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 Chapter 1.  

General Introduction  

1.1 Background 

Soil organic carbon (SOC) is a critical factor in terrestrial 

environments, acting as a primary energy source for microorganisms 

and influencing soil structure, fertility, ecosystem productivity, and 

the global carbon cycle (Lamichhane et al., 2019; Billings et al., 

2021). Soil represents the largest carbon pool in terrestrial ecosystems, 

with approximately 1,500 Pg of carbon worldwide stored in the soil up 

to a depth of 1 meter. This is four times the carbon stored in the biotic 

pool and 3.2 times the amount in the global atmospheric carbon pool 

(Lal, 2004; Scharlemann et al., 2014). However, land cover changes 

and unsustainable land management during the Anthropocene, 

particularly intensive agricultural activities, have had detrimental 

effects on soil, leading to a continuous depletion of SOC stocks (Wei 

et al., 2014; Beillouin et al., 2023; Amundson et al., 2015). Sanderman 

et al. (2017) estimated that 31.2 Pg of carbon has been lost from 

surface soils (0–30 cm) over 12,000 years of agricultural practice. 

This has increased carbon dioxide (CO2) levels in the atmosphere, 

thereby exacerbating the global greenhouse gas (GHG) effect 

(Bhattacharya et al., 2016; Chenu et al., 2019). 

Till now, numerous studies have shown that increasing SOC 

stocks in agricultural land could significantly reduce the atmospheric 

CO2 burden (Zomer et al., 2017; Smith et al., 2008; Pellerin et al., 

2017). The “4 per 1000: Soils for Food Security and Climate” 

initiative, launched in 2015 (http://4p1000.org), aims increasing global 

SOC stocks by 0.4% annually. It is believed that a 0.4% increase in 
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SOC stocks in the top 1 meter of global agricultural soils has the 

potential to offset 20%–35% of anthropogenic greenhouse gas 

emissions (Minasny et al., 2017, Rumpel et al., 2020). Agricultural 

management practices can influence SOC stocks by either increasing 

carbon inputs to the soil or reducing SOC losses (Paustian et al., 2016; 

Chenu et al., 2019). Chenu et al. (2019) outlined several agricultural 

practices that can enhance SOC stocks (Fig. 1.1).  

 

Fig. 1.1. Levers associated with agricultural practices that may influence SOC 

stocks: (1) increasing primary production (e.g. crop rotations, agroforestry, 

cover crops), (2) increasing biomass return to soil (crop residue return), (3) 

importing organic wastes to soil (manures, composts..), (4) avoiding fires, (5) 

grassland management (fertilization, grazing), (6) decreasing biodegradation and 

mineralisation rates (no tillage, water management), (7) decreasing erosion rates. 

(Chenu et al., 2019) 

 

This potential of the soil to act as a carbon sink has fueled 

incentives for soil carbon sequestration, including policies such as 

emissions trading and soil carbon offset programs (Phelan et al., 2024; 

Barbato & Strong, 2023). For instance, the European Parliament 

recently approved the Carbon Removal and Carbon Farming (CRCF) 

Regulation (https://climate.ec.europa.eu/eu-action/carbon-removals-

and-carbon-farming_en), certifying carbon removals, carbon farming, 

and carbon storage in products across Europe. Carbon farming 

rewards farmers for implementing climate-friendly practices, such as 

using cover crops, conservation tillage, catch crops, and improving 

https://climate.ec.europa.eu/eu-action/carbon-removals-and-carbon-farming_en
https://climate.ec.europa.eu/eu-action/carbon-removals-and-carbon-farming_en
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fertilizer use efficiency (Günther et al., 2024). It is important to note 

that while practices like importing organic waste to soil can enhance 

SOC stock and net primary productivity (NPP), they typically do not 

result in additional carbon transfer from the atmosphere to land, and 

thus are generally not considered true carbon sinks (Powlson et al., 

2011). 

However, the inconsistent sequestration rates across different 

management practices, soil types, and environments, combined with 

the high spatial variability of SOC stocks, contribute to significant 

uncertainty in sequestration estimates. (Luo et al., 2010; Gray et al., 

2021; Stockmann et al., 2013; Padarian et al., 2022), which may be a 

barrier to the implementation of soil climate mitigation initiatives 

worldwide. 

Evaluating the spatio-temporal dynamics of SOC is crucial not 

only for establishing carbon baselines for greenhouse gas emissions 

trading schemes and identifying and prioritizing potential locations for 

soil carbon sequestration projects, but also for uncovering local factors 

that influence soil carbon dynamics and for enhancing the monitoring 

and management of natural resources (Lamichhane et al., 2019). 

1.2 Modelling SOC spatial distribution 

The spatial variability of SOC is large, making it challenging to 

accurately characterize the spatial distribution of SOC based on a 

limited number of soil samples (Goodman & Owens, 2012). 

 The traditional approach is the polygon-based soil map 

(Lamichhane et al., 2019), which typically divides the study area into 

different soil map units (polygons of different soil types, land use 

types, vegetation types, geomorphological types, etc.), using the mean 

value of soil samples within each unit as the regional estimate. 

However, this method is heavily dependent on soil surveys, which are 

labor-intensive, time-consuming, costly, and rely significantly on 

expert knowledge (leading to substantial estimation differences based 

on varying partitioning methods). All the information is limited to the 
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sampling points, making it difficult to extend to large-scale 

applications (Chen et al., 2022; Pouladi et al., 2023). 

Currently, digital soil mapping (DSM) is rapidly replacing 

outdated polygon-based soil maps and has become the most crucial 

method for obtaining spatial information on soil carbon (Pouladi et al., 

2023; McBratney, 2016), especially at regional to continental scales 

(Padarian et al., 2017; Aitkenhead & Coull, 2016; Viscarra Rossel et 

al., 2014; Mulder et al., 2016). DSM builds the quantitative 

relationships between field or laboratory measurements with spatially 

explicit environmental data to predict the spatial distribution of soil 

properties (Fig.1.2).  

 

Fig. 1.2. Schematic diagram of DSM in cropland (Huang et al., 2022) 

The foundation of DSM is rooted in the factorial methods 

introduced by Dokuchaev (1883) and later expanded by Jenny (1941). 

Jenny's conceptual model (CLORPT) posits that soil characteristics 

(S) in a landscape are a function of five environmental factors: climate 

(cl), organisms (o), relief (r), parent material (p), and time (t). While it 

has been useful in conventional soil mapping, it is neither quantitative 

nor spatially explicit (Kienast-Brown et al., 2022). To represent soil 

and the related environmental factors in a spatial context and express 

these relationships quantitatively, McBratney et al. (2003) further 

developed the Jenny’s theory into the Scorpan model, which 

quantitatively describes the relationship between soil properties (S) 
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and environmental covariates (s, c, o, r, p, a, n) at a point in space and 

time as:  

𝑆 = 𝑓(𝑠, 𝑐, 𝑜, 𝑟, 𝑝, 𝑎, 𝑛) 

The seven Scorpan factors are soil (other soil information; s), 

climate (c), organisms (including anthropogenic factors; o), relief(r), 

parent material (p), age (a), spatial location (n). 

The large-scale environmental covariates for DSM are typically 

obtained through remote sensing data from various platforms, such as 

unmanned aerial vehicles, airborne, and satellites (Pouladi et al., 

2023). The SOC data collected from field or laboratory measurements 

can be linked to remote sensing data through different DSM 

techniques to predict and map SOC, including statistical, 

geostatistical, machine learning, and hybrid (combined) approaches 

(Chen et al., 2019). However, the correlation between SOC and 

environmental covariates may be influenced by image resolution, 

environmental conditions, and the scale of the study area (Lamichhane 

et al., 2019). These differences imply that the interpretation of SOC 

variability from remote sensing data must account for scale, as 

patterns observed at different scales can lead to varying conclusions 

(Wiesmeier et al., 2019). 

1.3 Modelling SOC temporal changes 

One method for assessing the temporal changes in SOC stock is 

based on the soil monitoring network (SMN, Morvan et al., 2008; 

van Wesemael et al., 2010; Saby et al., 2008a). This approach 

measures the temporal changes in SOC by revisiting the same 

locations, sampling, and measuring SOC contents. Many countries 

have implemented repeated soil sampling programs, such as France 

(Saby et al., 2008b) England (Bellamy et al., 2005), Germany 

(Peoplau et al., 2020), Denmark (Taghizadeh-Toosi et al., 2014), 

Belgium (Goidts & van Wesemael, 2007), China (Pan et al., 2010), 

and others. A challenge in resampling legacy data is that their 

locations were not originally selected with national survey purposes, 

raising doubts about their representativeness (Smith et al. 2019). 
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Additionally, the current SMN suffer from insufficient sample 

numbers. Morvan et al. (2008) analyzed the European SMN and 

determined that approximately 4,100 additional monitoring sites 

would be required to achieve a minimum sample density of 300 km2 

per site across Europe. For the existing SMNs, particularly in 

countries where the networks are relatively dense, it would take 

roughly a 10-year interval to detect significant changes in topsoil SOC 

contents (Saby et al., 2008a). National SMNs are typically more 

appropriate for assessing long-term trends in SOC accumulation or 

loss. However, when it comes to evaluating the impact of agricultural 

practices such as tillage or cover crops on SOC, the effect of these 

changes over 5 to 10 years is often too small relative to the total SOC 

pool (Beillouin et al., 2023; Fig. 1.3). Traditional sampling methods 

are therefore insufficient to capture these small changes over short 

periods. 

 

Fig. 1.3. Percentage change in soil organic carbon (SOC) due to land 

management practices in cropland (Beillouin et al., 2023) 

To address this limitation, process-based models (also known as 

mechanistic models) can be employed to simulate temporal changes in 

SOC stocks. Compared to SMN, this approach significantly reduces 

costs and can also be used to extrapolate and predict SOC stock for 

unsampled years. These models can effectively simulate the impact of 
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management practices on SOC dynamics, providing valuable insights 

where SMNs fall short. Soil organic carbon models translate 

theoretical hypotheses into a simplified overview of the ecological 

system, described by schematic representations and mathematical 

equations (Le Noë, 2023). In simple terms, this involves quantifying 

SOC turnover using a series of mathematical formulas (Campbell & 

Paustian, 2015). Manzoni & Porporato (2009) identified 

approximately 250 models that are applicable to different temporal 

and spatial scales. These models focus on different level of interest 

(Fig. 1.4), from microbial community 

(microbiology/aggregate/rhizosphere), litter (plant residue 

decomposition), soil (soil organic matter dynamics), ecosystem 

(coupled soil–plant dynamics) to global (coupled model for global 

applications). Soil models, account for approximately 50% of the 

total, are predominantly used for relatively small spatial scales (up to 

the field level) and time scales ranging from daily to annual intervals. 

   

Fig. 1.4. (a) Percentage of models in different classes; (b)typical spatial and 

temporal scales of the model classes. The lines show the spatial and temporal 

ranges where 50% of the models in each class fall. (Manzoni & Porporato, 2009) 

Most models are formulated with multiple pools using first-order 

decay kinetics (Fig.1.5, Campbell & Paustian, 2015). The decay rate 

of this kind model is proportional to the SOC stock in the various 

pools considered, with rate modifiers implicitly representing key 

factors (such as soil temperature, soil moisture, and clay content) that 

influence microbial and physical processes. Since the 2010s, there has 

been a growing number of nonlinear kinetic models that represent the 
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decay rate as a function of SOC and/or microbial carbon pools to 

consider the feedback between microbial activity and SOC substrates 

(Le Noë, 2023). This kind of model thus enables the interpretation of 

soil microbial feedback responses to changing environmental 

conditions and SOC decomposition (Lawrence et al., 2009). Currently, 

an increasing number of Earth System Models (ESM) and Dynamic 

Global Vegetation Models (DGVM) incorporate these feedback 

effects to predict global carbon dynamics under climate change (Le 

Noë, 2023). 

 

Fig. 1.5. An example of a single-pool soil organic matter dynamic model and the 

connection to hypothetical data used to formulate (A), calibrate (B), drive (C), 

and evaluate (D) model functions. (Campbell & Paustian, 2015) 

1.4  Modelling SOC spatio-temporal changes 

When we aim to simulate the spatio-temporal changes in SOC, 

there are two common approaches: 

1. Projecting Spatial Simulations to Different Time Points 

(Spatio-temporal Digital Soil Mapping; DSM-ST) 

2. Extending Temporal Simulations to Spatial Regions 

(Large-Scale Process-Based Models) 
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The process of DSM-ST involves first establishing static, 

empirical DSM models and then dynamically replacing environmental 

covariates to model SOC changes in both space and time (Heuvelink 

et al., 2020; Yigini & Panagos, 2016; Adhikari et al., 2019). However, 

a significant drawback of this DSM-ST approach is that SOC turnover 

is relatively slow, meaning the effects of driving factors on SOC 

changes do not immediately become apparent. This delay in the 

response of SOC to driving factors, when these factors are used in the 

DSM model for prediction, leads to time-lag effects when 

reconstructing long-term SOC time series (Xie et al., 2022). 

Additionally, DSM-ST relies on statistical relationships between SOC 

and covariates, without considering SOC turnover processes. This 

results in strong interannual fluctuations in the SOC time series due to 

the use of static covariates rather than dynamic processes (Xie et al., 

2022). 

In contrast, process-based models have the advantage of 

providing a clear mechanism to predict and understand more realistic 

SOC dynamics. First, DSM is used to estimate the initial soil state. 

Subsequently, large-scale climate, land use/land cover, and land 

management data are used to perform per pixel simulations across 

spatial domains, enabling the extension of SOC simulations from 

long-term experimental site scales to larger landscapes, regions, or 

even global scales (Morais et al., 2019; Jordon et al., 2022; FAO, 

2020; Nadeu et al., 2015).  

This workflow aligns with and supports the next steps in the 

monitoring, reporting and verification (MRV) framework (Smith et 

al., 2020; Fig. 1.6). It is important to note that the validation of SOC 

models (Fig. 1.6, item 3) can be conducted using data from short-term 

experiments (based on hourly/daily flux data; Fig. 1.6, item 2) or long-

term experiments (based on long-term SOC measurements; Fig. 1.6, 

item 1). Given that this thesis focuses on the long-term effects of 

management practices on fields and that the changes brought by these 

management effects are small compared to large SOC stocks (Bai et 

al., 2019), we chose to use data from long-term sites for model 

evaluation. 



Chapter 1.  General Introduction 
 

10 

  

Fig. 1.6. Components of a soil measurement/monitoring (M), reporting (R) and 

verification(V) framework (Smith et al., 2020) 
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In addition, calibrating process-based models requires not only a 

time series of SOC data, but also, crucially, management data from 

long-term experiments (Fig. 1.6, item 5). This is especially important 

for croplands, where human activities significantly influence carbon 

inputs. For example, the widely used RothC model (Coleman & 

Jenkinson, 1996) requires data on farmyard manure (FYM) 

application and the carbon input from residues, which must be 

obtained from direct or indirect management records. However, a 

major challenge lies in the large-scale input data for models 

(Heuvelink et al., 2020), especially agricultural management data 

(e.g., organic fertilizer application, crop residue management, tillage 

practices, and cover crop measures), which are often coarse or scarce. 

However, due to the rapid advancements in remote sensing (Fig. 1.6, 

item 6) over recent decades, obtaining these management measures 

from remote sensing data is becoming increasingly feasible (Bégué et 

al., 2018; Kubitza et al., 2020; Ahmed et al., 2024). 

 

1.5 Key limitations 

However, to date, several key limitations in spatio-temporal SOC 

prediction and carbon sequestration potential assessment still need to 

be addressed: 

1. Covariates of DSM model: 

Organism is one of the most important factors in the SCORPAN 

model, especially in the case of croplands, where human activities 

play a significant role, such as in the choice of crops, application of 

farmyard manure, and use of cover crops. However, current research 

often relies on average NDVI, NPP, or categorical variables (such as 

land use or vegetation type) to represent the organism factor (Padarian 

et al.,2017; Liang et al., 2019). These covariates are insufficient to 

capture the impact of human activities on SOC contents in agricultural 

fields. Additionally, few studies have demonstrated how covariates 

influence SOC distribution across different spatial scales.  

2. Limitations in Large-Scale Management Data 
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Extending the process-based model to larger scales requires using 

remote sensing techniques to obtain regional boundary conditions. 

Current national or global-scale climate data are relatively accessible, 

such as the Climatic Research Unit dataset (University of East Anglia 

Climatic Research Unit, 2020), the ERA5 Monthly dataset (Bell et al., 

2021), and the TerraClimate dataset (Abatzoglou et al., 2018). 

However, there is a significant lack of large-scale management data, 

particularly carbon input data, which is crucial for modeling. Regional 

simulations often have coarse carbon input estimates, typically derived 

from simple inverse mode runs (Jordon et al., 2022; Zhang et al., 

2024) or the Miami net primary productivity (NPP) model based on 

temperature and precipitation (FAO, 2020; Poeplau & Dechow, 2023). 

In contrast, at long-term experiment (LTE) sites, more accurate carbon 

inputs are calculated using allometric functions combined with crop 

yield information (Keel et al., 2017). Therefore, if crop type and yield 

information at the field scale can be obtained regionally, similar 

calculations could be applied. The lack of organic fertilizer 

application, tillage, and other management data is also a major barrier 

to implementing large-scale process-based models. 

3. Inadequate Agricultural Census Data: 

A good foundation for this thesis is the open-access database 

provided by the Walloon Region of Belgium 

(https://geoportail.wallonie.be/), which includes information on time 

series of crops grown and field layouts (layouts i.e. the land parcel 

information system (LPIS). However, the census database only 

contains data on main crops, not cover crops during the winter season. 

The main crop data combined with regional yield information, allows 

for more detailed carbon input estimates using allometric functions. 

However, cover crops can also contribute substantial carbon input 

(Poeplau & Don, 2015; Mazzoncini et al., 2011), ignoring this part 

could lead to significant errors. To address this, we need to use remote 

sensing data to predict management practices. Current methods for 

predicting cover crops typically focus on a fixed period during the 

winter months within a single year, usually from November to May. 

(Thieme et al, 2020; Barnes et al., 2021), which does not meet the 
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model's requirements for multi-year growth patterns, as well as 

duration of cover crop coverage. 

4. Limitations in Defining Management Scenarios: 

Due to the relatively rough estimates of carbon input in current 

work (Jordon et al., 2022; Zhang et al., 2024), which are not based on 

large-scale detailed management data, this uncertainty carries over to 

the step of simulating different management scenarios. Without 

knowing the source of carbon inputs (whether from manure, residues 

of main crop or cover crops), management scenarios can only be set as 

simple proportional adjustments to a baseline C input (FAO, 2020; 

Wiesmeier et al., 2016), which limits their practical value for 

developing or evaluating carbon farming strategies. For example, the 

Global Soil Organic Carbon Sequestration Potential Map (GSOCseq; 

FAO, 2020) defines three sustainable soil management practices 

corresponding to low, medium, and high carbon inputs, with increases 

of 5%, 10%, and 20%, respectively. However, it can not specify the 

management practices needed to achieve these increases. Only with 

data on actual management measures as a foundation, we can 

accurately improve management practices at the field level and more 

accurately assess the carbon sequestration potential under different 

scenarios. 

1.6 Problem statement  

SOC changes caused by management practices are small relative 

to the large and slow-changing SOC stocks (Beillouin et al., 2023), 

making direct sampling measurements challenging. An alternative is 

using process-based models that are already calibrated on long-term 

experimental sites. These models require intensive data inputs, which 

are not available for every field. Remote sensing can provide these 

input data, but the extent of uncertainty compared to measured data is 

unclear. Our hypothesis is that by producing reliable proxies and 

running the model with these proxies on long-term experimental sites, 

we can estimate the uncertainty of the models. This approach could 

then be applied to extensive areas while still identifying variability in 

management practices between fields. 
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1.7 Thesis Objective  

The overall aim of this thesis is to simulate spatio-temporal 

changes in soil organic carbon stocks and sequestration under various 

management practices for cropland fields. The specific objectives are 

as follows: 

1. Provide spatial data on soil conditions for process-based 

modeling. 

2. Develop spatial datasets of management practices for process-

based modeling. 

3. Evaluate the effectiveness of readily available spatial data by 

comparing it with well-documented long-term experimental data to 

assess simulation uncertainties. 

4. Apply the developed methods to a case study for monitoring, 

reporting, and verifying carbon farming practices. 

1.8 Workflow 

The detailed workflow for achieving the specific objectives is as 

follows: We use t=0 to represent the base period, and t=1 to denote the 

end period of the SOC modeling. 

1.  Develop a spatial model for SOC distribution: 

Based on soil sampling data, obtain environmental covariates, 

especially those related to management, to build a DSM model and 

predict SOC spatial distribution in the base period (Fig. 1.7). 

 

Fig. 1.7. Predict SOC spatial distribution at t=0 
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2. Simulate SOC changes over time using the RothC model: 

Validate the RothC model using long-term experimental site data 

from Belgian cropland, based on monthly recorded climate and 

management data (Fig.1.8). 

 

Fig. 1.8. Simulate SOC change over time using RothC model                          

with long-term experiment (LTE) data. 

3. Predict large-scale time-series climate and management data: 

Providing an alternative from in-situ to remote sensing for all 

climate and management data, with a particular focus on preparing 

regional information on fertilizer application, yield, cover crops, and 

tillage practices (Fig.1.9). 

 

Fig. 1.9. Prepare large-scale climate and management data using remote sensing, 

e.g. time-series NDVI could be used to analyze presence of cover crop. 

4. Run RothC model with time-series spatial data: 

Based on DSM SOC map at t=0, using large scale boundary 

conditions, run the model from t=0 to t=1 (Fig.1.10). 
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Fig. 1.10. Predict SOC spatial distribution at t=1. 

5. Create management scenarios to explore their impacts on SOC 

Sequestration: 

Investigate how changes in management practices affect SOC 

sequestration (Fig.1.11). 

 

Fig. 1.11. Calculate SOC Sequestration between different scenarios. 

 

1.9 Study Area 

Our study area is located in the southern part of Belgium, 

specifically in the Walloon region. Geographically, Wallonia lies at 

approximately 50°50'N latitude and 4°00'E longitude in Europe (Fig. 

1.12), and is divided into nine agro-geographical regions (Fig. 1.12 

background). These regions are classified based on biophysical 

conditions of the natural environment and the similarity of agricultural 
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systems, as described by the Walloon geoportal 

(https://geoportail.wallonie.be/catalogue/3ec1510b-7e87-4f92-ab8a-

22675249d84b.html).  

Soil data (Chapter 2) and management data (Chapter 3) were 

collected across this diverse region, allowing for a comprehensive 

assessment of agricultural practices. The soil predicted map in Chapter 

2 covers most of the Wallonia region, while the prediction of 

management practices in Chapter 3 is focused on the Hesbaye region, 

where is an agriculturally advanced area with fertile silt loam soils 

supports major crops such as cereals, sugar beet, potatoes, and flax. In 

Chapter 4, the model was run at the Lonzée Terrestrial Observatory, 

located at 50°33'05.7"N, 4°44'46.1"E in Belgium, recognized for 

having one of the longest and most complete data series on cropland 

in Europe. Finally, in Chapter 5, all available data were integrated to 

complete a landscape-scale case study. 

 
 

Fig. 1.12. Study area for each chapter of the thesis. 
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1.10 Thesis Outline 

General introduction of this thesis Chapter 1 

We use the DSM approach to predict the regional 

SOC distribution for the base period. Prepare 

environmental covariates and primarily focus on human 

influence factors. We also explore and analyze how 

different environmental covariates impact the spatial 

distribution of SOC at various spatial scales. 

Chapter 2 

Due to the complexity of predicting management 

practices at large scale, we first analyze this question 

before modeling temporal SOC changes. In this chapter, 

we use long-term series remote sensing data to establish 

several indicators and identify management practices 

such as cover crops, crop rotation and tillage practice. 

Chapter 3 

Using dataset from the long-term experimental site 

in Belgium (Lonzée Terrestrial Observatory), we 

simulate SOC changes at the Lonzée site from 2007 to 

2017, comparing the accuracy and uncertainty of using 

in-situ versus remote sensing boundary conditions on 

model simulations. 

Chapter 4 

We extend the model to the landscape scale, 

simulating changes in regional SOC stocks and 

calculating the carbon sequestration potential under 

different management scenarios. 

Chapter 5 

Conclusions, limitations and perspectives Chapter 6 
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 Chapter 2. 
Mapping SOC distribution using 

Digital Soil Mapping 

The content of this chapter was published in Zhou, Y., Chartin, C., 

Van Oost, K., van Wesemael, B., 2022. High-resolution soil organic 

carbon mapping at the field scale in southern Belgium (Wallonia). 

Geoderma 422, 115929. 

2.0 Outline 

Accurate soil organic carbon content estimation is critical as a 

proxy for carbon sequestration, and as one of the indicators for soil 

health. We collected 497 soil samples during 2015 and 2019, as well 

as five environmental covariates (organic carbon input from the crops, 

normalized difference vegetation index (NDVI), elevation, clay 

content and precipitation) at a resolution of 30 m. We then aggregated 

these to represent agricultural fields and compiled a soil organic 

carbon (SOC) content map for the agricultural soils of Wallonia using 

Gradient Boosting Machine. We calculated OC input from both main 

crops and cover crops for each individual field. As the cover crops do 

not occur in the agricultural census, we identified cover crops based on 

long time-series of NDVI values obtained from the Google Earth 

Engine platform. The quality of the SOC predictions was assessed by 

validation data and we obtained an R2 of 0.77. The Empirical Mode 

Decomposition (EMD) indicated that OC input and NDVI were the 

dominant factors at field scale, whereas the remaining covariates 
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determined the distribution of SOC at the scale of the entire Walloon 

region. The SOC map showed an overall northwest to southeast trend 

i.e. an increase in SOC contents up to the Ourthe river followed by a 

decrease further to the South. The map shows both regional trends in 

SOC and effects of land use and/or management between individual 

fields. The field-scale map can be used as a benchmark and reference 

to farmers and agencies in maintaining SOC contents at an appropriate 

level and optimizing decisions for sustainable land use. 

2.1 Introduction 

Soils constitute the largest terrestrial carbon pool and contain about 

two to three times more carbon than the atmosphere (Batjes,1996; 

Houghton, 2007). At the same time, soil organic matter is a main 

factor in aggregate stability, water retention and mineralization of 

nutrients (Robinson et al.,2012; FAO, 2015). Given the significant 

amount of carbon stored in the soil, a small change in the soil organic 

carbon (SOC) pool could exert significant impacts on the atmospheric 

CO2 concentration (Smith, 2008).  The Intergovernmental Panel on 

Climate Change (IPCC) Fourth Assessment Report stated that soil 

carbon sequestration is the main mechanism responsible for 89 % of 

the agricultural greenhouse gas mitigation potential (Smith et 

al.,2007). However, injudicious land use and management of 

agricultural land could result in decrease of SOC contents and a 

vicious circle of soil degradation and soil threat (Lal, 2015; Wiesmeier 

et al., 2018). In this context, an explicit and reliable quantification and 

spatialization of SOC content is of great importance for soil quality 

assessment, especially as a baseline for assessing the effect of 

regenerative agriculture.  

Soil property maps are increasingly becoming available because of 

digital soil mapping (DSM) initiatives throughout the world (Minasny 

and McBratney, 2016; Chen et al., 2022). DSM is an approach relying 



Chapter 2. Mapping SOC distribution using Digital Soil Mapping 
 

21 

on multivariate analysis between SOC and influential environmental 

covariates to construct soil maps using legacy soil data with 

multivariate regression, geostatistical and data mining methods 

(McBratney et al.,2003). The Scorpan model (McBratney et al., 2003), 

as an extension of Jenny’s equation (Jenny, 1941), is the core of DSM 

and can fit quantitative relationships between SOC contents and seven 

Scorpan factors (i.e. soil (other soil information), climate, organisms 

(including anthropogenic factors), relief, parent material, age and 

position) (Chen et al., 2018).The GlobalSoilMap initiative (Arrouays 

et al., 2014) is at the forefront of such efforts, with the ambitious goal 

of mapping soil attributes at a 90 m resolution in six standard depth 

layers. A large number of countries have already contributed to 

GlobalSoilMap (McBratney et al.,2003; Adhikari et al., 2013; Padarian 

et al., 2017; Aitkenhead & Coull, 2016; Viscarra Rossel et al., 2014; 

Mulder et al., 2016; Liu et al., 2022).  

    Such maps with broad geographic extent highlight patterns of 

soil properties such as SOC and are useful for assisting decision 

making at national and regional scales. Nevertheless, they do not 

provide enough detail for farmers in order to allow them to restore 

their most degraded soils or to be used in the framework of carbon 

accounting (Malone et al., 2017, 2018). The legacy data does not 

usually reflect the current SOC contents, and the 90 m grid cells are 

not fine enough to distinguish spatial heterogeneity within and 

between individual fields and finally, the effects of historical 

management at the field scale do not appear. In order to represent 

organism factors when modelling SOC, both continuous variables 

derived from temporal series of satellite images such as mean NDVI 

and net primary productivity (NPP), and categorical variables such as 

land use or vegetation types are used (Padarian et al.,2017; Liang et 

al., 2019). However, these covariates are not sufficient to deconstruct 

https://www.sciencedirect.com/science/article/pii/S0016706116309922?via%3Dihub#!
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the influence of anthropogenic activities (e.g.  crop rotation, cover 

crops, tillage) on SOC. 

