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Abstract. Soil is a large pool of carbon (C), storing globally twice as much carbon as the atmosphere and three 16 

times as much as vegetation. Soil organic carbon (SOC) stocks are significantly impacted by land-use changes, 17 

either negatively when forests or grasslands are converted into crops or positively when the opposite occurs. This 18 

context underpins the “4per1000” initiative, which aims to promote SOC storage in soils as a mitigation strategy. 19 

However, intensive cropping and climate change may lead to losses of organic and inorganic carbon from soils, 20 

which calls for long-term observations of soil organic carbon stocks in reference ecosystems worldwide. To ad-21 

dress this, a harmonised reference soil sampling protocol was developed for all ecosystem sites within the Euro-22 

pean Integrated Carbon Observing System (ICOS) research infrastructure, starting in 2017 with revisits planned 23 

every 5–10 years. This study presents a first case at the French cropland site FR-Gri (wheat–maize–barley–oilseed 24 

rape rotation), assessing SOC stock in 2019 with the ICOS protocol, which was combined with earlier SOC stock 25 

sampling data from the European project CarboEurope. A significant soil decompaction was observed over the 26 

13.5 years in the 0-30 cm layer. Bulk density decreased by 22% in the 0-5 cm layer (from 1.31 to 1.02 g cm-3) and 27 

by 5% in the 5-30 cm layer (from 1.53 to 1.45 g cm-3), likely due to the adoption of reduced tillage since 2004. 28 

SOC content increased by 10% in the 0-5 cm layer but declined by 6.2% in the 5-30 cm layer. The SOC stocks 29 

based on equivalent soil mass (ESM) increased by 7.6% in the 0-5 cm layer, but decreased by 11% and 9% in the 30 

5-30 cm and 30-60 cm layers, respectively. Overall, the ESM-based SOC stock in the 0-60 cm layer decreased by 31 

approximately 0.95 ± 0.22 kg C m-2 (or 9 Mg C ha-1) between 2005 and 2019, corresponding to 0.65% yr-1 relative 32 

to the initial SOC stock (~11 kg C m-2 in the 0–60 cm layer). This leads to an average yearly decrease rate of 0.072 33 

± 0.017 kg C m-2 yr-1 (or 0.72 ± 0.17 Mg C ha-1 yr-1), consistent with previous studies. To further interpret this 34 

trend, we applied the soil carbon cycling model AMG to simulate soil carbon dynamics down to a 30 cm depth 35 

from 2005 onwards. Based on site-specific exports and imports and estimated residue returns, the model predicted 36 

a SOC stock decline larger than the observed one in the 0-30 cm depth, stabilising around 2028, assuming man-37 

agement stays the same in the future. By 2040, SOC stocks are projected to decline to 6.9 kg C m⁻², representing 38 

an approximate 15% reduction from the 2005 baseline. Furthermore, the AMG simulation was also consistent with 39 

the carbon flux balance reported by Loubet et al. (2011) for the period between 2006 and 2010. The observed 40 
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decrease in SOC stocks may be attributed to a shift towards larger exports, lower residue returns, and reduced 41 

carbon imports at this site compared to past management practices. This study highlights the importance of high-42 

quality SOC stock change monitoring, as developed within the ICOS research infrastructure. 43 

1 Introduction 44 

Soil is one of the largest reservoirs of carbon (C) and nitrogen (N) in the terrestrial biosphere. Globally, soils store 45 

approximately 1500- 2400 Gt of organic C (SOC) in the upper meter (Batjes, 1996; Sanderman et al., 2017) and a 46 

comparable amount as inorganic C to a depth of 2 m (Zamanian et al., 2021), far exceeding the carbon stored in 47 

the atmosphere and vegetation combined (Antón et al., 2021). Hence, minor changes in SOC stocks can have 48 

substantial impacts on atmospheric carbon dioxide (CO2) concentrations and climate feedbacks (Minasny et al., 49 

2017).  50 

Agricultural management is a major driver of SOC dynamics through its control of organic matter inputs, soil 51 

disturbance, and residue incorporation, in interaction with climate and soil properties (Paustian et al., 2016). In-52 

tensive farming practices, such as simplified crop rotations, frequent tillage, and high fertiliser use, have commonly 53 

been associated with SOC losses by accelerating organic matter decomposition and reducing C inputs to soils 54 

(Autret et al., 2016; Schmidt et al., 2011; Six et al., 2002). Conversely, management practices that enhance C 55 

inputs (mineral fertilisation, diversified crop rotation, cover crops, organic amendments) and reduce soil disturb-56 

ance (reduced-tillage and no-tillage) have been shown to promote SOC accumulation or slow SOC losses (Lal, 57 

2004; Poeplau and Don, 2015; Schmidt et al., 2011).  Based on a review of practices, it has been hypothesised that 58 

generalising C-storing practices could increase C sequestration in the upper metre of agricultural soils by 2 to 3 59 

Pg C yr⁻¹, which roughly corresponds to 4 per 1000 per year of the current C stock (Minasny et al., 2017).  How-60 

ever, such estimates remain highly uncertain and variable in space, while major concerns remain on the persistence 61 

of soil carbon gains over time as soils approach a new equilibrium (Baveye et al., 2018; Franzluebbers et al., 2012). 62 

In Europe, current bottom-up inventories show croplands as a net C source of 10 ± 9 g C m−2 yr−1, whereas grass-63 

lands and forests act as net C sinks of 57 ± 34 g C m−2 yr−1 and 20 ± 12 g C m−2 yr−1, respectively (Schrumpf et al., 64 

2011; Schulze et al., 2009). However, top-down estimates of terrestrial C budgets indicate that European terrestrial 65 

ecosystems are an overall sink of approximately -100 Tg C yr-1, but with considerable associated uncertainties of 66 

±360 Tg C yr-1 (Petrescu et al., 2021). Accurately quantifying temporal changes in SOC stocks remains a signifi-67 

cant source of uncertainty in terrestrial carbon budgets. 68 

Reliable monitoring of SOC stocks requires accurate quantification of the bulk density (BD), the fine earth fraction 69 

(FE, the fraction of soil below 2 mm), and the carbon content, throughout the soil profile (Molteni and Corti, 1998), 70 

as well as a sufficiently dense sampling design to reduce uncertainty associated with spatial variability (Batjes, 71 

1996). Bulk density measurements are often complex and time-consuming, particularly in rocky soils, and are 72 

therefore frequently estimated using pedotransfer functions (PTFs). However, the use of PTF-derived BD can 73 

introduce systematic bias, particularly when rock fragments (RF) are inadequately accounted for, or when circular 74 

predictors such as SOC content are used (Schrumpf et al., 2011; Xu et al., 2015). But bulk density can substantially 75 

vary over decades, in response to management practices, soil compaction and decompaction, erosion, and climate-76 

driven soil processes such as wetting–drying cycles, freeze–thaw dynamics, and shrink–swell behaviour of clay 77 

soils (Hopkins et al., 2009). Because BD directly determines soil mass, such variations critically affect estimates 78 

of SOC stock over time.  79 
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To address this issue, Ellert and Bettany (1995) proposed the equivalent soil mass (ESM) method as an alternative 80 

to the fixed depth (FD) method for measuring SOC stock changes. In the FD method, SOC stock changes are 81 

evaluated at constant soil depths and can induce significant biases when BD varies over time (Beem-Miller et al., 82 

2016). In the ESM approach, SOC stocks are evaluated for a constant soil mass per unit area, thereby compensating 83 

for changes in BD by adjusting the soil depth accordingly (Ellert and Bettany, 1995; von Haden et al., 2020; 84 

VandenBygaart and Angers, 2006; Wendt and Hauser, 2013). Differences between FD and ESM can account for 85 

up to 10% of SOC changes and may overwhelm variations caused by tillage and crop residue removal rates (Du 86 

et al., 2017; Xiao et al., 2020). As comparing SOC stocks on the same soil mass per unit area is recognised as a 87 

better practice than the FD approach, this methodology was included as the reference method by FAO and IPCC 88 

(FAO, 2019; IPCC, 2019). 89 

Soil organic C stocks are key estimates within the Integrated Carbon Observation System (ICOS), a European 90 

Research Infrastructure Consortium (Heiskanen et al., 2022). As of 2025, ICOS includes 45 high-quality and 91 

standardised ecosystem sites (Class 1 and 2 stations), covering the diversity of European soils and ecosystems. 92 

