loss of habitat)  

• The groundwater stress challenge is estimated as groundwater abstraction over recharge ratios above one 
in agricultural areas (croplands and villages); 

• The water quality challenge is estimated as critical loads (higher or equal to 1000 kg N km-2 or 50 kg P km-2) 
of nitrogen (N) and phosphorus (P). 
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Figure 17. Global distributions of land use types and of individual land-based challenges. a, land use types (or anthromes(Ellis and 

Ramankutty, 2008)); b, climate change adaptation challenge (estimated from dissimilarity between current and end of century 

climate scenarios(Netzel and Stepinski, 2018)); c, desertification challenge (IPCC, 2019)); d, land degradation challenge (estimated 

from a soil erosion proxy, one indicator of land degradation (Borrelli et al., 2017); e, food security challenge (estimated from 

undernourishment, a component of food security (FAO et al., 2015)); f, biodiversity challenge (estimated from threatened 

biodiversity hotspots, a component of biodiversity (Mittermeier et al., 2011)); g, groundwater stress challenge (estimated from 

water over-abstraction (Gassert et al., 2014)); h, water quality challenge (estimated from critical N and P loads of water 
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systems(Hua and Sadoff, 2017)). Note that the mitigation challenge is not mapped as it applies to all land area. Also, note that 

desertification is land degradation in dry areas. 

Soil carbon debt maps (Figure 18) were calculated subtracting current (2010) SOC stocks from historic (NoLU) SOC 

stocks for 30 cm, 100cm, 200 cm (Sanderman et al., 2017). Negative values (gains) were excluded in order to make 

correlations with number challenges and Human Development Index (HDI). Results were masked to show agricultural 

land use (crop and rangeland). 

 

Figure 18. Soil carbon debt for 0-30 com, 0-100 cm and 0-200 cm depths. Modified from (Sanderman et al., 2017). 

 

4.3. Results and discussion 
 

On average, land used intensively (villages, croplands and rangelands, dense settlements) is exposed to more 

overlapping challenges than land least exposed to human use (barren lands and wild forests), with intermediate values 

for semi-natural forests. For instance, 76% of the village land area is exposed to 3 or more challenges and this 

percentage decreases to 42 and 32% for croplands and for dense settlements, and is below 20% for other land use 

types (Figure 18). 
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Figure 19. Global distributions of (a) the number of overlapping land-based challenges (desertification and land degradation, 

climate change adaptation, chronic undernourishment, biodiversity, groundwater stress and water quality); (b) the Human 

Development Index (HDI) by country. The more challenges, the smaller the HDI (Spearman’s rank correlation, r=-0.16, p< 0.001) 

meaning that there is less capacity to adapt when there are more land-based challenges. 

 

Correlations across (Spearman’s rank correlation) variables, including SOC debt, individual land based challenges and 

the number of overlapping land challenges are shown in Table 9. Due to the large number of data, even small 

correlation coefficients tend to be significant.  

Table 9. Correlation matrix (Spearman’s rank correlation).  *, P<0.05; *, P<0.01; ***, P<0.001 

  

n° of 
challenges 

Groundwater 
stress  

Critical P 
loads  

Critical 
N loads 

Food 
insecurity 

Land 
degradation  

Climate 
change 

adaptation 

C Debt 0-30 cm 0.062*** -0.018** 0.13** 0.13** 0.11*** 0.074*** 0.084*** 

C Debt 0-100 cm 0.056*** 0.072*** 0.099*** 0.12*** NS NS 0.16*** 

C Debt 0-200 cm 0.057*** 0.033*** 0.087*** 0.12*** -0.029*** -0.027*** 0.19*** 

 

Results show that across soil depths, soil carbon debt is positively correlated with high loads of N and of P 

(which are markers of intensive agricultural land use), with a large climate change adaptation challenge and 

with a high total number of land based challenges. Therefore, it will be on average more difficult to cope 

with excess nutrients, climate change and a large number of overlapping land challenges since these tend, 

on average, to develop in land areas already strongly depleted in soil organic matter. Conversely, restoring 

soil organic carbon stocks where soil C debt is high would have a large potential for climate change 

mitigation and adaptation (through improved soil water retention) and for N and P immobilization thereby 

reducing critical loads to water bodies (Table 9). 

With food insecurity, land degradation and groundwater stress, global correlations with soil C debt change 

sign with the soil depth considered. When selecting the stronger correlation across soil depths, we can see 

that on average a strong soil C debt is associated with groundwater stress, with food insecurity and with 

land degradation (Table 9). Here again, restoring soils depleted in organic carbon would therefore, on 

average, have large co-benefits for groundwater (through improved water retention and infiltration), land 

degradation, and food security (see Soussana et al., 2019). 

Taken together, these results emphasize that large co-benefits for multiple land-based challenges can be 

expected from a strategy of SOC stock restoration focusing on soils that evidence a large historical soil C 

debt. This is also in agreement with the land degradation neutrality strategy of UNCCD and with SDG 15 

Target 15.3 indicator on soil carbon, which focuses on restoring soil carbon when stocks are initially low. 
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5. SOC Monitoring, Reporting and Verification  

5.1. Introduction 

Since soil organic carbon content of soils cannot be easily measured, a key barrier to implementing programmes to 

increase soil organic carbon at large scale, is the need for credible and reliable measurement/monitoring, reporting 

and verification (MRV) platforms, both for national reporting and for emissions trading. Without such platforms, 

investments could be considered risky.  

In (Smith et al., 2019b), we describe: 

 how repeat soil surveys are used to estimate changes in SOC over time, and how long-term experiments 

and space-for-time-substitution sites can serve as sources of knowledge and can be used to test models, 

and as potential benchmark sites in global frameworks to estimate SOC change.  

 We briefly consider models that can be used to simulate and project change in SOC and examine the MRV 

platforms for soil organic carbon change already in use in various countries / regions.  

 In the final section, we bring together the various components described in this review, to describe a new 

vision for a global framework for MRV of soil organic carbon change, to support national and international 

initiatives seeking to effect change in the way we manage our soils. 

We propose a  vision for a global framework (Figure 19) to assess soil carbon change, based on a combination of 

mathematical models, spatial data to drive the models, short- and long-term data to evaluate the models, and a 

network of benchmarking sites to verify estimated changes in the light of the need to provide credible and robust 

MRV capabilities to support the growing International and National initiatives to increase SOC, such as the 

International “4p1000” initiative (Chabbi et al., 2017; Rumpel et al., 2019, 2018). 

 

Figure 20. Components of a Monitoring, Reporting and Verification system for soil organic carbon (Smith, Soussana et al., 

2019, Global Change Biology) 
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5.2. Design of an EU and global high-resolution dynamic soil organic carbon monitoring 

system for agricultural land 

For applications ranging from carbon offsetting, to low carbon sourcing of agricultural commodities and low carbon 

policies in agriculture, soil carbon monitoring is required as well as the associated estimation of the GHG balance at 

field and farm scales. We focus here on soil carbon balance monitoring.  