For a more precise reconstruction of crop and land management 

factors, precision farming uses remote sensing usually based on 

dedicated proximal and remote sensing platforms (e.g. Internet of 

Things, Unmanned Aerial Vehicles, Unmanned Ground Vehicles 

(Weiss et al., 2020). Although hyperspectral remote sensing has 

proven its success in field-scale SOC mapping (Gomez et al., 2008; 

Castaldi et al., 2018), the technology is still too expensive and often 

restricted to small pilot zones. Recently, the increased free 

accessibility to remote sensing images (Sentinel 1 and 2, Landsat, 

Gaofen, etc.) at fine resolution allows deriving multiple environmental 

covariates. Meanwhile, easy access to data and emerging cloud 

computing platforms (Google Earth Engine, GEE) helps us to 

synergistically use these satellite data faster and simpler (Weiss et al., 

2020). The rapid acquisition of multiple time series of remote sensing 

images offers the possibility of describing the crop phenological 

evolution (Amin et al.,2021), cropping intensity (Liu et al., 2020) and 

the crop types (Piedelobo et al., 2019) of a single field. In parallel to 

this increase in available data, development of machine learning 

methods and deep learning algorithms also open the way for mappping 

soil properties at a finer resolution (Gholizadeh et al., 2018; Vaudour 

et al.,2019; Bousbih et al.,2019; Lin et al., 2020; Kumar et al., 2017; 

Castaldi et al., 2019).  However, most of these studies set spectral 

bands as covariates, and even though a good accuracy can be obtained, 

it is difficult to understand and explain the inherent mechanisms and 

relationships between bands and SOC content. 

The overall aim of this study is to create SOC maps under the 

DSM framework with high-resolution remote sensing data and derive 

new covariates (OC input from crop residues), that can distinguish the 

SOC content both at a field scale relevant for management decisions 

https://www.sciencedirect.com/science/article/pii/S0034425720304685#!
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and at the regional scale relevant for monitoring SOC contents as a 

proxy for soil health and agricultural greenhouse gas emissions. 

Simultaneously, we evaluate the covariates together with the scale at 

which they influence the SOC distribution. Meanwhile, with the aid of 

the interactive geospatial platform GEE and R, the SOC modelling 

procedure is optimized to the extent that it can be expanded to wider 

geographical areas in the future. Hence, trustworthy SOC maps will 

provide farmers with more detailed information about their fields and 

can be used as a baseline map for their decisions on sustainable soil 

management. 

2.2 Materials and Methods 

2.2.1 Study area and soil samples 

We focus on the southern part of Belgium, known as the Walloon 

Region (Wallonia). Wallonia is a landlocked region with a total area of 

16,901 km2. The elevation gradually increases from north-west to 

south-east together with the precipitation from 800 to 1400 mm, while 

the temperature (from 10 to 8 °C) shows an opposite trend (Fig. 2.1). 

A change from deep sandy loam and silty soils to shallow silt loam 

and stony soils occurs in the same direction, along with a shift from 

intense arable agriculture to more extensive cattle breeding (Chartin et 

al., 2017; Goidts and van Wesemael, 2007). The Meuse and its 

tributary the Sambre are rivers that divide Middle Belgium into a 

norther and southern part. The climate north of these rivers is marine, 

whilst the south of this axis is more continental. 

A total of 497 soil samples were collected between 2015 and 2019 

(Fig. 2.1 (A)), each composite soil sample (including 5 subsamples) 

was obtained within a circle of 4 m radius circle (the microsite) 

centred on the soil profile, recording the geographical coordinates and 

sampling date, as well as the land use type (cropland and grassland) 
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and some generalities about the management practices for each field. 

In cropland, the soil was sampled in the homogeneous till depth while 

in grassland was sampled around 15cm. The samples were first air-

dried, crushed, and passed through a 2-mm sieve, the total carbon 

content was determined by dry combustion using a VarioMax CN 

Analyzer (Elementar Analysensysteme GmbH, Hanau, Germany). The 

carbonate content of the samples that showed clear reactions with 10% 

HCl were determined using a modified pressure-calcimeter method 

(Sherrod et al., 2002), the SOC content was then calculated by 

subtracting the inorganic carbon content from the total carbon. 

 

Fig. 2.1. Digital elevation model of Wallonia and locations of 497 soil samples 

(A) (70% calibration samples in white and 30% validation samples in red) and 

21,551 external validation data (B) 

An external validation dataset of 21,551 SOC content records 

(2015-2019) was provided by REQUASUD (License No. A07/2021 & 

A03/2022, Fig. 2.1 (B)), a network of Walloon laboratories. The soil 

samples were collected to a depth of 25 cm in cropland and of 15 cm 

in grassland in a standard “W” shape per field, and were then 

thoroughly mixed to form a composite sample. Samples were air-

dried, crushed and sieved at 2 mm. SOC content was analyzed using 

both the Springer Klee method relying on oxidation of organic matter 

by potassium dichromate in a hot acid environment according to ISO 
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14235 and the dry combustion method according to ISO 10694, these 

two methods were considered as equivalent after inter-lab comparisons 

on specific samples. We did not use a soil depth function to harmonize 

soil data because the vertical distribution of SOC under deep inversion 

ploughing is relatively homogeneous (Priori et al., 2024). 

 

2.2.2 Environmental covariates:  

This study proposed a covariate to quantitatively characterize the 

OC input from crop residues of the main crop and cover crop. The 

procedure can be described as: 

1. Obtain OC input from main crops (section 2.2.1) 

2. Obtain OC input from cover crops (section 2.2.2) 

3. Calculate the total OC input (section 2.2.3) 

Please refer to section 2.2.4 for the acquisition of other 

environmental covariates  

2.2.2.1 OC input from main crops 

 We collected the data on the main crop sown (2015-2019) from 

the website of the Walloon Region (https://geoportail.wallonie.be/, 

Request No. 1612978328110 & No. 1612734897423). The main crop 

allotment information (include grassland) is updated annually and 

recorded as polygons based on declarations from farmers, on-site 

verification, or remote sensing checks.  

The organic C input to the soil for each crop (expressed in kg·C·m-

2) as well as the humification constant were extracted from the 

literature (Table A.1; Soil Service of Belgium & Ghent University, 

2006). We considered the effective carbon input from the crops, 

contributing to the buildup of SOC, to be the product of the OC input 

and the humification coefficient.  

https://geoportail.wallonie.be/
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2.2.2.2 OC input from cover crops 

Unfortunately, the website of the Walloon Region only specifies 

the main crop and does not provide information on the cover crop. We 

obtained time-series of NDVI values for a five-year interval for each 

field, removed the period during which the main crop grows based on 

the crop calendar, then identified whether cover crops are present or 

not based on the NDVI values from the remaining period. As it was 

not possible to determine the type of cover crop, we only obtained the 

number of winters during which cover crops were planted over the 

past five years. We then calculated the mean OC input for a cover crop 

based on the data for the cover crops typical for Belgium (Table A.1). 

A detailed description of the procedure is as follows: 

1. Obtain time-series of NDVI values from Google Earth Engine 

(Fig. 2.2): For the given study area, a defined time period (2015.01.01-

2019.12.31) and the cloud cover (<85%), three datasets were initially 

filtered out. The collection included Landsat 7 Surface Reflectance 

(SR) dataset (391 scenes), Landsat 8 SR dataset (433 scenes) and 

Sentinel 2 SR dataset (1707 scenes).  

After a more stringent cloud removal based on the image bands 

(detailed process in script path: 

https://code.earthengine.google.com/8fea476933a1238e3c20afad6c42

51d5), the following processes such as reprojection, resampling and 

co-registration were performed (Nguyen et al.,2019; Claverie et al., 

2018). As there is a slight difference between the red and NIR bands 

between Landsat 7, Landsat 8 and Sentinel 2, a band correction was 

applied. Finally, the time-series of NDVI values for the five-year 

period were exported in CSV format (Ujaval, 2020). 
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Fig. 2.2. Workflow of extracting time-series NDVI values in the Google Earth 

Engine. 

2. Remove NDVI value for the period during which the main crop 

grows (based on crop types and crop calendar): Multiple data sources 

were collected (German Weather Service, www.dwd.de) to define a 

crop calendar for each crop type. Only the start time of sowing and the 

date of harvest were required, then we removed the NDVI data for the 

period between these two dates. 

3. Judge the type of crop (summer/ winter): reclassify all crops to 

summer and winter crops, cover crops can only be grown during the 

winter preceding a summer crop. 

4. Calculate mean NDVI value for the period without a main 

crop, if mean NDVI bigger than 0.4, count 1, else count 0, finally the 

sum represents the number of cover crop seasons during the five-year 

period.  

Fig.2.3 shows a typical example for the identification of cover 

crops, where the green line reflects the NDVI values for one field 

during the 2015-2019 period. After obtaining the information of crop 

types and the corresponding crop calendar, five grey background 

blocks were added to the figure. For the remaining periods, if the 

mean values during the cover crop growth window were above 0.4, 

then it is identified as cover crop, and a green background block was 

added. 

http://www.dwd.de/
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Fig. 2.3. Typical example of the NDVI time series in a single field used to 

illustrate the identification of the frequency of cover crops (n=2). 

 

2.2.2.3 Total OC input calculation 

We calculated the total OC input from growing crops using the 

biomass input of each main crop, each cover crop and their respective 

humification constants, then averaged the summation using the years 

(Eq. 2.1) 

𝑂𝐶𝑖𝑛𝑝𝑢𝑡 =
(∑ 𝑂𝐶𝑖×𝐻𝐶𝑖)+𝑂𝐶𝑐𝑐×𝐻𝐶𝑐𝑐×𝑇𝑐𝑐

𝑛
𝑖=1

𝑛
, (2.1) 

wherey̅ 𝑂𝐶𝑖 is the supply of OC from crop residues, and 𝐻𝐶𝑖 is 

humification coefficient for year i (i=1, 2, …, n). 𝑇𝑐𝑐 is the number of 

cover crop during n years. 𝑂𝐶𝑐𝑐 and 𝐻𝐶𝑐𝑐 are the averaged OC and 

HC of cover crop. 

 

2.2.2.4 Other covariates 

In addition to the OC input, we collected a total of 15 covariates 

for agricultural land in the Walloon region that responded to the 

Scorpan model (Table 2.1). 
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Table 2.1. Covariates used for modeling SOC contents. (R: Resolution) 

Factors Covariates R Source 
T

er
ra

in
 

Elevation (DEM) 

30 m 

Google Earth Engine 

Slope 

SAGA GIS 

Aspect 

Curvature 

TRI (Terrain 

ruggedness index) 

TWI (Topographic 

wetness index) 

O
rg

a
n

is
m

 

NDVI (Normalized 

difference vegetation 

index) 

30 m Google Earth Engine 
LAI (Leaf Area Index) 

FPAR (Fraction of 

absorbed 

photosynthetically 

active radiation) 

OC input (Organic 

carbon input) 
30 m section 2.2.1~2.2.3 

Land use types 
Discr

ete 

https://geoportail.wall

onie.be 

Climate 
Temperature 

40 m Chartin et al., 2017 
Precipitation 

Soil 

Clay 

40 m Chartin et al., 2017 Silt 

Sand 

Terrain information at a resolution of 30 m was collected from 

the shuttle radar topographic mission (SRTM, NASA /USGS/JPL-

Caltech). We obtained the Digital Elevation Model (DEM) data from 

GEE and calculated other DEM derivatives (including slope, aspect, 

curvature, terrain ruggedness index (TRI) and topographic wetness 

index (TWI)) in SAGA (System for Automated Geoscientific 

Analyses) GIS. 

The NDVI during 2015 to 2019 were obtained through the GEE 

platform. The process is described in detail in the section 2.2.2. The 
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only difference is in the step of exporting the results (Fig. 2.2), where 

the five-year NDVI values were averaged and produced as raster data 

with a resolution of 30 m. Moreover, we computed the Fraction of 

absorbed photosynthetically active radiation (FPAR) using NDVI 

data and Leaf Area Index (LAI) using soil adjusted vegetation index 

(SAVI) data. The specific formula and steps can be found in Allen et 

al. (2007) and Sellers et al. (1996). 

 Based on ground meteorological stations data from Belgium, 

Netherlands, Germany, France and the Grand Duchy of Luxembourg, 

precipitation and temperature was predicted at a resolution of 40 m 

using thin-plate splines regression, with elevation introduced as an 

auxiliary variable in the modelling. The smoothing parameters were 

selected automatically by generalized cross-validation (Fig. 2.4C; 

Chartin et al., 2017). 

 From 1949 to 1965, the National Soil Survey (NSS) of Belgium 

was carried out, with over 13,000 soil profiles described and 

analyzed. A digitized legacy database known as "Aardewerk" was 

compiled (Van Orshoven et al., 1988), which contains soil texture 

data. Using 6129 soil profiles from this database, Chartin et al., 2017) 

developed soil texture maps (40 m, including sand: 50 μm–2 mm, 

silt: 2–50 μm, clay: < 2 μm) by regression kriging (Fig. 2.4D). 

Data for land use types (cropland and grassland) were also 

obtained from the website of the Walloon Region 

(https://geoportail.wallonie.be/, Request No. 1612978328110 & No. 

1612734897423). All raster layers of environmental covariates were 

masked by agricultural region and resampled to 30m grid, then the 

averaged values were calculated for each field. 

2.2.3 Model Development 

2.2.3.1 Principle of Gradient Boosting Machine 
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Gradient Boosting machine (GBM) is a highly flexible and 

powerful machine learning technique which was originally derived by 

Friedman (2001). It can cater to many particular data-driven task 

(Natekin & Knoll, 2013), and has shown superior predictive capacity 

and considerable success in both data-mining challenges and soil 

property modelling (Pittman and Brown, 2011; Johnson & Zhang, 

2014; Mishra et al., 2020). GBM produces a regression or a 

classification model in the form of an ensemble of a series of weak 

and inaccurate learners. In an incremental, additive and sequential 

manner, GBM consecutively fits new models to minimize the loss 

function and thus provide a more accurate estimation of the response 

variable. 

The GBM framework provides flexibility, practitioners can 

design loss functions and choose several hyperparameter tuning 

options, which is one of the greatest advantages of GBM (Natekin & 

Knoll, 2013). GBM has been shown to outperform random forest in 

predict time and accuracy when parameters are carefully tuned 

(Chong, 2022; Sharma, 2015). But at the same time, the high 

flexibility leads to many parameters interacting with each other and 

heavily influencing the prediction. This increases the importance and 

difficulty of parameter adjustment. 

The implementation of GBM in R can be realized with gbm R 

package. We constructed a grid of hyperparameter combinations 

(including shrinkage, depth of interaction, trees terminal nodes, 

fraction of bagging, trees), and performed a grid search to iterate every 

combination of hyperparameter values (Table A.2) rather than 

manually tweaking hyperparameters one at a time. Based on the 

minimum RMSE of the out-of-bag (OOB) data, we could retrieve our 

optimal combination of hyperparameters and train the subsequent 

models (UC Business Analytics R Programming Guide, 2018). 
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2.2.3.2 Model Calibration and Validation 

Conditioned Latin Hypercube Sampling (CLHS, Roudier et al., 

2012) is an efficient stratified random sampling method which can 

cover the entire range of the ancillary variables (Minasny & 

McBratney 2006). Based on the coordinates (Latitude and longitude) 

and SOC contents of the samples, CLHS was employed to split the 

data into a calibration and validation dataset with a similar spatial and 

SOC distribution.  Thus, the soil samples (n=497) were partitioned 

into calibration dataset (70%, n=348) and validation data (30%, 

n=149).  

Using the initial optimal combination of parameters derived from 

section 2.2.3.1, the model was first developed using all covariates 

(‘full model’) with calibration data, the model performance was 

evaluated by 10-fold cross-validation by means of three commonly 

suggested indices: (the determination coefficient (R²), the root mean 

squared error (RMSE), the mean error (ME) and Ratio of Performance 

to Deviation (RPD) see. Eq. 2.2-2.5).   

𝑅2 = 1 −
∑ (𝑦𝑖−𝑓𝑖)2𝑛

𝑖=1

∑ (𝑦𝑖−�̄�)2𝑛
𝑖=1

, (2.2) 

𝑅𝑀𝑆𝐸 = √
∑ (𝑦𝑖−𝑓𝑖)2𝑛

𝑖=1

𝑛
, (2.3) 

𝑀𝐸 =
∑ (𝑦𝑖−𝑓𝑖)𝑛

𝑖=1

𝑛
, (2.4) 

𝑅𝑃𝐷 = √

1
𝑛 − 1

∑ (𝑦𝑖 − �̄�)2𝑛
𝑖=1

1
𝑛

∑ (𝑦𝑖 − 𝑓𝑖)2𝑛
𝑖=1

 (2.5) 

where y̅ is the mean of the measured data, and 𝑦𝑖 and 𝑓𝑖 are measured 

and predicted values for sample i (i=1, 2, …, n) respectively. 

Then, we removed covariates one by one from the ‘full model’ 

and measured new simplified models’ accuracy, and deleted these 
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covariates if there was no change or a gain in model accuracy. At the 

end, precipitation, OCinput, NDVI, DEM and clay were chosen as the 

final model input covariates (Fig. 2.4). 

 

Fig. 2.4. Maps of Covariates (A)OC input (B)NDVI (C)Precipitation (D)Clay 

content. Red line: a transect selected for section 2.2.4 

A further hyperparameters grid search was conducted using these 

five covariates to derive the best combination of parameters 

(shrinkage=0.05, depth of interaction=7, trees terminal nodes=8, 
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fraction of bagging=0.8, trees=500 (default)) and we constructed the 

final model. Following the completion of the modeling phase, the 

accuracy for the 10-fold cross-validation was obtained for the 

calibration dataset and then the model performance was evaluated 

using both the validation data and an external validation dataset. 

2.2.3.3 Uncertainty Assessment (bootstrapping) 

To measure and quantify the uncertainty of the predictions, we 

generated 50 GBM models based on non-parametric bootstrapping to 

calculate the prediction interval (Malone et al., 2011). Hence, we 

derived 50 predictions for each field. The mean value of the 50 maps 

were calculated as the final map, while the variance of the 50 maps as 

well as the mean squared error (MSE) estimated from the validation 

data was used to quantify the uncertainty (Malone et al., 2016). For 

each field, the 90% prediction interval is the square root of the overall 

prediction variance multiplied by the z-score value of 1.645 that 

corresponds to a 90% confidence level. (Eq. 2.6-2.10). 

where 𝑉𝐴𝑅𝑎𝑙𝑙 is the variance of the 50 times bootstrap predictions, 

𝑀𝑆𝐸𝑣𝑎𝑙𝑖 is the mean square error estimated from the validation data 

(we use different MSE values for cropland and grassland), 𝑆𝐸 is the 

standard error, 𝑀𝐸𝐴𝑁𝑏𝑜𝑜𝑡 is the mean bootstrap prediction, 𝑈𝑃𝐿, 𝐿𝑃𝐿 

and 𝑃𝐼𝑅 mean upper prediction limit, lower prediction limit and 

prediction limit range. 

In addition, the Prediction Interval Coverage Probability (PICP, 

Malone et al., 2011) were calculated to validate the prediction interval. 

 𝑉𝐴𝑅𝑎𝑙𝑙 = 𝑉𝐴𝑅𝑏𝑜𝑜𝑡 + 𝑀𝑆𝐸𝑣𝑎𝑙𝑖   (2.6) 

 𝑆𝐸 = √𝑉𝐴𝑅𝑎𝑙𝑙 ∗ 1.645  (2.7) 

 𝑈𝑃𝐿 = 𝑀𝐸𝐴𝑁𝑏𝑜𝑜𝑡 + 𝑆𝐸 (2.8) 

 𝐿𝑃𝐿 = 𝑀𝐸𝐴𝑁𝑏𝑜𝑜𝑡 − 𝑆𝐸 (2.9) 

 𝑃𝐼𝑅 = 𝑈𝑃𝐿 − 𝐿𝑃𝐿 (2.10) 
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The algorithm counts the percentage of the validating observed data 

within the respective prediction limits. Ideally the PICP is close to 0.9 

for a 90% prediction interval, indicating that the uncertainty was 

correctly assessed.  

2.2.4 Empirical mode decomposition  

Empirical Mode Decomposition (EMD) is a method of signal 

decomposition which was introduced by Huang in 1998. The 

nonstationary and nonlinear signals are adaptively decomposed into 

intrinsic mode functions (IMFs) of different frequencies without 

setting of basic functions. Geospatial data are often nonstationary and 

nonlinear, which allows EMD to be applied to reveal attribute 

variation at different spatial scales. (Hu & Si, 2013; Zhou et al., 2021; 

Gong et al.,2020; Stallone et al., 2020) Within the study area, a 

transect (Fig. 2.4A red line) was created from northwest to southeast. 

This transect is 138.5km long and sampling points were created along 

the transect at 350m intervals. These sampling points were used to 

extract SOC contents from the final SOC map and covariate values 

from the covariate maps. Signal decomposition was performed on the 

SOC signals, then we calculated the correlation between SOC and 

environmental variables at different scales (i.e. IMFs). 

2.3 Results                                                                                                                                                                                                                               

2.3.1 Descriptive statistics 

 The average SOC contents in the topsoil of the Walloon region 

were 17.45 g·kg-1, ranging from 6.68 to 63.61 g·kg-1 (Table 2.2). The 

calibration and validation datasets were comparable, with similar 

mean SOC contents and quantile values. Both datasets included 

extreme high and low SOC values, which can ensure the model is 

valid over a considerable range of SOC values. The external validation 

dataset showed a much lower mean and smaller range of SOC 
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contents compared with our sampled data because this dataset is 

almost entirely cropland data.  

Table 2.2. Summary descriptive statistics of measured SOC content (g·kg-1) in 

calibration and validation datasets. 

Dataset All Calibration Validation 
External 

validation 

n 497 348 149 21,551 

Min 6.68 6.98 6.68 3.00 

Q25 10.05 9.94 10.34 11.00 

Q50 11.79 11.66 11.95 13.00 

Mean 17.45 16.96 18.15 13.85 

Q75 17.14 16.44 19.99 15.00 

Max 63.61 60.21 63.61 56.00 

SD 12.33 12.08 12.49 4.78 

Land

use 

Cropland 386 276 110 21,468 

Grassland 111 72 39 83 

 

2.3.2 Model performance 

 The SOC predictions were satisfactory with most points close to 

the 1:1 line in a predicted/observed graph (Fig. 2.5), a R2 value of 

0.77, a RMSE of 6.14 g·kg-1, a RPD of 2.0 and a ME of -0.20 g·kg-1, 

the ME value indicates a slight overestimation. One obvious problem 

of the results was overestimating predictions low values (< 8 g·kg-1) 

and underestimating high values (> 45 g·kg-1).  It is clear that the 

standard deviation is small for low SOC values and large for higher 

values. 

     For the external validation dataset, the scatter plot between the 

observed and predicted SOC values as well as the histogram of each 

point’s residue were plotted in Fig. 2.6. The R2 value was much lower 

than the R2 of the validation data, but this is reasonable given the 

narrower SOC distribution of the external validation dataset compared 

to the one used for model construction, as well as the different 

sampling protocols employed for validation (point scale) and external 
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validation (field scale). The small RMSE (4.3 g·kg−1) also indicated a 

good model performance. The histogram showed an unbiased 

Gaussian-like distribution with an average value of -0.2 g·kg−1. Given 

the size of the external dataset (n=21,551), the prediction was only 

slightly biased with a mean error of -0.2 ± 4.3 g·kg−1. 53% of the 

points have residues less than 2 g·kg−1, and 80% have residues less 

than 4 g·kg−1. 

 

Fig. 2.5. Predicted vs. observed SOC contents of validation dataset (n = 149) 

(red line is the 1:1 line). The error bars are the standard deviations obtained by 

the bootstrapping. 

 

Fig. 2.6. Predicted vs. observed SOC contents of external validation dataset (n = 

21,551) (red line is the 1:1 line) and the histogram of the residues. 
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The PICP value was 0.94 for cropland and 0.89 for grassland, 

close to the ideal value of 0.9, indicating that the prediction interval 

was a reasonable assessment of the prediction uncertainty. The values 

indicate a potential slight underestimation of prediction intervals for 

grassland and overestimation for cropland. 

2.3.3 Importance of covariates 

The GBM models generate the relative importance of each 

covariate during the modelling process, which is related to the degree 

to which the variation in a single covariate affects the accuracy of the 

prediction. Fig. 2.7 shows the importance of the covariates in 50 

simulations in the form of raincloud plot. Among the five covariates, 

NDVI is the most important one, followed by OCinput, Precipitation, 

Clay content and DEM. However, there is some correlation between 

the factors, although it does not influence the model accuracy, it will 

cause confusion when assigning coefficients to a single tree learner, 

thus the interpretation of covariates importance loses its reliability.  

 

Fig. 2.7. The raincloud plot of the covariates’ importance in 50 simulations, 

including an illustration of importance distribution (the cloud) with the raw data 

(the rain). 
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We further explored the relationship between covariates and 

SOC contents at different scales using the EMD approach (Fig. 2.8).  

 

Fig. 2.8. Original SOC signal, residue and four IMFs of EMD, and correlation 

coefficients with covariates. (IMF: Intrinsic mode functions; EMD: Empirical 

mode decomposition)  
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The results of EMD for the SOC contents along the transect can 

be used as an additional explanation for the importance of the 

covariates. The original SOC signal with its residue and IMFS is 

displayed in the right part of Fig. 2.8 and correlation coefficients with 

covariates in the left part. First, from northwest to southeast, the SOC 

content shows an overall trend (residue part of EMD) of continuously 

increasing and then decreasing. This global trend showed a strong 

correlation with all factors. For Clay content, DEM and precipitation, 

the correlation coefficients with residue part were higher than those 

with the original SOC signal, suggesting that these three covariates 

influence the distribution of SOC at the scale of the entire region. 

After removing the influence of the global trend (IMF 4), NDVI and 

OCinput can capture the variability of SOC contents at field scale 

(around 0.7km) with a relationship value at 0.57 and 0.48.  

 

2.3.4 Mapping SOC content and its uncertainty 

Finally, we constructed a SOC map of a large part of the Walloon 

region at 30 m resolution (Fig. 2.9(A)).  The regional map clearly 

shows the global distribution of SOC content, increasing first and then 

decreasing from northwest to southeast, with a mean value of 28.4 

g·kg−1, a minimum of 6.6 g·kg−1 and a maximum of 60.3 g·kg−1. The 

SOC contents varied considerably and were distributed unevenly. The 

two river systems (Sambre-Meuse and Ourthe) divide the entire region 

into three gradients of SOC, with the lowest values to north of the 

Sambre-Meuse river system where croplands dominate, and the 

highest SOC to the south and east of the Ourthe river with mainly 

grasslands. We meanwhile mapped the spatial distribution of the 90% 

prediction limit range based on 50 times bootstrapping (Fig. 2.9(B)). 

Northern areas with a large number of soil samples have lower 

uncertainty and narrower prediction ranges, mostly less than14 g·kg−1. 

In contrast, the south and east of Walloon region has few soil 



Chapter 2. Mapping SOC distribution using Digital Soil Mapping 
 

41 

observations, therefore prediction intervals are broader than in more 

densely sampled areas. Future sampling efforts should focus on the 

blue areas (mainly grassland) to minimize the existing uncertainty in 

surface SOC modelling. 

 

Fig. 2.9. Spatial distribution of (A) mean SOC content and relative 90% 

prediction limit range (B), zoomed to a smaller region (C) with its interquartile 

range (D), and land use map (E). The white areas are forests or built-up areas. 

We also produced a detailed SOC map for an area north of the 

Sambre-Meuse river system (Fig. 2.9 (C)) together with its 

interquartile range (Fig. 2.9 (D)) and land use (Fig. 2.9 (E)). The 

distinction between fields is clear and for many fields SOC contents 
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and their corresponding prediction intervals are different from 

neighboring fields. In general, cropland fields have lower SOC values 

and smaller prediction limit ranges than grasslands. 

 

2.4 Discussion  

2.4.1 Quality of the Prediction 

We compared our model to other published research and 

discovered that our prediction outperformed previous models applied 

in similar regions or at the similar scale. Meersmans et al. (2011) used 

multiple linear regression models to build the SOC concentration 

maps in the top 0.3 m of 1960 and 2006 for entire Belgium. For the 

1960s legacy dataset, their R2 was 0.42 and for the dataset of 2006 

their R2 reached 0.65. Chartin et al. (2017) obtained a reliable SOC 

stock map (2004-2014) for the Walloon region based on Generalized 

Additive Model with an R2 of 0.64.  

Many other regional SOC maps have become available at high 

resolution (10-30 m) in recent years, triggered by free high-resolution 

remote sensing data. In order to assess Sentinel-2's ability to predict 

topsoil properties, Vaudour et al. (2019) chose two contrasting 

pedoclimatic environments in France: one temperate region 

(Versailles Plain) and one Mediterranean region (Pène Valley) and 

built SOC models based on partial least squares regressions with R2 of 

0.56 and 0.02 respectively. Zhou et al. (2020) employed DEM 

derivatives, Sentinel-1, and Sentinel-2 data to map SOC content for 

the southern part of Central Europe (encompassing Slovenia and a 

small portion of Austria and Italy), and the boosted regression trees 

beat other machine learning approaches with an R2 of 0. 57. 