Within ICOS, SOC stocks have been measured since 2017 and will be re-measured every 10 years to quantify 93 

changes in SOC stock over time. To ensure unbiased and robust estimates with a limited number of samples (Ar-94 

rouays et al., 2018; Don et al., 2007; Saby et al., 2008), ICOS adopts a Design-Based (DB) approach (Brown, 95 

1992; Collins, 1992) with randomly selected sampling points (Arrouays et al., 2018; Brus and deGruijter, 1997; 96 

de Gruijter et al., 2006; Loustau et al., 2017). At each ICOS site, the measured soil stock change over time can 97 

then be compared to the integrated CO2 fluxes at the site boundaries over that period, which comprise the net 98 

ecosystem productivity, imports to and exports from the site, and lixiviated fluxes (Aubinet et al., 2009; Ceschia 99 

et al., 2010; Loubet et al., 2011). Soil carbon cycling models such as DAYCENT (Parton et al., 1998), STICS 100 

(Brisson et al., 1998), RothC (Coleman and Jenkinson, 1996), or AMG (Clivot et al., 2019) are essential tools to 101 

further understand the observed SOC dynamics based on site-specific managements, and in particular exports, 102 

imports, and residue returns. Models are also key in providing long-term simulation of SOC stock dynamics and 103 

scenario analysis. 104 

Given the 10-year resampling interval, evaluations of SOC stock changes, entirely based on the ICOS protocol, 105 

will only become available starting in 2027. However, before ICOS, several European sites were sampled from 106 

2005 to 2010 using a systematic grid-based sampling design within the EU CarboEurope project (Schrumpf et al., 107 

2011), providing a unique opportunity to assess SOC stock changes, while explicitly addressing methodological 108 

challenges related to sampling design, bulk density variability, and SOC stock calculation approaches. At the Gri-109 

gnon ICOS ecosystem station (FR-Gri), a cropland site, SOC stock was measured in 2005 using a grid-based 110 

design and later in 2019, using the ICOS protocol. The objectives of this study are to (1) quantify SOC stock 111 

change between 2005 and 2019 at the FR-Gri station, (2) compare SOC stock changes estimates obtained using 112 

the equivalent soil mass and fixed depth approaches, (3) discuss the uncertainties related to these estimations, 113 

mainly those related to sampling design, and (4) compare the observed SOC stock changes with predictions from 114 

the AMG soil carbon model (Clivot et al., 2019) and with previously established carbon flux balance estimations 115 

at the same site by Loubet et al. (2011). 116 
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2 Materials and methods 117 

2.1 Study site 118 

The study was conducted at the Grignon station, an ICOS ecosystem site (ICOS code FR-Gri, class 2 since 2021). 119 

It is a crop field of 19 ha located 40 km west of Paris, in northern France (48.9°N, 1.95°E; elevation 125 m) (Figure 120 

1). During the study period (2005-2019), the mean annual air temperature and rainfall were 11.2 °C and 586 mm, 121 

respectively. The site has a gentle north-eastward slope of approximately 1%. Agricultural fields mostly surround 122 

the south and west of the study area. The surface soil (0–15 cm layer) is classified as silt loam, with a particle-size 123 

distribution of 98 g kg⁻¹ sand, 713 g kg⁻¹ silt, and 189 g kg⁻¹ clay. The effective soil depth (A + B horizons) varies 124 

from approximately 0.4 m in the north-east to over 1 m in the south-west. Soils across the parcel exhibit calcic 125 

horizons, with average CaCO₃ contents of 3% in the 0–50 cm layer and 20% in the 50–100 cm layer, and an 126 

alkaline soil pH of 7.6.  (Table S1). The OC content in the surface layers was around 20 g C kg-1, as reported in 127 

2011 (Loubet et al., 2011). 128 

 129 

 130 

Figure 1. (A) Map of the ICOS station network across Europe, showing atmosphere (red), ecosystem (green), and ocean 131 
(blue) stations. The Grignon site (FR-Gri) is highlighted. (B) The 19-ha field site at FR-Gri, shown in a Google Maps 132 
image, with the target area outlined in yellow. The eddy covariance system (white triangle) is located centrally, sur-133 
rounded by its dominant flux footprint (shaded gradient area). The site, with a mixed farm with cattle and sheep housed 134 
in the southern buildings, has been cultivated for over 100 years, although the exact start year is unknown. The site was 135 
highly fertilised with sewage sludge in the 1980s.  136 

 137 

In 2004, as part of implementing reduced tillage in the crop rotation system, the soil was scarified to a depth of 50 138 

cm to reduce compaction. Since then, most tillage operations have been restricted to the superficial layer (0–15 139 

cm), using a stubble cultivator or a clod crusher. Two additional scarification events were carried out: one in 2010 140 

(to a depth of 25 cm) and another in 2012 (to a depth of 40 cm). Additionally, the soil is disturbed to a depth of 5 141 

or 10 cm during seeding operations.  142 

 143 
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Table 1. Crop rotation, yield, exports and imports, and nitrogen (N) applied over the 15 years between the two sampling campaigns at the FR-Gri site. Carbon export was evaluated 

based on the farmer’s record of grain, straw, and silage exports. The aerial crop residue return was evaluated based on the exports and the allometric coefficient of the AMG model, as 145 
explained in the manuscript. A 0.44 g C g-1 dry biomass carbon content was assumed to compute the exports and imports. Organic nitrogen was mainly cattle slurry and, on a few 

occasions, manure. Mineral fertilisation was mainly urea-ammonium-nitrate. 

crop year part of the plant harvested Exported 

Carbon  

(g C m-2) 

Imported 

Carbon  

(g C m-2) 

Aerial Crop Residues 

returned to the soil 

(g C m-2) 

Organic Nitrogen 

applied  

(kg N ha-1) 

Mineral Nitrogen 

applied  

(kg N ha-1) 

Total Nitrogen applied 

  

(kg N ha-1) 

mustard 2005 None     90 ± 10       

maize 2005 above 20 cm -  330 ± 40   10 ± 0   140 ± 10 140 ± 10 

wheat 2006 seed and straw 640 ± 70   170 ± 20   110 ± 10 110 ± 10 

barley 2007 seed and straw 440 ± 50   150 ± 20   110 ± 10 110 ± 10 

mustard 2008 None     90 ± 10       

maize 2008 above 20 cm -  550 ± 60 120 ± 20 20 ± 0 80 ± 10 60 ± 0 130 ± 10 

wheat 2009 seed, straw, and chaff 640 ± 70 140 ± 20 150 ± 10 80 ± 10 170 ± 10 250 ± 20 

Triticale 2010 seed, straw, and chaff 490 ± 60 240 ± 40 90 ± 10 220 ± 40 100 ± 10 320 ± 40 

maize 2011 above 20 cm -  610 ± 70 120 ± 20 20 ± 0 80 ± 10   80 ± 10 

wheat 2012 seed, straw, and chaff 640 ± 70 160 ± 30 100 ± 10 170 ± 30 70 ± 0 240 ± 30 

rapeseed 2013 seed and chaff 240 ± 30   370 ± 40   110 ± 10 110 ± 10 

wheat 2014 seed and straw 420 ± 50 180 ± 30 110 ± 10 130 ± 20 110 ± 10 240 ± 20 

mustard 2015 None     90 ± 10       

maize 2015 above 20 cm -  430 ± 50 280 ± 50 20 ± 0 290 ± 50   290 ± 50 

wheat 2016 seed, straw, and chaff 440 ± 50 50 ± 10 190 ± 20 90 ± 20 220 ± 10 310 ± 20 

rapeseed 2017 seed 170 ± 20   440 ± 40 0 ± 0 120 ± 10 120 ± 10 

wheat 2018 seed and straw 450 ± 50 300 ± 50 130 ± 10 190 ± 30 80 ± 0 270 ± 30 

mix intercrop 2019 All plants for silage 50 ± 10       40 ± 0 40 ± 0 

maize 2019 above 20 cm -  540 ± 60 120 ± 20 20 ± 0 80 ± 10   150 ± 10 

    
average  

(g C m-2 y-1 or kg N ha-1) 
470 ± 54 114 ± 13 151 ± 17 93 ± 11 100 ± 11 193 ± 22 
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The crops in the rotation system are winter wheat, silage maize (preceded by a mustard catch crop), and winter 149 

barley, with two years of oilseed rape during the period (Table 1). These crops are herbaceous, with C3 (wheat, 150 

barley, triticale, oilseed rape, mustard) or C4 (maize) plants. Crop production is primarily exported as grain or 151 

silage (maize), but residues are also exported for use as animal feed and for bioenergy purposes. The average 152 

carbon export was 470 ± 54 g C m-2 yr-1 (Table 1). The field received regular applications of slurry and manure, 153 

with an average carbon input of 114 ± 13 g C m-2 yr-1. The average above-ground biomass crop residues left on 154 

the field were evaluated using the exported biomass and allometric coefficients (Clivot et al., 2019). They represent 155 