The goal is to monitor in Europe and globally soil organic carbon (SOC) balance at high spatial resolution e.g. 10 m) in 

agricultural lands with a target accuracy of less than 0.1 tC per ha and per yr (i.e. less than 0.2% of an average arable 

SOC stock of 50 tC/ha in the top 0-30 cm). 

This is not possible at scale by directly measuring SOC stocks and their changes over time, since for a single field 

detecting within 5 yrs a 1% change in top soil SOC stock requires intensive soil coring and laboratory or spectrometry 

analysis and this comes with high costs. An alternative approach is to calculate the SOC balance as the difference 

between organic C inputs and C outputs from a field. A generic mass balance approach (Soussana et al., 2010, 2019) 

can be used: 

ΔSOC=(NPP - Rh−ΔAGC)+(Fmanure- Fharvest - Fanimal-products−FCH4-C)−(Ferosion+Ffire+Fleach+FVOC) (Eq. 1) 

Where NPP is the net primary productivity, Rh is the heterotroph respiration from soils and from grazing livestock 

and ΔAGC is the change in above-ground vegetation C stock. All above fluxes are in g C m-2 yr-1. 

Eq. (1) shows the three categories of fluxes that govern ΔSOC at the ecosystem scale: the flux of organic carbon 

partitioned below-ground (NPP- Rh-ΔAGC), the human appropriation of above-ground carbon (Fmanure - Fharvest - 

Fanimal-products−FCH4-C) and the carbon losses at ecosystem scale (Ferosion+ Ffire+ Fleach +FVOC). 

 

This equation can be simplified (assuming that changes in above-ground C (AGC) and C emissions caused by fires, VOC 

compounds, macro-fauna and erosion can usually be neglected) as: 

ΔSOC = (NPP – Rh-soil – Rh-livestock - FCH4-C) + (Fmanure - Fharvest – Fanimal-products) – Fleach    (Eq. 2) 

Without grazing (arable crops and mown grasslands) a further simplification applies (e.g. Béziat et al., 2009): 

Δ SOC= NPP – Rh-soil + Fmanure - Fharvest – Fleach        (Eq. 3) 

Δ SOC in the above mass balance equations concern the full soil depth. In contrast, for practical reasons SOC stock 

direct measurements are often limited to the top soil (e.g. 0-30 cm). 

5.2.1. Basic monitoring, reporting and verification (M,R,V) concepts 

Main data sources are shown in Figure 20, with their M, R and V roles. An open-access database, where short- or 

long-term soil C measurements can be uploaded and shared (e.g. https://dataverse.org/ and the online 

collaborative platform as used in the CIRCASA project: https://www.circasa-project.eu/), would also be of great 

benefit for progressing a global MRV system. 

Below is a list, to be completed especially for regions outside the EU, of data sources in these categories: 

(1) Long-term field experiments at benchmark sites where ΔSOC can be monitored with intensive soil coring 

campaigns (M).  

- CIRCASA and GRA/IRG work on a data repository part of the OCP (Open Collaborative Platform 

(www.ocp.circasa-project.eu ) 

 

https://dataverse.org/
https://www.circasa-project.eu/
http://www.ocp.circasa-project.eu/


D1.4 |International Knowledge Synthesis Activities       
 

43 

 

- Global Inventory of Long-Term Soil-Ecosystem Experiments including nearly 250 LTSEs with metadata found 

on all continents, including Antarctica (Richter et al., 2007)  (Figure 21). The metadata currently hosted by 

the International Soil Carbon Network (iscn.fluxdata.org/partner-networks/long-term-soil-experiments/) 

 
- In Europe these sites will be based on the existing long-term experiments (http://iscn.fluxdata.org/partner-

networks/long-term-soil-experiments/) and additional existing sites to be identified by the MS, but should 

also include the existing level 2 monitoring sites within ICP forest (http://icp-forests.net/page/level-ii).  

 

  

Figure 21: Global Inventory of Long-Term Soil-Ecosystem Experiments - LTSEs 

 

(2) Shorter-term field experiments where eddy flux covariance monitors NEE (Net Ecosystem Exchange), which 

is the balance between NPP and (Rh-soi+Rh-livestock) (M) 

- EU data are organized by ICOS and international data by FluxNet (and other regional flux networks) 

(www.icos-cp.eu  https://fluxnet.fluxdata.org)    

 

(3) SOC/GHG models (M/R) to derive IPCC Tier 2 emission or SOC stock change factors, which are specific to the 

region and conditions represented within the region (e.g. Begum et al., 2018) or spatially over the whole 

landscape (or the entire land area of a country) using spatial databases of soil characteristics, and land 

cover, management and climate data,  to directly simulate SOC change and GHG emissions, thereby 

delivering a Tier 3 methodology to report emissions (Table 10)  

- An EU wide consistent modelling approach needs to be adopted avoiding duplication of efforts and 

competing/contradictory results. The EU Competence Centre on Modelling (CC-MOD) promotes a 

responsible, coherent and transparent use of modelling to support the evidence base for EU policies. 

(https://ec.europa.eu/knowledge4policy/modelling_en) 

  

http://iscn.fluxdata.org/partner-networks/long-term-soil-experiments/
http://iscn.fluxdata.org/partner-networks/long-term-soil-experiments/
http://iscn.fluxdata.org/partner-networks/long-term-soil-experiments/
http://icp-forests.net/page/level-ii
http://www.icos-cp.eu/
https://onlinelibrary.wiley.com/doi/full/10.1111/gcb.14815#gcb14815-bib-0022
https://ec.europa.eu/knowledge4policy/modelling_en
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Table 10. Examples of models used in National GHG Inventories to estimate Carbon dioxide emissions and removals from the 

cropland remaining cropland soils component (Tier 3 method) 

Country  Model   Reference 

Australia 
The Full Carbon 
Accounting 
Model (FullCAM)  

Estimates emissions from soil through a 
process involving all on-site carbon pools 
(living biomass, dead organic matter and 
soil) on a pixel by pixel (25m x 25m) level. 

(Richards, 2001) 

Canada CENTURY  

process model used for estimating CO2 
emissions and removals as influenced by 
management activities, based on the 
National Soil Database of the Canadian Soil 
Information System 

(Parton et al., 1988, 
1987) 

Denmark C-TOOL  

3-pooled dynamic soil model 
parameterised and validated against long-
term field experiments (100-150 years) 
conducted in Denmark, UK (Rothamsted) 
and Sweden and is “State-of-the-art”.  

(Taghizadeh-Toosi et 
al., 2014) 

Finland 
Yasso07 soil 
carbon model                                                                                                                                                   

The parameterisation of Yasso07 used in 
cropland was the one reported in (Tuomi et 
al., 2011) 

(Palosuo et al., 
2015) 

Japan 
Soil Carbon 
RothC model 

 In order to apply the model to Japanese 
agricultural conditions, the model was 
tested against long-term experimental data 
sets in Japanese agricultural lands (Shirato 
and Taniyama, 2003) 

(Coleman and 
Jenkinson, 1987) 

Sweden 
Soil Carbon 
model ICBM-
region  

Calculate annual C balance of the soil 
based on national agricultural crop yield 
and manure statistics, and uses allometric 
functions to estimate the annual C inputs 
to soil from crop residues 

(Andrén and 
Kätterer, 2001) 

Switzerland 
Soil Carbon 
RothC model 

The implementation of RothC in the Swiss 
GHG inventory is described in detail in 
(Wüst-Galley et al., 2019)  

(Coleman et al., 
1997) 

United 
Kingdom 

CARBINE Soil 
Carbon 
Accounting 
model (CARBINE-
SCA) 

Simplified version of the ECOSSE model 
(Smith et al., 2010), coupled with a litter 
decomposition model derived from the 
ForClim-D model (Liski et al., 2002; 
Perruchoud et al., 1999). 