Hence, we successfully predicted SOC content for the Walloon 

region with a GBM model and a series of covariates and obtained a 
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validation R2 value (0.77) that was slightly higher than the one for the 

studies mentioned above (R2 range from 0.02 to 0.7). Furthermore, the 

SOC map for the Walloon region not only provides a higher spatial 

resolution (field scale) but is also more recent (2015-2019). Thus, we 

confirm the effectiveness of our entire workflow and model procedure 

for large-scale and high-resolution digital soil mapping. 

In addition, the better performance for croplands (RMSE=3.2 

g·kg-1) than grassland (RMSE=10.4 g·kg-1) can be explained because 

of the more detailed information on OC input.  After all, for croplands, 

data such as the crops grown each year, an estimate of their biomass 

input to the soil and whether a cover crop was cultivated are available. 

For grasslands there is no quantitative data on biomass input, 

composition of the grazing intensity or number of cuts when mown. 

 

2.4.2 SOC map products and its possible opportunities 

2.4.2.1 Zoomed into the field scale 

One of the key accomplishments is the ability to continuously 

zoom in on the SOC map, down to the field scale and clearly 

demonstrate the difference in SOC content (Fig. 2.9). We compared 

our maps to published open-access SOC maps of the Walloon region 

(https://geoportail.wallonie.be/), by zooming in to agricultural 

landscapes north and south of the Sambre-Meuse river system (Fig. 

2.10). The Walloon SOC map (A2/B2) followed the same broad 

patterns as our map (A1/B1), with small patches of high SOC values 

in the grasslands. The Walloon SOC map shows an overall trend of 

SOC distribution, for example, in A2, there are low values in the 

northern part and high values in the southern part. Evidently, it cannot 

give a good indication of the differences between fields when 

compared with the field-scale map.  
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Fig. 2.10. Comparison of zoomed SOC content maps from our work (A1) (B1) 

and the Walloon SOC map (A2) (B2). 

After all, no specific covariates were employed in the modelling 

procedure to represent the difference across the fields. Moreover, the 

coarse pixels do not always represent a single field. As a result, The 

Walloon SOC map, designed for evaluating the state of the soils in the 

entire Walloon region, is less specific in details and not sufficient to 

characterize the spatial distribution pattern of SOC at the field scale.  
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Our work will not only address the gap by providing a credible SOC 

map for the Walloon region but will also allow SOC maps to finely 

characterize the field scale. This approach provides a baseline map 

both for farmers making management decisions about their fields, and 

for authorities evaluating the state of the environment. 

We selected two typical fields which were characterized by 

slightly higher SOC contents than the surrounding fields, whereupon 

we listed the crop types of these plots (red border) and the neighboring 

plots (blue border) over the last five years (Fig. 2.10 and Table 2.3).  

Table 2.3. Crop types and total OC input (include CC) in the field over a five-

year period. (CC indicates the existence of a cover crop after the main crop) 

Zone Type 2015 2016 2017 

A 
typical Maize silage Winter wheat grassland 

Contrast Potato Winter wheat Peas 

B 

typical 
Winter wheat 

(CC) 
Flax Winter wheat 

Contrast Winter wheat Potato 
Winter wheat 

(CC) 

Zone Type 2018 2019 
OC input 

(kg·C·m-2) 

A 
typical grassland grassland 3.77 

Contrast Sugar beet beans 2.23 

B 

typical 
Winter 

rapeseed 
Winter wheat 2.96 

Contrast Flax Sugar beet 2.70 

 

The field with high SOC content in zone A was converted from 

cropland to grassland in 2017, while the neighboring field remained 

under cropland. This in agreement with Lugato et al. (2013) who used 

the CENTURY model to simulate the carbon sequestration potential 

of different management practices on 12%-28% of European arable 

land, and the results showed that the change in land use from arable to 

grassland had the highest carbon sequestration potential with respect 
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to all the others simulated practices. Poeplau & Don (2013) also stated 

that conversion from cropland to grassland resulted in an average SOC 

accumulation of 17 ± 5 Mg ha-1 SOC in the topsoil (0-30 cm). 

For the field in Zone B, the high SOC value is due to the higher 

OC input over the five-year period. The typical field had four crops 

(cereals and rapeseed) with a high OC input, while the neighboring 

field had only two high OC input crops (cereals). It is generally well-

known that increase in C inputs is the most efficient strategy to 

enhance SOC stocks (Fujisaki et al., 2018; Martin et al., 2021). In 

addition, FAO pointed out that rotation of at least three different crops 

(including repetitive wheat, maize or rice) will alter pest cycle, 

diversify rooting patterns and rooting depth and finally increase 

humus formation and reduce risk of pest and weed infestations (Palm 

et al.,2014; FAO, 2011; West & Post, 2002). One fundamental 

principle of conservation agriculture is keeping the soil covered, when 

the gap between harvesting one crop and establishing the next is too 

long, cover crop would be cultivated. Cover crops aid in the 

accumulation of organic matter in the surface soil horizon by reducing 

water losses, weed infestation and promoting biological soil tillage 

through their rooting (Alvear et al. 2005; Hobbs et al., 2007). 

These two fields adequately reflect the positive impact on SOC 

contents due to different management practices. It can not only serve 

as a reference for agricultural stakeholders in achieving their multiple 

goals (e.g. improve soil productivity, increase soil carbon 

sequestration, mitigate greenhouse gases), but also offer the possibility 

of monitoring the implementation of conservation agriculture policies. 

In addition, within some zoomed-in areas, we attempted to 

investigate the relationship between land use history and SOC 

contents of the fields (Fig. 2.11). Copernicus CORINE Land Cover 

data (100 m) for the study area were downloaded from GEE for a total 
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of five periods (1990, 2000, 2012, 2016 and 2018). Some fields 

changed from forest to agricultural land between 1990 and 2000 (Fig. 

2.11. red plots). We summarized the SOC contents of these fields and 

their neighboring paired fields.  The SOC mean value of these fields 

cropped for more than 30 years (blue fields) were 16.9 g·kg−1, which 

was obviously smaller than the recently deforested fields (red fields) 

of 24.3 g·kg−1. This result demonstrated the declining SOC trend 

following the conversion from forest to cropland. Villarino et al. 

(2017), Berihu et al. (2017) and Osinaga et al. (2018) also confirmed 

this perspective in their study. According to Villarino et al. (2017), 10 

years of cropping after deforestation will bring roughly 30% SOC loss 

at 0–30 cm depth. It's worth noting that carbon losses are not limited 

to the topsoil, but also affect the vertical SOC distribution and deeper 

SOC stock, ultimately contributing to the greenhouse gas inventories. 

 

Fig. 2.11. The distribution of SOC content (g·kg−1) (A) in an area with recent 

land use change (B): land use in 1990, (C): land use in 2000. 

 

2.4.2.2 Application example of SOC products for Belgium: 

derived soil aggregate stability class map 

In addition to serving as a baseline map to provide farmers and 

agencies with SOC information on agricultural land, the SOC map as 

well as the bootstrapped predictions can be further calculated to have 

additional applications. 
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We compiled an aggregate stability class map (Fig. 2.12) from the 

final SOC map and the threshold given by Shi et al. (2019).  

 

Fig. 2.12. Map of different aggregate stability classes (i.e. highly unstable, 

unstable and stable) and histogram of misclassification potential (The 

probability of not belonging to the current class among the 50 predicted results, 

negative values indicate downgrading). 

Based on the assessment and analysis of soil aggregate stability in 

the Belgian Loam Belt, they raised two critical SOC thresholds (i.e. 15 

g·kg-1 and 20 g·kg-1) to separate the aggregate stability into “Stable”, 

“Unstable” and “Highly unstable” classes Considering the prediction 

errors, potential misclassification risk was also calculated based on 50 

times bootstrapping predictions (percentage of prediction that 

over/under the 20 g·kg-1 limit for (Unstable/ Highly unstable)/ Stable 

class).  

In 169,512 agricultural fields of our study, 67% of them are 

"Stable," 69% of these stable fields are entirely stable (all 50 times 

predictions were bigger 20 g·kg-1, potential=0), and mostly distributed 

in the eastern and southern regions. In addition, 9% of the plots were 
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“Unstable”, with 24% being “Highly unstable”, and the probability 

that these fields are misclassified stable fields is also extremely small 

(only 0.4% has potential more than 50%). These fields were mainly in 

the northwest region, which is a hotbed of intensive agricultural 

practice. These soils have low physical stability and are more 

susceptible to surface crusting, soil erosion, and soil degradation 

(Loveland & Webb, 2019). Furthermore, crop yields in agricultural 

land may decrease due to the soil's reduced capacity to recycle 

nutrients, which may lead to a decrease in crop residue’s SOC input 

into the soil. A vicious cycle is set in motion. It demonstrates the 

critical importance of maintaining appropriate levels of SOC, which 

can be achieved through fallowing, conversion to grassland or forest, 

and reasonable organic inputs (Abiven et al., 2009). 

2.4.2.3 Uncertainty assessment and its monitoring implications 

The assessment and communication of uncertainty is an open 

challenge (Arrouays et al., 2020; Chen et al., 2022). Uncertainty 

should be able to provide reliable information and guidance to policy 

makers and other stakeholders, not just scientists and modelers 

(Poggio et al., 2021). It's also debatable if the GlobalSoilMap 

specifications’ requirement of 90% prediction intervals (PIs) is 

necessary (Chen et al., 2022). Andries et al., (2021) conducted a series 

of semi-structured interviews with experts in soil health and policy, 

nearly 70% respondents expressed PICP should be greater than 90%, 

and 15% respondents considered 70% is acceptable. While according 

to Helmick et al. (2014), the actual width of 90% intervals may be 

bigger than the need of practical application. A PIs of 75% may be 

sufficient to support a decision. 

Furthermore, a single PIs value appears to be of limited utility for 

expressing and understanding uncertainty. The communication of 

uncertainty will be more effective when the consequences of 
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uncertainty (e.g., subsequent sampling design, change monitoring) are 

delivered as a final product (Arrouays et al., 2020; Chen et al., 2022). 

It's worth noting that change monitoring on a temporal scale is 

difficult for regional SOC content with relatively high RMSE and 

wide PIs in each pixel (Kempen et al., 2018). At the level of resolution 

of the grid, the uncertainty is big, for example, we calculated 90% PIs, 

adding or subtracting the limit range to the current SOC predictions 

will result in an unreasonable SOC level, thus also lead to the 

meaningless of calculating the time when the SOC changes can be 

detected based on this. Monitoring over time may be achieved by 

using narrower PIs or aggregating to higher geographical levels. 

Kempen et al. (2018) clarified that predictions could be aggregated at 

the level of land cover classes, geographic regions, or climatic regions, 

which will reduce the uncertainty associated with the predictions and 

allow for the detection of changes over time. 

2.4.3 Controlling factors of SOC patterns 

We used EMD to classify the effects of environmental covariates 

on SOC distribution at two scale ranges, Walloon region and field-

scale controls, allowing us to better understand the role of various 

covariates.  

At the scale of the Walloon region, climate, topography, soil 

texture and biomass shaped the overall pattern of SOC contents’ 

spatial distribution. In agreement with the literature, SOC contents 

show a significant positive correlation with elevation, rainfall, and 

clay content. The increase in altitude brings a decrease in temperature, 

which slows down the activity of microorganisms in the soil and the 

rate of mineralization as well, resulting in a further accumulation of 

total SOC (McBratney et al., 2003; Tashi et al.,2016; Ali et al., 2017). 

Precipitation determines net primary productivity and thereby affects 

the litter carbon pool and soil carbon pool (Wiesmeier et al., 2019; 
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Giardina & Ryan, 2000; Follett et al., 2012). However, rather than 

precipitation alone, water balance (and its proxy, the ratio of 

precipitation to evapotranspiration) plays a more critical role in 

regulating decomposition rates (Yang et al., 2002). For example, in 

Chapter 4, both precipitation and open pan evaporation jointly 

influence soil carbon decomposition rate. This factor is often 

overlooked in commonly used DSM covariates and should be 

integrated into future work. With increasing clay content, a decrease 

in decomposition rates was reported (Giardina et al., 2001).  

At the field scale, the results show that OCinput and NDVI play a 

dominant role in the distribution of SOC, with an influence distance of 

0.7 km. Some SOC models, in particular the ones that characterize 

SOC mineralization with first-order kinetics, imply that steady-state 

SOC stocks are proportional to C inputs (Paustian et al., 1997; Martin 

et al., 2021). Chenu et al., (2019) suggested that management practices 

influence SOC stocks by increasing SOC inputs (e.g. crop rotations, 

agroforestry, cover crops, crop residue return) to soil and decreasing 

SOC losses (e.g. no tillage, water management, decreasing erosion 

rates). We quantified the factors of carbon input at the field scale but 

unfortunately could not address the factors related to SOC losses.  In 

addition, Stevens et al. (2015) decomposed variability of soil 

properties by spatial scales using filtered kriging and the results 

obtained agreed with our work, i.e. the environmental factors related 

to field/farm management control the SOC variability at short range, 

equals 700m. Meanwhile, we obtained some information on the 

structural characteristics of agricultural holdings via Eurostat 

(https://ec.europa.eu/). As an agricultural census, The European Union 

started Farm structure survey (FSS) from 1966. In FSS 2013, the 

averaged utilized agricultural area of each holding in Walloon region 

was 54.9 ha. Assuming that the management area is a square, the side 

length would be 740m, which is also compatible with the spheres of 

https://ec.europa.eu/
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influence of OCinput and NDVI obtained above. This result is 

reasonable since each holding would generally adopt the same 

management practices within its jurisdiction. 

2.4.4 Limitations and future perspectives 

First, the fundamental issue is a scarcity of well-distributed 

soil samples within the study area. The point observations exhibited 

distinctly “cluster” zones in northern Walloon region, where the 

cropland fields are often under intensive management, thus the dataset 

and model developed are more represented by fields under intensive 

practices and have poorer prediction performance for fields in the 

south. Also, the results of standard cross-validation will be heavily 

influenced by the performance in high sampling density areas and 

resulting in an overly optimistic view of model accuracy (Poggio et 

al., 2021; Meyer et al., 2018). Hence, proper sampling strategy 

(Minasny & McBratney 2006), declustering of the data (Deutsch and 

Journel, 1998) or spatial cross-validation (Ploton et al., 2020; Meyer et 

al., 2018) should be explored further. 

Second, another major limitation of this study is directly using 

the crop type data provided by the agricultural census and OC input 

data from the literature. However, in practice, the accuracy of 

recording crop types is not fully guaranteed, and a midway shift in 

harvest practices may not always be recorded in detail. For example, if 

a grain maize was originally planted, which is usually harvested in 

November, but the farmer may harvest the maize as maize silage 

earlier based on yield estimates or a change in actual demand. The 

difference is not particularly significant for the farmer, but the 

difference in carbon input between these two harvesting methods is 

significant (almost twice; Table A.1). One way to address this 

problem is to check crop residues after harvest based on remote 

sensing images using indicators such as The Normalized Burn Ratio 
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(NBR2) index (Demattê et al., 2018; Dvorakova et al., 2020). Another 

solution is to conduct crop classification for each field with long time 

series satellite images (Piedelobo et al., 2019; Kussul et al., 2017).  

Finally, not all management practices have been considered. On 

one hand, the amount of manure and compost applied to the fields is 

lacking, which is an important source of organic carbon input. One the 

other hand, minimum mechanical soil disturbance is one of the main 

principles of conservation agriculture which was not mentioned earlier 

and considered in this work either. Less intensive tillage practices and 

no tillage can mitigate negative impacts on soil quality and preserve 

SOC (West & Post, 2002; Haddaway et al., 2017). So, is it possible to 

identify tillage or no tillage at field-scale with satellite images? 

Examples show that if ploughing occurs immediately after the harvest, 

the NDVI will show another small drop based on the original lowest 

point. With the help of SAR backscatter data of Sentinel-1 and optical 

NDVI data of Sentinel-2 (Satalino et al., 2018), tillage detection is 

feasible in further research and will be practically useful.  

2.5 Conclusion 

We characterized spatial patterns in soil organic carbon content 

and the accompanying modeling uncertainties for part of the Walloon 

region. We comprehensively summarized the modelling results and 

analyzed the covariates at different scales:  

1. Using the GBM model, a reasonable result was obtained, which can 

explain 77% of the variance in the SOC contents for Wallonia, but 

there is still obstacle gap between the " validation accuracy" and 

policy requirements. 

2. Farm-scale maps can make up the gaps in existing DSM work, not 

only by providing more accurate SOC contents for each field, but 

also by analyzing and documenting management practices. Proper 
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crop rotation, conversion to grassland and sowing of cover crops 

all contribute to organic carbon accumulation. 

3. Climate, topography and soil texture factors shape the distribution 

of SOC contents across the Walloon region, the differences 

between fields are more likely to be generated by differences in 

organic carbon inputs from crop residues. 

The results of this study are able to improve understanding the 

controlling factors for SOC contents at different scales and serve as a 

baseline field-scale map to monitor SOC dynamics, formulate land 

management strategies and support economical- agricultural policy. 
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 Chapter 3. 
Mapping conservation agriculture 

fields and management practices 

The content of this chapter was submitted as Zhou, Y., Ferdinand, M., 

van Wesemael, J., Dvorakova, K., Baret, P., Van Oost, K., van 

Wesemael, B., 2024. A framework for mapping conservation 

agricultural fields using optical and radar time series imagery (Under 

review) 

3.0 Outline 

The importance of conservation agriculture (CA) is undeniable, 

both for improving soil health and offering a viable path towards 

achieving carbon neutrality. However, to date, survey statistics on the 

extent of conservation agriculture were based on farmer declarations 

or field inspections. This is a major impediment to the promotion or 

monitoring of conservation agriculture. Here, we collected the 

management practices of a total of 247 fields under conservation 

agriculture in the Walloon region of Belgium in 2020-2021, with the 

aim of developing a classification model for the prediction of 

conservation agriculture by combining remotely sensed data with 

census data. We identified seven variables in the model, linked to each 

of the three main principles of conservation agriculture (crop 

diversification, maximum soil cover and minimum mechanical soil 

disturbance). The number of different annual crops and cereals in the 

rotation was obtained from the agricultural census. For the extent of 
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soil cover, the Google Earth Engine (GEE) platform was used to 

obtain a time series of optical remote sensing images (2015-2020, 

Sentinel-2, Landsat-7, Landsat-8) and precipitation data. We then 

analyzed the variation of spectral indices such as the Normalized 

Difference Vegetation Index (NDVI) and the Normalized Burn Ratio 

(NBR2) and constructed indicators to distinguish between bare soil 

and cover crop. For minimum mechanical soil disturbance, in addition 

to the above data, radar data (Sentinel-1) were also obtained from the 

GEE platform to establish a tillage practice model. Subsequently, the 

Random Forest (RF) classification method was used to construct a 

classification model distinguishing fields under conservation from 

those under conventional practices. The results of a ten-fold cross-

validation showed a good overall accuracy of 92 %. The model was 

utilized to classify the farming systems in all croplands of the Hesbaye 

region of Belgium. The results show that 15.5% (2,875 fields) out of 

18,516 cropland fields can be classified as conservation agriculture. 

These fields tend to adopt non-inversion tillage and have diverse crop 

rotations.  

3.1 Introduction  

Agricultural soils are suffering from increasing threats such as 

erosion, declining organic matter and biodiversity, pollution, sealing, 

compaction and salinization (Ferreira et al., 2022; Panagos et al., 2018; 

Foley et al., 2011). To address the challenges of soil degradation and 

promote sustainable agriculture, the Food and Agriculture Organization 

(FAO) advocates for the adoption of conservation agriculture (CA) as a 

set of widely adopted agricultural production systems that improve or 

maintain crop production while restoring degraded land and providing 

sustainable production systems. The FAO (fao.org/conservation-

agriculture/) defines CA as a set of practices based on three main 

principles: (1) crop species diversification; (2) maximum soil organic 
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cover (including living mulch (cover crops, annual crops, temporary 

grasslands) and dead mulch (crop residues, decaying leaves, bark, 

manure)) and (3) minimal mechanical soil disturbance. Adopting these 

practices will have numerous benefits for soil health (Page et al., 2020; 

Rodríguez et al., 2022), such as increasing aggregate stability and soil 

quality (Castellanos-Navarrete et al.,2012; Sithole et al., 2019; Jat et al. 

2019), reducing soil erosion (Petito et al., 2022), improving soil 

biological abundance and diversity (Ayuke et al., 2019; Giraldo-Perez 

et al., 2021), and increasing crop yields and farmers’ incomes (Naab et 

al., 2017; Pradhan et al. 2018). However, current methods of 

distinguishing fields under CA from those under conventional 

agriculture, or traditional agriculture (TA), are still limited to direct 

observation in the field in combination with farmers’ interviews. This 

is labor-intensive and time-consuming, making it difficult for large-

scale inventories of CA applications. Remote sensing techniques have 

proven to be an efficient and effective tool for generating various types 

of agricultural data (crop types, crop yields, management technique, 

critical soil properties such as soil organic carbon (SOC) content) 

(Griffiths et al., 2019; Sparks et al., 2022; Blickensdörfer et al., 2022; 

Evans & Shen, 2021; Zheng et al., 2014; Castaldi et al., 2019). However, 

the identification of fields under CA remains challenging.  

The breakthrough in addressing this challenge is that remote 

sensing techniques can be used to effectively predict or assess each 

principle of CA separately. By integrating the indicators for all three 

principles, a comprehensive assessment of CA can be achieved. First, 

to measure species diversification, it is crucial to identify the crop 

planted each year. This typically requires field-scale agricultural 

census databases, such as the Land Parcel Information System (LPIS) 

used by Zhou et al. (2022) for the Belgian region. However, such 

field-scale data are often scarce. An alternative approach is to use 

remote sensing data for crop type mapping (Johnson, 2019; Belgiu & 
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Csillik; 2018). Since crop types determine the entire phenological 

cycle from seeding to harvest within a relatively short time 

(Blickensdörfer et al., 2022), the spectral trajectories of different 

phenological stages can be captured in detail using high-resolution, 

long-term remote sensing data (Preidl et al., 2020). Second, to 

determine winter cover crops, that are not reported in the agricultural 

census, it is necessary to differentiate remote sensing signals from soil, 

main crops and cover crops (Zhou et al., 2022). Researchers can 

distinguish between bare soil and vegetation using vegetation indices 

and soil indices (Mzid et al., 2022; Dvorakova et al., 2023). 

Subsequently, by integrating phenological information with known 

main crop types, and separating the main crops and soil signals, if 

clear plant growth signals are detected during the time window where 

cover crops might be present, cover crops can be determined using 

vegetation index thresholds (Zhou et al., 2022; KC et al., 2021). 

Finally, time-series of satellite imagery have been proven to be an 

effective tool for monitoring and evaluating tillage practices (Sonmez 

& Slater, 2016; Zhou et al.,2021; Liu et al., 2022). Inversion tillage 

(i.e.  inverting topsoil layers, usually to a depth of 30 cm in Belgium) 

buries most of the crop residue in the soil, whereas non-inversion 

tillage retains most of the crop residue in the topsoil. This distinction 

in tillage practices can be detected through the differences in residue 

cover. The cellulose and lignin in crop residues and soil will exhibit 

distinctive absorption characteristics in the shortwave infrared (SWIR) 

range, particularly around 2100 and 2300 nm (Elvidge, 1990). The 

Cellulose Absorption Index (CAI) has been shown to accurately 

represent these features (Bai et al., 2021; Hively et al., 2021; Pancorbo 

et al., 2023), but it requires high spectral resolution in the SWIR range 

(centered at 2000, 2100, and 2200 nm; Nagler et al., 2000), which is 

not available on commonly used satellite platforms such as Landsat 

and Sentinel (Dennison et al., 2023). As an alternative, broadband 
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indices like the Normalized Difference Tillage Index (NDTI, van 

Deventer et al., 1997), also known as the Normalized Burn Ratio 2 

(NBR2), have been adopted. However, while NDTI is useful, it can be 

affected by interference from green vegetation and moisture content 

(Lamb et al., 2022; Wang et al., 2013), which may introduce 

uncertainties into the assessment. Quemada et al. (2018) performed 

moisture correction on irrigated fields before using a tillage index for 

crop residue estimation. In addition, soil surface roughness can serve 

as another indicator for detecting tillage, but its changes are more 

ephemeral, making it difficult to detect accurately with satellites 

passing every 5-10 days. Radar data has been proved for estimating 

bare soil surface roughness in many studies (Zribi & Dechambre, 

2003; Baghdadi et al., 2002, 2018). Azzari et al. (2019) found that 

combining optical Landsat satellite data with radar-based Sentinel-1 

data could improve classification accuracy for tillage practices in the 

North Central US Region. 

Here, we integrate and improve existing methods to develop a 

classification model for CA. To achieve this, time series of optical data 

from Landsat-8, Landsat-7, Sentinel-2 and radar data from Sentinel-1 

combined with environmental data are good sources of data support. In 

addition, the Google Earth Engine (GEE) platform can store large 

volumes of remote sensing data in a cloud environment, allowing us to 

save time in satellite data processing and enabling efficient, fast, easily 

replicable and scalable workflow. 

The specific objectives can be summarized as follows: 

1. To extract quantitative indicators from time series of optical and 

radar imagery to estimate soil cover and tillage practices. 

2. To develop a classification model to distinguish CA from TA using 

indicators constructed based on the three principles of CA. 

3. To map the distribution of fields under CA in Hesbaye region of 

Belgium using the classification model. 
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4. To explore the contribution of covariates to the classification 

results of individual fields. 

3.2 Method and materials 

3.2.1 Study area 

The study area is located in the southern part of Belgium, in the 

so-called Walloon region (Wallonia) (Fig. 3.1). Wallonia is a landlocked 

region covering a total area of 16,901 km2. The altitude progressively 

increases from 100 m above sea level in the north-west to a maximum 

of 700 m in the south-east, leading to an increase in annual total 

precipitation from 800 to 1400 mm, and a decrease in the annual 

average temperature from 10 to 8 °C. Changes from deep sandy loam 

and silty soils to shallow silty and stony soils occur in the same direction, 

along with a shift from intensive arable agriculture to more extensive 

cattle grazing (Chartin et al., 2017; Goidts & van Wesemael, 2007).  

 

Fig. 3.1. Digital elevation model and agro-geographical regions of the Walloon 

region, the bar plots display the number of conservation (green bar) and 

conventional (blue bar) agriculture fields in the survey. 
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There are nine agro-geographical regions in the Walloon territory 

(Fig. 3.1& section 1.9). The Hesbaye region has fertile silt loam soils 

with major crops such as cereals, sugar beet, potatoes and flax. 

Additionally, the Hesbaye region is entirely located within the Nitrate 

Vulnerable Zones (NVZ), which as designated by the European Union's 

Nitrate Directive. This regulation mandates that farmers in the NVZ 

region are obliged to cover the soil with cover crops during the winter 

months to reduce nitrate leaching and protect water quality. Field 

management data was collected across all Walloon regions, while the 

conservation agriculture mapping was done only in the Hesbaye region. 

3.2.2 Field data 

3.4.2.1 Data on fields under conservation agriculture  

A preliminary list of farmers practicing CA was acquired involving 

twelve public and private institutions, eight farmer associations, two 

researchers from Belgian universities, and seventy farmers and/or 

agricultural entrepreneurs through the social network Facebook. We 

conducted semi-structured telephone interviews and cross-referencing 

with these farmers to verify and gather the information on Wallonia's 

CA fields (Ferdinand & Baret, 2024). The year of implementing CA 

practices and details on the tillage were two of the main questions asked 

during the interviews. At the end of the interviews, the respondents were 

requested to furnish a list of additional Walloon farmers who they knew 

to follow CA practices. This kind of “snowballing” strategy assisted us 

to obtain a more diverse source of data and more effectively target the 

next interviewee.  

A total of 221 Wallonia farmers were contacted, and the farmers 

whose fields did not meet the CA criteria were removed from the 

database. The main prerequisites were: (1) at least five years of CA 

practice. (2) Implementing conservation tillage, which included direct 

seeding (i.e. no-tillage, growing crops without any soil preparation), 
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non-inversion tillage (a soil preparation practice involves fragmentation, 

mixing and burial, without horizon inversion) and occasional inversion 

tillage (horizon inversion with reduced tillage frequency or depth less 

than 15 cm) (Ferdinand & Baret, 2024).  Following the digitization of 

the interviews, information on each farmer covered the type of tillage, 

depth of tillage, direct seeding or not as well as livestock presence or 

absence.  

Between November 2021 and February 2022, 328 fields under CA 

practice were identified through semi-structured interviews with 28 

farmers dispersed throughout eight of the nine agricultural regions (all 

but the Herve region). These fields are mainly concentrated in the 

Hesbaye, Brabançon Loam Plateau and Hennuyer Loam Plateau area in 

the north of the Walloon region (Fig. 3.1). 