151 ± 17 g C m-2 yr-1, approximately one-third of the exported carbon, which is slightly higher than the amount 156 

imported. The biomass of mustard was not measured but taken equal to the mean estimated biomass of mustard in 157 

France, -2 Mg DM ha-1 (Soleilhavoup and Crisan, 2021). 158 

 159 

2.2 Soil sampling schemes 160 

The two campaigns were conducted in different areas around the eddy covariance system. The 2005 campaign 161 

focused on an area representative of the eddy covariance mast's maximum footprint, while the 2019 campaign 162 

encompassed the entire 19 ha field. The footprint determined using the Kljun approach (Kljun et al., 2004, 2015) 163 

was well within the 19-ha field (Figure 1), except on some stable nights when it extended into the surrounding 164 

area. Two different soil sampling strategies were employed during the 2005 and 2019 campaigns (Figure 2). In 165 

the 2005 campaign, 100 soil cores were taken using a systematic sampling grid (7 × 7 m), and samples were 166 

collected with both 8.3 cm and 8.7 cm inner diameter corers in December 2005, during the winter wheat dormancy 167 

period. Soil cores were divided into seven layers (0-5, 5-10, 10-20, 20-30, 30-40, 40-50, and 50-60 cm). The 2005 168 

campaign results were reported in Schrumpf et al. (2011). In the 2019 campaign, 99 soil samples (20 locations × 169 

5 depths – 1) were collected in March, following the ICOS protocol (Arrouays et al., 2018; Loustau et al., 2017), 170 

which consists of a stratified simple random sampling design. One sample, located between 60 and 100 cm, was 171 

not reachable due to the high rock density. The field was at that time covered with a mix of catch crops (oats, field 172 

bean, pea, clover, and flax). The studied area was divided into 10 geographically compact equal-area strata (Wal-173 

voort et al., 2010). Within each stratum, two primary sampling points (SP-I) were randomly selected (simple ran-174 

dom) for a total of 20 SP-I plots. At each SP-I, five secondary sampling points (SP-II) were randomly selected 175 

within a buffer area of 10 meters, where the soil was sampled using a 5.5 cm inner diameter corer. Each core was 176 

separated into subsamples at depths of 0-5 cm, 5-15 cm, 15-30 cm, 30-60 cm, and 60-100 cm. Finally, cores were 177 

mixed to form a composite sample at each primary location and each layer. The spatial stratification and sampling 178 

point distribution were performed using the R package “spcosa” (Walvoort et al., 2010). To ensure comparability 179 

between the 2005 and 2019 sampling campaigns, all SOC stock change analyses presented in this study were 180 

restricted to a spatially comparable subset of the field, which exhibited similar pedological properties in 2005 and 181 

2019 (Figure S4). A detailed spatial comparison between the two sampling campaigns, including clustering anal-182 

yses and sensitivity tests across different spatial subsets, is provided in the Supplementary Material (Figure S1-183 

S5). 184 

 185 
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 186 

Figure 2. A) Map of the study area showing the spatial distribution of sampling zones and soil core depth segmentation. 187 
Soil sampling was conducted at two times: in 2005 (black circles) and 2019 (blue diamonds). For the 2019 sampling, the 188 
field was stratified into 10 strata (coloured polygons, labelled 1–10), and the sampling points were randomly located 189 
within each stratum. The 2005 sampling followed a grid-based sampling design that partially covered strata 2, 4, 5, and 190 
8, with the majority of the sampling concentrated in strata 8 and 4. Blue polygon represents the “Reduced field” and 191 
black polygon the “Intersection field”. B) Segmentation of soil cores into depth intervals for two different sampling 192 
protocols: 60 cm cores (six layers: 0–5, 5–10, 10–20, 20–30, 30–40, and 50–60 cm) and 100 cm cores (five layers: 0–5, 5–193 
15, 15–30, 30–60, and 60–100 cm). Latitude and longitude are shown in WGS 84 coordinates.  194 

 195 

2.3 Soil samples preparation and analyses 196 

In the 2005 campaign, all soil samples were preserved at 4°C before processing. The coarse fraction – rock (RF) 197 

(∅ >4 mm) and root fractions (∅ >1 mm) - were separated from the samples and subsequently air-dried at 40°C.  198 

The remaining samples were sieved to <2 mm to obtain the fine earth (FE) fraction and the coarse fraction (> 2 199 

mm). Subsequently, each fraction was weighted (Schrumpf et al., 2011). In the 2019 campaign, samples from SP-200 

II plots were air-dried at 30°C and then sieved to separate the FE fraction (<2 mm). The root and rock fractions 201 

were oven-dried at 70°C and 105°C, respectively, before weighing. Subsequently, the FE fraction from each depth 202 

interval of the five SP-II plots was proportionally mixed (based on the weight contribution of each layer) to create 203 

a composite sample (SP-I). The BD, residual water and FE fraction were computed from the SP-II samples, then 204 

averaged at the SP-I level, and the C content was measured on the SP-I composite samples. See Arrouays et al. 205 

(2018) and ICOS protocol (Loustau et al. 2017) for more information. In both campaigns, the FE fraction was then 206 

split into three subsamples to measure the C content (air-dried sample), residual water (after drying at 105°C) and 207 

soil bulk density (BD). Soil organic carbon (SOC) content (C, g kg-1) was determined in the air-dried FE fraction 208 

by dry combustion (ISO 10694), which measures the total carbon content in the soil. Overall, the soil preparation 209 

and analysis methods used in 2005 and 2019 were very similar. Carbonate (CaCO3, g kg-1) was measured by de-210 

termining the loss of carbon dioxide (CO2) after acidification with hydrochloric acid in 2019. The inorganic carbon 211 

content was also determined in 2019: when CaCO3 content was lower than 700 g kg-1, the soil inorganic carbon 212 

(SIC) content was calculated as C = 0.12 x CaCO3. When the CaCO3 content exceeded 700 g kg-1, to avoid a 213 

deterioration in the accuracy of organic carbon deduced from total carbon, samples were first treated with HCl to 214 

eliminate carbonates, and then total carbon was determined as previously explained. The SOC content was then 215 

computed as the total carbon content minus the inorganic carbon content.  216 
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2.4 Soil data pre-processing 217 

Before statistical analysis, missing values in the 2005 dataset were imputed using Ordinary Kriging interpolation 218 

(Goovaerts, 1997), which leverages spatial autocorrelation to provide unbiased and minimum variance estimates 219 

of missing data points. Using spatial coordinates, the target variables were estimated based on interpolated values 220 

derived from a fitted variogram model (Nugget + Spherical) and up to 35 neighbouring data points within a 100-221 

unit radius. For the 2019 dataset, which had only a single missing value, we used the average value of the corre-222 

sponding soil layer. 223 

2.5 Soil carbon stocks calculation using the fixed-depth (FD) approach 224 

The soil carbon stock 𝑆𝑂𝐶𝑠𝑡𝑜𝑐𝑘  (kg C m-2) across the soil layers was calculated following Poeplau et al. (2017): 225 

 226 

𝑆𝑂𝐶𝑠𝑡𝑜𝑐𝑘 =  ∑
𝑚𝐹𝐸𝑖

𝑚𝑠𝑜𝑖𝑙𝑖

𝑛
𝑖=1 ×  BDi × ∆zi × SOCi ×

1

1000
 × 10000      (1) 227 

 228 

Where 𝑛 is the number of layers in which the soil core was divided down to 60 cm, 𝑖 is the layer index, 𝑚𝐹𝐸𝑖
 (g) 229 

is the mass of fine earth in the layer, and 𝑚𝑠𝑜𝑖𝑙𝑖
 (g) is the total soil mass of the layer (including rocks and roots), 230 