(Matthews et al., 
2014) 

United 
States 

DAYCENT 
biogeochemical 
model  

Utilizes the soil C modelling framework 
developed in the Century model (Metherell 
et al., 1993; Parton et al., 1994, 1988, 1987), 

but has been refined to simulate dynamics 
at a daily time-step. 

(Del Grosso et al., 
2001; Del Grosso 
and Parton, 2011; 
Parton et al., 1998) 
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(4) Spatial data to drive models (climate, land cover, soil properties including top SOC content) (M/R) 

 

- Climate data for agriculture are available from AgMIP (https://data.giss.nasa.gov/impacts/agmipcf/agmerra/) 

and other sources 

 
- Soil interpolated maps are developed by ISRIC with support of the Global Soil Partnership and FAO 

(https://www.isric.org/explore/soilgrids ) including the SOC content and its uncertainty for a 250 m resolution 

available on CIRCASA OCP.  

 
- Other prominent data sources include for the EU LUCAS (https://esdac.jrc.ec.europa.eu/projects/lucas ) also 

included in CIRCASA OCP concerning soil C (www.ocp.circasa-project.eu) 

 
(5)   Activity data (field and farm, management, self-reporting by farmers) (M/R) 

 
- Remote sensing of land use (Corine LandCover, https://land.copernicus.eu/pan-european/corine-land-cover) 

 
- Remote sensing of crop and grassland types by field (see Cropland products from COPERNICUS, to be released 

in 2021 for the EU) 

 
- Remote sensing of phenology, NDVI, faPAR, fcover (see Phenology products from COPERNICUS, to be 

released in 2020 for the EU)  

 
- Farmers activities are reported through the Land Parcel Identification System (LPIS) showing fields and their 

margins as part of the IACS of the Common Agricultural Policy (https://ec.europa.eu/info/food-farming-

fisheries/key-policies/common-agricultural-policy/financing-cap/controls-and-transparency/managing-

payments_en). Data about management practices adopted at farm scale in the EU are collected through the 

Farm Structure Survey https://ec.europa.eu/eurostat/statistics-

explained/index.php?title=Farm_structure_survey_-_methodological_articles 

 
- However, for carbon monitoring purposes there are gaps in CAP declarations, including presence or not of 

cover crops and management of crop residues and of organic fertilizers)  

 
 

(6) Remote sensing (verify activity data, soils and vegetation inputs to run models) (M/R/V) 

Remote sensing tools as available within the COPERNICUS program can provide very valuable data for 
detecting SOC changes and for monitoring agricultural practices/land management practices. Extensive work 
done by ESA as well as the recently launched GEO initiative for monitoring land degradation in support to 
UNCCD and the related Land Degradation Neutrality target within SDG 15 can provide a lot of synergies in 
achieving an operational remote sensing component for MRV of SOC http://worldsoils2019.esa.int/ 
 

- Proxies of Net Primary Productivity (NPP) derived from (5) 

 
- Proxies of Surface Soil Moisture (SSM) to constrain SOC modeling forthcoming at 1 km resolution 

(https://land.copernicus.eu/global/products/ssm )  

 
- Surface SOC content (https://sentinels.copernicus.eu/web/sentinel/news/-/article/copernicus-sentinel-2-

data-to-estimate-soil-organic-carbon-in-croplands) 

 
 

(7)  Spatial soil re-sampling survey grids (M/V) 

The on-going LUCAS soil monitoring system based on a regular 2kmx2km grid is a solid base for the 
operational in-situ measurement of SOC across the EU. After 3 sampling campaigns (2009, 2015 and 2018) 

https://data.giss.nasa.gov/impacts/agmipcf/agmerra/)
https://data.giss.nasa.gov/impacts/agmipcf/agmerra/)
https://www.isric.org/explore/soilgrids
https://esdac.jrc.ec.europa.eu/projects/lucas
http://www.ocp.circasa-project.eu/
https://land.copernicus.eu/pan-european/corine-land-cover
https://ec.europa.eu/info/food-farming-fisheries/key-policies/common-agricultural-policy/financing-cap/controls-and-transparency/managing-payments_en
https://ec.europa.eu/info/food-farming-fisheries/key-policies/common-agricultural-policy/financing-cap/controls-and-transparency/managing-payments_en
https://ec.europa.eu/info/food-farming-fisheries/key-policies/common-agricultural-policy/financing-cap/controls-and-transparency/managing-payments_en
https://ec.europa.eu/eurostat/statistics-explained/index.php?title=Farm_structure_survey_-_methodological_articles
https://ec.europa.eu/eurostat/statistics-explained/index.php?title=Farm_structure_survey_-_methodological_articles
http://worldsoils2019.esa.int/
https://land.copernicus.eu/global/products/ssm
https://sentinels.copernicus.eu/web/sentinel/news/-/article/copernicus-sentinel-2-data-to-estimate-soil-organic-carbon-in-croplands
https://sentinels.copernicus.eu/web/sentinel/news/-/article/copernicus-sentinel-2-data-to-estimate-soil-organic-carbon-in-croplands
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it is by now a consolidated system providing regular monitoring data on soil properties in the EU 
https://esdac.jrc.ec.europa.eu/content/chemical-properties-european-scale-based-lucas-topsoil-data 
Further development of LUCAS needs to be fully adopted as the monitoring system at National scale on the 
basis of the same common grid. 
 

- EU member state data to be harmonized by EJP soil (https://cordis.europa.eu/project/id/862695/fr) 

 
- National gridded soil surveys in several EU countries (e.g. France: www.gissol.fr/le-gis/programmes/rmqs-34) 

5.2.2. Dynamic soil carbon and GHG balance modeling 

As shown in Figure 20, models (3) informed, constrained, calibrated and verified by the various data streams in Figure 

20 are required to calculate ΔSOC and the GHG balance. Several approaches were used, noting however that soil 

carbon modelling is still evolving rapidly (e.g.(Woolf and Lehmann, 2019): 

A. Land surface models including soil carbon and GHG emissions 

Global land surface models (e.g. https://orchidee.ipsl.fr/) integrate biosphere, land use and land management and 

provide simulations of coupled carbon and water fluxes, including SOC balance (Camino-Serrano et al., 2017) and 

were also used to calculate SOC balance e.g. in global grasslands (Chang et al., 2015). 

- Main application domains for soil carbon: climate change and land use projections and historical assessments 

at regional to global scales. 