3.4.2.2 Data on fields under conventional agriculture  

In the course of the semi-structured interviews, we also asked the 

farmers about the fields adjacent to their own fields. In particular, 

whether or not the surrounding fields were tilled at regular intervals and 

to a depth of more than 20 cm. If so, it indicated the use of inversion 

tillage, then we recorded these fields as TA fields. A total of 117 fields 

were obtained by this method. Furthermore, during the subsequent 

processing (see section 2.4), due to the requirement for high density of 

time series data, the fields that did not meet the requirement were 

removed. We only focus on CA in croplands and therefore exclude all 

temporary and permanent grasslands. In the end, 247 fields under CA 

and 105 fields under TA were retained.  

3.4.2.3 Agricultural census data  

The annual crops and the field lay-out are collected from the website 

of the Walloon Region (https://geoportail.wallonie.be/), which offers 

free public access to basic geographic dataset and maps on the 

topography, administration, environment, transportation, and tourism. 
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We have requested the data from the Land Parcel Information System 

(LPIS) for the years 2015 to 2020, with each data file containing 

individual field boundaries and annual crop type for all fields for which 

subsidies under the Common Agricultural Policy (CAP) program are 

requested, stored as polygons. Based on farmer declarations, field 

verification, and remote sensing checks, crop information and field 

boundaries are updated annually. 

The Hesbaye region contains 44,893 parcels of agricultural land, 

totaling 124,058 ha. First, we performed a preliminary screening, 

keeping only those fields with an area larger than 1 ha. Then, only those 

fields were kept that had not been recorded as temporary or permanent 

grassland throughout the previous six years.  Finally, 18,740 cropland 

fields covering 98,289 ha are available. 

3.4.2.4 External validation dataset 

Soil Capital© provided the external validation accuracy matrix 

based on our output maps of cover crop and tillage practice. Soil capital 

is an independent agronomy company founded in 2013, currently 

focused on developing a carbon payment program, which has already 

been implemented in Belgium, France, and the United Kingdom, in 

order to accelerate the transition to regenerative agriculture.  

For the validation of the cover crop prediction model, Soil Capital 

randomly selected 108 fields with cover crops in the winter of 2019-

2020 belonging to six farmers in the Hesbaye region. Winter wheat, 

potatoes, and sugar beet are the main crops at these farms. Soil Capital 

has a different classification for tillage practice compared to the CA & 

TA database (section 2.2.1 & section 2.2.2). They distinguish between 

conventional and conservation tillage. We compared 64 overlapping 

fields between the two datasets. 13 non-inversion tillage fields in the 

CA data set are perfectly aligned with Soil Capital's conservation tillage 

fields. The remaining 50 occasional inversion or inversion fields in the 
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CA & TA data set can also be matched and are displayed as conventional 

tillage in the Soil Capital database. Only one inversion field in the TA 

data set is shown as conservation tillage in the Soil Capital data set. 

Given this high match ratio, we perform external validation using Soil 

Capital's tillage data, that includes 114 fields with conservation tillage 

and 636 fields with conventional tillage. 

3.2.3 Satellite data 

The Google Earth Engine (GEE) platform was used to gather all 

remote sensing data, including Landsat-7, Landsat-8 and Sentinel-2 

optical data, Sentinel-1 radar data and precipitation products as 

auxiliary data.  

3.4.3.1 Optical remote sensing dataset 

Before uploading the croplands data to the GEE platform, we first 

removed a 15m inwards buffer zone from the edges of the fields 

containing mixed pixels with a signal from roads and/or adjacent fields. 

For the given field dataset, a defined time period (Jan 1st 2015 to Dec 

31st 2020), and cloud threshold (less than 85% cloud cover), three level-

2A atmospherically corrected datasets were initially acquired, obtaining 

Landsat-7 surface reflectance (SR) dataset (199 scenes, Jan 1st 2015 to 

Dec 31st 2020), the Landsat-8 SR dataset (242 scenes, Jan 1st 2015 to 

Dec 31st 2020) and the Sentinel-2 SR dataset (645 scenes, Mar 28th, 

2017 - Dec 31st, 2020). The multispectral instrument of Sentinel-2 

acquires spectra in 13 bands with both high spatial resolution (10-60m) 

and high temporal resolution (5-day revisit time).  GEE only provides 

data since 2017, after the launch of Sentinel-2B. In the next step, a more 

rigorous cloud removal algorithm and band correction were carried out 

based on the image bands i.e for Landsat 7 & 8 SR data we used a cloud 

mask function based on a pixel quality assurance (pixel_qa) band; for 

Sentinel-2 we combined a cloud mask function based on a bitmask band 

with cloud mask information (QA60) and a filter based on Cloud Score 
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Index. (see for more details Zhou et al., 2022). Then the mean values of 

Normalized Difference Vegetation Index (NDVI) and Normalized Burn 

Ratio 2 (NBR2) (see Eq. 3.1-3.2) were calculated in cloud computing 

for each individual field. Finally, the time series of these two indexes 

for the six-year time period were exported as csv. files (Ujaval, 2020).  

𝑁𝐷𝑉𝐼 =
𝑁𝐼𝑅 − 𝑅𝐸𝐷

𝑁𝐼𝑅 + 𝑅𝐸𝐷
 (3.1) 

𝑁𝐵𝑅2 =
𝑆𝑊𝐼𝑅1 –  𝑆𝑊𝐼𝑅2

𝑆𝑊𝐼𝑅1 +  𝑆𝑊𝐼𝑅2
 (3.2) 

Where 𝑁𝐼𝑅, 𝑅𝐸𝐷, 𝑆𝑊𝐼𝑅1, 𝑆𝑊𝐼𝑅2 represent the near infrared red 

band, red band, first shortwave infrared band and second shortwave 

infrared band respectively, and the wavelengths of these bands are 

shown in Table 3.1. 

Table 3.1. Band wavelengths of Landsat-7, Landsat-8, and Sentinel-2 satellite 

sensors (W: Wavelength; R: Resolution). 

Band Landsat-7 Landsat-8 Sentinel-2 

 W (mm) 
R 

(m) 
W (mm) R (m) W (mm) R  (m) 

Red 0.63-0.69 30 0.64-0.67 30 0.65-0.68 10 

NIR 0.77-0.90 30 0.85-0.88 30 0.79-0.90 10 

SWIR1 1.55-1.75 30 1.57-1.65 30 1.57-1.66 20 

SWIR2 2.09-2.35 30 2.11-2.29 30 2.10-2.28 20 

 

3.4.3.2 Sentinel-1 Radar dataset 

The Sentinel-1 constellation collects data from dual-polarization 

C-band Synthetic Aperture Radar (SAR) sensors operating at 5.405GHz, 

clouds have no effect on imaging because of microwave spectrum 

characteristics. The GEE cloud platform provides Sentinel-1 Ground 

Range Detection (GRD) scenes, processing them using the Sentinel-1 

Toolbox to produce calibrated, orthogonally corrected products. These 

GRD images were acquired in interferometric wideswath (IW) mapping 

mode, with a spatial resolution of 10m and a temporal resolution of 6 to 

12 days.  
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After limiting the time period (Jan 1st 2015 to Dec 31st 2020), we 

obtained 4095 scenes in total of the backscatter coefficient at single 

Vertical-Vertical (VV) and Vertical-Horizontal (VH) polarization 

modes, with the sensor acquisition mode IW. We exported the time 

series data of VV and VH bands as csv. files. From 2015 to 2020, the 

average available images per field in the optical remote sensing dataset 

and radar dataset were 295 and 495 scenes respectively. 

3.4.3.3 Precipitation data 

We used the Global Satellite Mapping of Precipitation (GSMaP, 

Okamoto et al., 2005), which is accessible on the GEE platform.  This 

data product was created in Japan for the Global Precipitation 

Measurement (GPM) mission (Skofronick-Jackson et al., 2017). It 

provides global hourly rainfall rates at a resolution of 0.1 x 0.1 degrees, 

with data available since March 2014. We compiled daily precipitation 

data from the hourly data on the GEE cloud platform. 

3.2.4 Defining indicators for the three principles of CA 

In order to more accurately quantitatively identify and characterize 

the three fundamental criteria of CA, seven variables were created, i.e., 

one to four indicators for each principle. 

3.2.4.1 Crop species diversification 

Based on the agricultural census (section 2.2.3), two indicators of 

crop diversity were calculated. Indicator 1: number of different annual 

crops in six years; Indicator 2: cereal abundance in rotation represents 

the frequency of cereal crops in the rotation, without considering the 

specific cereal species (Eq.3.3-3.4). 

Indicator 1  𝑵𝒖𝒎𝒃𝒆𝒓 𝒐𝒇 𝒅𝒊𝒇𝒇𝒆𝒓𝒏𝒕 𝒂𝒏𝒏𝒖𝒂𝒍 𝒄𝒓𝒐𝒑𝒔 =

𝑪𝒐𝒖𝒏𝒕(𝒖𝒏𝒊𝒒𝒖𝒆(𝒄𝒓𝒐𝒑 𝒄𝒐𝒅𝒆)), 
(3.3) 

Indicator 2  𝑪𝒆𝒓𝒆𝒂𝒍 𝒂𝒃𝒖𝒏𝒅𝒂𝒏𝒄𝒆 = ∑ 𝑪𝒆𝒓𝒆𝒂𝒍 𝒐𝒓 𝒏𝒐𝒕𝒊 
𝒏
𝒊=𝟏  , (3.4) 

Where 𝑖 represents the year 𝑖 of the total 𝑛 years (here, 𝑛 = 6). 



Chapter 3. Mapping conservation agriculture fields and management practices 
 

67 

3.2.4.2 Length of the cover crop growing season and periods of 

bare soil or fallow 

We define the period between the planting of annual main crops (as 

declared in the agricultural census) as inter, which is the time between 

the harvest date of the previous year's annual crop and the seeding date 

of the next year's crop. During this inter period, the field can be 

classified into three states: under cover crops (field that is growing 

cover crops), bare (field without vegetation), and fallow (field without 

cover crops but not bare, usually characterized by the presence of crop 

residues, regrowth of previous annual crops, and weeds). To determine 

the field status and duration, data on time series NDVI, NBR2, and 

precipitation, as well as annual crop types and seeding and harvest dates 

from 2015 to 2020, were required.  

Information on the phenology of multiple annual crops (e.g. seeding, 

emergence, flower, maturity, harvest) is available on the website of the 

German National Meteorological Service (https://www.dwd.de/), 

recorded on a yearly basis by region. The Rheinland-Pfalz region of 

Germany, which borders Belgium at the same latitude, served as the 

primary reference for the seeding and harvest date. Additionally, 

farming and agriculture websites were used to gather information on the 

seeding and harvest dates for the remaining crops (Table A.1). 

Since NBR2 values are significantly higher in moist soils compared 

to dry ones (Dvorakova et al., 2023), we introduced precipitation data 

into our calculations to eliminate the problem of elevated NBR2 due to 

precipitation. In addition, cover crops frequently do not completely 

overlap with inter. Therefore, the growing seasons obtained from 

automatic NDVI splitting (phenofit package, Kong et al., 2022; Kong, 

2023) is utilized to assess the presence or absence of cover crops and to 

calculate the length of the cover crop growing season. Alternatively, an 

inter may have a single cover crop, or a combination of cover crop & 

https://www.dwd.de/
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bare soil or cover crop & fallow. Based on the NDVI and NBR2 values 

we determined whether soil was left bare or in fallow. We then 

computed the total cover crop duration as well as bare soil and fallow 

duration over the entire observation period. 

The specific steps of this procedure are listed as follows and three 

examples are given in Fig.3.2. 
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Fig. 3.2. Examples of identifying cover crops and bare soil based on long-term 

series NDVI and NBR2 values during 2015 to 2020. Field A: This field was 

fallow between the two annual crops from 2016 to 2017 (Inter2) and consisted 

of a cover crop and bare soil between the two annual crops from 2017 to 2018 

(Inter3), while the next year (inter4) was bare soil. Field B: Cover crop was 

planted between the annual crops of 2015 and 2016 (inter1). 
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Step 1: Identify the inter period. Confirm the start (Start) and end 

(End) date, as well as the duration (Days) of each inter, via the harvest 

date (same as Start) of the previous crop and the seeding date (same as 

End) of the next crop. Ignore this inter if the duration is shorter than 30 

days. If not, proceed to step 2. 

Step 2: Preprocessing remote sensing data. The outlier points were 

removed using the phenofit package (Kong, 2023), followed by the 

calculation of the mean NDVI (NDVImean) within the inter. The NBR2 

points were filtered using the precipitation data, the total rainfall over 

the preceding five days (Prec) of each NBR2 data point acquisition time 

was calculated and the data point was removed if Prec is greater than 

2.5 mm, then the mean NBR2 value (NBR2mean) was calculated. 

Step 3: Define the growing seasons based on NDVI curves. The 

seasons are automatically divided by the phenofit package based on 

NDVI time series data (Kong et al., 2022). We ensure that it is a 

complete growing season of an annual crop or cover crop, rather than 

the spontaneous regrowth of the previous annual crop or weed, by 

conditioning that the NDVI peak is 0.6 or more for each season. For 

detailed parameter settings, please refer to the code in the data 

availability section. 

Step 4: Determine whether a cover crop is present. Compare the 

inter with all seasons and compare the inter period with the growing 

seasons and calculate the duration of their overlap (e.g. the overlapping 

part in Fig. 3.2 Field A Step 4). An overlap rate (overlapping/growing 

season) greater than 80% indicates strong crop emergence during the 

inter, and we identify it as a cover crop in this study, moving on to step 

6. Go to step 5 if there is no cover crop.  

Step 5: Provided cover crops are absent, if NDVImean<0.2 and 

NBR2mean<0.08, the soil remains bare during this period, set inter as 
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the duration of the bare soil. Otherwise, soil is fallow, set inter as the 

fallow period. 

Step 6: If a cover crop is detected, we firstly calculate the length of 

the remaining period without cover crop (Remain) in the inter.  If 

Remain is less than 30, we consider that only cover crops exist in that 

interval, record the number (one inter exists once), the duration, and the 

start and end dates of cover crop, the fallow period and bare soil is set 

to 0; if Remain is greater than 30, proceed to Step 7. 

Step 7: Provided cover crops are present, if NDVImean<0.2 and 

NBR2mean<0.08, the soil state during this period consists of cover 

crops and bare soil, set Remain as the duration of the bare soil. 

Otherwise, the soil state is under cover crop and fallow, set Remain as 

the fallow period. 

Finally, we can obtain the number of cover crop per inter, as well as 

the duration of cover crop, fallow, and bare soil. In total, six years were 

used and the values within the five inters were summed to produce the 

following four indicators: Indicator 3: Number of the cover crops; 

Indicator 4: Duration of the cover crops; Indicator 5: Bare soil period; 

Indicator 6: Fallow period (Eq. 3.5-3.8). 

Indicator 3 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡ℎ𝑒 𝑐𝑜𝑣𝑒𝑟 𝑐𝑟𝑜𝑝𝑠 =

∑
𝑐𝑜𝑣𝑒𝑟 𝑐𝑟𝑜𝑝 𝑝𝑟𝑒𝑠𝑒𝑛𝑐𝑒 𝑜𝑟 𝑎𝑏𝑠𝑒𝑛𝑐𝑒𝑗

 (𝑃𝑟𝑒𝑠𝑒𝑛𝑐𝑒 (1)/  𝐴𝑏𝑠𝑒𝑛𝑐𝑒 (0)) 
𝑘
𝑗=1  , 

(3.5) 

Indicator 4 𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑡ℎ𝑒 𝑐𝑜𝑣𝑒𝑟 𝑐𝑟𝑜𝑝𝑠 =

∑ 𝐷𝑎𝑦𝑠 𝑜𝑓 𝑐𝑜𝑣𝑒𝑟 𝑐𝑟𝑜𝑝𝑗 𝑘
𝑗=1 , 

(3.6) 

Indicator 5 𝐵𝑎𝑟𝑒 𝑠𝑜𝑖𝑙 𝑝𝑒𝑟𝑖𝑜𝑑 =

∑ 𝐷𝑎𝑦𝑠 𝑜𝑓 𝑏𝑎𝑟𝑒 𝑠𝑜𝑖𝑙𝑗 𝑘
𝑗=1 ,   

(3.7) 

Indicator 6 Fallow period = ∑ 𝐷𝑎𝑦𝑠 𝑜𝑓 𝑓𝑎𝑙𝑙𝑜𝑤𝑗 𝑘
𝑗=1 , (3.8) 

Where 𝑗 represents the period 𝑗 of the total 𝑘 inters (in this study, 𝑘 =
5). 
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3.2.4.3 Tillage practices  

In order to quantify the principles of mechanical soil disturbance for 

Hesbaye region, we utilized data on tillage practices combined with 

remote sensing data to develop a tillage model. The tillage model was 

designed to accommodate three scenarios (Short Interval, No Cover 

Crops, With Cover Crops) for the inter periods and modeled them 

separately. We binarized the tillage practice data of all fields (247 CA 

fields and 105 TA fields) and recorded them as non-inversion tillage and 

inversion tillage, which served as dependent variable of the model. The 

non-inversion tillage dataset comes from the CA fields where they 

implement non-inversion tillage and direct seeding; the inversion tillage 

dataset combines the occasional inversion tillage fields under CA and 

the inversion tillage fields under TA. The mean/minimum values of 

NBR2, NDVI, VV and VH within each inter, and the cover crop/bare 

soil duration ratio were used as independent variables of the model. 

The precise steps are listed below with an example of the workflow 

shown in Fig.3.3: 

1. Short Interval (inter <30 days): The interval between two annual 

crops is extremely short (less than 30 days). This often occurs when the 

next year's crop is a winter crop, and we omit this situation and 

categorize this tillage practice as "NA". Ploughing may occur within 

this interval, but the time frame between two main crops is very short, 

with farmers typically completing soil preparation and planting within 

a few days. Hence it is not possible to obtain sufficient information 

within such a short period from satellite imagery. 

2. No Cover Crops (inter >30 days): In the absence of cover crops, 

build a model (Model I) using the mean/minimum values of NBR2, 

NDVI, VV and VH backscatter. 

3. With Cover Crops (inter >30 days): In the presence of cover 

crops, use the proportion of cover crop/bare soil duration for the entire 
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interval, as well as the mean/minimum values of NBR2, NDVI, VV and 

VH in the remaining period to build a model (Model II). 

 

Fig. 3.3 Workflow for building tillage models and predicting non-

inversion/inversion tillage practice under three scenarios (Here: in orange tables 

of Step 3, Tillage represents the actual tillage practices and Tillage’ represents 

predicted tillage practices using Model I & Model II. The procedure of random 

forest and prediction in Step3 used 10-fold cross validation; here we simplify 

this part in this figure). 

 

Each inter of the field is considered independently, analyzed under 

the corresponding scenario to obtain the predictions. Finally, we 

analyzed and predicted tillage practices of five different inters over six 

years for each field. The overall tillage practice of the field is defined 
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as Indicator 7: Tillage practice (Eq. 3.9). It is worth noting that the 

multi-year tillage practice was judged to be inversion as long as 

inversion tillage occurred at least once during the six-year period. 

Indicator 7  𝑇𝑖𝑙𝑙𝑎𝑔𝑒 𝑝𝑟𝑎𝑐𝑡𝑖𝑐𝑒 =

 𝑖𝑛𝑣𝑒𝑟𝑠𝑖𝑜𝑛 𝑜𝑟 𝑛𝑜𝑛 − 𝑖𝑛𝑣𝑒𝑟𝑠𝑖𝑜𝑛 𝑡𝑖𝑙𝑙𝑎𝑔𝑒, 
(3.9) 

    

3.2.5 Model development and evaluation   

3.2.5.1 Statistical analysis 

To assess the significance of the differences between the constructed 

indicator values under CA and TA, we employed the Wilcoxon test. The 

Wilcoxon rank sum test is a non-parametric test that serves as an 

alternative to the independent two-sample t-test, when the data do not 

conform to a normal distribution. This procedure is implemented using 

rstatix and ggsignif R package. 

3.2.5.2 Covariates decorrelation and recursive feature elimination 

De-correlation analysis can be used to reduce redundant 

information. Only covariates with correlation coefficients less than 0.85 

(Poggio et al., 2021) with all other covariates were kept, and the first 

covariate was removed from the set of covariates that exceeded this 

threshold. 

Recursive feature elimination (RFE, Guyon et al., 2002) is an 

effective method for simplifying the structure of machine learning 

models, reducing dependencies and collinearity while retaining model 

accuracy. It is simplified by recursively eliminating features from the 

training dataset to select an optimal set of features. Also, RFE is 

frequently utilized in spatial mapping exercises with random forest 

models (Kuhn & Johnson 2019; Poggio et al., 2021). The algorithm first 

fits the model using the entire set of covariates, then evaluates its 

performance by cross validation while computing the importance score 
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of the covariates. The least important covariates are then removed from 

the pool, the model is fitted and evaluated again per loop. The process 

is repeated until the number of covariates reaches the specified number. 

The optimal subset of covariates after this backward selection is used 

to train the final model. The implementation of RFE in R can be realized 

with caret R package. 

3.2.5.3 Classification model 

Random forest is made up of numerous individual classification and 

regression trees that work together as an ensemble (Breiman, 2001). 

The fundamental principle of random forest is that each decision tree 

grows independently by randomly sampling replacements from the 

initial training dataset, with the unselected samples being used as "out-

of-bag" data to assess the precision of the predictions. Without any 

pruning, each tree in the model will reach its maximum growth and 

generate a prediction, the class with the highest votes or average value 

of all fitted trees becomes the final prediction. The random forest model 

also provides importance of the model feature, which is measured by 

calculating the increase in prediction error (MSE) after the removal of 

that feature. The implementation of random forest in R can be realized 

with randomForest R package.  

3.2.5.4 Accuracy evaluation 

To evaluate the performance of classification, we generated a 

confusion matrix based on the results of 10-fold cross-validation, from 

which we calculated the overall accuracy (OA), producer’s accuracy 

(PA), user’s accuracy (UA) and Kappa coefficient (Eq.3.10-3.13). The 

OA refers to the probability that the classification for each unknown 

point is consistent with the measured class of that point, assesses the 

overall performance of correctly classified. The PA illustrates how 

accurately the producer (or classifier) identifies objects of a specific 

class on the ground. While the UA describes how correct the user (or 
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analyst) is in interpreting the results. Kappa coefficient characterizes 

the agreement between the predicted and measured classification maps.  

Table 3.2. Composition of the confusion matrix (NN represents the number of 

fields considered conventional by both measured and predicted data, CC 

represents the number of fields considered conservation by both measured and 

predicted data, CN represents the number of fields that are measured as 

conservation but predicted as conventional, NC represents the number of fields 

that are measured as conventional but predicted as conservation.) 

  Reference Data 

  Conventional Conservation Total 

Classified 

Data 

Conventional NN CN NN+CN 

Conservation NC CC NC+CC 

Total NN+NC CN+CC  

𝑂𝑣𝑒𝑟𝑎𝑙𝑙 𝐴𝑐𝑢𝑢𝑟𝑎𝑐𝑦 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠
=

𝑁𝑁+𝐶𝐶

𝑁𝑁+𝐶𝐶+𝐶𝑁+𝑁𝐶
, 

(3.10) 

𝑃𝑟𝑜𝑑𝑢𝑐𝑒𝑟’𝑠 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦  𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠 𝑜𝑓 𝑎 𝑐𝑙𝑎𝑠𝑠

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓  𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛𝑠 𝑜𝑓 𝑡ℎ𝑎𝑡 𝑐𝑙𝑎𝑠𝑠
=

  
𝑁𝑁

𝑁𝑁+𝑁𝐶
 𝑂𝑅 

𝐶𝐶

𝐶𝑁+𝐶𝐶
, 

(3.11) 

𝑈𝑠𝑒𝑟’𝑠 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦  𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠 𝑜𝑓 𝑎 𝑐𝑙𝑎𝑠𝑠

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠 𝑜𝑓 𝑡ℎ𝑎𝑡 𝑐𝑙𝑎𝑠𝑠
=

 
𝑁𝑁

𝑁𝑁+𝐶𝑁
 𝑂𝑅 

𝐶𝐶

𝑁𝐶+𝐶𝐶
, 

(3.12) 

𝐾𝑎𝑝𝑝𝑎 =
𝑂𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑎𝑔𝑟𝑒𝑒𝑚𝑒𝑛𝑡−𝑐ℎ𝑎𝑛𝑐𝑒 𝑎𝑔𝑟𝑒𝑒𝑚𝑒𝑛𝑡

1−𝑐ℎ𝑎𝑛𝑐𝑒 𝑎𝑔𝑟𝑒𝑒𝑚𝑒𝑛𝑡
=

(
𝑁𝑁+𝐶𝐶

𝑁𝑁+𝐶𝐶+𝐶𝑁+𝑁𝐶
)−(

𝑁𝑁+𝑁𝐶

𝑁𝑁+𝐶𝐶+𝐶𝑁+𝑁𝐶
×

𝑁𝑁+𝐶𝑁

𝑁𝑁+𝐶𝐶+𝐶𝑁+𝑁𝐶
+

𝑁𝐶+𝐶𝐶

𝑁𝑁+𝐶𝐶+𝐶𝑁+𝑁𝐶
×

𝐶𝑁+𝐶𝐶

𝑁𝑁+𝐶𝐶+𝐶𝑁+𝑁𝐶
)

1−(
𝑁𝑁+𝑁𝐶

𝑁𝑁+𝐶𝐶+𝐶𝑁+𝑁𝐶
×

𝑁𝑁+𝐶𝑁

𝑁𝑁+𝐶𝐶+𝐶𝑁+𝑁𝐶
+

𝑁𝐶+𝐶𝐶

𝑁𝑁+𝐶𝐶+𝐶𝑁+𝑁𝐶
×

𝐶𝑁+𝐶𝐶

𝑁𝑁+𝐶𝐶+𝐶𝑁+𝑁𝐶
)

  
(3.13) 

 

3.3 Results 

3.3.1 Species diversification 

The number of cereals and the number of different crop types are 

significantly different under TA and CA (Fig. 3.4). According to the 

standard raised by FAO (fao.org/conservation-agriculture/), CA fields 
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should involve at least three different annual crops. In our database, 

most CA fields (81%) have at least four different annual crops over six 

years.  

 

Fig. 3.4. Grouped boxplots with significance notation under Wilcoxon test, 

comparing the levels of two indicators related with species diversification under 

two farming system in Walloon region during 2015-2020. (ns: not statistically 

significant (P > 0.05), *:P ≤ 0.05; **:P ≤ 0.01; ***: P ≤ 0.001;).                   

(Here: CA: Conservation Agriculture; TA: Conventional Agriculture).            

The blue numbers in each subplot indicate P value of Wilcoxon test. 

3.3.2 Accuracy for identifying cover crops and soil cover 

After comparing our classified cover crop maps with the observed 

data from Soil Capital, a confusion matrix was obtained with an overall 

accuracy of 86% (Table 3.3). For the cover crops, there is a certain 

probability (26%) of omission error from the producer's perspective. 

Soil Capital found that the omitted fields tend to have a long fallow 

period, which is probably caused by an inaccurate growing season 

classification. Nevertheless, from the user's perspective, the accuracy 

for the cover crops classification was 95%, which is extremely 

trustworthy. 

Table 3.3. Confusion matrix of cover crop classification (Where CC means 

Cover Crop) 

  Reference Data 
User’s accuracy 

  No CC CC Totals 

Classified 

Data 

No CC 56 13 69 81% 

CC 2 37 39 95% 

Totals 58 50 108  

Producer’s accuracy 96% 74%  Overall: 86% 
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 We then created box plots for the indicators related with cover crop 

and soil cover (Fig. 3.5) under the two farming systems and calculated 

the significance of the differences. Significant differences under 

conventional and conservation agriculture were found in the length of 

bare soil and cover crops. 

 

Fig. 3.5. Grouped boxplots with significance notation under Wilcoxon test, 

comparing the levels of 4 indicators related with soil cover under two farming 

system in Walloon region during 2015-2020 (ns: not statistically significant (P > 

0.05), *:P ≤ 0.05; **:P ≤ 0.01; ***: P ≤ 0.001;).                                            

(Here: CA: Conservation Agriculture; TA: Conventional Agriculture).            

The blue numbers in each subplot indicate P value of Wilcoxon test. 

 

3.3.3 A model of non-inversion/inversion tillage practice 

prediction 

The main explanatory variables for the tillage model are NBR2 and 

backscatter coefficient, as shown by the importance of the covariates in 

model I and II (Fig. 3.6). In addition, the proportion of cover crop 

duration in the entire interval is also critical, and we found a statistically 

significant difference in this index between fields using non-inversion 

tillage and those using inversion tillage (Fig. A.2.1).  
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Fig. 3.6. Importance of covariates in predicting tillage practices under Model I: 

Without cover crops and Model II: With cover crops. 

The tillage model has an overall accuracy of 66% compared to 

dataset from the interviews for 10-fold cross-validation and 76% 

compared to the external validation dataset of Soil Capital (Table 3.4). 

To identify inversion tillage, our user’s accuracy (87%) and producer’s 

accuracy (85%) were good based on external validation, but many of 

the non-inversion tillage fields were wrongly classified as inversion 

tillage. 