𝐵𝐷𝑖 (g cm-3) is the bulk density of the layer, ∆𝑧𝑖  is the layer thickness (cm), and SOCi (g C kg-1) is the SOC content 231 

in the FE fraction in the layer. The factor of 
1

1000
 converts SOC content from g kg-1 to kg kg-1, and the factor of 232 

10000 converts cm-2 to m-2. The bulk density in each soil layer is defined as the ratio of 𝑚𝑠𝑜𝑖𝑙𝑖
 to the soil core 233 

volume 𝑉𝑠𝑎𝑚𝑝𝑙𝑒 𝑖
: 234 

 235 

 𝐵𝐷𝑖 =  
𝑚𝑠𝑜𝑖𝑙𝑖

𝑉𝑠𝑎𝑚𝑝𝑙𝑒𝑖

=
𝑚𝑠𝑜𝑖𝑙𝑖

𝑆𝑖×∆𝑧𝑖
          (2) 236 

 237 

where 𝑆𝑖 is the sampled surface. Equations (1) and (2) correspond to equations (1) and (2) in Schrumpf et al. (2011) 238 

and were used to compute the stocks for the 2005 samples. We note that when combining equations (1) and (2), 239 

the mass of soil 𝑚𝑠𝑜𝑖𝑙 𝑖
 and the layer thickness ∆𝑧𝑖 disappear. In the ICOS stock calculation protocol, the bulk 240 

density is therefore no longer used. The SOC stocks are computed based on the surface sampled 𝑆𝑖 and the mass 241 

of fine earth 𝑚𝐹𝐸𝑖
 only. By further simplifying the conversion factors, one gets: 242 

 243 

𝑆𝑂𝐶𝑠𝑡𝑜𝑐𝑘 = ∑
𝑚𝐹𝐸𝑖

𝑆𝑖
× SOCi × 10 n

i=1          (3) 244 

 245 

In equation (3), a term can be identified as the fine earth in each layer, 𝐹𝐸𝑖 = m𝐹𝐸𝑖
𝑠𝑖⁄ × 10 (kg m-2), which gives 246 

the fine earth over the 0-60 cm profile: 247 

 248 

𝐹𝐸60𝑐𝑚 = ∑
𝑚𝐹𝐸𝑖

𝑆𝑖
× 10𝑛

i=1 = ∑ 𝐹𝐸𝑖
𝑛
i=1         (4) 249 

 250 

We note here that these equations are adapted for core sampling. When sampling soils with pits, some corrections 251 

need to be introduced in equations (1-3) to account for large stones and large roots in the pit. The inorganic carbon 252 
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stock 𝑆𝐼𝐶𝑠𝑡𝑜𝑐𝑘  is computed in a similar way as the 𝑆𝑂𝐶𝑠𝑡𝑜𝑐𝑘 but replacing the OC content in the FE fraction 𝑆𝑂𝐶𝑖 253 

by the inorganic carbon content 𝑆𝐼𝐶𝑖. Finally, the cumulative 𝑆𝑂𝐶𝑠𝑡𝑜𝑐𝑘
0−60 𝑐𝑚 was computed after summing the stocks 254 

per layer. 255 

2.6 Harmonisation of soil layers in both sampling campaigns 256 

To ensure comparability between campaigns, the soil sampling depth (Figure 2) of each campaign was harmonised 257 

into three coarser layers: 0–5 cm, 5–30 cm, and 30–60 cm. Bulk density, rock fragments, and carbon content were 258 

aggregated using a thickness-weighted mean to account for variable layer depths, while SOC stocks and fine earth 259 

mass were calculated as cumulative sums across the respective layers. All subsequent SOC stock calculations and 260 

statistical analyses were performed on these layers. Additional layers are provided in the supplementary material. 261 

2.7 Soil carbon stocks calculation using the equivalent soil mass (ESM) and SOC stocks changes 262 

To properly estimate SOC stocks evolution, one needs to consider changes in SOC content of the soil (𝑆𝑂𝐶) but 263 

also the potential changes in  𝐵𝐷𝑖  due to compaction or decompaction, which may change the fine earth mass 𝐹𝐸𝑖 264 

in each sampling depth (Lipiec and Hatano, 2003). Additionally, soil erosion driven by rainfall or wind can export 265 

soil particles – mainly silt and clay - out of the field. Erosion is thought to be negligible at the FR-Gri site due to 266 

a slight slope and systematic winter inter-cropping. Decompaction may have happened since the site was converted 267 

to reduced tillage from 2000 onwards (Loubet et al., 2011), but compaction in subsoil may also occur due to 268 

repeated surface traffic by heavy machinery (Liebhard et al., 2025; Lu et al., 2021). To consider possible changes 269 

in 𝐵𝐷𝑖 , the SOC stock evolution was estimated using the equivalent soil mass method (ESM), where the SOC 270 

stock is integrated down to a varying depth corresponding to a reference soil mass that is set equal for each cam-271 

paign (Ellert and Bettany, 1995; von Haden et al., 2020; Lee et al., 2009; Wendt and Hauser, 2013). This approach 272 

has the advantage of accounting for a common sampling bias associated with the hydraulic corer, namely soil 273 

compaction.  274 

The ESM-based SOC stock was computed using the R function “SimpleESM” (Ferchaud et al., 2023), which im-275 

plements the classical ESM method (Ellert and Bettany, 1995) and ESM2, a model-based approach incorporating 276 

cubic splines (Wendt and Hauser, 2013). The reference fine earth mass (𝐹𝐸𝑟𝑒𝑓) was derived from the median 277 

values in the 2005 dataset for the aggregated soil layers: 0–5 cm, 5–30 cm, and 30–60 cm (Table 1). The total FE 278 

in the 0–60 cm layer ranged from 852 to 967 kg m⁻² in 2005, and from 831 to 953 kg m⁻² in 2019 (Table S4). 279 

 280 

Table 2. Reference fine earth mass (FEref) per layer used in the equivalent soil mass approach (ESM). 281 

Layer 
Upper depth Lower depth FEref 

cm kg m-2 

L1 0 5 63.2 

L2 5 30 372.6 

L3 30 60 453.1 

 282 

In the “classical” ESM approach (Ellert and Bettany, 1995), SOC stock is calculated by 1 mm increments (Autret 283 

et al., 2016; Mary et al., 2020). In brief, soil depth is discretised into elementary layers of 1 mm thickness, with 284 

FE density (g cm-3) and carbon content (g kg-1) assigned to each 1 mm layer. Since both FE density and the SOC 285 

content are typically reported as average values over macro-layers (e.g., 0–5 cm), these values are assumed to be 286 

constant within each 1 mm sublayer. Subsequently, 𝐹𝐸𝑖 and 𝑆𝑂𝐶𝑠𝑡𝑜𝑐𝑘𝑖
 are then computed cumulatively until the 287 
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𝐹𝐸𝑟𝑒𝑓  is reached. This approach is referred to as “ESM non model” by Peng et al. (2024). The ESM2 approach is 288 

based on the "material coordinate system" (Lee et al., 2009; McBratney and Minasny, 2010) or the "cumulative 289 

coordinates approach" (Rovira et al., 2015). This method uses a post-hoc model - a cubic spline interpolation - to 290 

mathematically adjust SOC measurements to a common fine earth mass (von Haden et al., 2020; Wendt and 291 

Hauser, 2013). As both ESM and ESM2 methods yielded similar results (Figure S6), only ESM outcomes are 292 

reported in the following.  293 

2.8 Statistical inference for assessment of the carbon stock change 294 

Unequal variance t-tests (Welch’s t-test) were applied to assess significant differences between the two campaigns' 295 

means of SOC stocks estimated by FD and ESM approaches and other soil variables. The Welch’s t-test value was 296 

calculated as: 297 

𝑡 =
(𝑋̂2005−𝑋 ̂2019)

√V̂(𝑋 ̂2005)+V̂(𝑋 ̂
2019)

          (5) 298 

Where 𝑋̂ is the estimated mean of the soil property X, 𝑉̂(𝑋̂) is the estimated sampling variance of the estimated 299 

mean, and indexes stand for the campaign years. A design-based approach was used to estimate the means and 300 

sampling variances (de Gruijter et al., 2006). The sampling variances of the two campaigns were estimated sepa-301 

rately and considered unequal.  For the 2019 campaign, a stratified random sampling method with equal-area strata 302 

was employed. With the same number of sites per stratum, the mean and the sampling variance are estimated as: 303 