B. Crop and pasture models including soil carbon and GHG emissions 

A recent intercomparison (Ehrhardt et al., 2018) , developed by Global Research Alliance, Integrative Research Group, 

GRA IRG) shows the potential of ensembles of crops and pasture models to simulate N2O fluxes and yields at a range 

of long-term field sites. Simulations for soil carbon have been  assessed by (Sándor et al., 2020) developed as well by 

GRA IRG. 

Modeling platforms based on a single model are proposed, such as COMET farm a whole farm carbon and GHG 

accounting system (http://comet-farm.com/ ) which is based on the DayCent simulation model. Other examples in 

France include the STICS model, which has been used for nationwide tests of SOC sequestration potential for a range 

of changes in agricultural practices (https://www.inrae.fr/en/news/storing-4-1000-carbon-soils-potential-france) 

- Main application domains for soil carbon: site based and farm based estimates of SOC change and GHG 

emissions. Note that these models are usually not coupled to data from remote sensing and that their 

calibration may be limited to certain crops only and to specific soil and climate conditions. 

C. SOC models 

SOC models and their ensembles can be used for predictions of organic carbon, despite uncertainties concerning the 

first order kinetics used for decomposition and the roles of microbial and stabilization processes (Menichetti et al., 

2019; Woolf and Lehmann, 2019) and interactions with energy sources for microbes and soil nutrients. Some SOC 

models require prior information on SOM structure (e.g. aggregate structure, thermal stability as estimated by 

RockEval, (Poeplau et al., 2019)) which prevents their use on a large scale. However, spin-up runs based on steady 

state or on past land use have often been used to run these models (such as Century,(Dimassi et al., 2018), without 

further knowledge of SOM structure. Robust predictions from ensembles of SOC models are obtained in long-term 

bare fallow soils (Farina et al., in revision, developed by GRA IRG).  

However, to predict Δ SOC in vegetated systems, carbon inputs to soils are required (see Eqs. 2-3). For instance in 

France (Simeos-AMG, www.simeos-amg.org ), which is a commercial tool calibrated for main field crops and 

estimating crop residues based on allometry with yields. Well established SOC models such as RothC can be used in 

an inverse mode (e.g.(Meersmans et al., 2013), which allows to estimate e.g. the OC inputs required to maintain SOC 

https://esdac.jrc.ec.europa.eu/content/chemical-properties-european-scale-based-lucas-topsoil-data
https://cordis.europa.eu/project/id/862695/fr
http://www.gissol.fr/le-gis/programmes/rmqs-34
https://orchidee.ipsl.fr/
http://comet-farm.com/
https://www.inrae.fr/en/news/storing-4-1000-carbon-soils-potential-france
http://www.simeos-amg.org/
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in a steady-state (or to increase SOC by 0.4% per year, which is the aspirational target of the 4 per 1000 initiative 

(Soussana et al., 2019)). This inverse RothC approach has been used at global scale in the CIRCASA project 

(www.circasa-project.eu) by comparing OC input needs for SOC steady-state and for 4 per 1000 target with croplands 

OC inputs (Global EPIC simulations of crop residues 

https://iiasa.ac.at/web/home/research/researchPrograms/EcosystemsServicesandManagement/EPIC.en.html) and 

grasslands OC inputs (from GLEAM model, FAO, http://www.fao.org/gleam/en/). Results are available on the CIRCASA 

OCP (Section  2. Global maps of agricultural SOC stocks baselines and of technical sequestration potential) 

- Main application domains for soil carbon: site to global scale, in direct mode forcing SOC models by OC inputs 

to soils and in inverse mode estimating OC inputs to soils required for an assumed baseline of SOC change. 

Note that these models are usually not coupled to data from remote sensing and from vegetation and that 

their calibration may be limited to certain soil and climate conditions. Note also that GHG emissions (e.g. N2O) 

are not simulated. 

 

5.2.3. Regional, national and project scale SOC monitoring systems 

We distinguish three nested scales for SOC monitoring: international/regional, national and project.  

Internationally, the UNFCCC Annex-I Parties are subject to the GHG accounting rules of that Convention and the  IPCC 

Guidelines (see https://www.ipcc.ch/report/2019-refinement-to-the-2006-ipcc-guidelines-for-national-greenhouse-

gas-inventories/ ). The IPCC Guidelines are designed to help estimate and report national inventories of 

anthropogenic GHG emission reductions including SOC. A tiered approach is proposed: 

- Tier 1 or default method: simplest order of methods with the higher uncertainties. Reference carbon 

stocks are multiplied by Land use change factors. 

- Tier 2: on the same principle as Tier 1 but with better accuracy taking into account country-specific data 

for land use change factors. 

- Tier 3: lowest uncertainties order of method with the use of models, considering fluxes. For instance, 

Tier 3 methods are the only option to take into account the impact of soil erosion on C flows. Examples 

of model use (e.g. DayCent are provided in the 2019 refinement). 

At national scale, diverse assessment methods, consistent with the international framework exist and are based on 

scientific advances and availability of input data from each country. For example, in the USA, COMET- Farm is the 

official GHG quantification tool of the USDA and developed in partnership with Colorado State University. The 

Methodology is a combination of process simulation models, empirical models and IPCC methodologies and peer-

reviewed research results.  

At project scale, MRV methods implemented for local emission reduction projects are aligned with specific 

frameworks respecting themselves national and international guidelines. For instance, the Australian Government’s 

compliance offset program, the Emissions Reduction Fund (ERF), has currently two methodologies dedicated 

specifically to soil carbon sequestration:  Estimating Sequestration of Carbon in Soil Using Default Values and 

Measurement of Soil Carbon Sequestration in Agricultural Systems. 

The latest is the only one, which registered projects so far (44 of which one has issued Australian Carbon Credit Units 

in May 2019). Measurement of Soil Carbon Sequestration in Agricultural Systems methodology includes direct 

measurements, detailed sampling protocols and lab techniques as well as thermal analysis. Another example is 

Alberta Offset program in Canada, which is, based on the conservation Cropping Protocol, using Canada’s National 

Emissions Tier 2 methodology based on country-specific sequestration coefficients (Paustian et al., 2019).  

At national and project levels, a standardized, cost effective methodology is available to assess C benefits.  The Carbon 

Benefits Project (CBP) provides tools for anyone wanting to estimate the impact of their activities on climate change 

mitigation (carbon stock changes and greenhouse gas (GHG) emissions). This includes agriculture, forestry or land 

https://iiasa.ac.at/web/home/research/researchPrograms/EcosystemsServicesandManagement/EPIC.en.html
http://www.fao.org/gleam/en/
https://www.ipcc.ch/report/2019-refinement-to-the-2006-ipcc-guidelines-for-national-greenhouse-gas-inventories/
https://www.ipcc.ch/report/2019-refinement-to-the-2006-ipcc-guidelines-for-national-greenhouse-gas-inventories/
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management projects in simple or complex landscapes. The tools are freely available web-accessible system 

(https://banr.nrel.colostate.edu/CBP/) developed by Colorado State University and partners under a Global 

Environment Facility co-financed project implemented by the United Nations Environment Program. It offers tools 

for: 

- Simple assessment for a quick estimate at any stage (including proposals) of C and GHG impacts; 

- Detailed assessment for detailed analysis 

- A Cost Benefit Analysis and a DPSIR (causal framework to describe interactions between society and the 

environment) 

The H2020 NIVA project (https://cordis.europa.eu/project/id/842009/fr) aims to modernize the Integrated 

Administration and Control System (IACS) of the European CAP by making efficient use of digital solutions and e-tools. 