Table 3.4. Confusion matrix of non-inversion/inversion tillage mode 

10-fold  

cross-

validation 

 

Reference Data 
User’s 

accuracy 
 

 
non-

inversion 
inversion Totals 

Classified 

Data 

non-inversion 112 34 146 78% 

inversion 83 114 197 58% 

Totals 195 148 343  

Producer’s accuracy 57% 78%  Overall: 66% 

 

External 

validation 

 
Reference Data 

User’s 

accuracy  
 

non-

inversion 
inversion Totals 

Classified 

Data 

non-inversion 34 97 131 26% 

inversion 80 539 619 87%       

Totals 114 636 750  

Producer’s accuracy 30% 85%    Overall: 76% 
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3.3.4 Covariates selection and model accuracy for 

conservation agriculture field classification model 

Ultimately, the data available for model development consisted of 

247 fields in CA versus 105 fields in TA.  The seven indicators (Eq. 3.3-

3.9) include number of different annual crops, cereal abundance, 

number of cover crops, duration of the cover crop, bare soil period, 

fallow period and tillage practice (outputs from the tillage model). 

Strong correlations between two covariates were found between 

number of cover crops and duration of the cover crop (0.93, Fig. A.2.2). 

We simply need to keep one of the covariates in every pair to have 

sufficient information, and the number of cover crops was removed. 

The recursive feature elimination results demonstrate that the best 

precision is obtained when four covariates are considered (Fig.3.7 (A)) 

and they were ranked in order of importance (Fig.3.7 (B)) as follows: 

Tillage practice, number of different annual crops, period of fallow and 

bare soil.  

 

Fig. 3.7. (A) Model accuracy evolution for different number of covariates under 

recursive feature elimination and (B) importance of covariates.                

(Tillage: the tillage practice; N_crop: number of crop types; P_BS: bare soil 

period; P_fallow: fallow period)  

 

The confusion matrix and model accuracy for the classification 

model obtained from 10-fold cross-validation are shown in Table 3.5. 

Random Forest, as an ensemble machine learning strategy, produces an 
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acceptable classification accuracy with overall accuracy of 92%. For 

identifying CA fields, user’s accuracy was 94% and producer’s 

accuracy was 95%.  

Table 3.5. Confusion matrix of field classification model 

  Reference Data User’s 

accuracy   Conventional Conservation Total 

Classified 

Data 

Conventional 91 13 104 88% 

Conservation 14 224 238 94% 

Totals 105 237 342  

Producer’s accuracy 87% 95% 
Overall: 92% 

Kappa:0.82 

 

3.3.5 Classification map for conservation agriculture 

Finally, we applied the random forest model to predict and 

categorize 18,516 cropland fields in the Hesbaye region into 

conventional or conservation systems (Fig. 3.8).  

The model predicts that 15.5% of these fields (2,875) were 

designated for CA, and 84.5% (15,641) were classified as TA. CA 

covers 148.2 km² and TA 830.7 km2 of the Hesbaye croplands, with 

average field sizes of 5.1 ha for conservation and 5.3 ha for TA. 

Meanwhile, we zoomed in on two typical areas (Fig. 3.8). CA is 

practiced on a larger portion of the cropland in region B1, whereas 

region B2 is dominated by TA. Comparing the grading of the two most 

important variables for the classification model (tillage practice and the 

number of crop types) between the two regions, it can be noted that CA 

fields tend to more frequently adopt non-inversion tillage and grow 

more diversified crops. 
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Fig. 3.8. Classified map (A) and enlarged views in representative regions are 

presented in (B1) and (B2), with the two most important indicators, tillage 

practice and the number of crop types (for the period 2015-2020), only 

croplands are mapped leaving grassland, forest and built up areas in white.  

 

3.4 Discussion 

3.4.1 Track management practices with time-series 

imagery 

Time-series of optical satellite images have proven to be effective 

in identifying surface conditions (Laamrani et al., 2020; KC et al., 2021). 

The phenology of crops changes during the year, which is particularly 

evident in optical images. Previous studies have primarily relied on 

calculating the vegetation index during a fixed time period, commonly 

during winter months, to assess crop cover. For instance, Laamrani et 

al. (2020) used seasonal multi-temporal Landsat-8 satellite imagery 
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with linear spectral decomposition techniques to estimate crop cover in 

Canada during the non-growing season (November to May). Fendrich 

et al. (2023) used Sentinel-1 data to calculate cross-polarization ratio 

(CR) and generated a 100 m resolution cover crop map. Although their 

user’s accuracy for cover crops was low (59.2%), this was the first 

attempt to produce a European-scale map of cover crops.  

We achieved a better user’s accuracy of 95% for cover crop at a 

finer resolution (30 m), and our automated processing workflow allows 

for simultaneous calculating duration of bare soil or fallow. It is worth 

noting that wet conditions darken soil and crop cover, making it difficult 

to distinguish between them (Sharma et al., 2020; Dvorakova et al., 

2023). We included precipitation data to limit the effect of soil moisture 

when distinguishing between bare soil or fallow, but irrigation factors 

are difficult to characterize. In addition, we use the definition of 

“fallow”, because so far, we can’t distinguish between crop residues, 

regrowth of previous crops, or weedy field. To address this issue and 

reduce the interference of green vegetation on residue determination, 

future work will include implementing an NDVI threshold to restrict 

analysis to fields with low-vegetation conditions (e.g., NDVI<0.3 as 

suggested by Lamb et al., 2022; Hively et al., 2018) or by analyzing 

trends in the NDVI and NBR2 curves over time.  

Our approach matches the growing seasons divided based on NDVI 

data with the period without annual crops to calculate indicators for 

determining cover crop, which is novel compared to previous studies 

using fixed time periods (Thieme et al, 2020; Barnes et al., 2021). Our 

method enables to specifically identify the start and end date of each 

cover crop together with the duration of the cover crops. Moreover, our 

model covers five growing seasons (Fig. A.2.3), which gives a more 

comprehensive assessment of the implementation of cover crops than a 

single-year cover crop map such as produced by Fendrich et al. (2023). 

After all, cover crops can’t be planted during the growing seasons of 
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winter cereals (Fig.3.3 Panel A: Inter 1&5, Panel B: Inter 2&4) and 

therefore a timeframe corresponding more or less to the length of the 

rotation will be a more representative proxy for coverage by crops and 

biomass input into the soil. 

Differences in the spectral reflectance of crop residues can be used 

to characterize tillage. In addition, radar images can penetrate clouds 

and capture data in adverse weather conditions, making them useful for 

monitoring tillage practices (Kontgis et al., 2017). However, studies 

detecting tillage are often limited to a few fields with the same crop type 

for which some are ploughed (nearly) coinciding with the satellite 

overpass or to cropping systems with a specific period for tillage. For 

instance, in the tillage classification model of Sharma et al. (2020), only 

remote sensing data from June each year were acquired. This approach 

may work in very organized and structured farming contexts such as 

those in the United States or Latin America. But in the EU context, the 

smaller and more diverse fields make it difficult, and such a narrow 

timeframe is not suitable for detecting tillage in a rotation with summer 

and winter crops that are seeded in different periods. Therefore, based 

on the soil cover condition and crop calendar information, we targeted 

potential tillage periods at different dates each year. All these periods 

were assigned into three scenarios (short interval, with cover crops, no 

cover crops), analyzed and predicted separately. NBR2 and VV/VH 

backscatter coefficients were important variables (Fig. 3.6). This is 

consistent with most papers stating that the tillage index NDTI (also 

referred to as NBR2) is the most effective indicator for broadband 

satellites (Zheng et al., 2014), and that the backscatter coefficient 

enables detecting tillage-induced changes in soil roughness (Satalino et 

al., 2018).  

Farmers sometimes complete ploughing, soil preparation and 

seeding in one day when planting a winter crop (examples in Appendix 

A. of Buysse et al., 2017), making it impossible to simulate tillage 



Chapter 3. Mapping conservation agriculture fields and management practices 
 

85 

practice using remote sensing data with a temporal resolution of 5-10 

days. Although the accuracy of the tillage model (76%) based on 

external validation is not very high, we can see that the user’s accuracy 

(i.e. the accuracy that an end-user will obtain) for inversion tillage is 

not bad (87%; Table 3.4). This accuracy will help monitoring the 

adherence to conservation farming or carbon farming schemes for 

which refraining from tillage is a condition. In addition, the predicted 

tillage map (Fig. A.2.4) show 89.9% of the fields adopted inversion 

tillage at least once in the past five years, and 66.8% of the tillage 

occurred before planting sugar beet and potato. This is because farmers 

prefer tillage practices before seeding root crops to improve soil 

aeration for the regular development of the tubers (Djaman et al., 2022). 

However, there are a few studies show that no-till produced similar 

yield and quality compared to conventional tillage (Keshavarz Afshar 

et al., 2019; Holmstrom & Carter, 2000). 

 

3.4.2 Current status for classifying conservation 

agriculture  

For their comprehensive review, Ahmed et al. (2023) selected 68 

articles on CA and grouped them into five categories of conservation 

practices: cover crop (15), crop residues (26), crop rotation (9), 

mulching (4) and tillage practices (14). They noticed that these studies 

focused on a single facet of conservation practices at the time. We 

attempted to classify CA and TA fields by constructing quantitative 

indicators for three recognized criteria of CA, i.e. crop diversity, 

maximum soil cover and minimum soil disturbance. Overall, we 

analyzed data over a six-year period from 2015-2020. Combining data 

from the LPIS with time-series of optical and radar imagery and 

precipitation data, we obtained a classification model with an overall 

accuracy of 92%. To date, there is no standard for classification 
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accuracy for CA fields. Thomlinson et al. (1999) set an overall accuracy 

target of 85% for land use patterns, with no subcategories falling below 

70% accuracy. Our model successfully achieved this target.   

Contrasting with our predicted CA adoption rate of 15.5 %, The 

European CA Federation (ECAF; https://ecaf.org/) calculates a 

significantly lower conservation agriculture adoption rate for Belgium 

at only 0.03%. There may be an overestimation of our CA fields, as our 

initial data collection lacked field audits. Nevertheless, the indicators 

established in our study are clearly different under two farming system, 

with CA fields overall scoring better on the indicators (Fig. 3.8).  

Moreover, there is an ambitious aspiration to develop regenerative 

agriculture (Tittonell et al., 2022) focusing on restoration and rebuilding 

of the soil health and planet’s ecosystems and helping to meet the 

objectives of the EU Soil Strategy for 2030 (Rehberger et al., 2023; 

European Commission, 2021). There are five principles of regenerative 

agriculture policy, in addition to the three principles that overlap with 

CA, the other two principles that were not discussed here include 

minimizing the use of chemical inputs and integrating livestock. There 

are currently some studies that use hyperspectral drones or aerial 

photographs to identify livestock species and count animals on a small 

scale (Ocholla et al., 2024). However, using satellite data to detect 

livestock or chemical inputs on a larger scale remains challenging. A 

feasible solution is to convert administrative-level statistical data into 

pixel-scale distribution using spatial models or based on crop 

distribution. (Liu et al., 2024; Shen et al., 2022).  

 

3.4.3 Potential applications and limitations of our work 

Some data products which can be used as input data for soil carbon 

models are generated simultaneously (downloadable in Data 

availability). For instance, the RothC model (Coleman & Jenkinson, 
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2014) utilizes the degree of soil cover (bare or vegetated). Integrating 

these data into soil carbon models enables credible and robust 

simulations of soil organic carbon dynamics, and supports the 

development of Monitoring, Reporting, and Verification (MRV) 

platform (COWI, 2021) to ultimately validate the effectiveness of soil 

carbon sequestration as a strategy for greenhouse gas removal. 

One major limitation of this paper is this study relies on high 

quality and high-frequency remote sensing data covering the length of 

a crop rotation (3-5 years). Bad weather conditions such as cloud cover 

will cause data loss, affecting the final forecast. To alleviate this 

problem, future research may interpolate time series dataset to fill the 

gaps (Yan and Roy, 2020). Real time detection of management practices 

is still not possible, as the method relies on time-series. 

 

3.5 Conclusion 

By combining long-term series of optical and radar satellite data 

with precipitation data, and using machine learning methods, a 

conservation agricultural fields classification model in the Walloon 

region of Belgium was successfully established (overall accuracy of 

92%). The input indicators of this model cover the three principles of 

CA. The model can distinguish fields under conservation agricultural 

land and associated management practices for large areas. The adoption 

rate of conservation agriculture in the Hesbaye region is 15.5%, and the 

dominant management practice that determines the predicted results is 

the tillage practice. However, tillage followed by seeding in one or two 

days and management practices such as application of fertilizers and 

other chemical input remain beyond our current ability to model 

through remote sensing.  
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Data availability: We provided the source codes and five cover 

crop maps during 2015-2020 at field scale: 

https://doi.org/10.5281/zenodo.10370700 

https://doi.org/10.5281/zenodo.10370700
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 Chapter 4 
Simulating SOC Changes at 

Lonzée Station Using the RothC 

Model  

4.0 Outline 

Agricultural soils have great potential for carbon sequestration. 

Although soil organic carbon (SOC) dynamics models such as RothC 

model have frequently used to simulate the changes in SOC resulting 

in CO2 exchanges with the atmosphere, the effects of replacing 

measured boundary conditions with readily available data from e.g. 

remote sensing has received less attention. This is nonetheless an 

important step for running the model runs to cover fields for which 

detailed measurements do not exist or upscaling model runs to cover 

an entire region. Based on ground truth data from a long-term 

experimental site in Lonzée with regular crop rotations, we ran the 

RothC model on Belgian cropland to simulate SOC stock changes 

from 2007 to 2017. All the boundary conditions required by the model 

were replaced one by one with remote sensing or agricultural data to 

evaluate models’ uncertainty under different assimilated inputs. In 

addition, a cover crop identification and biomass prediction procedure 

were developed for calculating carbon input from cover crops, which 

are often ignored in current RothC model simulations. Ultimately, 

models using either all in-situ data (bias of -0.16 t·ha-1) or all remote 

sensing data (bias of 1.76 t C·ha-1) both achieved good accuracy. The 

Lonzée station maintained the same SOC stock level after 10 years 
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cultivation due to the significant fertilization effect. Planting cover 

crops instead of leaving the field fallow during the winter also had a 

positive effect on SOC stock. The largest model uncertainty from 

replacing measured data with remote sensing comes from the carbon 

input calculation for main crops and cover crops, while climate and 

soil data obtained through remote sensing introduced almost no errors. 

Our work is a key step in assessing the uncertainties when applying 

the model to larger regional, national, and even global scales for 

which detailed boundary conditions are not available. 

 

4.1 Introduction 

Soils constitute the largest terrestrial carbon reservoir (∼1500 Pg 

C), and even minor changes in this reservoir can have a significant 

impact on atmospheric CO2 levels and the global carbon balance 

(Batjes, 1996; Smith, 2008). However, the soil organic carbon (SOC) 

stocks of European croplands are experiencing severe declines 

(Ferreira et al., 2022; Panagos et al., 2018). The EU Soil Strategy 

emphasizes targeted and sustainable soil management practices as 

crucial for increasing soil carbon in agricultural lands by 2030 

(European Commission, 2021). Enhancing soil carbon sequestration in 

agriculture not only contributes to climate change mitigation, but also 

supports achieving climate neutrality (Chabbi et al., 2017; Lal, 

2004ab). 

Process-based soil models can estimate trends and changes in SOC 

over time and assess how different management practices affect 

carbon sequestration (De Rosa et al., 2023). The RothC model 

(Coleman & Jenkinson, 1996), also known as the Rothamsted Carbon 

model, is one of the most commonly used first-order kinetic SOC 

model for simulating carbon turnover in non-waterlogged topsoil. The 

crucial advantages of the RothC model include its requirement for a 

small amount of input data and its simple and transparent model 
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structure compared to other carbon models (Lesschen et al., 2020). 

The model has been validated under different ecosystems, climate and 

land use types (Geremew et al., 2024; Maas & Lal, 2023; Fantin et al., 

2022; Senapati et al., 2014; Yokozawa et al., 2009; Kaonga & 

Coleman; 2008; Shirato & Taniyama; 2003). 

However, most of these studies are confined to the field scale 

where long-term experiments are available, since the RothC model 

requires specific management information such as carbon inputs from 

crop residues and farmyard manure. The availability of long-term 

experiments worldwide is limited. If we could acquire the necessary 

boundary conditions for the RothC model from remote sensing or 

other sources that are readily available, leveraging its advantages of 

large-scale coverage, cost-effectiveness, and temporal consistency 

(Weiss et al., 2020; Alvarez-Vanhard et al., 2021), the model could 

either be run for any field. Eventually, the model runs for all fields 

could provide a means of monitoring SOC dynamics at the landscape 

or regional scale as proposed in the monitoring, reporting and 

verification (MRV) framework of Smith et al. (2019).   

Until now, several studies have applied the RothC model at 

regional or global scales (Zhang et al., 2024; Jordon et al., 2022; FAO, 

2020; Morais et al., 2019). Additionally, RothC has been integrated 

into the JULES land surface model and is used as part of the JULES 

Earth system models (Clark et al., 2011). These studies provide 

mature options for most boundary conditions, utilizing remote sensing 

imagery and national or global scale products. For example, historical 

monthly climate products such as the Climatic Research Unit (CRU) 

dataset at a resolution of 0.5° produced by the University of East 

Anglia Climatic Research Unit (2020); the ERA5 Monthly Aggregates 

dataset at 0.5° resolution (Bell et al., 2021); and TerraClimate (~4 km; 

Abatzoglou et al., 2018). We selected TerraClimate due to its high 

spatial resolution. Clay content and initial SOC stock should ideally be 
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obtained from national datasets when available, as they are based on 

local conditions. If not, global soil products, such as the Global Soil 

Organic Carbon Map (GSOC; FAO & ITPS, 2018), the Harmonized 

World Soil Database (HWSD; FAO & IISA, 2023), or SoilGrids 

(Poggio et al., 2021) can be utilized. These maps are constructed 

based on legacy soil profile data, including WOSIS (Batjes et al., 

2017), LUCAS (Tóth & Montanarella, 2013), and AfSIS (Leenaars, 

2013), with soil samples collected over a long period: 1900-2016. To 

align with the baseline SOC sampling year, we employ digital soil 

mapping methods (Chen et al., 2022) to precisely predict baseline 

SOC contents. For the soil cover indicator, FAO (2020) proposed 

using 16-day NDVI products (from the MOD13A26 product, 1 km) 

and set the threshold at 0.6, which means that soil is considered 

covered above this value. We can also adopt NDVI threshold methods 

but use higher resolution satellites (Landsat series and Sentinel-2) and 

choose our own threshold value based on in-situ conditions. 

However, the estimation of carbon inputs in current regional 

studies are still coarse, which is a key primary limitation for these 

simulations (Morais et al., 2019). For instance, starting from a final 

SOC stock, Jordon et al., (2022) and Zhang et al., (2024) ran RothC in 

inverse mode to estimate carbon inputs, while FAO (2020) and Smith 

et al., (2005) used estimated Net Primary Productivity (NPP) as 

carbon inputs. In Belgium, we benefit from an open-access database 

on annual crops and field layouts i.e. the land parcel information 

system (LPIS) provided by the Walloon Region 

(https://geoportail.wallonie.be/). This allows us to use allometric 

functions (Keel et al., 2017) and crop yield information to obtain more 

accurate carbon inputs similar to the ones used in long term 

experiments. 

Furthermore, an increasing number of fields are adopting 

conservation agriculture practices, including the effective 
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implementation of cover crops during winter months (Ahmed et al., 

2024). After all, maintaining a minimum soil cover during winter in 

particular for erosion prone areas is one of the conditionalities for 

payment to farmers in the Common Agricultural Policy (2023-2027; 

https://agriculture.wallonie.be/accueil). Unfortunately, the current 

agricultural census only includes main crops and does not account for 

cover crops, thus underestimating the relatively high potential of cover 

crop for carbon sequestration (Poeplau & Don, 2015; Mazzoncini et 

al., 2011). Recent advancements have utilized remote sensing data to 

predict cover crop presence (Fendrich et al., 2023; Barnes et al., 2021) 

and estimate aboveground biomass (which determines carbon input) 

using vegetation indices or Leaf Area Index (LAI) (Kharel et al., 

2023; Goffart et al., 2021; Dong et al., 2020). Building on this 

foundation, we can integrat these methodologies to develop scalable 

and replicable workflows for estimating carbon inputs from cover 

crops. 

 Therefore, the overall goal of this study is to provide all boundary 

conditions using remote sensing data or statistical data for RothC 

models. These remote sensing-derived boundary conditions are a key 

step that can expand field-scale models to the landscape level. The 

specific work that needs to be done can be summarized as follows: 

1. Validate the RothC model in Belgian cropland using in-situ data. 

2. Identify alternative boundary conditions for the RothC model from 

remote sensing or agricultural data, in particular develop a 

procedure to assess the presence of cover crops in crop rotations 

and predict the aboveground biomass of cover crops using satellite 

data. 

3. Evaluate the uncertainties and model performance gaps introduced 

by replacing in-situ data with remote sensing data. 
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4.2 Materials and Methods 

4.2.1 Site description 

The Lonzée Terrestrial Observatory, located at 50°33'05.7"N, 

4°44'46.1"E in Belgium, is recognized for having one of the longest 

and most complete data series on cropland in Europe. It has served as 

a node in both the CarboEurope-IP and FLUXNET networks since 

2004, collecting flux and meteorological data (Pastorello et al., 2020). 

Lonzée station officially integrated into the ICOS (Integrated Carbon 

Observation System) network in November 2017. 

The observatory is located on a relatively flat plateau and covers 

an area of approximately 12 ha (Buysse et al., 2017). The climate of 

the site is temperate maritime, with a long-term average annual 

temperature of 10.8°C and an average annual precipitation of 680 mm.  

This station basically operates a four-year crop rotation system, 

alternating between sugar beet, winter wheat, potato, and winter 

wheat. Soil is basically ploughed to a depth of about 30 cm. The soil is 

classified as Luvisol according to the FAO classification.  

4.2.2 RothC Model  

The RothC model (Coleman & Jenkinson, 1996) is a first-order 

kinetic model that simulates carbon turnover in topsoil, incorporating 

the effects of temperature, moisture, and plant cover. It divides SOC 

into five pools: four active pools, which include decomposable plant 

material (DPM), resistant plant material (RPM), microbial biomass 

(BIO), and humified organic matter (HUM), and one inert pool, inert 

organic matter (IOM). For each active C compartment, At the 

beginning of the month, the C pool size is 𝑌0, and it will decompose to 

𝑌𝑡 at the end of the month, following the exponential decay function 

(Eq.4.1):  

𝑌𝑡 = 𝑌0 × (1 − 𝑒−𝑎𝑏𝑐𝑘𝑡) (4.1) 
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Where k is the decomposition rate constant for each pool (default 

values from Coleman et al., 2024: DPM: 10; RPM: 0.3; BIO: 0.66; 

HUM:0.02 in years-1,). t is 1 / 12, since k is based on a yearly 

decomposition rate. Additionally, the decomposition rate is affected 

by climate and soil cover conditions: a, b, and c are the rate modifying 

factors for temperature, moisture, and soil cover, respectively. 

The decomposed C material (𝑌0 − 𝑌𝑡) of each compartment within 

the month will split between (BIO+HUM) and CO2, with the 

proportion decided by clay content. In addition, incoming external 

carbon source will split between DPM and RPM (for plant residue) or 

between DPM, RPM and HUM (for manure), based on set ratio 

parameters.  

4.2.3 Boundary Conditions 

In this section, we prepared the necessary boundary conditions 

(Table A.3.1) for the RothC model, detailing both in-situ and remote 

sensing-derived data sources for each input. 

4.2.3.1 Climate data 

We obtained monthly precipitation and temperature data for the 

Lonzée site from open-access ICOS data portal (https://data.icos-

cp.eu/portal/). Potential evapotranspiration is calculated using the 

Thornthwaite equation (Thornthwaite, 1948), based on the average 

monthly temperature, the average length of day (in hours) and the 

number of days in a month. Then potential evapotranspiration is 

converted to open-pan evaporation by dividing by 0.75. 

As an alternative remote sensing input data, we choose 

TerraClimate (Abatzoglou et al., 2018) because it is easily accessible 

(from the public catalog of Google Earth Engine), has long-term 

coverage (from 1958 to now), and relatively high spatial resolution 

(~4 km). TerraClimate provides monthly temperature and rainfall 

datasets directly, where we calculate the average of the minimum and 

maximum temperatures as the mean temperature. 
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4.2.3.2 Soil data 

Lonzée station conducted soil sampling twice. In August 2007 and 

in September to October 2017, soil samples were collected and soil 

properties were estimated at 5 standard depth intervals (0-5cm. 5-

15cm, 15-30cm, 30-60cm,60-100cm) 

(https://traitementinfosol.pages.mia.inra.fr/icos/BE-

LonCarbonReportv2.html). SOC stock calculated following Eq. 4.2:  

𝑆𝑂𝐶 𝑠𝑡𝑜𝑐𝑘 = 𝑆𝑂𝐶 𝑐𝑜𝑛𝑡𝑒𝑛𝑡 ×  𝐵𝐷 × 𝑑𝑒𝑝𝑡ℎ (4.2) 

 the SOC stock in the 0-30 cm soil layer, was measured as 46.7 ± 

1.9 t·ha-1 (Buysse et al., 2017), and in September to October 2017, 

measured as 42.5 ± 2.6 t·ha-1 (SABY et al.,2024). To obtain baseline 

and final SOC stock values for model running and validation, we 

converted SOC stocks from the two sampling campaigns in 2007 and 

2017 using the equivalent soil mass method. (Wiesmeier et al., 2015) 

The converted SOC stocks were 40.00 ± 1.6 t·ha-1 and 39.98 ± 2.5 

t·ha-1, respectively. 

The initial SOC stock value in 2007 was additionally predicted 

using the Digital Soil Mapping (DSM) method. Using the random 

forest model developed for the prediction of SOC contents in the 

Walloon Region (see Zhou et al., 2022 for more details on the model 

covariates and development), the predicted SOC content in 2007 was 

obtained by replacing model’s covariates with the corresponding 

values for 2007. The values of bulk density (BD) can be calculated 

using various available pedotransfer functions (Hollis et al., 2011; Xu 

et al., 2015). For this study, we chose to use the one developed by 

Manrique & Jones (1991) based on SOC content (%) (Eq.4.3). 

𝐵𝐷 = 1.660 − 0.318 × 𝑆𝑂𝐶 𝑐𝑜𝑛𝑡𝑒𝑛𝑡1/2 (4.3) 

The model output indicates the same mean value as the measured 

SOC stock, at 46.7 ± 4.2 t·ha-1, but with a larger standard deviation 

range. After conversion using the same ratio, the equivalent mass SOC 

stock would be 40.00 ± 3.4 t·ha-1. 
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For the clay content, we used the value (11.2%) from soil 

sampling measurements in 2017. We assumed that clay contents 

remained constant over the study time period (2002-2017). For the 

alternative option, we obtained publicly available clay products from 

the website of the Walloon Region 

(https://geoportail.wallonie.be/catalogue/e90eb7cf-8f7d-40ab-9df9-

5c34ddf387ea.html), with a clay content of 13.6% at the Lonzée 

station. 

4.2.3.3 Soil cover 

The RothC model needs to identify whether the soil is bare or 

vegetated as soil decomposition rates are higher when the soil is bare. 

However, it does not provide a comprehensive definition of the level 

or degree of “covered.” For the Lonzée station, estimated time-series 

above ground biomass (AGB) data, exported biomass during harvest 

(yield), and post-harvest residual AGB datasets are available. Soil was 

identified as covered when the field had an AGB record; otherwise, 

the field was considered bare. 

We utilized the Normalized Difference Vegetation Index (NDVI), 

which widely recognized for assessing vegetation greenness and 

density, to distinguish between bare soil and vegetation cover. 

However, up to now, the unified NDVI threshold has not been 

established for the RothC model. Here, we established a specific 

threshold for the Lonzée site. Long time-series NDVI data from 

Landsat 5/7/8 and Sentinel-2 were downloaded from Google Earth 

Engine (GEE). The binary monthly soil cover indicator was derived 

by iterating NDVI threshold values from 0.2 to 0.65 in increments of 

0.05. This indicator was compared with the soil bare/covered binary 

indicator determined by the AGB values, generating a confusion 

matrix. Overall accuracy analysis identified an optimal NDVI 

threshold of 0.35 (Fig. A.3.1). 