𝑋̂ =
1

N
 ∑ 𝑋i

N
i=1            (6) 304 

V̂ (𝑋̂) = ∑ 𝑤ℎ
2V̂ (𝑋̂ℎ)H

h=1 =  
1

4
 ∑ V̂ (𝑋̂ℎ)H

h=1         (7) 305 

Where 𝑋𝑖 is the measured soil property at location i, N is the total number of samples over all strata, 𝑉̂ (𝑋̂ℎ) is the 306 

sampling variance of stratum h, 𝑤ℎ
2 =

1

2
 is the weight of stratum h, and H is the number of strata. 307 

For systematic random sampling (2005 campaign), the mean estimate is simple (Eq. 6), but there is no unbiased 308 

estimate of the sampling variance. We implemented the approximation suggested by Brus and Saby (2016), where 309 

the systematic random sample is treated as a stratified simple random sample. The sampling units were thus clus-310 

tered by 2 based on their spatial coordinates into H = n/2 clusters (n = 100) using a k-means algorithm. The 2 311 

sampling units of a cluster were treated as a simple random sample from a stratum, and the variance was estimated 312 

with eq. (7) with H = 50. The weights were computed by  𝑤ℎ
2 = 𝑛ℎ 𝑛⁄ ,  where 𝑛ℎ = 2 is the number of units per 313 

cluster. The 95% confidence interval is given by: 314 

𝑋̂ ±   𝑡2.5
𝑁−𝐻√V̂(𝑋̂ℎ)           (8) 315 

Where 𝑡2.5
𝑁−𝐻 is the 2.5 quantile of a t distribution where (𝑁 − 𝐻) approximates the degrees of freedom. For the 316 

2005 campaign, the degree of freedom was 𝑁 − 𝐻 = 100 − 50 = 50. In 2019, when the Complete field was con-317 

sidered, there were H = 10 strata of 2 units each, leading to a total number of sampling points N = 20 (called SP-I 318 

in ICOS), leading to 𝑁 − 𝐻 = 10. When part of the field was considered, both the number of samples and H 319 

diminished leading to 𝑁 − 𝐻 < 10. In 2005 and 2019, equations (7-9) were used to compute the carbon stock 320 

statistics for each sampling depth available and over aggregated layers 0-15 cm, 15-30 cm and 30-60 cm. We also 321 

computed the minimum detectable difference (MDD) based on a t-test with 95% confidence and 90% power (α = 322 

0.05, β = 0.10). 323 
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Finally, we performed an additional statistical analysis to quantify the magnitude of SOC stock changes between 324 

2005 and 2019 by calculating effect sizes using Hedges’ g. This metric is a standardised mean difference method 325 

that includes a correction for small sample sizes (Hedges, 1981), which was especially the case when using the 326 

Reduced and Intersection fields, leading to 14 and 8 samples, respectively. Confidence intervals for effect-size 327 

estimates were computed using 20000 nonparametric bootstraps with resampling and the bias-corrected and ac-328 

celerated (BCa) method (Canty et al., 2024; Efron, 1987; Kirby and Gerlanc, 2013). Negative values of Hedges’ 329 

g indicate a reduction in SOC stocks from 2005 to 2019, while positive values indicate an increase. If the confi-330 

dence intervals (CIs) include zero, it suggests that there is no significant difference in SOC stocks between the two 331 

sampling years. These analyses were performed using the R package “bootES” (Kirby and Gerlanc, 2013). 332 

See the equations (s1-s5) in the supplementary material. 333 

2.9 Simulation of carbon stock evolution with the AMG model 334 

We computed the SOC stock changes using the agricultural soil carbon model AMG (Clivot et al., 2019) to com-335 

pare with measured changes in SOC stock in the surface soil layer (0-30 cm). AMG is a relatively simple soil 336 

carbon model that simulates SOC stocks by partitioning the soil carbon into three pools: (1) a pool receiving 337 

organic C inputs from crop residues, roots, and exogenous organic matter (EOM), (2) an active organic C pool 338 

subject to decomposition, and (3) a stable organic C pool. As stable C presents slow turnover, considering the 339 

timescale of the simulation, this pool is considered inert in the model and neither decomposes nor receives new C 340 

inputs. 341 

A proportion (ha) of all the C inputs to the soil is allocated to the active C pool, while the remaining proportion 342 

(1 – ha) is considered mineralised. The active C pool decomposes following first-order kinetics, with a rate con-343 

stant (k) that depends on climate variables (annual temperature, precipitation, and potential evapotranspiration) 344 

and soil properties (clay content, carbonate content, pH, and C:N ratio). The C inputs to the soil include above-345 

ground crop residues and organic amendments from manure and slurry as listed in Table 1, plus the belowground 346 

crop residues and rhizodeposition estimated from allometric equations based on the aboveground biomass (Clivot 347 

et al., 2019, 2023). Roots and rhizodeposition C inputs down to a considered depth i are computed as: 348 

𝐶𝑏𝑒𝑙𝑜𝑤 𝑔𝑟𝑜𝑢𝑛𝑑 𝑖𝑛𝑝𝑢𝑡𝑠 (𝑖) =
𝐷𝑀𝐴𝐺

𝑆𝑅𝑅
∗ 0.4 ∗ 1.65 ∗ (1 − 𝛽𝑖)      (9) 349 

Where 𝐷𝑀𝐴𝐺  is the above-ground biomass, SRR is the shoot-to-root-ratio, 0.4 is the carbon content of the roots 350 

(40%), 1.65 is a factor accounting for the dead roots and rhizodeposition, assumed to be 65% of the living roots 351 

C, and (1 − 𝛽𝑖) accounts for the roots’ distribution in the soil, where 𝛽 is a crop-dependent parameter.   352 

The SOC stock changes were simulated on an annual timestep over the period 2005–2040, considering the 0-30 353 

cm depth layer, which generally corresponds to the managed soil layer in cropland systems, where most crop roots 354 

and residue inputs occur. The baseline SOC stock in the 0-30 cm layer was set to 8.25 kg C m-2, based on meas-355 

urements from 2005. The proportion of the stable organic carbon pool was set to 65% (Cs = 0.65), as proposed by 356 

Clivot et al. (2019) for agricultural fields with a long-term history of cultivation. To assess model sensitivity, we 357 

performed additional simulations by varying key management and environmental factors and comparing to a base 358 

scenario: (1) residue returns to the soil were increased to 100% of the available residues, (2) organic amendments 359 

were either eliminated (set to zero) or doubled (multiplied by two), (3) meteorological conditions were set to the 360 
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pre-2005 period by repeating the 1987–2004 weather data for the 2005–2040 period, and (4) the proportion of 361 

stable organic carbon pool (Cs) was set to 0.63 and 0.75 as independent estimates on a nearby soil reported by 362 

Kanari et al (2022) to illustrate the model’s response to this critical soil carbon parameter. In the base scenario, (1) 363 

the residue returns and (2) the organic amendments were set according to Table 1, (3) the meteorological conditions 364 

were those measured at the site between 2005 and 2019, and then repeated to 2040, and (4) Cs was set to 0.65. 365 

2.10 Carbon flux balance derived from Eddy Covariance measurements  366 

The carbon flux balance was estimated from 2006 to 2010 in Loubet et al. (2011), based on the Eddy Covariance 367 

(EC) micrometeorological method. The net biome productivity (NBP), representing the carbon balance of the field, 368 

was computed as: 369 

 𝑁𝐵𝑃 = 𝑁𝐸𝐸 + 𝐹𝑜𝑟𝑔𝑎.𝑓𝑒𝑟𝑡 + 𝐹𝑠𝑒𝑒𝑑𝑠 − 𝐹𝑙𝑒𝑎𝑐ℎ − 𝐹ℎ𝑎𝑟𝑣𝑒𝑠𝑡        (10) 370 

where NEE is the net ecosystem exchange of CO2 flux over time, 𝐹𝑜𝑟𝑔𝑎.𝑓𝑒𝑟𝑡 is the carbon input through organic 371 

fertilisation, 𝐹𝑠𝑒𝑒𝑑𝑠 is the carbon input through seedling, 𝐹𝑙𝑒𝑎𝑐ℎ is the organic and inorganic carbon losses by lix-372 

iviation, and 𝐹ℎ𝑎𝑟𝑣𝑒𝑠𝑡  is the carbon export through harvest. See Loubet et al. (2011) for details. We limited the 373 

carbon balance study to the 2006–2010 period published in Loubet et al. (2011). Indeed, computing the full period 374 

2005–2019 carbon balance requires filling a year gap in 2018 and processing the leaching flux, which implies crop 375 

and leaching modelling, as well as an uncertainty analysis that goes beyond the scope of this manuscript. 376 

3 Results 377 

3.1 Summary statistics of soil properties 378 

Statistical analysis confirmed a significant decompaction from 2005 to 2019, evidenced by a reduction in bulk 379 

density, particularly in the 0-5 cm (p < 0.001) and 5-30 cm (p < 0.001) layers (Figure 3, Table S5). BD decreased 380 

by ~25% in the 0-5 cm layer and by ~5% in the 5-30 cm layer, while the 30–60 cm layer presented a slight but 381 

non-significant increase. Similar results were observed for the fine earth density (Table S4). For the entire 0-60 382 

cm profile, the average soil stock (FE0-60cm) in 2005 was 882.5 kg m-2, which was approximately 5% greater than 383 

in 2019 (840.1 kg m-2). Meanwhile, the soil mass in the 0-5 cm layer decreased by about 25%. The SOC contents 384 

varied from 2005 to 2019 (Figure 3, Table S5). In the 0–5 cm layer, SOC contents were significantly higher in 385 