It will test a large scale implementation of environmental indicators calculated at plot scale by combining LPIS with 

Sentinel remote sensing data (Tier 1), eventually considering climate and/or soil and/or farmer’s data (Tier 2) or 

relying on modeling approaches (Tier 3). Within this frame, in Tier 1 a proxy of the cropland carbon budget will be 

estimated based on a relationship between the net annual CO2 fixation (NEE) and the duration of the periods with 

active vegetation (Ceschia et al., 2010), as estimated from remote sensing at plot scale. In Tier 2, a C budget will be 

calculated based on this approached combined with farmer’s self-reporting on yield, straw management and organic 

fertilization and in Tier 3 C budget will be estimated based on the SAFY-CO2 crop model assimilating LAI derived from 

Sentinel 2 data (Pique et al. submitted). 

 

5.2.4. Design principles for a high resolution EU and global dynamic SOC monitoring 

system 

A global coverage at Tier 1, however with higher Tiers to be developed by members of the IRC (e.g. in some 

countries/regions, or by some corporates for their sourcing, carbon offsetting). For instance Tier 2, based on local to 

national data provided and verified by consortium members. A Tier 3, verifying systematically SOC change estimates 

from soil surveys and long-term fields sites, as well as eddy flux covariance. 

A high spatial resolution (ca. 10 m to include small fields and small owners) based on remote sensing 

A high accuracy target (detecting changes of less than 0.1% per year of top SOC stock) that will take several years to 

reach. A low initial accuracy is expected, but investment needs to attain high accuracy will be estimated each year. 

An estimate of N2O emissions and of the balance of other soil derived GHGs in CO2 equivalents, noting that emissions 

from enteric fermentation and manure management cannot not be calculated with this approach.  

A three pillar structure:  

i) SOC pillar (soil science community, GSP, soil maps, remote sensing of surface soil), 

ii)  Vegetation pillar (remote sensing of vegetation, phenology and cropland/grassland COPERNICUS 

products to calculate NPP by crop/grassland types),  

iii) Activity pillar (agricultural activities based on statistics or on self-reporting).  

Land use change emissions could also be estimated in this way, however with substantial extensions in the monitoring 

system to cover deforestation areas (Quin et al., 2019) and the corresponding carbon balance (e.g. through LVOD, 

SMOS, Quin et al., submitted). 

A modular structure, each pillar derives products that are coupled with other pillars products to derive gridded Δ SOC 

estimates with their associated uncertainties. Ensembles of calibrated models rather than single models could be 

used when possible. 

https://banr.nrel.colostate.edu/CBP/
https://cordis.europa.eu/project/id/842009/fr
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A strong data infrastructure providing seamless access by multiple users and using the FAIR principles (www.go-

fair.org/fair-principles). Initially, this data infrastructure could be hosted by CIRCASA’s OCP. It would include options 

for self-reporting especially for activities currently not reported (e.g. organic fertilizers, crop residues, etc.) A gradual 

implementation, combining proxies at global scale in the first year (e.g. changes in annual duration of vegetation 

cover in arable systems could be used as a proxy of OC input to soil) and advanced implementation in pilot areas.  

Provision of resources for ground truthing and for calibration data (e.g. calibration of NPP at eddy flux covariance 

sites, direct measurements of crop residues etc.). 

The development cycles are anticipated to last 2 years, with 3 cycles:  

- 2021-2023: Design stage (all components designed and tested, implementation in 3-5 countries, including 

e.g. 2 countries outside the EU) 

- 2023-2025: Implementation stage 1. Targeting Tier 1 implementation at global scale, Tier 2 and Tier 3 

implementation started in the EU) 

- 2025-2027: Implementation stage 2. Improved Tier 1 accuracy, Tier and Tier 3 implementation in the EU and 

in at least two other world regions. 

5.2.5. Reporting and verifying SOC change estimates 

Reporting would primarily be through gridded data extraction for any spatially defined entity (e.g. a field, a farm, a 

small region, the sourcing area of an industry, or a given crop type, a country etc.) and any time period (several months 

to decades).  

All Δ SOC estimates would be provided in gC m-2 per time period selected. An uncertainty estimate would be provided 

(if possible as RMSE) systematically. Uncertainties would be calculated by reference with verification methods, noting 

however that reference methods are also uncertain. 

Verification would be based on some of the data sources specified in Figure 20:  

(1) Long-term experiments at benchmark sites  

(7) Spatial soil re-sampling (surveys, grids, demonstration farms, etc.) 

Verification would target a high accuracy estimate of ΔSOC over the full soil profile, with sampling and analytical 

methods limiting biases in final vs. initial SOC stock estimates. For instance, using the same sampling protocol and 

tools, using geo-referenced sampling points, using the same analytical procedure done in a single lab. The number of 

replicate soil samples in each site would be sufficiently high to provide a good accuracy (e.g. see CarboEurope soil 

sampling protocol at eddy flux sites). Therefore, part of the costs of the infrastructure would be caused by the 

increased measurement effort compared to classical soil surveys. Statistical studies will be required to optimize the 

design of the verification component. 

Some countries will run a national soil C inventory based on stratified sampling of agricultural land with a design 

allowing to detect a change in national SOC stock above (in absolute value) a certain threshold. For instance, New 

Zealand  is planning to detect an average change by 2 t C/ha/yr for the country with 500 sampling sites. This type of 

design would allow ground truthing of the carbon balance by the monitoring system. 

Beyond traditional MRV, Artifical Intelligence approaches could be tested to optimize the predictive power of the 

monitoring based on calibration and verification data. 

5.2.6. First assumptions for the three pillars in the EU 

Activity pillar 

- Corinne Land Cover for land use (available) 

https://www.go-fair.org/fair-principles/
https://www.go-fair.org/fair-principles/
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- Copernicus Cropland for crop types (2021) 

- Sentinels for soil tillage and cover cropping 

- For grasslands, permanent grasslands can be used  

Vegetation pillar 

- Climatic data (e.g. ERA5 for Europe on a 30 km grid, 

https://www.ecmwf.int/en/forecasts/datasets/reanalysis-datasets/era5 ) 

- Copernicus Phenology (2020) coupled with Croplands for NDVI integral by crop cycle (2021), estimates 

available in near real time (providing Activity-Vegetation coupling) 

- Simulate NPP from NDVI/LAI, partition NPP to shoots and roots and estimate leaf area increase and hence 

change in NDVI/LAI 

- Assimilate NDVI/LAI change in the vegetation model for calibrating NPP (procedures that could be based on 

e.g. SAFY, (Claverie et al., 2012; Duchemin et al., 2008) or SAFYE CO2, Pique et al. submitted)  

- Sentinels for soil moisture (see also Theia, https://www.theia-land.fr/product/humidite-du-sol-a-tres-haute-

resolution-spatiale/ for soil moisture) 

- Estimate crop yields, calibrate with statistical data, yield maps from combined harvester, with farmer’s self-

reporting etc. 