 

https://geoportail.wallonie.be/catalogue/e90eb7cf-8f7d-40ab-9df9-5c34ddf387ea.html
https://geoportail.wallonie.be/catalogue/e90eb7cf-8f7d-40ab-9df9-5c34ddf387ea.html
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4.2.3.4 Carbon input from main crops 

The Bolinder Equation (Bolinder et al., 2007) is a widely used 

allometric equation to estimate the soil C input by relating the yield to 

the amount of above- and belowground plant material. It describes the 

total amount of the plant C returned to soil (𝐶𝑖) as consisting of four 

components: main harvested crop products (𝐶𝑝); straw, stover and 

other post-harvest aboveground residues (𝐶𝑠); root tissue (𝐶𝑅); and 

from extra-root material (𝐶𝐸). 𝐶𝑝 (Eq.4.4) equals the dry matter yield 

multiplied by the C content of plant (𝐶𝐶, usually 0.45 is used), and the 

C in the other three fractions (𝐶𝑠, 𝐶𝑅 , 𝐶𝐸  ) can be calculated based on 

𝐶𝑝 using crop-specific allocation ratio values R (Eq.4.5-4.7). The 

carbon from these four fractions, multiplied by the proportion of each 

fraction that is returned to soil, gives the total input 𝐶𝑖. (Eq.4.8):  

𝐶𝑝 = 𝑦𝑖𝑒𝑙𝑑 (𝐷𝑀) × 𝐶𝐶 (4.4) 

𝐶𝑠 =
𝑅𝑠

𝑅𝑃
× 𝐶𝑃 

(4.5) 

𝐶𝑅 =
𝑅𝑅

𝑅𝑃
× 𝐶𝑃 

(4.6) 

𝐶𝐸 =
𝑅𝐸

𝑅𝑃
× 𝐶𝑃 

(4.7) 

𝐶𝑖 = (𝐶𝑝 × 𝑆𝑝) + (𝐶𝑠 × 𝑆𝑠) + (𝐶𝑅 × 𝑆𝑅) + (𝐶𝐸 × 𝑆𝐸) (4.8) 

Where 𝑅𝑃, 𝑅𝑠, 𝑅𝑅 , 𝑅𝐸 are the relative plant C allocation 

coefficients and 𝑆𝑝, 𝑆𝑠, 𝑆𝑅, 𝑆𝐸 are the corresponding proportions of 

each fraction returned to the soil. (Table A.3.5) 

Bolinder et al. (2007) used a reference depth of 40 cm for 

belowground residues. We need to scale the belowground inputs to a 

soil depth of 30 cm to align with our study (Eq. A.3.1). 

The Lonzée station has documented the annual yield information, 

which allowed us to calculate 𝐶𝑝then get total 𝐶𝑖 use the Bolinder 
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equation. When we have detailed by-products and post-harvest AGB 

values, we can also set it as 𝐶𝑠 and calculate C input (𝐶𝑖) based on this. 

Alternatively, if measured data are not available, annual crop 

information and field layouts can be collected from the Walloon 

region website (https://geoportail.wallonie.be/). The annual yield 

information of different crop types for each province can be found 

from the Belgian Statistical Office (https://statbel.fgov.be/). It is 

important to note that these productions are given as fresh matter 

weight, and we need to convert them to dry matter yield by 

multiplying the dry matter content proportion parameters (parameters 

can be found in Hendriks et al., 2023). The annual C input obtained 

based on statistical data generally aligns with the C input obtained 

based on measured value (R2 =0.86, Fig. A.3.2).  

To convert the annual C input into the monthly C input data 

required by the model, 50% of the residue is allocated to the harvest 

month, and the remaining 50% is allocated equally to the three months 

before harvest (Morais et al., 2019).   

4.2.3.5 Carbon input from cover crops 

Since 2009, cover crops (mustard, oats) are common for the 

Lonzée trial and their crop cycle starts after winter wheat. The species 

of cover crop, sowing date, termination date, and time-series of AGB 

values have been recorded. Cover crops are not harvested but are often 

used as a green manure, with the entire biomass being incorporated 

into the soil during tillage (Poeplau & Don, 2015; Schaefer et al., 

2020). Thus, the entire biomass (AGB and roots) is used as a source of 

C input to the soil. The root and extra-root material are calculated 

based on the ratio parameters (𝑅𝑅 and 𝑅𝐸, Table A.3.5). The total 

biomass multiplied by the C content of the plant material (using 0.45 

as before) gives the C input from cover crops, which is added as a 

single pulse in the month of cover crop termination. 

https://geoportail.wallonie.be/
https://statbel.fgov.be/
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Calculated C input from cover crops using remote sensing data 

involves two steps: 

Identify Cover Crops: The main idea is to compare the crop 

growing seasons documented in the census database with the growing 

seasons derived from remote sensing data (using the phenofit package 

in R; Kong, 2023), to determine if there is a full growing season 

between main crops. The detailed mechanism can be found in Zhou et 

al. (2024), and specific identification procedure for the Lonzée station 

is described in Appendix C. Following this procedure, we can identify 

whether cover crops are present or absent, as well as determine their 

sowing and termination dates. 

Estimate AGB of Cover Crops: We initially calculated the LAI 

using the Enhanced Vegetation Index (EVI), obtained from GEE, 

utilizing data from Landsat 5/7/8 and Sentinel-2 (Eq. 4.9 & 4.10, 

Boegh et al., 2002): 

𝐸𝑉𝐼 =  2.5 ∗  ((𝑁𝐼𝑅 −  𝑅𝐸𝐷) / (𝑁𝐼𝑅 +  6 ∗  𝑅𝐸𝐷 

−  7.5 ∗  𝐵𝐿𝑈𝐸 +  1) 

(4.9) 

𝐿𝐴𝐼 =  3.618 × 𝐸𝑉𝐼 −  0.118 (4.10) 

Then, we estimate the AGB of cover crops by establishing a 

regression model between time-series AGB data and the LAI. The 

linear model equation expressed as (Eq. 4.11), with a R² of 0.73 and 

an RMSE of 0.62 (Fig. A.3.3). 

𝐴𝐺𝐵 = 0.27 × 𝐿𝐴𝐼 − 0.19 (4.11) 

After predicting AGB for all available RS data points, we 

calculated the maximum AGB in each interval between the cover 

crop’s NDVI peak date and the end date obtained during the cover 

crop identification process, using it as the final AGB of the cover crop 

that goes to the soil. This is because NDVI does not completely 

correspond to biomass, especially during the senescence stage when 

NDVI decreases but AGB remains unchanged (Burger et al., 2024). 
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We calculated belowground biomass and carbon input using the same 

process as above. 

 

4.2.3.6 Farmyard manure 

The Lonzée site added farmyard manure twice during our ten-year 

study interval. 28 t·ha-1 fresh matter was added in August 2009, 

containing 3.04 t C·ha-1; and 50 t·ha-1 fresh matter in August 2015, 

containing 5.43 t C·ha-1. 

Manure application information for individual fields is difficult to 

obtain, we can estimate it with the total amount of manure for the 

whole region (city/province/country) and the regional agricultural land 

area. First, annual manure amount (fresh matter) of each livestock 

type (t·year-1) is calculated (Eq.4.12). Then, we need to convert the 

wet weight to C content (Eq.4.13) based on C proportion under 

different manure management systems (such as solid storage, liquid 

slurry, on-pasture) for different livestock. 

𝐴𝑛𝑛𝑢𝑎𝑙 𝑚𝑎𝑛𝑢𝑟𝑒 𝑝𝑒𝑟 𝑙𝑖𝑣𝑒𝑠𝑡𝑜𝑐𝑘 𝑡𝑦𝑝𝑒  

(4.12) 
= 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑙𝑖𝑣𝑒𝑠𝑡𝑜𝑐𝑘 𝑝𝑒𝑟 𝑡𝑦𝑝𝑒 (ℎ𝑒𝑎𝑑)

× 𝑀𝑎𝑛𝑢𝑟𝑒 𝑝𝑒𝑟 𝑙𝑖𝑣𝑒𝑠𝑡𝑜𝑐𝑘 (𝑡 · ℎ𝑒𝑎𝑑−1

· 𝑦𝑒𝑎𝑟−1) 

𝑇𝑜𝑡𝑎𝑙 𝐶 𝑐𝑜𝑛𝑡𝑒𝑛𝑡 𝑜𝑓 𝑚𝑎𝑛𝑢𝑟𝑒

= ∑(∑(𝑀𝑎𝑛𝑢𝑟𝑒𝑖 × 𝑃𝑟𝑜𝑝𝑖𝑗 × 𝐶𝑖𝑗 )

𝑚

𝑗

)

𝑛

𝑖

 

(4.13) 

Where 𝑖 represents each type of livestock (total n types); 𝑗 

represents each management system (total m systems). 𝑀𝑎𝑛𝑢𝑟𝑒𝑖 is the 

annual manure production of livestock type 𝑖 (From Eq.4.12); 𝑃𝑟𝑜𝑝𝑖𝑗 

is the proportion of the manure (%) under management system 𝑗 for 

livestock type 𝑖; 𝐶𝑖𝑗 is the carbon content ratio (t·t-1) of the wet weight 

manure under management system 𝑗 for livestock type 𝑖. 
Finally, combine the utilized agricultural area (UAA) to get the 

farmyard manure C input (Eq.14). 
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𝐼𝑛𝑝𝑢𝑡 𝐶 𝑓𝑟𝑜𝑚 𝑓𝑎𝑟𝑚𝑦𝑎𝑟𝑑 𝑚𝑎𝑛𝑢𝑟𝑒 (𝑡 𝐶 · ℎ𝑎−1)

=
𝑇𝑜𝑡𝑎𝑙 𝐶 𝑐𝑜𝑛𝑡𝑒𝑛𝑡 𝑜𝑓 𝑚𝑎𝑛𝑢𝑟𝑒(𝑡 𝐶)

𝑈𝐴𝐴 (ℎ𝑎)
  

(4.14) 

The number of each livestock type and UAA for each province is 

available from the Belgian Statistical office (https://statbel.fgov.be/). 

Estimated manure for different livestock types can be summarized 

from the literature (Table A.3.2, Scarlat et al., 2018). In Volume 4, 

'Agriculture, Forestry and Other Land Use,' of the 2019 Refinement to 

the 2006 IPCC Guidelines for National Greenhouse Gas Inventories 

(IPCC, 2019; Tables 10A.6-10A.9), the proportion of various manure 

management systems for each type of livestock is provided (Table 

A.3.3). Parameters for the C content ratio of manure (wet weight) can 

also be found in previous work (Table A.3.4, Hendriks et al., 2023). 

4.2.4 Workflow 

We first initialized the RothC model by starting with an empty 

SOC stock and ran it for 1000 years until it reached equilibrium, 

matching the SOC stock measured in 2007. The spin up process used 

multi-year monthly average climate data provided by the Lonzée 

station from 1989 to 2006. Since we use the default model 

configurations for all parameters, which were calibrated with long-

term field experiments, we directly validated the RothC model on 

Belgian cropland by using the monthly in-situ boundary conditions 

from 2007 to 2017 (Table.4.1: Model 0) and comparing the final 

model output with the measured SOC stock in 2017.  

Then, we substituted the in-situ boundary conditions one by one 

with remote sensing or agricultural data (Table.4.1: Model 1-7), and 

compared the model accuracy and dynamic changes in SOC stock 

under different input data combinations. The final simulation run with 

all remote sensing-derived boundary conditions (Table.4.1: Model 8). 

The entire modelling process is implemented in R. All of the 

decomposition modification rates were calculated using functions in 

https://statbel.fgov.be/
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the package SoilR (Sierra et al., 2014). For the main running part of 

the RothC model and calculation of each input data, we built new 

functions to better calculate data and modify the model. These codes 

are available online [https://doi.org/10.5281/zenodo.13625934]. 

Table 4.1. Summary of the simulations under different input data combinations 

(Green cell represents in-situ data;  

Blue cell represents remote sensing or agricultural data.) 

 
 

4.3 Results and Discussions 

4.3.1 Changes in SOC stock 

We simulated monthly SOC stock changes for Lonzée station 

during 2007-2017 (Fig. 4.1). It changes a lot during the ten years, 

varies from 35 to 45 t·ha-1. The final predicted SOC stock is 39.82 

t·ha-1, which corresponds well with the measured SOC value, 39.98 ± 

2.5 t·ha-1. There are two obvious peak values caused by the addition of 

FYM, totaling 8.47 t C·ha-1. The neutral situation, where the final and 

baseline SOC are almost similar.  

 

https://doi.org/10.5281/zenodo.13625934
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Please note that the measured SOC stock in 2017 is till rather high 

as a result of FYM applied after the harvest of winter wheat in autumn 

2016. Otherwise the global trend shows an overall decrease. Bolinder 

et al., (2020) also found similar result that manure applications have 

the highest impact on increasing SOC compared to other management 

practices based on twenty reviews using paired comparisons. This is 

because manure contain carbon (C)-rich substrate and improves net 

primary production, which brings more biomass and crop residues 

(Huang et al., 2022; Hijbeek et al., 2019). 

Additionally, SOC stock shows increases during the years with 

winter cereals and silage maize (e.g., in 2009, 2011, 2013, 2015 and 

2017) but decreases during the years with sugar beet and potatoes 

(e.g., in 2008, 2010, 2014 and 2016). Bolinder et al. (2015) pointed 

out that below-ground residue inputs to soil for root crops is much 

lower compared to other annual crops. The INTERREG Carbon 

Farming project (2021) selected the top five most promising measures 

to protect the climate through carbon farming, mentioning that crop 

rotations should be enriched to improve SOC stocks while reducing 

the area of potatoes, carrots, and other root crops in the rotation. 

Leaving soil bare between two main crops (e.g., winters of 2007 

and 2011) will cause a continuous decrease in SOC, but planting cover 

crops (e.g., in 2009, 2013, and 2015) is effective in slightly slowing 

these decreases. Replacing the bare fallow period in winter with cover 

crops can increase the SOC stock and serve as an effective measure to 

offset CO2 emissions (Lal, 2004ab). Poeplau & Don (2015) estimated 

a potential global carbon sequestration via cover crops of 0.12 Pg C 

yr−1, compensating for 8% of the direct annual greenhouse gas 

emissions from agriculture. 

We validated the model using SOC stock measurements taken 

twice at the long-term experiment (LTE), as shown in Fig. 4.1. 

However, we don’t have a reference to compare whether we correctly 
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simulated the trend of changes during this interval. Therefore, soil 

sampling should be repeated more frequently to provide a stronger 

basis for model verification. However, due to the slow rate of soil 

carbon change, detecting changes over a short timeframe is difficult 

(Raffeld et al., 2024). This is because the changes can be smaller than 

the measurement errors from the laboratory (e.g., precision ranges 

from 1.2 to 15.8% for loss-on-ignition, 1.6–4.2% for Walkley & 

Black, and 1.3–7.1% for dry combustion) and spatial heterogeneity 

(Goidts et al., 2009). According to most MRV protocols, soil re-

sampling at 5-year intervals is appropriate (Raffeld et al., 2024). 

A novel method to verify the C model is calculating SOC stock 

changes from CO2 exchange measured in a flux tower (Smith et al., 

2019). The main principle is to calculate the net ecosystem carbon 

budget by considering net ecosystem exchange, C inputs (e.g., 

fertilization), and C outputs (e.g., harvest, fires) (Smith et al., 2010; 

Kutsch et al., 2010). The strength of using flux data is the growing 

availability of flux tower data worldwide (e.g., over 1000 active and 

historic flux measurement sites of FLUXNET, fluxnet.org) compared 

to the limited number of LTE data (e.g., over 250 studies recorded in 

long-term soil experiments (LTSEs)). Also, the flux sites have hourly 

data records, allowing for model verification with short-term 

experiments. Buysse et al. (2017) using flux data calculated the carbon 

budget also for Lonzée station, and found a high C loss of 9.9 t·ha-1 

over 12 years (2004 to 2016), accounting for about 22% of the C stock 

in the topsoil. This result differs significantly from the inventory 

values in our study, which showed a loss of 0.02 t·ha-1 during 2007-

2017. The discrepancies between flux tower measurements and SOC 

changes may be attributed to several factors, including data 

acquisition and processing, necessary assumptions, and the mismatch 

in scale (Smith et al., 2019), also difference in microbial carbon use 

efficiency, which can significantly introduce uncertainty. Flux towers 
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are highly appropriate for detailed gas exchange measurements due to 

their high temporal resolution. However, for long-term changes in 

SOC, these measurements must be aggregated, which can introduce 

potential errors. Additionally, the import and export of residues, 

harvests, and seeds are often mentioned as factors contributing to 

uncertainty (Feigenwinter et al., 2023; Osborne et al.,2010). 

At a long-term experimental site located just 2 km from the 

Lonzée site, known as the Longs Tours site (also called Liroux, in 

Gembloux), the effects of different management practices (residue 

export, farmyard manure, residue return (RR)) on SOC were studied 

from 1959 to 1997 (Buysse et al., 2013). Over the fifty-year period, 

the average SOC stock under the RR treatment showed almost no 

change, with a small increase of 0.07 t·ha-1·yr-1, which aligns more 

closely with our results rather than those from the flux tower. 

Moreover, after the first 20 years of the experiment, the SOC stocks 

under all three treatments became relatively equilibrium. Obviously, it 

is challenging to compare the results of a continuous measurement of 

CO2 fluxes with a SOC stock change between two points in time.  

4.3.2 Uncertainties from different inputs into the model  

We substituted the in-situ boundary conditions one by one with 

remote sensing or agricultural census datasets. The final SOC stocks 

and their standard deviations (SD) under different simulations are 

shown in Table 4.2. The effects of data replacement on the model 

outputs are illustrated in Fig. 4.2, which calculated based on the 

difference in the final SOC stock predicted by the model.  

First, replacing climate data only introduced minor uncertainties, 

slightly underestimating the final SOC. Comparing the coherence of 

climate data from site-measured values with those from climate data 

products (Fig. A.3.4), current temperature products fit perfectly. 

However, precipitation products obviously overestimate (RMSE = 29 

mm) and struggle to capture extreme precipitation events. The 
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overestimated precipitation consequently leads to lower final SOC due 

to higher decomposition rates in wet soil conditions (Coleman et al., 

2024). One effective approach for enhancing the accuracy of 

precipitation data is the application of rainfall merging algorithms (Hu 

et al., 2019), such as correcting biases between satellite precipitation 

and ground-based meteorological measurements. 

 

Table 4.2. Predicted final SOC stock and model errors under different data input 

combinations. (t C·ha-1) 

Model Model Info 

Predicted 

Final SOC 

stock 

Bias  

(Predicted-

Final)  

Model 0 All measured 39.82  -0.16 

Model 1 Replace climate 39.64  -0.34 

Model 2 Replace clay 40.07 0.09 

Model 3 
Replace baseline 

SOC 
39.82  

-0.16 

Model 4 Replace soil cover 39.45 -0.53 

Model 5 
Replace C input 

from main crop 
41.74 

1.76 

Model 6 
Replace CC input 

from Cover crop 
41.01 

1.03 

Model 7 Replace FYM 39.35 -0.63 

Model 8 All RS 41.74 1.76 

 
Fig. 4.1. Effect of replacing measured boundary conditions with remote sensing 

derived one, which calculated based on the difference under two models. 
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The models also show insensitivity to soil information. In current 

works (Jordon et al., 2022; FAO, 2020; Morais et al., 2019), baseline 

SOC and clay contents are often derived from available worldwide 

soil products, such as SoilGrids (Poggio et al., 2021), HWSD (FAO & 

IISA, 2023). In our study, the clay content obtained from Walloon soil 

products closely matched the values from soil campaigns, differing by 

only 2.4%. In addition, the baseline SOC did not introduce any errors 

to the predicted mean SOC stock value, the only difference was a 

higher SD (2.66 t C·ha-1), indicating the successful construction of our 

robust DSM model for the Walloon region. Given these good 

simulation results, we recommend utilizing more region-specific soil 

products or developing SOC DSM models, which allow for the 

simulation of SOC for specific years, unlike global soil products that 

only provide maps for certain years. 

Compared with the first three models (Model 1 – Model 3), using 

RS-derived soil cover info and FYM from census data have moderate 

negative effect (<-0.5 t C·ha-1) on model output. We underestimated 

the input of FYM, since it is a complex topic, the FYM have so much 

different types and chemical elements, also different management 

methods (Doblas-Rodrigo et al., 2023). However, we did not find 

more detailed databases or novel methods to solve this issue. In most 

regional simulations, this issue is simply ignored (Jordon et al., 2022; 

FAO. 2020). For the soil cover indicator, most differences occur in the 

month of harvest when NDVI decreases. When we simply calculate 

the mean NDVI over a time period, bias might exist due to the uneven 

distribution of temporal data points.  

The largest uncertainties arise from overestimating C inputs from 

both main crops and cover crops. First, relying on regional statistical 

values rather than yields measured in the field can introduce 

uncertainty, and residue management practices cannot be assessed 

using remote sensing. Additionally, different allometric equations 
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chosen for C inputs from main crops can introduce considerable 

uncertainties (Keel et al., 2017). Taghizadeh-Toosi (2016) noted that 

allometric functions assuming a fixed ratio between crop yield and 

root biomass tends to overestimate root C inputs, especially with 

technologies that improve crop yield. Cagnarini et al. (2019) also 

recommend using fixed root biomass and rhizodeposition values 

rather than shoot: root ratio values.  

The main reason for the overestimation of C input from CC is the 

misidentification of CC occurrence in 2007, as shown in Fig. 4.3. 

After winter wheat was harvested in August 2007, the fields were not 

ploughed until January 2008. Winter wheat may have regrown during 

this period, causing an increasing NDVI trend, which was mistakenly 

identified as a cover crop. Additionally, the duration of cover crops in 

2009 was overestimated due to insufficient NDVI points throughout 

the winter (Appendix C). With the availability of higher temporal 

resolution Sentinel-2 data since 2015, CC identification become very 

accurate. This indicates that despite the incorrect estimations caused 

by limited data in our case, the process of identifying CC can be 

effectively extended to more sites and for recent periods. 

In addition, information on CC duration is very valuable and 

should be incorporated into AGB model. Studies have shown that 

longer CC cover duration delivered more C to the soil (Seitz et al., 

2023; Hendriks et al., 2023). However, mustard grown as CC at 

Lonzée is frost sensitive (Gabbrielli et al., 2022) and was terminated 

in November and December, limiting the availability of comparative 

data to model AGB under different CC durations. Additionally, 

distinguishing CC species through remote sensing is challenging 

(Wang et al., 2023), which could greatly impact AGB and C input 

(Selin Noren et al., 2021), thus also introducing uncertainty when 

substituting measured data with remote sensing data. 
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Fig. 4.2. Comparison of recorded cover crop calendar and  

predicted durations from satellite 
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The model run with all RS boundary conditions showed a bias of 

1.76 t C·ha-1, corresponding to a 4.4% relative error in the final SOC 

stock. as some positive effects were compensated by negative ones. 

However, the effect of boundary conditions on SOC turnover 

processes have interaction and are non-linear, meaning that their 

effects cannot simply be summed or subtracted. But overall, remote 

sensing data provide a feasible alternative for carbon modeling, 

enabling the model running from point scale to landscape level in 

further steps. 

 

4.3.3 Limitations of the work  

First, when calculating the moisture rate modifying factor, only the 

water input from precipitation is considered, while irrigation is not 

included. Morais et al. (2019) estimate the irrigation amount by 

calculating the water requirements of specific crops, which could be a 

feasible solution. 

Second, the soil cover rate modifying factor in the model is binary, 

causing drastic changes, and it is difficult to define the threshold. A 

rate factor that changes gradually according to the soil cover (such as 

based on NDVI or LAI) should be developed. 

Last, the consideration of management practices is not 

comprehensive enough, for example, tillage practices affect SOC 

stock. Varvel and Wilhelm (2010) compared SOC changes under six 

tillage systems in LTE and found that no-till system stores more SOC 

than other tillage treatments in the 0-30 cm depth. In subsequent work, 

a rate modification factor d for tillage can be created. This factor can 

be obtained by parametrizing the model under LTEs that control 

tillage practices. For example, van Wesemael et al. (2019) compared 

SOC changes under three tillage treatments: conventional tillage with 

a moldboard plough, deep de-compaction with a heavy tine cultivator, 

and reduced tillage (RT) with a spring tine cultivator at a long-term 



Chapter 4 Simulating SOC Changes at Lonzée Station Using the RothC Model 
 

113 

trial, which at Gentinnes, Belgium and started from 2008. In the 0-20 

cm topsoil layer, reduced tillage resulted in a significant increase in C 

content, particularly in the C > 20 μm fraction. Based on the graphical 

results, the carbon sequestration rate for RT was estimated to be 

approximately 0.6 t·ha-1. This value can then be used in combination 

with other modification rates to estimate the rate modification factor 

for tillage. It can also be derived from existing literature, for example, 

Jordon & Smith, (2022) suggests a tillage rate modifier of 0.93 for 

reduced-tillage, based on a systematic review database. 

 

4.3.4 Extensions and future work 

For future work, in addition to the above, we can expand our 

model verified at the site scale to the entire Wallon region or even 

Belgium. Since RothC is a soil model (Fig. 1.4), which focused on 

field-scale simulations, expanding to larger spatial scales requires 

further calculations. Our approach is to use remote sensing data to 

obtain boundary conditions over larger areas, including climate and 

management data, following the Monitoring, Reporting and 

Verification (MRV) framework proposed by Smith et al. (2020; Fig. 

1.6). Alternatively, we could utilize global models such as 

ORCHIDEE, the Community Land Model (CLM), Integrated 

Biosphere Simulator (IBIS). These land surface models are designed 

to operate at broader spatial scales, but they typically run at coarser 

spatial resolutions (e.g. default resolution of ORCHIDEE is 

0.5°x0.5°), which may result in the loss of detailed field-level 

information. Balancing the need for large-scale simulations with the 

preservation of local details will be a critical consideration in future 

research. 

We can also run the model under different land use patterns to 

simulate carbon turnover in Belgian forest or grassland systems, based 

on ICOS station at Vielsalm, Brasschaat, Maasmechelen and Dorinne 
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(https://www.icos-cp.eu/observations/national-networks/belgium). 

Additionally, evaluating the greenhouse gas trend under different 

management scenarios is crucial for assessing the impact of 

regenerative agriculture (Jordon et al., 2022) and also support MRV 

protocol for soil carbon. 

 

4.4 Conclusions 

We successfully validated the RothC model, which showed a bias 

of -0.16 t·ha-1 for a ten-year period using data from a long-term 

experimental station in Lonzée, Belgium. Substituting in-situ 

boundary conditions with remote sensing data yielded satisfactory 

results (1.76 t C·ha-1 or a relative error of 4.4% compared to the SOC 

stock). The substitution of measured data by remote sensing products 

is a first step in upscaling the model runs to the regional scale.  

The primary uncertainties introduced by remote sensing data arise 

from the estimation of carbon inputs from both main crops and cover 

crops. However, the accuracy of cover crop identification improved 

substantially with the addition of satellite data of higher temporal and 

spatial resolution. This highlights the need for advancements in 

remote sensing products concerning crop phenology and productivity. 
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 Chapter 5 
Evaluating SOC Changes and 

Sequestration Potential at 

landscape scale 

5.0 Outline 

Accurate assessment of soil organic carbon (SOC) dynamics is 

crucial for evaluating the effectiveness of various land management 

practices for carbon sequestration in agricultural soils. We used the 

RothC model to simulate changes in SOC stocks from 2015 to 2024 

across 10,102 fields in the Walloon region of Belgium. To achieve 

this, we prepare all required boundary conditions at the landscape 

scale, including climate and management data. A major advancement 

of this research was the use of remote sensing technology to 

accurately identify field management practices. In particular, the 

distinction between organic carbon inputs from main crops and cover 

crops proved to enhance the reliability of simulations on SOC 

dynamics. We examined the impact of input data resolution on SOC 

predictions by testing different spatial stratifications: per field, soil 

association groups, and pedoclimate zones. The results revealed that 

differences in input resolution could lead to entirely opposite trends. 

For instance, the regional SOC stock calculated based on per field is in 

decease, with an average loss of -0.38 t ·ha-1 over ten years. However, 

it is shown as a carbon sink under the other two spatial resolutions. 

Furthermore, we defined three management scenarios: reduced tillage 
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(RT), long-term cover crops (CC) on all fields with potential for 

planting CC, and a combination of RT and CC (RT+CC). We then 

calculated their carbon sequestration potential compared to the 

business-as-usual (BAU) scenario, which only considered 

conventional agricultural fields. The results, based on field-level 

resolution, showed that the RT, CC, and RT+CC scenarios all 

effectively offset SOC losses. Specifically, the carbon sequestration 

rate under the CC+RT scenario was 0.22 t·ha⁻¹·yr⁻¹, increasing SOC 

stocks on about half of the fields. This highlights the critical 

importance of effectively implementing agricultural carbon 

sequestration practices. 

 

5.1 Introduction 

The implementation of carbon sequestration in agricultural soils is 

drawing increased interest because of its significant potential to 

mitigate climate change by removing greenhouse gases from the 

atmosphere (Amelung et al., 2020; Rumpel et al., 2023). However, the 

intensification of agricultural production has led to unsustainable soil 

degradation (Derpsch et al., 2024; Kopittke et al., 2019). Sanderman et 

al. (2017) estimated that 12,000 years of land use have resulted in a 

global carbon loss of 133 Pg in agricultural soils, with the rate of loss 

accelerating dramatically over the past 200 years. Currently, long-term 

experiments have demonstrated the feasibility of sustainable carbon 

sequestration practices for agricultural soils, such as reduced tillage, 

crop residue management, and cover cropping, underscoring the need 

for further widespread adoption (Bai et al., 2019; Page et al., 2020; 

Rodríguez et al., 2022). 