2019 than in 2005 by around 2.2 ± 0.57 g C kg-1 (p = 0.002). In contrast, SOC content in the 5-30 cm layer was 386 

significantly lower by 6.2% in 2019 compared to 2005, with a mean difference of -1.14 ± 0 g C kg-1 (p < 0.001). 387 

In the 30–60 cm layer, SOC contents remained statistically unchanged -0.14   g C kg-1, p = 0.66). 388 
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 389 

 390 

Figure 3. Mean of bulk density, soil organic carbon (SOC) contents, and ESM-based SOC stocks with their correspond-391 
ing confidence intervals (CIs) in the 2005 and 2019 campaigns across three soil layers (0-5, 5-30, 30-60 cm). Mind that 392 
the layer depths given here do not correspond to absolute depths since the ESM method implies varying depths with 393 
time. The real depths corresponding to these layers are shown in Figure 5B. 394 

 395 

3.2 Differences between FD and ESM-based SOC stocks 396 

The FD and ESM approaches were statistically similar in 2005 across the three soil layers (Figure 4A) and only 397 

showed significant differences in the 0-5 cm soil layer in 2019 (Figure 4B). Both approaches did not differ when 398 

comparing the cumulative SOC stocks up to ~60 cm (all p > 0.5, Figure 4C-D).  399 

 400 
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  401 

Figure 4. Soil Organic Carbon stocks and corresponding confidence intervals (error bars and shaded ribbons) estimated 402 
using Fixed Depth (FD) and Equivalent Soil Mass (ESM) approaches. Panels A and B show SOC stocks per depth range 403 
for 2005 and 2019. Solid lines (vertical) represent mean SOC stocks across the entire depth range. Dashed horizontal 404 
grey lines represent the fixed soil depth layers, aggregated into 0-5 cm, 5-30 cm, and 30-60 cm. If the thickness of the 405 
ESM-adjusted depth falls outside the upper or lower bounds of the fixed soil depth, it indicates that a depth adjustment 406 
was made during the ESM computation. Panels C and D show cumulative SOC stocks over the 0–60 cm layer for 2005 407 
and 2019. Asterisks denote significant differences between SOC stock estimation methods (P < 0.001 corresponds 408 
to ***). 409 

 410 

3.3 Soil carbon stock changes over time 411 

The mass-equivalent depth (Figure 5B) varied between years according to the reference soil mass shown in Table 412 

2. On average, the mass-equivalent depths in 2019 were 0–6 cm, 6–33 cm, and 33–65 cm. In 2005, the soil depth 413 

adjustment was minimal compared to the sampling depth, with an increase of 2  0.7 cm in the third layer (30-62 414 

cm). The ESM estimates indicated a cumulative loss of soil organic carbon over the three layers of -0.95 ± 0.20 kg 415 
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C m-2 between 2005 and 2019 (Figure 5A). In the 0-5 cm layer, a higher SOC stock was measured in 2019 com-416 

pared to 2005 (+0.10 ± 0.02 kg C m-2). The second layer (sampling depth of 5–30 cm) showed a lower SOC stock 417 

in 2019, with a SOC stock change of about 0.8 ± 0.10 kg C m-2. In the deeper layer (sampling depth of 30–60 cm), 418 

SOC stock changes showed a less significant reduction of about 0.28 ± 0.11 kg C m-2. Effect-size comparisons 419 

between the two campaigns across the three layers confirmed the significance of the SOC changes between 2005 420 

and 2019 (Figure S8). A finer vertical analysis (Figure S9) indicates that the SOC stocks in 2019 were higher in 421 

the layer L1 (~0-5 cm), then decreased between layers L3 and L5 (~20 and ~40 cm), before increasing again in 422 

layers L6 and L7 (~ 40 - 60 cm).  423 

 424 

 425 

Figure 5. Mean soil organic carbon (SOC) stocks (kg C m⁻²) estimated using the Equivalent Soil Mass (ESM), along 426 
with their corresponding confidence intervals (error bars), for the 2005 and 2019 campaigns (Panel A). Adjusted soil 427 
depth (cm) and fine earth mass (kg m⁻²) are also shown in Panel B. Asterisks denote significant differences between 428 
campaigns: P < 0.001 (***), P < 0.01 (**), P < 0.05 (*). 429 

 430 

3.4 Cumulative SOC stocks 431 

Across the 13.25-year monitoring period, the cumulative SOC stocks up to the sampling fixed depth of 0-60 cm 432 

exhibited a statistically significant decline (p < 0.05) of approximately 0.95 ± 0.22 kg C m-2 (p < 0.001; MDD < 433 

observed differences, Table 3). A similar decline was found using the ESM and the FD. Overall, both SOC esti-434 

mation approaches indicate an average SOC loss of approximately 72 ± 16 g C m-2 yr-1 over the 13.25-year period. 435 

In terms of proportional reduction relative to the 2005 baseline, ESM-based SOC stocks decreased by −8.2% in 436 

the ~0–30 cm layer and −8.5% in the ~0–60 cm layer. These losses translate to annualised losses of approximately 437 

−0.62% to −0.89% yr-1, when referenced to the 2005 SOC stocks baseline.  438 
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Table 3. Summary of soil organic carbon (SOC) stock changes between 2005 and 2019 in the “Reduced field” at the FR-439 
Gri site, assessed for the 0–30 cm and 0–60 cm soil layers using both the Equivalent Soil Mass (ESM) and Fixed-Depth 440 
(FD) approaches. SOC changes are reported in absolute terms (kg C m⁻²) followed by their standard error, relative 441 
change (% of initial stock), and as annualised rates. The Minimum Detectable Difference (MDD) represents the smallest 442 
true difference that can be statistically detected given the observed variability and sample size. If the observed SOC 443 
stock change exceeds the MDD and p < 0.05, the change is considered detectable. If the SOC stock change is less than 444 
the MDD, the change is not statistically distinguishable. A large MDD reflects high variability or limited sensitivity, 445 
whereas a small MDD indicates high precision in detecting changes in SOC stock. These estimates were also used as 446 
input parameters for the AMG model simulations. 447 

Metric 

Equivalent Soil Mass Fixed depth 

~ 0-30 cm * 

435.1 kg m-2 

~ 0-60 cm 

887.6 kg m-2 
0-30 cm * 0-60 cm 

2005 SOC stocks (kg C m-2) 8.14  0.06 11.19  0.13  8.25  0.08 11.12  0.12 

2019 SOC stocks (kg C m-2) 7.47  0.09 10.24  0.16 7.28  0.09 10.17  0.18 

SOC stock change (kg C m-2) -0.67 -0.95 -0.97 -0.96  

Standard Error difference (kg C m-2) 0.11 0.04 0.12 0.04 

Lower CI difference (kg C m-2) -0.90 -1.37 -1.22 -1.40 

Upper CI difference (kg C m-2) -0.44 -0.53 -0.72 -0.51 

P values (two-sided) < 0.001 < 0.001 < 0.001 < 0.001 

Minimum Detectable Difference (kg C m-2) 0.38 0.71 0.41 0.76 

SOC stock change (% of initial Stock) -8.2% -8.5% -11.8% -8.6% 

SOC stock change (% initial Stock yr-1) -0.62% yr⁻¹ -0.65% yr⁻¹ -0.89% yr⁻¹ -0.64% yr⁻¹ 

SOC stock change (per mil initial Stock yr-1) -6.2‰ yr⁻¹  -6.5‰ yr⁻¹  -8.9‰ yr⁻¹ -6.4‰ yr⁻¹ 

* SOC stocks from 2005 at 0-30 and 0-60 cm were inserted as input variables in the AMG model. 448 

 449 

 450 

3.5 Comparison of measured SOC stock changes with estimations obtained with the AMG model 451 

The AMG model was used to simulate the evolution of soil organic carbon stock from 2005 to 2040 in the 0-30 452 

cm layer, based on the cropping system, imports and exports, and computing the return of plant residues using 453 

allometric relationships. Under the baseline scenario, the model exhibited a declining trend in SOC stocks (Figure 454 

6), which aligns with the decrease observed using the ESM approach in the 0-30 cm layer. The AMG model 455 

simulated a decrease in SOC stock from 8.24 kg C m-2 in 2005 to 7.25 kg C m-2 in 2019, reflecting a cumulative 456 

loss of approximately -0.99 kg C m-2 (−12%) over 13.25 years. This modelled SOC loss is larger than the mean 457 