- Estimate crop residues, calibrate with ground truthing, statistical data and farmer’s self-reporting 

- With grasslands, a similar approach can be used however with estimates of biomass exports by mowing and 

of herbage use by grazers. 

SOC pillar 

- LUCAS top soil survey coupled to ISRIC Soil Grids to provide first estimate of SOC stock 

- Remote sensing of surface soil to derive SOC content, e.g. see (Castaldi et al., 2019; Vaudour et al., 2019) 

(and possibly soil nutrients and pH) 

- Additional calibration data (from data sources (1) and (7) and from self-declaration by users)  

- Modeling SOC balance through an ensemble of SOC models constrained by climatic data, soil type, initial 

SOC stock and OC inputs to soil (provided by Vegetation Pillar) 

5.3. Assessing the uncertainty of soil carbon balance in croplands   

To monitor the carbon content of a soil and its variations, two fundamentally different methods can be 

distinguished. The traditional way is to carry out soil analysis, where the SOC content is directly measured in soil 

samples. For example, the European Commission’s LUCAS program was aimed to sample and analyse topsoil 

properties in European Union countries. Thus 19, 967 location were sampled in 23 countries (Tóth et  al.,  2013).  

To  have  a  sufficient  tem- poral and spatial resolution to detect changes in SOC content, material and financial 

costs can      be very high, up to several million euros per site (Mäkipää et al., 2008), making this method difficult 

to systematize.  Furthermore, this method is not devoid of uncertainties.   In a study     led by  Schrumpf et al. 

(2011), the Minimable Detectable Difference (MMD) is thus estimated        to 105 ± 28 gC.m−2  in croplands with 

100 measurements per site, which is a lot of work  and a  big financial investment. 

https://www.ecmwf.int/en/forecasts/datasets/reanalysis-datasets/era5
https://www.theia-land.fr/product/humidite-du-sol-a-tres-haute-resolution-spatiale/
https://www.theia-land.fr/product/humidite-du-sol-a-tres-haute-resolution-spatiale/
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Figure 22. Components of the Net Ecosystem Carbon Balance for a cropland ecosystem. 

 
A more recent approach consist in focusing on the fluxes, by calculating a carbon balance. If we know the carbon 

exported from the crop during harvest (Cexp) and the carbon imported through organic  fertilization  (Cimp),  we  

can calculate a Net Ecosystem Carbon Balance ( Béziat et al. (2009); Soussana    et al. (2007)): 

 

In a general way, Cexp is inferred from data given by farmers as harvest×grain carbon content× (1 −grain water content). 

But some models as SAFYCO2 also allow to compute Cexp (Pique et al.). Cinp represent carbon brought to the crop 

as manure, slurry, crop residues, compost, etc. It is inferred from data given by farmers. 

5.3.1 Methods 

To evaluate the a priori uncertainty that would be obtained for a soil carbon monitoring system such as the one 

that should be developed in IRC pillar 2, we developed a simple model computing the NECB and its associated 

error. We focused here on  croplands  but,  in  a  later  stage,  the study could be extended to grasslands and 

forests. Other fluxes are contributing to cropland carbon budget: carbon can be  lost  from  crops trough erosion, 

fire, leaching, emission of Volatile Organic Compound (VOC) or  other trace gas  like CH4 and export  of animal 

products (Soussana  et al., 2019).   Although  it has been shown   that dissolved organic carbon (DIC) can be an 

important component on the  net  ecosystem  carbon balance (Kindler et al., 2010), in this study we will  consider  

that  DIC  and  the  other  fluxes mentioned above are negligible, compared photosynthesis, respiration, Cexp 

and Cimp. 

 
a) Calculation of cropland carbon balance 

The model that was  developed takes in input the GPP, Cinp and Cexp (in gC.m2.yr−1) and   Csoil , the stock of 

organic carbon in the soil (in gC.m2), and gives in outputs the cropland NECB (hereafter noted ∆C, in 

gC.m2.yr−1), the absolute error on ∆C (σ∆C, in gC.m2.yr−1) and the relative error on ∆C. All the value of the 

parameters used in this model where found in literature, they are given in table 3 with the sources. Here are the 

details of the calculations we used to obtain ∆C: 
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From equation 6, we can write: 

 

As GPP, Cinp and Cexp are input variables, we just need to compute Reco to get ∆C. Thus, we can calculate Ra 

and Rh (cf. equation 5). 

Step 1: Calculation of Ra: 

 

Where k = 0.52 (cf. table 3). 

 Step 2: Calculation  of  Rh  according  to  the  Hénin-Dupuis  model  (Hénin  and  Dupuis,  1945). We choose to 

work with this model simplicity and robustness although it is less complete in        its representation than others 

are.   Indeed, it considers only one compartment of organic matter      in the soil while other models consider 

several compartment and their interactions to take into account the heterogeneity of the organic matter in the  

soil.  RothC,  for  example,  represents three compartment: the microbial biomass, the active humified organic 

matter and the inert humified organic matter (Coleman and Jenkinson, 2014). But for our study, the Hénin-Dupuis 

model, was completely adequate. It is a model that is still used today to simulate the storage potential of C in soils 

as a function of changes in cropping practices, in particular  through the   AMG humic balance (Bouthier et al., 

2015) and it has the advantage to run with very few parameters and thus to minimize the error sources possible. 

 Where K1res  is the fraction of organic carbon from crop residues that enrich the soil organic  carbon stock, K1f 

ert , the fraction of organic carbon from organic fertilizer that enrich the soil organic carbon stock, and K2, the 

fraction of soil organic C that is mineralized each year. K2 is given by: 

 

Where TMA is the mean annual temperature in C°, Arg the clay content of the soil in g/kg and CaCO3 the carbonate 

content of the soil in g/kg. 

Cres , in gC.m2.yr−1, is the carbon flux via the incorporation of cropland residues: 

  

Where TMA is the mean annual temperature in C°, Arg the clay content of the soil in g/kg and CaCO3 the carbonate 

content of the soil in g/kg. 

Cres , in gC.m2.yr−1, is the carbon flux via the incorporation of cropland residues: 

 

As we choose the value of GPP, NPP can be computed through equation 4. 

 

b) Calculation of the error on cropland carbon balance 
 

More than obtaining the carbon balance, the aim of this model was to be able to estimate an error on ∆C. To this 

end, the error on the input variables, GPP, Cinp, Cexp and Csoil , were first calculated with the following formulas: 
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The error on GPP decreases when Obs, the number of usable satellite images per year, increase.  Re is the 

Random error given by the algorithm that derive the GPP from satellite images.  Here   we choose 1.38 

gC.m−2.yr−1 as a reference, a value obtained by Wolanin et al. (2019) using Sentinel-2 images and machine 

learning algorithm, because it was the lowest value found in the literature. 