Soil organic carbon (SOC) dynamics models are crucial tools for 

assessing long-term changes in SOC. These models are increasingly 

used to simulate the impact of agricultural management practices on 
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carbon sequestration in agricultural soils (Lugato et al., 2013; Smith et 

al., 2005). Among these models, the RothC model (Coleman and 

Jenkinson; 1996) is one of the most widely used for predicting carbon 

sequestration potential across various regions and globally (FAO, 

2020; Gutierrez et al., 2023; Jordon et al., 2022; Pesce et al., 2024). 

Accurately measuring the carbon sequestration potential of different 

management practices involves two critical steps: (1) accurately 

assessing the baseline carbon stock, and (2) precisely defining and 

quantifying the management scenarios. Although SOC dynamic 

models have been validated for long term experiments (Romanenkov 

et al., 2019; Li et al., 2019), extrapolating to a region with a strong 

variation in soils, crops and management types still remains 

challenging (Smith et al. 2022). 

Numerous studies have employed stratification or raster data to 

model the baseline carbon stock across the entire region (Wiesmeier et 

al., 2016; van Wesemael et al., 2010; Morais et al., 2019; Lugato et 

al., 2013). Stratification methods typically divide the study area into 

homogeneous land units (HLUs) based on factors such as climate 

region, soil type, soil texture, land use, or management practices, with 

average values per unit serving as model inputs. For example, Morais 

et al. (2019) defined approximately 17,000 Unique Homogeneous 

Territorial Units to estimate attainable SOC stocks globally. However, 

the potential uncertainty introduced by this aggregation process raises 

questions about the reliability of the overall carbon storage 

calculations based on aggregated inputs. 

Currently, an increasing number of studies use regional raster data 

to directly calculate model inputs (Jordon et al., 2022; Gutierrez et al., 

2023; FAO, 2020; Zhang et al., 2024). However, these studies often 

simply calculate C input to the soil by running RothC in inverse mode 

(Jordon et al., 2022; Gutierrez et al., 2023) or estimating net primary 

productivity (NPP) using the Miami model (FAO, 2020; Poeplau & 
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Dechow, 2023). The main drawback of these approaches is that they 

do not differentiate whether the overall carbon input originates from 

the main crop, cover crop, or organic amendments. This lack of 

specificity makes it difficult to accurately identify which management 

practices could be improved when defining management scenarios. 

As a result, proposed management scenarios often adopt a simple 

proportional increase or decrease in the original C input (FAO, 2020; 

Jordon et al., 2022; Wiesmeier et al., 2016), without clearly explaining 

how this increase in carbon input can be achieved. For example, the 

Global Soil Organic Carbon Sequestration Potential map (GSOCseq; 

FAO, 2020) defines three Sustainable Soil Management practices 

corresponding to low, medium, and high C inputs, with respective 

increases of 5%, 10%, and 20%. However, the specific management 

methods used to achieve these increases are not detailed. Similarly, 

Wiesmeier et al. (2016) defined management scenarios with C inputs 

varying by -20% to +20% for SOC simulations in Germany without 

specifying the practices behind these changes. Although Jordon et al. 

(2022) introduced scenarios distinguishing reduced tillage, cover 

cropping, and ley-arable management measures, the C input values 

were estimated based on literature review, assuming changes in the 

proportion of plant residue input rather than reflecting the extent to 

which these practices will be adopted by farmers. 

With the rapid development of remote sensing technologies, we 

can now accurately determine the management practices employed on 

each field, especially whether cover crops and inversion tillage 

practice are used (Chapter 3). This allows for precise field-scale 

predictions across landscapes, enabling us to identify and modify 

specific management practices that can be improved. Such accurate 

predictions can better inform agricultural policies for instance in the 

framework of the Common Agricultural Policy (CAP), by evaluating 
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management practices on a per-field or per-farmer basis, thus offering 

a more reliable basis for policy decisions and implementation. 

 To address these issues, the overall research goal is to accurately 

calculate carbon input, simulate changes in SOC stock under different 

spatial stratifications at the landscape level, and compare the carbon 

sequestration potential of different management practices. The 

specific objectives are: 

1. Use remote sensing techniques to predict the boundary conditions 

required by the RothC model, with a focus on accurately 

calculating carbon inputs from main crops and cover crops. 

2. Predict and compare baseline SOC stocks under different spatial 

stratification, at field scale, soil associations and pedoclimatic 

zones. 

3. Establish scenarios based on conservation agriculture practices and 

compare the carbon sequestration potential of different 

management measures. 

 

5.2 Methods and Materials 

5.2.1 Study Area 

Our study area (Fig. 5.1) is located in the northern part of the 

Walloon region of Belgium. Our study area fully covers eight 0.125° 

grid cells that correspond to those of earth surface models such as 

ORCHIDEE (https://orchidee.ipsl.fr/), including 24,277 agricultural 

fields. We screened the fields and retained only those that have been 

used as cropland every year since 2015, excluding temporary and 

permanent grasslands, as we do not have management data for 

grasslands. We also ensured that the fields area is larger than 1 ha, as 

smaller plots are easily affected by surrounding roads or other features 

that are likely to result in a mixed pixel when obtaining remote 

https://orchidee.ipsl.fr/
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sensing (RS) data. Finally, 10,102 agricultural fields were retained, 

with a total area of 50,656 ha. Field lay-out and individual field 

boundaries are collected from the website of the Walloon Region 

(https://geoportail.wallonie.be/), the Land Parcel Information System 

(LPIS). These fields are distributed across four provinces in Wallonia: 

Brabant Wallon, Namur, Hainaut, and Liège. The yield and livestock 

statistics presented in Section 5.2.3 are based on data collected at the 

provincial level. 

 
Fig. 5.1. (A) Location and extent of the study area, where orange grids represent 

0.125° ORCHIDEE grids. (B) Distribution of fields within the study area and 

their initial SOC stock values (from section 5.2.3.1 Soil data). 
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5.2.2 RothC model 

The RothC model, developed by Coleman and Jenkinson (1996), 

is a first-order kinetic model that simulates carbon turnover in the 

topsoil. The SOC has four active pools include Decomposable Plant 

Material (DPM), Resistant Plant Material (RPM), Microbial Biomass 

(BIO), and Humified Organic Matter (HUM) and one inert pool 

named Inert Organic Matter (IOM). 

Carbon decomposition in each active pool follows an exponential 

decay function, considering the effects of temperature, moisture, and 

plant cover. In our study, we have extended this model by 

incorporating the effect of ploughing to more comprehensively 

account for management practices based on Jordon & Smith (2022). 

The decomposition process can be described by Eq. 5.1: 

𝐶𝑡 = 𝐶0 × (1 − 𝑒−𝑎𝑏𝑐𝑑𝑘𝑡) (5.1) 

Where: 

• 𝐶0 is the initial carbon pool size at the start of the month; 

• 𝐶𝑡 is the carbon pool size at the end of the month; 

• k is the decomposition rate constant for each pool (year⁻¹). 

Default values from Coleman et al. (2024) are: DPM: 10, 

RPM: 0.3, BIO: 0.66, HUM: 0.02. 

• t is 1/12, as k is based on a yearly decomposition rate. 

• a, b, c are rate-modifying factors for temperature, moisture, 

and soil cover, respectively. Detailed calculations are provided 

in Coleman et al. (2024). 

• d is the newly introduced rate-modifying factor for ploughing, 

d = 1 for conventional tillage and d = 0.93 for reduced tillage 

The decomposed carbon material (𝐶𝑡  - 𝐶0) from each 

compartment is distributed between (BIO+HUM) and CO2, with the 

proportion determined by clay content. The carbon input from plant 

residues was allocated between DPM and RPM in a default ratio of 

1.44:1; for manure inputs, 49% was allocated to DPM, 49% to RPM, 

and 2% to HUM (Coleman et al., 2024). 
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5.2.3 Preparing the boundary conditions 

We ran the RothC model for a ten-year period, from January 2015 

to December 2024. Executing the model over this timeframe requires 

preparing all the necessary boundary conditions (Table 5.1).  

Table 5.1. Boundary conditions for RothC model and their source 
 

Variable 
Unit

s 
Source 

Spatial 

Resolution 

Soil  

data 

Initial carbon pool 
t·ha-

1 
Zhou et al., 2022 30 m 

Clay content of the 

soil 
% 

Geoportal of 

Wallonia 
~100 m 

Depth of soil layer 

sampled 
cm Set as 30  

Climate  

data 

Monthly mean air 

temperature 
oC Terra Climate 

~4 km 
Monthly precipitation mm Terra Climate 

Monthly open pan 

evaporation 
mm 

Calculated from 

monthly mean air 

temperature 

Soil  

cover 
Soil cover (0 or 1) none 

Time series NDVI 

dataset 
30 m 

Manage- 

ment 

Monthly input  

plant residues 

t C 

ha-1 

Calculated based 

on yields and Time 

series LAI dataset 

Per field 

Monthly input  

farmyard manure 

t C 

ha-1 

Calculated based 

on livestock 

numbers 

Per province 

 

 

5.2.3.1 Soil data 

The spatial distribution of initial SOC stock in the study area is 

shown in Fig. 5.1(B). We calculated the 30cm SOC stock using the 

following formula (Eq.5.2): 

𝑆𝑂𝐶 𝑠𝑡𝑜𝑐𝑘 (𝑡/ℎ𝑎)
= 𝑆𝑂𝐶 𝑐𝑜𝑛𝑡𝑒𝑛𝑡(%) ×  𝐵𝐷(𝑔/𝑐𝑚3)
× 𝑑𝑒𝑝𝑡ℎ(𝑐𝑚) 

(5.2) 

The SOC content was derived from the SOC map presented in 

Zhou et al. (2022). The sampling points used in this study were 
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collected between 2015 and 2019. We assumed these values to 

represent the model's initial conditions as of January 2015, as our 

primary focus is on SOC changes and sequestration potential rather 

than absolute values. The values of bulk density (BD) were calculated 

using the pedotransfer function based on SOC content (Eq. 5.3; 

Manrique & Jones, 1991):  

𝐵𝐷 = 1.660 − 0.318 × 𝑆𝑂𝐶 𝑐𝑜𝑛𝑡𝑒𝑛𝑡(%)1/2 (5.3) 

The clay content data for the Walloon Region are based on soil 

analysis for the soil map carried out in the 1960’s. The clay content 

map can be accessed through the Geoportal of Wallonia 

(https://geoportail.wallonie.be/catalogue/e90eb7cf-8f7d-40ab-9df9-

5c34ddf387ea.html). 

5.2.3.2 Climate data and soil cover   

Climate data and soil cover information are used in both the spin-

up and simulation steps of the model. 

Regional climate data were obtained from monthly TerraClimate 

datasets (Abatzoglou et al., 2018), which are available on Google 

Earth Engine (GEE) with a spatial resolution of 4 km. While 

TerraClimate directly provides monthly precipitation data, monthly 

average temperature needs to be calculated as the mean of minimum 

and maximum temperature data. Open-pan evaporation (OPE) was 

estimated using the Thornthwaite equation (Thornthwaite, 1948) 

based on average monthly temperature.  

For the model spin up, we used the average climate data from 

1965 to 2014, representing the 50 years preceding our simulation 

period. During the simulation period from January 2015 to December 

2023, we used actual monthly data. For the period beyond December 

2023, where actual data were not yet available, we used monthly 

averages from previous years. 

https://geoportail.wallonie.be/catalogue/e90eb7cf-8f7d-40ab-9df9-5c34ddf387ea.html
https://geoportail.wallonie.be/catalogue/e90eb7cf-8f7d-40ab-9df9-5c34ddf387ea.html
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To determine soil cover conditions, we obtained long-term NDVI 

(Normalized Difference Vegetation Index) remote sensing data and 

calculated monthly means. We set a threshold of NDVI > 0.35 to 

indicate soil cover, with a corresponding c factor of 0.6. When NDVI 

≤ 0.35, soil was considered bare, with c = 1. This threshold of 0.35 

was determined by Zhou et al. (2024) through comparison of NDVI 

threshold and measured above-ground biomass (AGB) at a long-term 

experiment station. 

NDVI data were downloaded from GEE. For the spin-up period, 

we used monthly mean NDVI from Landsat-5 data for 1984 to 2012. 

For the simulation period from January 2015 to December 2018, we 

utilized a combination of Landsat 7, Landsat 8, and Sentinel-2 data. 

We limited our soil cover information to this four-year period to align 

with management data (section 5.2.3.3). In cases where cloud cover 

resulted in missing data for certain months, we interpolated values 

using the average of the previous and following months. 

5.2.3.3 Field management: Crop rotation, cover crop, Tillage. 

In our previous research (Chapter 3), we processed, analyzed, and 

predicted field management measures for part of the study area from 

2015 to 2019. This analysis included determining whether each field 

employed conventional or conservation agriculture systems, whether 

tillage practice was generally inversion or non-inversion, as well as 

annual crop rotations, cover crop presence, and cover crop duration. 

The main results of these predictions are illustrated in Fig. 5.2. Tillage 

information can be directly used as a reference for rate modifier d in 

our model, with all non-inversion tillage considered as reduced tillage 

and d = 0.93. 

Here we focused on management measures for the four-year 

period from 2015 to 2018. This time frame was chosen because, while 

there is no unified rotation pattern for all fields, four-year rotations are 
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more common. It's important to note that the occurrence and duration 

of cover crops at the end of 2018 were determined by combining main 

crop information and remote sensing data from 2019. 

 
Fig. 5.2. (A) Distribution of conservation and conventional agriculture fields; for 

zoomed region (B) Field category, tillage practice, number of different crops and 

annual presence of cover crops are shown (Source: Chapter 3). 

 

The carbon input from plant residues is consists of two 

components: the carbon input from main crops and the carbon input 

from cover crops (CC). 

1. Main Crop Carbon Input: 

We calculated the carbon input of main crops using the Bolinder 

equation (Bolinder et al., 2007), an allometric equation that relates 

crop yield to above- and belowground plant biomass to estimate soil C 

input. Main crop information for each field was obtained from the 
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LPIS. Provincial yield data were sourced from the Belgian Statistical 

Office (https://statbel.fgov.be/). Detailed calculations see Zhou et al., 

(2024). However, due to the diversity of crops in the Walloon region 

and the lack of yield information for about 10% of the crops, we used 

empirical values from the literature for these crop types (Hendriks et 

al., 2023). Based on crop calendar information (https://www.dwd.de/), 

we distributed the C input as follows: 50% in the harvest month and 

50% equally distributed across the three months preceding harvest. 

2. Cover Crop Carbon Input: 

We determined the carbon input from cover crops using the 

annual CC map (Fig. 5.2) identified by Zhou et al. (2024) and long-

term LAI data from satellite dataset. For fields where CC was planted 

in a given year, we obtained the LAI value within the growing season 

of the CC. LAI was calculated using Landsat 7, 8, and Sentinel-2 data 

on GEE (Eq.5.4, 5.5; Boegh et al., 2002). We then estimated above-

ground biomass (AGB) using a linear model (Eq.5.6) established by 

Zhou et al. (2024), which relates LAI values to measured AGB at the 

Lonzée site. The maximum AGB value within the CC growth interval 

was used as the final AGB value incorporated into the soil. Below-

ground biomass (BGB) of CC was calculated using allometric 

parameters of mustard (C in stem: C in root & extra-root material= 

0.537: 0.272), as mustard is one of the most common cover crops 

(Seitz et al., 2023). 

𝐸𝑉𝐼 =  2.5 ∗  ((𝑁𝐼𝑅 −  𝑅𝐸𝐷) / (𝑁𝐼𝑅 +  6 ∗  𝑅𝐸𝐷 −  7.5 
∗  𝐵𝐿𝑈𝐸 +  1) 

(5.4) 

𝐿𝐴𝐼 =  3.618 × 𝐸𝑉𝐼 −  0.118 (5.5) 

𝐴𝐺𝐵 = 0.27 × 𝐿𝐴𝐼 − 0.19 (5.6) 

When the EVI values of some fields are missing, the average 

carbon input value of CC, 1.4 t·ha-1·yr-1, is used as a replacement. 
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We then combined the carbon input data for year 2015-2018 with 

the soil cover data. We replicated this four-year rotation pattern to 

reach the end of the simulation (2024).   

5.2.3.4 C input from manure 

The basic principle for calculating manure application involves 

obtaining the number of different livestock types in each province 

from the Belgian Statistical Office (https://statbel.fgov.be/). The total 

manure carbon (C) content for each province is then calculated based 

on the average annual manure production per type of livestock, the 

management systems of manure (solid, liquid, etc.), and the carbon 

content ratio for management system (Chapter 4). It is assumed that 

the total manure is evenly distributed across all utilized agricultural 

area (UUA) within each province. The average annual C application 

from manure for each province from 2015 to 2022, calculated using 

this method, is as follows (Table 5.2). 

Table 5.2. Utilized agricultural area (UUA), agricultural land proportion and 

annual input of farmyard manure (FYM, t C ha-1) by province  

Year Brabant 

Wallon 

Namur Liège Hainaut 

UUA (ha) 64,491 210,253 144,973 159,529 

Cropland 86% 62% 45% 75% 

grassland 13% 37% 54% 25% 

FYM 2015 0.39 0.70 0.95 0.78 

FYM 2016 0.42 0.73 0.93 0.76 

FYM 2017 0.37 0.73 0.88 0.72 

FYM 2018 0.39 0.72 0.87 0.72 

FYM 2019 0.36 0.71 0.88 0.73 

FYM 2020 0.36 0.71 0.87 0.72 

FYM 2021 0.35 0.71 0.85 0.70 

FYM 2022 0.36 0.70 0.83 0.69 

 

https://statbel.fgov.be/
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5.2.4 Different spatial scales for the model runs  

First, we performed simulations on a field-by-field basis. We 

parametrized individual RothC runs for 10,102 fields, ran the models 

from January 2015 to December 2024, and calculated the changes in 

SOC stock for individual fields and the total C changes for the entire 

study region. Then, we aggregated the boundary conditions into 

different spatial stratifications: 

1. Pedoclimate zones at the EU scale 

2. Soil Associations at the national level 

The distribution of these two layers in the study area is shown in 

Fig. 5.3. Tóth et al. (2016) combined the Reference Soil Group (WRB 

1998) with eight climatic groups (Boreal to Sub-Boreal, Atlantic, Sub-

oceanic, Northern sub-continental, Southern sub-continental, 

Mediterranean semi-arid, Mediterranean, Temperate mountainous) in 

Europe to divide Europe into 133 different pedoclimatic zones. Under 

this classification, the entire Belgium falls into the Atlantic climate 

zone, and our study area covers four different soil types. 

The Soil Associations Map for Belgium is provided by JRC, 

European Soil Data Centre (ESDAC) 

(https://esdac.jrc.ec.europa.eu/content/carte-des-sols-de-la-belgique-

associations-de-sols-pedologie) and drawn by R. Marechal & R. 

Tavernier (1970). It divides Belgian soils into 62 subtypes, 16 of 

which are present in the study area, and 15 of these subtypes cover our 

fields.  

We took the initial SOC stock values of all fields in the sub-zone 

and weighted them according to the area to obtain the regional SOC 

stock base value. The boundary condition for the region was 

calculated by averaging the climate data and carbon inputs (from 

plants and from manure). Subsequently, the RothC model was run for 

each sub-region. 
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Fig. 5.3. (A) European Pedoclimate zones (B) Belgian Soil Association groups  

 

5.2.5 Model runs for different Management Scenarios 

To calculate the carbon sequestration potential of different carbon 

farming practices, we consider the results of model simulations per 

field using all measured data based on the crops identified in the LPIS 

for conventional fields in the previous section as Business-as-usual 

(BAU). We exclude the fields under conservation agriculture as 
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identified in Fig. 5.2. This is in line with the current discussions on 

baselines for carbon farming practices and allows a fair attribution of 

carbon credits to early adopters of conservation agriculture (Rosinger 

et al., 2023).  

We then set three management scenarios: Scenario 1: Reduced 

Tillage, Scenario 2: Long Duration Cover Crop, and Scenario 3: 

Combined Reduced Tillage and Long Duration Cover Crop.  

For Scenario 1: Reduced Tillage, we only need to change the 

fields' tillage information to reduced tillage and set the rate-modifying 

factor for tillage (d value; Eq. 5.1) to 0.93 when running the model. 

For Scenario 2: Long duration Cover crop is more complicated. 

First, we summarized the existing CC planting situation of all fields 

(Table 5.3). In general, about half of the fields plant winter crops each 

year, and about 2/3 (66%-72%) of the remaining fields plant CC. 

Table 5.3. Ratio of Planting Cover Crop in Study Area. 

 (Total fields number: 10,102; CC: cover crop) 

 2015 2016 2017 2018 

Fields with a winter cereal (a) 5,288 5,005 4,749 4,894 

Fields with the potential to grow 

CC (b) 

4,814 5,097 5,353 5,208 

 Fields planted with a CC (c) 3,208 3,446 3,852 3,431 

 Ratio of fields planted with 

a CC/ fields with the 

potential to grow CC (c/b) 

67% 68% 72% 66% 

 Ratio of fields have 

potential to plant additional 

CC/ all fields ((b-c)/(a+b)) 

16% 16% 15% 18% 

Therefore, Scenario 2 involves the following two main steps: 

1. Set all fields with the potential to plant additional cover crops 

as planted with a CC. First, add winter cover crops to the remaining 

fields without winter crops or cover crop. The carbon input for these 
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newly added CC is based on the average CC carbon input from other 

years. If cover crops were not planted in all years, using the average 

CC carbon input value of all fields (1.4 t·ha-1·yr-1). 

2. Set all CC as long-term CC. This involves adjusting the cover 

rate-modifying factors (value c; Eq. 5.1) for the period between the 

two main crops. It is assumed that CC is planted immediately after the 

harvest of the last main crop, and that the field remains covered from 

one month after planting CC until the next main crop is planted. The c 

value during this period is all modified to 0.6. 

   Scenario 3 is a combination of the two scenarios described 

above: planting cover crops where possible and applying reduced 

tillage to every field. 

For the running under stratifications, running under Scenario 1 

involves modifying the tillage practice to Reduced Tillage. For 

Scenario 2, since it is difficult to determine the CC coverage for each 

sub-region, we assume that the fields with potential to grow CC are 

covered with CC for half of the time over the four-year period. The 

average CC input is 1.4, with the annual CC input being 0.7. The soil 

is set as covered from October to April. 

5.3 Results and Discussion 

5.3.1 The effect of spatial scale on SOC dynamics 

We mapped the distribution of SOC stock changes between 2015 

and 2024 for the aggregation levels (Fig. 5.4). The single field change 

maps displayed a more diverse SOC change pattern, with change 

values ranging from -10.5 to 6.5 t·ha-1. However, when aggregated, 

the changes became smaller, ranging from -1.5 to 1.5 t·ha-1.  
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Fig. 5.4. SOC stock changes (t ha-1) during 2015-2024 for model runs at 

different scales(A) Per field (B) Belgian Soil association groups and (C) 

European Pedoclimate zones (see Fig. 5.1 for details) 
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Based on the area-weighted average, we assessed the changes in 

SOC stock for 50,655.52 ha of cropland in the study area from 2015 to 

2024 (Table 5.4). The SOC stock changes based on individual field 

data shows an average SOC stock loss of 0.38 t·ha-1. In contrast, 

calculations for soil associations and soil climate groups show the 

opposite trend, with increases in soil carbon of 0.31 t·ha-1 and 0.15 

t·ha-1, respectively. (The detailed SOC stock changes for each 

subgroup are shown in Tables A.4.1 and A.4.2) 

Table 5.4. SOC stock changes during 2015-2024 for 50,655.52 ha of agricultural 

fields in the Walloon region of Belgium (Here the SOC stock value is the 

average value of 12 months in the year). 

 SOC stock in 

2015 (t·ha-1) 

SOC stock in 2024 

(t·ha-1) 

Delta 

(t·ha-1) 

Per fields 46.61 46.23 -0.38 

Soil association 46.55 46.86 0.31 

Pedoclimate 46.54 46.69 0.15 

 

 

5.3.1.1 SOC stock changes at field level 

In general, the results of independent simulations for each field 

based on actual management data are more accurate and detailed, 

which can highlight the differences between fields. Adjacent fields 

may exhibit completely opposite trends due to differences in 

management practices. 

The map of changes in individual fields (Fig. 5.4 (A)) shows that 

SOC decreases (colored in red) are more common resulting in an 

average C loss of 0.038 t C ha⁻¹ yr⁻¹ (Table 5.4). First, we compared 

the changes in Fig. 5.4 (A) with the initial SOC stock values shown in 

Fig. 5.1 (B) and found that the areas with decreasing SOC stock 

correspond to fields with high initial SOC stock. We calculated the 

correlation coefficient between the SOC stock change and the initial 
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SOC stock value, resulting in r = -0.55. This relationship may indicate 

a trend towards the theoretical steady state of soil (Goidts, 2009).  

For fields that have consistently remained cropland, the factors 

influencing SOC stock changes include differences in carbon 

decomposition rates and variations in external carbon inputs (Jordon et 

al., 2022). At the field scale, there are no notable climatic differences 

between adjacent fields, so changes in SOC stock are mainly driven 

by differences in carbon input and soil coverage. We examined fields 

with evident degradation and identified several key factors 

contributing to the continuous decline in SOC stock:  

1. High frequency of root crop planting: Root crops often result 

in lower residual carbon input compared to cereal crops. 

2. Prolonged soil exposure during winter: Long periods of bare 

soil, with no cover crops planted after the main crop harvest, 

negatively impact SOC levels. 

3. Long-Term single winter cropping without cover crops: 

Continuous planting of winter crops without the use of cover 

crops can degrade soil structure and deplete nutrients. 

The reasons and literature evidence that these management 

measures will cause C stock to decline have been discussed in Chapter 

4. Conservation agriculture practices showed in Fig. 5.2 can address 

these factors these issues and improve soil health.  

By combining the field-level prediction results with agricultural 

systems (conventional or conservation), we created a density 

distribution plot (Fig. 5.5) that illustrates SOC changes over the ten-

year period from 2015 to 2024. The black lines in the figure represent 

the uncertainty values derived from bias in the long-term experiment 

simulations (Chapter 4), indicating that around 70% of fields had no 

evident SOC changes over the past decade. Nevertheless, the current 

CA practices have yielded positive outcomes, with a higher proportion 

(8.5%) of fields showing an increase in SOC stock. However, the 

implementation of CA remains insufficient to fully eliminate soil 
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carbon degradation, as the mean SOC change value is still negative. 

Similar findings were reported in long-term experimental sites in 

Switzerland, where measures designed to mitigate the environmental 

impacts of agricultural systems, implemented by farmers to receive 

subsidies, were not sufficient to preserve or increase SOC (Keel et al., 

2019; Guillaume et al., 2021). 

 
Fig. 5.5. Density plot of SOC stock changes in conventional and conservation 

agriculture systems from 2015 to 2024.  

For the conventional fields, representing the BAU scenario, 

potential C sequestration through the implementation of sustainable or 

conservation management practices are detailed in Section 3.2. 

 

5.3.1.2 SOC stock changes after aggregation 

After aggregating the model simulations, it becomes easier to 

assess the impact of climate factors and soil types on SOC stock 

changes at a larger scale.  

According to the European classification of Pedoclimate zones, the 

entire study area falls within one climate type—Atlantic. 

Consequently, variations in SOC stock are primarily influenced by 

soil type. Specifically, SOC stocks decreased in soils classified as 

Acrisols and Fluvisols, while they increased in soils categorized as 

Cambisols and Luvisols. In our study area, only four fields were 

classified as Acrisols, which were not representative enough to be 
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included in our analysis. The reason that Fluvisols and some soil 

association groups in humid environments (Figure 5.3, Groups 33 and 

34) show a decrease in SOC is due to two main reasons. First, they 

have a high initial SOC stock and therefore a higher loss amount, as 

can be inferred from Equation 5.1. Second, over the long term, strong 

drainage events will increase the leaching of dissolved organic carbon 

in agricultural soils, leading to a decrease in SOC stock (Garnier et al., 

2022; Conchedda & Tubiello, 2020). 

In addition, as shown in Fig. 5.4 and Table 5.4, the simulation 

level has a substantial influence on the results. Many studies simulate 

SOC stock based on HLUs (Wiesmeier et al., 2016; van Wesemael et 

al., 2010; Morais et al., 2019; Lugato et al., 2013), which offers the 

advantage of requiring fewer calculations, as only one simulation is 

needed per unit. For instance, in our study, we ran simulations 4 

different pedoclimatic zones and 16 times for soil association groups. 

In contrast, RothC required 10,102 simulations for individual fields, 

which is very time-consuming and labor-intensive. However, our 

results show that field-scale simulations can reveal more detailed 

differences, whereas aggregation tends to lose many variations and 

can result in an entirely opposite trend in overall carbon change. 