SOC stock change estimated using the ESM approach in the 0-30 cm layer (-0.67 kg C m-2), and slightly outside 458 

the associated confidence intervals (95% CI: -0.90 to -0.44 kg C m-2; Table 3). SOC stocks appear to approach a 459 

quasi-steady-state from 2027 onwards, with fluctuations of ±0.02 to ±0.04 kg C m-2 yr-1. By 2040, SOC stocks are 460 

projected to decrease to 6.94 kg C m-2, representing an approximate 15% reduction from the 2005 baseline. Both 461 

the AMG model and measured SOC stocks were consistent with the flux balance approach reported by Loubet et 462 

al. (2011), during the early period from 2006 to 2010. The overall loss over 22 years (2005-2027) would then be 463 

of around 1.3 kg C m-2, or 13 Mg C ha-1, which amounts to 0.059 Mg ha-1 yr-1. Overall, the sensitivity analysis 464 

across five scenarios reveals a consistent decline in SOC, with cumulative losses ranging from 5 to 18% by 2019 465 

and from 6 to 23% by 2040. Increasing the residue return leads to a stabilisation of the SOC stock at 7.15 kg C m-466 

2, instead of 6.95 kg C m-2, while doubling the organic carbon amendment would lead to an equilibrium of 7.48 467 

kg C m-2. On the contrary, suppressing the organic carbon amendment would lead to a stabilisation of 6.34 kg C 468 

m-2. The simulation with a climate corresponding to 1998-2005 (slightly colder, with a temperature of -0.3°C 469 

compared to 2005-2019) had no detectable effect on the simulated soil C stock (Figure 6).  470 
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 471 
 472 
Figure 6. Soil organic carbon (SOC) stock in the 0-30 cm depth as simulated by the AMG model (plot lines), measured 473 
by soil sampling in 2005 and 2019 and computed using the equivalent soil mass (ESM; light-green square). The error 474 
bars show the sampling standard error. Flux balance over the 2006-2010 period (black line) as published in Loubet et 475 
al. (2011). Cs denotes the proportion of stable carbon pools in the model. 476 

4 Discussion 477 

4.1 Effects of sampling depth and computation methods on the evaluation of organic carbon stock 478 

changes evaluation 479 

Our results show that cumulative SOC stock changes between 2005 and 2019 under reduced tillage management 480 

were similar between the FD and ESM approaches only when SOC stocks were integrated over the complete 0–481 

60 cm profile, differing by just 3% in this layer (p > 0.80). In contrast, SOC stock changes differed between 482 

approaches in the surface soil (≤ 30 cm). Previous studies have documented misleading interpretations of SOC 483 

stock increases resulting from reduced or no-tillage practices when using the FD approach at shallow depths (≤ 30 484 

cm) (Du et al., 2017; Xiao et al., 2020). Our results support this in the 0-5 cm layer, where FD indicates SOC stock 485 

losses while ESM shows gain (Table S5, Figure S8). Indeed, FD approaches are prone to bias when soil bulk 486 

density or SOC content changes, irrespective of the soil management (von Haden et al., 2020). Because BD often 487 

varies with management in agricultural soils, especially at shallow depths (≤ 30 cm), multilayer sampling and 488 

equivalent soil mass approaches are essential to capture the temporal response of SOC stock in shallow layers 489 

(Wendt and Hauser, 2013; Xiao et al., 2020). At the FR-Gri site, the topsoil (0–15 cm) is frequently disturbed by 490 

shallow tillage using a stubble cultivator or clod crusher, and deep tillage operations have occasionally been ap-491 

plied to depths of up to 40 cm. In addition to residue return, these practices influence BD and soil mass distribution, 492 

particularly within the upper 40 cm of the profile. Additionally, the potential compaction caused by repeated ma-493 

chinery traffic cannot be excluded (Hamza and Anderson, 2005), as compaction tends to accumulate over time 494 

below 40 cm due to the limited tillage operations in the subsoil (Zhang et al., 2024).  Roots may also alter BD, 495 

including in subsurface layers, by modifying the physical properties (e.g., aggregation, porosity) as roots effi-496 

ciently explore deeper layers. At the FR-Gri site, we observe a significant decrease in BD in the 0-5 cm and 5-30 497 

cm layers, with no significant change in the lower layer (30-60 cm) (Table S4). Likewise, roots may contribute to 498 

subsoil SOC stocks through root growth, biomass accumulation, and rhizodeposition. The rhizodeposition process 499 

may account for up to 65% of root carbon (C) and ~10% of total photosynthesised carbon, as shown for maize 500 
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(Tardieu, 1988) and wheat (Zhang et al., 2020; Zou et al., 2022), which are the main crops at the FR-Gri site. Fan 501 

et al. (2016) reported that approximately 95% of root biomass lies above 100 cm. In our field, 20% of the SOC 502 

stock changes occurred in the 30-60 cm layer, confirming that sampling to at least 60 cm better captures root-503 

related C inputs and reduces SOC bias estimate, as also emphasised by Baker et al. (2007) and Wendt and Hauser 504 

(2013). Furthermore, SOC stock estimates in more profound and multiple layers provide valuable insights into 505 

SOC dynamics across the profile, as mineralised carbon may percolate and accumulate in subsoil layers (Rumpel 506 

and Kögel-Knabner, 2011). 507 

4.2 Possible causes of the observed SOC stock changes over 13.25 years 508 

SOC stock losses in cropland systems under various management practices have been widely reported in European 509 

studies (De Rosa et al., 2024). A major cause of carbon losses is the imbalance between carbon imports and ex-510 

ports, which progressively leads to a shift in the carbon stock from one state to a new one, higher if the imbalance 511 

is an excess of imports or lower in the opposite case (Ingwersen et al., 2024; Poyda et al., 2019). Over the 13.25-512 

year period (2005–2019), the FR-Gri site has experienced a decrease in SOC stock of 0.95 kg C m-2 [95% CI: 0.51-513 

1.4]. Our study has evidenced that C losses in the intermediate soil layers (5-40 cm) are not offset by gains below, 514 

down to a depth of approximately 60 cm (~0-5 and 40-60 cm). Overall, the cropping system history at FR-Gri 515 

resulted in a carbon stock decrease of 72 ± 16 g C m-2 yr-1 over the observed 13.25-year period in the ~0-60 cm 516 

soil layer, irrespective of the SOC estimation method. We hypothesise that SOC decline is primarily related to an 517 

imbalance during that period between carbon imports, limited by reduced crop residue return, and high biomass 518 

exports. The FR-Gri site has been under continuous cropland management for over 100 years, with reduced tillage 519 

and crop rotation introduced in the past two decades. In the 1980s, the field received an unquantified but significant 520 

amount of organic matter inputs from wastewater treatment plants, which may explain the high carbon stocks 521 

observed in 2005. Moreover, since 2004, the increased export of wheat straw for bioenergy has reduced crop 522 

residue returns, while the use of organic amendments has been limited (Table 1). This shift in management prac-523 

tices may have contributed to a long-term imbalance between C imports and exports, leading to SOC stock de-524 

clines, as the field exports were, on average, around three times higher than imports and twice higher than the 525 

combined import and aerial residue return. The AMG simulations corroborate this hypothesis, showing a decrease 526 

primarily attributed to the low residue return and limited organic C application. At the same time, the slight shift 527 

in meteorological conditions (+0.3 °C air temperature) during that period has no significant effect on the simulated 528 

soil C stock (Figure 6).  529 

Different patterns have been reported in long-term experiments conducted under similar pedoclimatic conditions. 530 

In a well-drained Haplic Luvisol under a temperate climate, Dimassi et al. (2014) demonstrated that changes in 531 

SOC stock under residue removal varied over time, exhibiting alternating phases of accumulation and depletion. 532 

The most substantial depletion occurred around 2002 (−0.033 kg C m⁻² yr⁻¹), possibly reflecting the lagged effects 533 

of residue removal between 1982 and 1994, as well as the impact of climate change. In contrast, the SOC stock 534 

increased in 2011 after residues were returned after 1994. Furthermore, SOC stocks increased in the upper soil 535 

layer (0-10 cm) but were offset by losses at depth (10-28 cm), resulting in near-neutral changes in SOC stock over 536 

the profile. These trends were later confirmed by Mary et al. (2020), who conducted additional sampling in 2017. 537 