For Cinp, Cexp and Csoil, the errors are obtain by multiplying their values by the coefficient of variation whose 

values have been estimated from the literature (Beziat, 2009;  Béziat  et  al., 2009; Pique et al.): 

 

 

Then we applied the formulas of the "Gaussian propagation of error" (cf. Box 2.)  to propagate the error to the 

intermediate variables and the output variables. 

The error on ∆C id given by: 

Where σGP P −Reco is the error on the difference GP P − Reco. Those two variables have a Pearson correlation 

coefficient of -0.88.  

Thus σGP P −Reco is given by: 

 

Where σGP P −Reco is the error on the difference GP P − Reco. Those two variables have a Pearson correlation 

coefficient of -0.88. Thus σGP P −Reco is given by: 

  

 

Where σReco is given by equation 18, that also take into account the important correlation    of Ra and Rh 

(Pearson correlation coefficient equal to -0.9). 

 

 

For equations 17 and 18, the Pearson coefficients were calculated with the data of the CarboEurope and 

GHGEurope sites. As all the variables necessary to calculate Rh are independent, σRh is given by: 

 

Where σCres is given by: 

 

And σNPP by: 
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Finally, σRa is given by: 

 

 

Once all the formulas established, we defined a reference scenario, where we attributed for each parameter or 

variable a default value (see table 11).  Generally, the value was chosen to reflect an average case and close to the 

middle of the possible range for each parameter. We choose to run the sensitivity analysis with default GPP value 

of 1760 gC.m−2.yr−1 and Csoil value  of 5000 gC.m−2 to simulate a  carbon  storage  of  20  gC.m−2.yr−1,  which  

represent  an  annual soil organic carbon storage of 0.4%. Based on that scenario, we tried to minimize the error 

and we run the sensitivity analysis . We also compared the traditional soil analysis method to the fluxes method 

to understand when it is more interesting to use one or the other. 

Table 11:  Input variable (in bold) and parameter table.  The column "standard values" returns the parameter and   

the variable values for the reference scenario used for the sensitivity analysis. The range for each parameter was 

defined according to what was found in the literature. 

Variable/Parameter name Unit Reference value Range Source 

GPP gC.m−2.yr−1 1760 [700-2500] Kutsch et al. (2010) 

 
Cexp 

 

gC.m−2.yr−1 

 
500 

 
[300-1000] 

Ciais et al. (2010); Hollinger 

et al. (2005); Kutsch et al. 

(2010) 

 

 

Cinp 

 

 

gC.m−2.yr−1 

 

 
100 

 

 
[0-300] 

Ciais et al. (2010, 2011); 

Hollinger et al. (2005); 

Kutsch et al. (2010) 

 
Csoil 

 

gC.m−2 

 
5000 

 
[3000-10000] 

Constantin et al. (2020); 

Panagos et al. (2020) 

 
Re 

 

gC.m−2.yr−1 

 
1.38 

 
[1-2] 

Wolanin et al. (2019); 

Pique et al.; Yuan et 

al. (2015) 

Obs – 21 [6-36] Dusseux (2014) 

k – 0.53 [0.45-0.55] Chapin et al. (2011) 

σk – 0.03 – Chapin et al. (2011) 

 
K1res 

 
– 

 
0.18 

 
[0.1-0.2] 

Hénin and Dupuis (1945); 

Inrae (2013) 

 
K1f ert 

 
– 

 
0.35 

 
[0.35 -0.75] 

Hénin and Dupuis (1945); 

Inrae (2013) 

 
TMA 

 
°C 

 
10 

 
[8-15] 

Hénin and Dupuis (1945); 

Inrae (2013) 

 
Arg 

 
g/kg 

 
100 

 
[100-300] 

Hénin and Dupuis (1945); 

Inrae (2013) 

 
CaCO3 

 
g/kg 

 
50 

 
– 

Hénin and Dupuis (1945); 

Inrae (2013) 
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5.3.2. Results 

Sensitivity of carbon storage uncertainty to GPP and NPP uncertainty 

Figure 8 shows the influence    of the NPP uncertainty controlling controlling parameters, e.g. Re, Obs and σk 

, on σ∆C. Three different combinations of those parameters were used to draw the error bars, while the other 

parameters remained constant. For the "maximization scenario" indicated with the red error bars, the value 

for the three parameters were chosen within their possible range (table 11) to get the biggest error (Re = 2 

gC.m−2.yr−1, Obs = 6, σk = 0.05). We see on figure 23.a. that for this scenario, σ∆C is always higher than 300 

gC.m−2. Thus for one year, the error is much larger than the value of ∆C. On the other hand,  when we  look  

for four years on figure 23.b.  the error decreases sharply and is rather around 200 gC.m−2, but this is still 

high compared to the value of ∆C.  

 

Figure 23. Soil carbon balance (∆Csoil ) as function of GPP. σ∆C is represented by the error bars, in red when the 

parameters influencing σ∆C where chosen to have the highest error, in grey for the reference scenario and in orange 

when the error was minimized. The red circle indicate the reference scenario, with GPP equal to 1760 gC.m−2.yr−1. 

 

Soil analysis vs fluxes difference 

Finally, we compared the flux method to the soil analysis method. To do so, figure 26 represents the Minimal 

Detectable Difference (MMD) of the soil carbon stock change for both method,   as a function of the parameters 

controlling MMD. We see that, when few samples are  available  to do a soil analysis,  the MMD is very high for  

that method - when the number of samples n=4, MMD=525 gC.m−2 but it rapidly decreases with an increase in 

the samples number and reach 105 gC.m−2  when n=100.  However  a sample size of 100 is very unrealistic, that 

is why       we  represented on the figure the MMD value, 332 gC.m−2, with a sample of 10.  MMD for  the  flux 

method does not vary as much and stays between  50 gC.m−2  and 144 gC.m−2  although we vary the value of its 

parameters up to 90%, which also quite unrealistic. We can also notice that the MMD of the soil analysis method 

becomes weaker than that of the reference scenario when the sample size is about 50. 
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Figure 24. a) The red curve represents the MMD as a function of the percentage of change of the three parameters (Re, 
Obs and σk ) controlling σGP P and σNP P and thus the error on ∆C for the fluxes method we developed. The value of these 
three parameters were changed all at once nine times, 10% in 10%, starting from the reference scenario. For Re and σk 
the value were diminished while it was increased for Obs. The black dashed line is the value of the MMD for the reference 
scenario. b) The blue curve represents the Minimable Detectable Difference (MMD) as a function of the number of samples 
for a soil analysis method (Schrumpf et al., 2011).   The black dashed line is the value of the MMD for the reference scenario. 
The dashed-dotted line represents the value of the MMD for the soil analysis method with 10 samples. c) The pink curve 
represent the cumulated through time for a carbon storing rate of 1 ‰ with a baseline carbon stock of 5000 gC.m−2.  The 
orange curve is for a carbon-storing rate of 4 ‰.  

 

Figure 24.c . shows how long it takes for both method to reach the MMD with a baseline  carbon stock of 5000 gC.m−2. 

We see that for the flux method, the MMD decreasing through  1/√𝑦𝑒𝑎𝑟𝑠. For the reference scenario of the flux 

method it takes about 4 years before we  reach the MMD with a carbon storing rate of 4  and 10 years  with a carbon 

storing   rate of 1 ‰  .  For a soil analysis the soil analysis method with a sample size of 10, the MMD is never reached. 