In addition, one of the drawbacks of RothC is its computational 

intensity in large-scale simulations because it operates at the field 

scale. In contrast, landscape or regional-scale earth system models can 

cover broader areas more efficiently. Le Noë et al. (2023) conducted a 

comprehensive review of approximately 250 models, identifying 40 

that can simulate at large scales. For example, our study area is 

covered by eight 0.125° ORCHIDEE grids, allowing ORCHIDEE to 

run the model only once. However, it's important to note that large-

scale models also estimate average climate, land use, and soil data 

within each grid, which can introduce errors similar to those found in 

aggregation. 
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5.3.2 SOC Stock changes under different Scenarios 

Fig. 5.6 illustrates the density distribution of SOC stock changes in 

conventional agricultural fields between 2015 and 2024 under 

different management scenarios for each field. Compared with the 

BAU scenario, both reduced tillage (RT) and the long-term cover 

crops (CC) can effectively enhance SOC stock, consistent with the 

conclusions of Castaldi et al. (2024). Under BAU, only 5.2 % of the 

fields showed clear increase in SOC stock, while 17% experienced a 

decrease. However, with RT and CC, the percentage of fields showing 

SOC increases rises to 11.8% and 32.7%, respectively. By 

implementing both management practices simultaneously, half fields 

could have a notable SOC stock increase by the end of 2024. 

 
Fig. 5.6. Density plot of SOC stock changes per field under different 

management scenarios from 2015 to 2024, dash line represents the uncertainty 

value obtained from section 4.3.2 (BAU: Business-as-usual; RT: reduced tillage; 

CC: Long duration cover crop). 

Table 5.5 quantifies the change in SOC stock and CO2 emissions 

under different scenarios, based on a weighted average of area per 

field. Under BAU, current carbon stocks cannot be sustained, leading 

to an average loss of -0.39 t·ha-1 of carbon over ten years for 
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44,004.19 ha cropland. However, implementing conservation 

measures can reverse this carbon loss, shifting the soil from a carbon 

source to a carbon sink, with SOC stock increasing by 0.26 to 1.8 t·ha-

1 over the same period. Compared to BAU, the combined 

implementation of CC and RT can achieve a carbon sequestration 

potential of 0.22 t·ha⁻¹·yr⁻¹, resulting in an additional accumulation of 

350,000 t of CO₂. Moreover, this scenario results in an annual carbon 

stocks increase rate of 3.8‰, which is an encouraging sign towards 

meeting the goal of the 4 per 1000 initiative. 

Table 5.5. Soil organic carbon (SOC) stock changes during 2015-2024 for 

44,004.19 ha of conventional agricultural fields in the Walloon region of 

Belgium, calculated based on per field (Here the SOC stock value is the average 

value of 12 months in the year). 

 SOC 

stock 

2015 

t·ha-1 

SOC 

stock 

2024 

t·ha-1 

Δ C 

compared 

to 2015 

t·ha-1 

Sequestration 

Rate of 

management 

t·ha1·yr1 

Δ CO2 

Mt  

BAU 46.42 46.023 -0.39   

RT  46.68 0.26 0.07 0.11 

CC  47.56 1.14 0.15 0.25 

CC+RT  48.22 1.80 0.22 0.35 

The average carbon sequestration potential of CC (0.15 t C ha⁻¹ 

yr⁻¹) obtained in this study is relatively low compared to other studies. 

Poeplau & Don (2015) estimated a global carbon sequestration 

potential for cover crops of 0.32 t C ha⁻¹ yr⁻¹, while Porwollik et al., 

(2022) suggest a range of 0.48-0.52 t C ha⁻¹ yr⁻¹. This is because cover 

crops in Belgium already have good initial conditions. Specifically, 

maintaining minimum soil cover during winter, particularly in 

erosion-prone areas, is a requirement for farmers to receive payments 

under the Common Agricultural Policy (2023-2027; 

https://agriculture.wallonie.be/accueil). As shown in Table 5.3, only 

15%-18% of the total fields have potential for additional planting CC, 

much lower than values reported in other studies (Global: 25%, 

https://agriculture.wallonie.be/accueil
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Porwollik et al., 2022; Germany: 30%, Seitz et al., 2023; Denmark: 

20–25%, Taghizadeh-Toosi & Olesen, 2016). This highlights the 

importance of considering up-to-date implementation of practices 

when estimating the carbon sequestration potential of management 

measures in a specific area. 

It is also important to highlight that our estimates for the RT 

scenario assume a positive impact of reduced tillage on SOC stocks 

within the upper 30 cm by reducing the fragmentation of soil 

aggregates, which slows down the decomposition rate of soil carbon 

(Wang et al., 2019). We applied the rate-modifying factor directly 

proposed by Jordon & Smith (2022). However, recent meta-analyses 

suggest that in temperate environments, reduced tillage may lead to a 

redistribution of SOC within the soil profile, with increases in SOC 

stocks in the 0-10/15 cm layer but decreases in the 15/20-30 cm layer 

(Krauss et al., 2022). Additionally, a meta-analysis by Virto et al. 

(2011) indicates that carbon inputs difference from crops is the only 

factor significantly and positively related to SOC stock differences 

between no-till and inversion tillage systems. Our model does not 

include a detailed tillage module, nor does it simulate the complex 

changes in aggregate structure, fragmentation, and SOC distribution 

across the soil profile, which would require a more comprehensive 

algorithm of the relevant physical and chemical processes.  

5.3.3 The effect of the choice for a baseline on 

calculating C sequestration. 

Here we illustrate the effect of different aggregation methods for 

the baseline on carbon sequestration by cover crops (Fig. 5.7).  We 

show the RothC model outputs for some examples of individual fields 

(Fig. 5.7 A and B). We also present examples of RothC runs using 

average values for the entire region (Fig. 5.7 C) and for two soil 

associations according to the Belgian soil map (Fig. 5.7 D). The blue 
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line represents BAU, and the green line represents long cover crops 

(CC). The difference in SOC stock between the treatment and the 

baseline at the end of the model run represents the simulated carbon 

sequestration. For different examples of fields, the simulated 

sequestration is quite different.  After checking the detailed 

management practices of these fields, it was found that the fields in 

Fig. 5.7(A) do not plant cover crops in the rotation, while the fields in 

Fig. 5.7(B) grow cover crops but plough them into the soil after only a 

few months, typically in winter. The simulated increase in SOC stock 

in these fields is related to the longer growing season of the cover 

crops (Fig. 5.7 B). These two cases demonstrate the need for high 

resolution boundary conditions of the models or measuring carbon 

stocks over time, as is the case for current carbon crediting or payment 

schemes (Rosinger et al., 2023). 

Simulations with boundary conditions averaged over entire areas 

(see section 5.3.1.2) are not able to capture the impact of soil climate 

conditions (especially soil texture) and initial SOC stock on soil 

sequestration potential is ignored (Gutierrez et al., 2023; Wiesmeier et 

al., 2019; Rosinger et al., 2023). When sub-regions (Soil association 

groups) are used, the historical carbon management practices are often 

disregarded. Moreover, early adoption can lead to reduced carbon 

sequestration potential, as seen in Case 2 and Case 4 (in Fig. 5.7 (A) 

and (B)). This results in lower returns from pioneering farmers who 

initially implemented improved management practices, raising 

concerns about the fairness of carbon farming schemes (Rosinger et 

al., 2023).  

Therefore, it still needs to be discussed whether payments need to 

be related to specific practices that promote soil carbon sequestration 

(activity base), rather than to actual SOC changes quantified by SOC 

measurements (results based). This view is also supported by 

Guillaume et al. (2021) 
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Fig. 5.7. Compare SOC stock changes (t·ha-1) between Business-as-Usual and 

Long-term Cover crop Scenarios during 2015-2024 for (A) two example fields 

(B) Three example fields (C)Averaged value for entire region and (D) Two soil 

associations. (Region 31: Loamy Soils with textural B horizon (well-drained); 

Region 35: Loamy Soils with mottled textural B horizon) 
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5.3.4 Limitations 

A major limitation of regional SOC change predictions is the lack 

of precise, field-specific data on both manure application and crop 

yield. The amount of manure applied can vary widely between fields, 

which can substantially impact SOC stock (Li et al., 2021; Gross & 

Glaser, 2021; Maillard & Angers, 2013). In this study, we had to rely 

on provincial-level averages due to the unavailability of field-specific 

data, which introduces uncertainty into the predictions. One feasible 

solution is to improve crop yield estimates using crop models such as 

SAFYE-CO2 (Pique et al., 2020), which enables spatialized 

estimation of yield. As this model is driven by high-resolution satellite 

data, it provides the potential for more accurate, field-specific yield 

predictions. Additionally, the climate data used in this study is not 

strictly remote sensing data but rather reanalysis data. To improve 

accuracy, future studies could consider using more up-to-date remote 

sensing products to obtain high-resolution temperature and 

precipitation data. 

Another obvious limitation is that we used data from the main 

crops between 2015 and 2018 as a four-year rotation. In reality, the 

rotation of different fields is not fixed and may vary from three to six 

years. There is even no standard crop rotation; instead, farmers decide 

on which crops to grow based on field conditions, weather patterns, 

and economic considerations. In some cases, they may even introduce 

temporary grasslands into the rotation. This causes our replication of a 

four-year rotation to deviate from actual practices.  

To enhance the analysis, we could extend the data collection 

period for main crops, identify specific rotation patterns, and replicate 

those rotations. However, this approach would require more 

comprehensive field-level census data. Alternatively, we could 

introduce the "sequence analysis" method, commonly used in land use 
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change studies, to evaluate crop rotations. This method would allow 

us to assess additional indicators such as the frequency, sequence, and 

duration of rapid changes in crop patterns (Guillaume et al., 2021; 

Watson et al., 2013). 

When simulating SOC changes under different scenarios, one of 

the shortcomings of our study is that it didn’t consider the role of 

climate change. In fact, numerous studies have shown that rising 

temperatures will reduce SOC stock (Kirschbaum, 1995, 2000). 

Wiltshire and Beckage (2023) used static climate conditions from 

1991 to 2021 and the climate change scenario RCP4.5 to simulate 

SOC changes under different land management practices from 2022 to 

2099. Their results showed that rising temperatures would cause SOC 

stocks to decrease by 9.1% to 19.9%, leading to a net SOC loss even 

under many regenerative farming scenarios. The RothC model does 

not have a plant growth module. Changes in climate conditions only 

change the decomposition rate constant, and there is no mechanism to 

measure how external carbon input varies with climate. A feasible 

solution is to calculate carbon input using net primary production 

(NPP) values derived from precipitation and climate data, allowing the 

NPP to be scaled accordingly. Poeplau & Dechow (2023) simulated 

the dynamics of SOC storage using RothC in global agricultural 

surface topsoil (0-30 cm) from 1919 to 2018. They found that, over 

100 years, a global temperature rise of 1.03 °C could result in a SOC 

loss of 2.5 ± 2.3 t·ha−1 if NPP remains unchanged. When accounting 

for the impact of climate change on NPP, the SOC loss averages 1.6 ± 

3.4 t·ha−1. It can be observed that the impacts on climate change are 

often considered over much longer time scales. Annual changes in 

SOC due to changing climate (0.016-0.025 t·ha⁻¹·yr⁻¹, Poeplau & 

Dechow, 2023) are far smaller than SOC changes resulting from 

management practices (0.07 to 0.22 t·ha⁻¹·yr⁻¹) as obtained from our 

study. However, it is worth trying to use earth system models that 
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includes ecosystem processes for simulation in subsequent studies, 

considering the dual impact of future climate change and changes in 

management measures. 

5.4 Conclusions 

In our study area, we simulated changes in SOC stock across 

10,102 fields. At the individual field level, SOC stock showed a 

decreasing trend, with a mean SOC stock loss of -0.38 t·ha⁻¹ over 

50,655.52 ha of cropland within ten years. Although some pioneering 

conservation agriculture measures have been implemented over the 

past decade, these practices have not yet altered the trend of carbon 

loss. However, if reduced tillage and cover crop management 

measures are thoroughly and effectively implemented, even 

conventional fields could achieve an annual increase in carbon storage 

of 3.8 per thousand. When aggregating the results from individual 

fields to a soil association or a region, it is important to note that the 

predicted outcomes may carry a considerable risk of inaccuracy.
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 Chapter 6. 
Summary and Conclusions 

6.1. Main Findings 

Overall, this thesis has achieved a comprehensive simulation 

process for the spatio-temporal variability and sequestration potential 

of SOC in cropland. We mapped the spatial distribution of SOC at the 

base period using digital soil mapping (Chapter 2), identified regional 

management practices using remote sensing data (Chapter 3), 

simulated the temporal dynamics of SOC with data from a flux tower 

station in cropland (Lonzée), and used remote sensing data to replace 

all in-situ boundary conditions (Chapter 4). Ultimately, based on the 

validated RothC model, base period SOC map, and regional climate 

and management boundary conditions, we simulated the spatio-

temporal changes in regional SOC and established management 

scenarios to discuss the carbon sequestration potential under different 

management scenarios (Chapter 5).  

The key findings of this thesis are as follows: 

Chapter 2: When using digital soil mapping methods, it is highly 

effective to include covariates related to human activities. We defined 

a covariate (OC input) to measure the carbon input from the history 

crop cultivation of cropland. Overall, by using the GBM model, we 

successfully predicted the spatial distribution of base period SOC, 

with an R2 value of 0.77. Analysis using Empirical Mode 

Decomposition revealed that climate and topography are the primary 

factors determining large-scale SOC distribution, while differences 

between fields mainly result from variations in organic carbon input 
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from crop residues. This underscores the critical importance of 

accurate management practice information for fine-scale simulation of 

SOC spatial variation in cropland fields. 

Chapter 3: It is feasible to predict large-scale agricultural 

management practices using RS methods. By employing long-term 

optical and radar satellite data along with precipitation data, we 

developed a conservation agriculture classification model (overall 

accuracy 92%) for the Walloon region of Belgium. We found that the 

adoption rate of conservation agriculture in the Hesbaye region is 

15.5%, higher than current public statistics. We also created some 

model covariates based on the three principles of conservation 

agriculture, simulating field management practices, mainly including 

crop rotations, presence and duration of cover crops and tillage 

practice. Our methods for simulating cover crops and tillage practices, 

based on long-term RS data, can provide monthly or annual 

management information for process-based models. 

Chapter 4: An important basis for accurately simulating long-

term SOC changes using the RothC model is the precise estimation of 

C input. Simulation of SOC changes at the Lonzée station from 2007 

to 2017 showed that SOC fluctuated due to the application of 

farmyard manure and crop residue inputs, with almost no clear change 

in the initial and final values. We provided two different ways to get 

boundary conditions: in-situ or RS, and found a bias of 1.76 t C·ha⁻¹ 

when replacing site-measured boundary conditions with remote 

sensing data. The largest bias was due to C input from main crops and 

cover crops. The boundary conditions calculated based on remote 

sensing data are fundamental for extending process-based models 

from point scale to landscape scales. 

Chapter 5: From 2015 to 2024, SOC stocks in the study area 

have acted as a carbon source, reflecting a net carbon loss. Over the 

10-year period, the SOC stock showed a decreasing trend, with a mean 
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loss of 0.38 t·ha⁻¹. If reduced tillage and long-term cover crop 

management measures are effectively and comprehensively 

implemented, even conventional fields could achieve a carbon 

increase rate of 3.8‰, and result in an additional accumulation of 

350,000 t of CO₂. However, when aggregating field prediction to a 

lower resolution (such as pedoclimate zones or soil association 

groups), the overall region will convert from a carbon source to a 

carbon sink. This completely opposite trend highlights that while 

aggregating subregions can save significant computational time, it 

may introduce great accuracy risks. 

 

6.2. Limitations and Perspectives 

First, the distribution of soil samples is crucial as the base period 

SOC distribution map forms the foundation and starting point of entire 

work. The accuracy of SOC predictions under digital soil mapping is 

closely linked to the distribution, density, representativeness, and 

quality of the original soil samples. An important issue in our study is 

the uneven distribution of soil samples, which is particularly dense in 

the northern Walloon region and sparse in the southern regions. 

Standard cross-validation may yield overly optimistic accuracy 

assessments due to the high sampling density in certain areas. Future 

research should consider more appropriate sampling strategies, 

especially in areas with large spatial heterogeneity, or using spatial 

cross-validation methods. Additionally, the soil sample collection 

spanned a considerable time period from 2015 to 2019, and we 

assume that the SOC map based on this period represents the initial 

state from 2015, although there is actually a time difference. 

Furthermore, our assessment of management practices relies on 

time series remote sensing data. In this thesis, we have integrated the 

optimal publicly available optical and radar remote sensing data, 
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including Sentinel-1 and Sentinel-2, combined with environmental 

precipitation data, to predict cover crop adoption and tillage practices 

across the region. The cover crop predictions based solely on remote 

sensing data can be readily applied to other countries and contexts; 

however, for the tillage model, although the workflow can also be 

easily applied in other regions, it’s essential to have field-collected 

tillage information to calibrate the model. Also, it is important to 

consider that management practices often occur within short time 

windows, such as tillage, which may occur within a short interval 

before seedbed preparation. Consequently, data loss due to adverse 

weather conditions (e.g., cloud cover) can significantly impact the 

final prediction results. Future research should consider time series 

data interpolation to fill the gaps. And so far, we can only estimate the 

application of farmyard manure amount based on regional statistical 

data, although it is one of the most important factors affecting 

cropland SOC dynamics. In practice, the amount of manure applied 

can vary significantly between fields. However, it is not yet possible 

to effectively model it through remote sensing data. This will 

introduce uncertainty into regional SOC simulations. 

In addition, the simulation of time-series data based on long-term 

experiment lacks independent time-series validation, which is crucial 

for reliable prediction. Moreover, two SOC inventory measurements 

were taken at the Lonzée site, and there were little changes in the 

start-end SOC levels. Consequently, the simulation of dynamics 

within this interval lacks sufficient validation. A potential solution 

would be to include more long-term experimental sites, use spatial 

data as a substitute for temporal data (Le Noë, 2023), or collect 

additional time-series measurements. 

Lastly, this thesis only simulated SOC changes under different 

scenarios, without considering the effects of climate change. Climate 

change can significantly influence SOC decomposition rates and 
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vegetation growth. Although its impact on SOC is smaller than that of 

management practices, it remains an important factor (Beillouin et al., 

2023). However, the RothC model does not include a module for plant 

growth, limiting its ability to fully capture these dynamics. To address 

this, we could adjust carbon inputs by scaling them according to net 

NPP or crop yield, or alternatively, use Earth system models that 

incorporate ecosystem processes. 

Generally, our work serves as a reference for using process 

models to investigate large-scale SOC stock spatio-temporal variation. 

It aids in understanding carbon stocks in the Walloon region of 

Belgium, assists in monitoring and managing soil resources, helps 

evaluate the current implementation of conservation agriculture, 

identifies potential fields or farms for soil carbon sequestration 

projects, and provides carbon baselines for greenhouse gas emission 

trading schemes. Our work has created a scalable, accurate, and 

reliable soil carbon monitoring, reporting, and verification method that 

meets Tier 3 standards.  

Moving forward, future research should consider employing Earth 

system models that incorporate ecosystem processes, such as the 

ORCHIDEE model, to enhance the ability to simulate SOC changes 

under climate changes. Additionally, it would be beneficial to apply 

the models to various land use types, such as Belgium's forest and 

grassland systems. Expanding the scope to evaluate greenhouse gas 

trends across broader scales (national, EU, or even global) under 

carbon removal projects will further support soil carbon monitoring, 

reporting, and verification protocols.  
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Appendix 

Appendix 1 (Chapter 2) 

Table A.1.1. Organic carbon input from crop residues (OC) and humification 

coefficient (HC) of different crop types. 

Crop type OC HC Type 

Grassland 2.90 0.31 all year 

Winter barley 2.24 0.31 winter 

Spring barley 1.88 0.31 summer 

Winter wheat 2.08 0.31 winter 

Spring wheat 2.08 0.31 summer 

Winter rapeseed 1.95 0.27 winter 

Spring rapeseed 1.55 0.25 summer 

Maize grain 3.20 0.31 summer 

Maize silage 1.25 0.34 summer 

Sugar beet 2.30 0.22 winter 

Carrot 1.21 0.25 summer 

Beans 0.91 0.24 summer 

Flax 0.14 0.33 summer 

Chicory 1.40 0.3 summer 

Potato 1.76 0.23 summer 

Other vegetables 1.78 0.26 summer 

Cover crops 1.46 0.31  

 

Table A.1.2. Hyperparameters grid 

Hyperparameters Names in gbm package Values 

Shrinkage shrinkage (0.01, 0.05, 0.1) 

Depth of interaction  interaction.depth (3, 5, 7) 

fraction of bagging bag.fraction (0.6, 0.8, 1) 

trees terminal nodes n.minobsinnode (6, 8, 10) 

 



Appendix 
 

151 

Appendix 2 (Chapter 3) 

Table A.2.1. Crop calendar of main crop types in Hesbaye region (The 

frequency during 2015-2020, data source: https://geoportail.wallonie.be/). 

(*represent start from previous year) (F: Frequency %) 

Crop type F 
Seeding

mm/dd 

harvest

mm/dd 
Type Source of date 

Winter wheat 38.4 10/01* 07/30 winter dwd.de 

Sugar beet 13.6 04/15 10/25 summer 
getmeteotrack.

com 

Potato 11.3 04/15 09/20 summer dwd.de 

Maize silage 6.7 05/01 09/25 summer dwd.de 

Winter barley 6.0 10/01* 07/15 winter dwd.de 

Flax 4.2 04/01 08/10 summer agro-v.com 

Peas 3.6 05/01 08/20 summer almanac.com 

chicory 3.0 03/15 10/31 summer growveg.com 

Maize grain 1.8 05/01 11/05 summer dwd.de 

Winter 

rapeseed 
1.5 8/13* 07/20 winter dwd.de 

 

Fig. A.2.1 Boxplot of proportion of cover crop duration in the entire interval 

under inversion and non-inversion tillage (*:P ≤ 0.05, significance notation 

under Wilcoxon test) 
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Fig. A.2.2 Correlation plot between seven 

continuous covariates, where a cross denotes the 

relationship is not significant (Here: N_crop: 

number of different annual crops; N_cereal: 

number of cereals; N_CC: number of cover 

crops; Du_CC: duration of the cover crop; P_BS: 

bare soil period; P_fallow: fallow period) 

 

Fig. A.2.3 Cover crops maps 

during 2015-2020 in Hesbaye 

region 
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Fig. A.2.4 Tillage practice map during 2015-2020 in Hesbaye region 

Appendix 3 (Chapter 4)  

Fig. A.3.1. (left) Overall accuracy of the binary soil cover indicator 

corresponding to different NDVI thresholds 

Fig. A.3.2. (right) Comparison of annual C input calculated from different data 

source 

 

 

 

 

 

Fig. A.3.3. LAI vs. AGB with regression 

line and 95% confidence interval 
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Fig. A.3.4. Comparison of (a) Temperature and (b) Precipitation from 

Observed and Terraclimate Data. 

Table A.3.1. Boundary conditions and their functions in RothC model 

 Variable Units Function 

Climate  

data 

Monthly mean air 

temperature 
oC 

Calculate rate modifying 

factor a 

Monthly rainfall mm 
Calculate rate modifying 

factor b 

Monthly open pan 

evaporation 
mm 

Calculate rate modifying 

factor b 

Soil  

info 
Clay content of the 

soil 
% 

Calculate rate modifying 

factor b Proportion goes to 

CO2 or (HUM+BIO) 

Depth of soil layer 

sampled 
cm 30 

Initial carbon pool t/ha  

Parameter 
DPM/RPM ratio none 

Proportion C goes to DPM 

and RPM 

Manage-

ment data 
Soil cover (0 or 1) none 

Calculate rate modifying 

factor c 

Monthly input of 

plant residues 
t C ha-1 As C input 

Monthly input of 

farmyard manure 
t C ha-1 As C input 
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Table A.3.2. Estimated manure for different livestock types (t·head-1·year-1) 

(Source: Scarlat et al., 2018) 
 

Fresh manure 

t/head/year 

 Fresh manure 

t/head/year 

calves 2.9 sows 4 

bovine 7.3 sheep 0.5 

male bovine 9.1 goat 0.5 

dairy cows 19.3 broilers 0.04 

other cows 9.1 laying hens 0.07 

piglets 0.2 other poultry 0.11 

other pigs 1.6   

Table A.3.3: the proportion (%) of various management systems for some 

livestock is offered can also be found in previous work (Source: IPCC, 2019) 

 Liquid 

/Slurry  

 

Solid 

storage  

 

Pasture/ 

Range/ 

Paddock  

Daily 

spread  

 

Others 

Dairy Cattle 43 29 26 2  

non-Dairy Cattle  22 26 48 4  

Pig 51    49 

Table A.3.4: Parameters of C content ratio of manure (wet weight) (Source: 

Hendriks et al., 2023) 

Type of manure Carbon/ total wet weight (t·t-1) 

cow manure (slurry) 0.04 

cow manure (solid) 0.08 

cow manure (pasture) 0.04 

Pig manure (slurry) 0.04 

Pig manure (solid) 0.08 

Sow manure (slurry) 0.01 

Chicken manure 0.21 

Other 0.02 

Sheep/goat manure 0.09 
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Table A.3.5. Coefficients for the Bolinder equation (Source: Bolinder 2007; 

Keel et al., 2017; Dechow et al., 2019; Gan et al., 2009) 

 
Scaling factor, SF, for belowground C inputs (Gale & Grigal, 1987; 

Keel et al., 2017; Dechow et al., 2019): 

𝑆𝐹 =
1 − 𝛽𝑑𝑒𝑝𝑡ℎ

1 − 𝛽𝑑𝑒𝑝𝑡ℎ𝐴𝑙𝑙𝑜𝑚𝐸𝑞
 

(A.3.1) 

Where β is a biome-specific parameter (0.961 for crops, 0.943 for 

grassland (Jackson et al., 1996)). depthAllomEq is the depth for the 

allometric equation (for Bolinder, 40 cm for crops, 20 cm for grassland) 

 

 

Crop RP RS RR RE SP SS SR SE 

Cereals  0.335 0.482 0.11 0.073 0 0.15 1 1 

Winter wheat 0.322 0.482 0.118 0.078 0 0.15 1 1 

Spring wheat 0.322 0.482 0.118 0.078 0 0.15 1 1 

Winter barley 0.451 0.4 0.09 0.059 0 0.15 1 1 

Spring barley 0.451 0.4 0.09 0.059 0 0.15 1 1 

Oats 0.319 0.283 0.241 0.157 0 0.15 1 1 

Triticale 0.26 0.506 0.142 0.092 0 0.15 1 1 

Grain 0.219 0.656 0.075 0.05 0 0.15 1 1 

Maize grain 0.386 0.387 0.138 0.089 0 0.1 1 1 

Soya beans 0.304 0.455 0.146 0.095 0 0.1 1 1 

Maize silage 0.772 0 0.138 0.09 0.05 0 1 1 

potato 0.727 0.232 0.025 0.016 0 1 1 1 

Sugar beet 0.619 0.353 0.017 0.011 0 0.15 1 1 

peas 0.217 0.507 0.167 0.109 0 0.1 1 1 

Rapeseed 0.313 0.383 0.174 0.13 0 0.15 1 1 

Flax* 0.197 0.661 0.086 0.056 0 0.15 1 1 

Mustard 0.209 0.537 0.154 0.118 0 1 1 1 
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Figure A.3.6. Identifying cover crop of Lonzée station for period 2007-2016 

(*) *For the cover crop in the winter of 2009: There should be an NDVI valley 

at the end of December (based on measured AGB information), but the earliest 

available remote sensing (RS) data is in April 2010, so the duration of CC is 

overestimated 
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Figure A.3.8. Identifying cover crop of Lonzée station for period 2016-2021 
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Appendix 4 (Chapter 5) 

Table A.4.1 SOC stock changes under Pedoclimate Regions (RSG: Reference 

Soil Group) 

RSG in 

Climate zone 

(Atlantic) 

Area(ha) 

/ratio 

Clay 

(%) 

SOC stock 

2015 (t·ha-1) 

SOC stock 

2024 (t·ha-

1) 

Delta 

(t·ha-1) 

Acrisols 25.02(0.05%) 13.26 40.43 41.64 1.21 

Cambisols 3,411.84(6.74%) 15.76 51.72 51.33 -0.39 

Fluvisols 1,057.18(2.09%) 13.068 46.13 45.93 -0.20 

Luvisols 46,161.49(91.13%) 13.33 46.17 46.37 0.19 

Table A.4.2 SOC stock changes under soil association groups (Detail 

description of “Id” see Fig.5.3) 

Id Area (ha) 
Clay 

(%) 

SOC stock 

2015 (t·ha-1) 

SOC stock 

2024 (t·ha-1) 

Delta 

(t·ha-1) 

31 15,279.85 13.05 44.84 44.95 0.11 

35 19,762.52 13.40 46.39 46.94 0.56 

38 1,410.35 12.80 44.62 44.73 0.12 

33 4,516.03 14.56 51.12 51.05 -0.07 

32 3,326.47 13.74 45.97 46.46 0.49 

37 1,618.72 11.89 46.92 47.41 0.49 

40 421.78 16.10 56.40 55.99 -0.41 

60 530.00 13.71 47.24 47.49 0.24 

30 1,496.31 15.61 44.02 44.53 0.51 

34 921.93 14.67 51.30 51.08 -0.22 

44 444.58 16.06 52.33 52.79 0.46 

46 324.85 14.70 50.55 50.76 0.21 

48 300.34 15.62 53.55 53.43 -0.13 

41 184.45 14.66 51.24 50.21 -1.03 

47 55.50 16.36 48.70 49.51 0.81 

52 55.58 16.15 58.88 57.42 -1.46 

42 6.27 11.71 48.31 46.92 -1.38 
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