Thus, although we  have seen that by  obtaining the carbon  balance of a field thanks to the  flux method,  the error 

is not negligible,  we  can hope for  improvements,  especially in the field   of remote sensing as a number of other 

avenues could be explored measured GPP with a better accuracy. For example, to minimize Re, it could be interesting 

to look at the accuracy of sun-induced fluorescence satellite measurements as it is strongly correlated with GPP (Li et 

al., 2018). To increase  the  number  of  observations,  we  could  look  at  what  we  can  do  in  terms of satellite radar 

products to estimate GPP, which would solve the problem of cloud cover. Answering these questions could be part  

of the IRC Pillar 2 working group missions.  The IRC has high hopes for this method because it is technically and 

economically more viable than soil analyses. Indeed, it is completely unthinkable to monitor large-scale soil carbon 

storage projects with soil tests despite progress made with rapid infrared measurements of soil samples (portable 

devices) which are however not as accurate,  while a method based on remote sensing is scal-  able.  Once such a 

method is put in place,  it will be possible to monitor both small plots and     field crops. Farmers will just have to 

provide information on carbon export through harvest and carbon inputs through organic fertilizers. Even then, some 

models can estimate the carbon exported during harvest (Pique et al.). 

In any case, even without significant progress on satellite GPP detection, if this method is used  over  long  periods  of  

time  (˜10  years),  it  can  accurately  to  monitor  carbon  stock  changes. For example, it could be used to monitor 

carbon storage projects in agricultural soils, such as the low  carbon label, currently under development in France.  

There are already four main families   of proposed methods for measuring soil carbon for that project: 

• Modelling, with model such as AMG or RothC 
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• Remote sensing combined with models, for example SAFYE-CO2 (Pique et al.) 

• Use of the IPCC equations (based on baseline carbon stocks multiplied by emissions factors more or less 

precise) with regionalized inventory change factors 

• Modelling combined with the IPCC equations 

All of this method are  based on the prediction of carbon fate in soils.  The first method, based  only on IPCC equations 

has a precision level of Tier 2 according to the scale defined by  the IPCC. Model-based methods can reach Tier 3 

accuracy but often require regional calibration.      The advantage of a method mainly based on remote sensing as it 

should be developed in the IRC Pillar 2, is that once developed it will be easily applicable and thus give a very good 

level of accuracy with no need for regional calibration. However, attention needs to be paid to additional sources of 

error that could be introduced by the introduction of new practices for storing carbon, such as cover crops. Indeed, 

for the moment, although the scientific community unambiguously recognizes intermediate cultures as stockpiling 

practices,  the parameterization of models such    as AMG on these  crops  is  very  uncertain  and the  error  on ∆C 

could  be  affected  (Constantin et al., 2020). But if we use basic principles as we in our study, that is GPP and soil 

respiration, models do not require any specific calibration for  given crops.  Therefore, they can be extended  at global 

scale.
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CONCLUSION and OUTLOOK 
 

With increased obligations for reporting on GHG emissions and Nationally Determined Contributions (NDCs) under 

the Paris agreement, it is important that all countries are able to estimate their GHG emissions to maximise 

transparency, accuracy, completeness and consistency. Improving inventories requires enhanced national capability 

to gather relevant activity data to develop country-specific emission factors. There is a need to improve the evidence 

base and to better connect governments and relevant expertise to subsequently improve the quality of agricultural 

NDC’s and the way their achievements are reflected by national GHG inventories. 

Soil monitoring networks should be included in a broader cross-method validation programme to ultimately permit 

spatially and temporally validated comparisons both within and between countries. An open-access database, where 

short- or long-term soil C measurements could be uploaded and shared or an online collaborative platform as used 

in the CIRCASA (https://www.circasa-project.eu/Online-Collaborative-Platform-OCP) would also be of great benefit 

for progressing a global MRV system.  

The preliminary study of uncertainty of the proposed new remote sensing and flux-based international SOC 

monitoring system, shows that this project is realistic. Indeed, if  sufficiently  long  time periods are considered, carbon 

storage begins to be large enough to be detected with a good degree of accuracy (we would reach a relative error of 

about 30% at the bot of about ten years) that could allow the establishment of rewards for the farmer who stores in 

the form of carbon credits for example. Moreover, with the ever-increasing number of satellites being sent on Earth 

observation missions, it is to be hoped that the margin of error on the carbon balance will be further reduced 

significantly. 

For developing countries, this will require international cooperation, capacity building and technology transfer , 

which could be facilitated within GRA, CCAFS and similar organisations, in synergy with relevant funding 

mechanisms, or via the recently-established “Global assessment of soil organic carbon sequestration potential 

(GSOCseq)” programme of the UN FAO. 

The work presenting here is establishing the foundation for the knowledge system (KIS) on SOC in agriculture hosting 

and organizing soil and agricultural practices maps, as well as data, meta-data, handbooks and guidelines.  

The CIRCASA KIS has been established to share and visualize soil data and metadata from relevant existing repositories 

in one unique place. With this tool, scientists and other stakeholders can access to a large range and international 

knowledge. The KIS provides geo-referenced meta-data and, data from experiments, data visualization, observations 

and surveys, as well as from models and synthesis activities and methodological guidelines developed by CIRCASA 

leading to an enhanced international knowledge system delivering improved scientific resources of both global and 

local significance (e.g. maps showing the technical potential for SOC sequestration of diverse agricultural practices. 

 

 

 

 

 

 

 

 

https://www.circasa-project.eu/Online-Collaborative-Platform-OCP
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APPENDIX  
 

Annex A: Yield impacts for Wheat 

 

Figure A1: Wheat yield changes due to switching from conventional tillage systems to no-till (a) and reduced-till (b) systems in 
tons per hectare. Crop area based on (IFPRI, 2019) 
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Annex B: Mitigation impacts (Wheat) 

 

 

 

 

 

² 

 

Figure B1: Wheat mitigation effects from changing conventional tillage systems to no-till (a) and reduced-till (b) systems in tons 
CO2 per hectare and year. Crop area based on  (IFPRI, 2019) . Weighted average yields for rainfed and irrigation. 
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Annex C: Net-cost changes (wheat and corn) 

 

Figure C1: Changes in net-costs of wheat production [-(yield x price - production costs)] from changing conventional tillage 

systems to no-till (NOT) and reduced-till (RED) systems in $US2010 per hectare, for different assumptions on related changes of 

production costs (low, med, high, region; see Table 4). Crop area based on SPAM 2010 (IFPRI, 2019). 
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Figure C2: Changes in net-costs of corn production [-(yield x price - production costs)]  from changing conventional tillage 

systems to no-till (NOT) and reduced-till (RED) systems in $US2010 per hectare, for different assumptions on related changes of 

production costs (low, med, high, region; see Table 5). Crop area based on SPAM 2010 (IFPRI, 2019). 
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Annex D: Marginal abatement cost curves 

 

Figure D1: Regional MACCs for wheat. 
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Figure D2: Regional MACCs for corn. 
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