Unlike the long-term experiments of Dimassi et al. (2014) and Mary et al. (2020), where surface gains largely 538 

compensated subsoil losses at the profile scale, SOC losses at FR-Gri were dominated by sustained carbon deficits 539 
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in intermediate layers, resulting in a net negative balance. However, as we hypothesised here, Dimassi et al. (2014) 540 

suggested that crop management practices, such as residue removal, crop rotation (C3 vs. C4), and catch crops, 541 

mediate C sequestration under similar soil tillage conditions. 542 

The relatively high initial SOC stocks at FR-Gri reflect the previously high though unrecorded C inputs (from 543 

wastewater treatment plants) and lower residue exports. This may further contribute to the observed decline in 544 

SOC stock, as C inputs decreased during the 2005-2019 period, despite the presence of substantial organic inputs. 545 

In terms of soil processes, SOC stock declines during this period likely reflect an imbalance between SOC miner-546 

alization and stabilization processes rates, likely triggered by high fresh plant inputs with low C: N ratio, organic 547 

amendments, nitrogen-rich fertilisation (193 kg N ha-1) and environmental conditions favouring microbial activity 548 

and SOC mineralisation (Bernard et al., 2022; Ceschia et al., 2010; Loubet et al., 201). The depleting effect of 549 

nitrogen-rich inputs was also observed by Dimassi et al. (2014), who found that SOC was depleted under a crop 550 

rotation without a C4 plant and increased after the establishment of a catch crop (oats/vetch). 551 

Keel et al. (2019) reported ESM-based SOC stock losses ranging from 0.01 to 0.135 kg C m-2 yr-1 across various 552 

crop systems in Switzerland, with an average loss of 0.034 kg C m-2 yr-1 in the topsoil (~0–20 cm). Their highest 553 

SOC stock losses were observed under a crop rotation similar to that of FR-Gri, with a comparable initial stock 554 

(~7 kg C m-2 in the 0–20 cm layer), but implemented on an Orthic Luvisol. We notice that their C inputs from 555 

residue return and organic fertilisation (0.090–0.32 kg C m⁻² yr⁻¹) are comparable to ours (0.265 ± 0.030 kg C m-556 

2). Still, they attributed the C losses to the recent conversion of grassland (with high SOC stock) to cropland (with 557 

low SOC stock), which may explain the doubled carbon stock change compared to this study.  558 

The AMG model reproduced the observed SOC stock decline, though with a slightly greater magnitude, reinforc-559 

ing the conclusion that the FR-Gri soil was not in carbon equilibrium and that a persistent negative C balance is 560 

the most plausible driver of SOC losses during that period (Figure 6). The model projections suggest that the SOC 561 

stock should decline at the same rate until 2027 before stabilising. A sensitivity analysis reveals that increasing 562 

the residue return would lead to a stabilisation of the SOC stock at 7.2 kg C m-2, compared to 6.95 kg C m-2 under 563 

current management, while doubling the organic carbon amendment would result in an equilibrium of 7.5 kg C m-564 

2. Conversely, suppressing organic carbon amendments, which may be close to reality with the installation of a 565 

biogas plant on the farm, would lead to a stabilisation of 6.3 kg C m-2. Although not explicitly simulated in our 566 

study, digestate residues from biogas production could serve as an alternative organic amendment. While this 567 

residue typically contains lower content of labile organic carbon compared to fresh organic material, the remaining 568 

organic material tends to be more chemically recalcitrant and resistant to microbial decomposition. As a result, 569 

their incorporation into the soil may contribute to slight but persistent increases in SOC stocks over time (Keel et 570 

al., 2025; Thomsen et al., 2013).  571 

Finally, the integrated carbon fluxes from 2006 to 2010 (Loubet et al., 2011) confirm a carbon loss from the soil 572 

comparable to that simulated by the AMG model (Figure 6). Although the uncertainties in the integrated carbon 573 

fluxes are substantial, the convergence between the two approaches corroborates a significant soil carbon loss in 574 

the years 2005-2010, which is consistent with the decrease in organic carbon fertilisation and residue return during 575 

that period (Table 1) compared to previous years. We also note that the yearly carbon loss from Loubet et al. 576 

(2011) is not significantly different from the yearly carbon soil destocking found in the present study. In the north-577 

western part of Switzerland, in a Cambisol soil, Leifeld et al. (2011) compared integrated carbon fluxes and soil 578 

sampling methods over 5 years on both an intensive and an extensive grassland that had been recently converted 579 
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from intensive cropland. They concluded that the significant uncertainties in both methods prevented the detection 580 

of a significant change over 5 years in the intensive field. On the contrary, in the extensive field, they found a 581 

significant decrease of the SOC stock of -0.217 ± 0.143 kg C m-2 yr-1 by soil sampling, but a lower loss of –582 

0.065 ± 0.092 g C m-2 yr-1 based on the integrated carbon fluxes method.  583 

4.3 Uncertainties in soil carbon stock changes 584 

We recognise the importance of distinguishing an actual SOC stock change from artefacts introduced by differ-585 

ences in sampling designs in 2005 and 2019. To address this, the clustering of the soil based on 2019 soil properties 586 

(See Supplementary Material and Methods, Figure S1) provides an objective way to subset the 2019 dataset 587 

for comparison with the 2005 campaign under similar soil conditions. The data-driven area selection corroborates 588 

the farmer's expert knowledge of the field heterogeneity. The robustness, across both design- and model-based 589 

approaches, alongside the clustering of soil properties to identify distinct soil groups, increases our confidence that 590 

the observed differences reflect fundamental changes in soil carbon stocks over time.  591 

In the Reduced field (Figure S4), the observed SOC stock change between 2005 and 2019 in the 0-60 cm layer 592 

was -0.95 ± 0.22 kg C m-2, exceeding the minimum detectable difference (MDD) of 0.73 kg C m-2 (p < 0.01), and 593 

this represents both significant and detectable changes given our sample size and design. In contrast, the Complete 594 

field (Figure S4) did not exhibit the same pattern, as the observed SOC changes fell below the MDD, suggesting 595 

that the changes detected between 2005 and 2019 may have been masked by spatial heterogeneity. For these rea-596 

sons, computations using the Complete field were not considered in this study, as they could lead to a Type II error 597 

(failing to detect a real effect). The larger MDD when all strata are included in our comparisons reflect increased 598 

soil heterogeneity, particularly related to the potential presence of Calcisol (shallow soil with high rock fragments 599 

and SIC content) on the north-western part of the field. These factors not only affect the soil bulk density and fine 600 

earth mass, but also the soil's capacity to stabilise carbon through positive interactions between Calcium (Ca) and 601 

soil organic matter (Kleber et al., 2021). These factors also lead to significant variability in biomass production, 602 

with the Calcisol area, which retains less water, being less productive, as observed by harvest maps (Loubet et al., 603 

2011). This leads to fewer carbon inputs in this area through the return of residues to the soil.  604 

Additional uncertainty on the overall SOC stock change at the site may come from inorganic carbon losses. Indeed, 605 

previous measurements of carbon leaching at the FR-Gri site indicated that inorganic carbon, whose stock change 606 

could not be evaluated with the 2005 sampling data, may also contribute to significant soil carbon losses. Kindler 607 

et al. (2011) showed that, in 2010, the site was losing 28 g C m-2 yr-1 through leaching with a contribution of 608 

21 g C m-2 yr-1 as dissolved inorganic carbon (DIC). Inorganic carbon leaching dominates at the site, with 75% of 609 

the leached carbon being inorganic, indicating an apparent dissociation of carbonates to DIC leaching due to H+. 610 

Although not measured directly as a soil stock change, we can therefore evaluate that carbonate leaching would 611 

lead to an additional inorganic soil carbon loss of 21 g C m-2 yr-1, leading to a total of 72 + 21 = 93 g C m-2 yr-1 612 

carbon loss. The inorganic carbon loss would therefore represent a very significant amount of 22% of the total 613 

carbon lost from the field, which could be induced by high nitrogen fertilisation (193 kg N ha-1 as half organic, 614 

half mineral, Table 1) and base cations exports by harvest (Raza et al., 2021; Song et al., 2022; Zamanian et al., 615 

2021). We should, however, bear in mind that even if C is lost by DIC-DOC leaching from the 0-60 cm layer, it 616 

may lead to a deep C sequestration by formation of secondary CaCO3 (An et al., 2019; Liu et al., 2022). 617 
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Based on the uncertainties identified in this study, several key points should be considered for the next resampling 618 

campaign to enhance the detectability of stock changes in SOC. First, maintaining consistency in the sampled area 619 

and sampling protocols (including material used for sampling) across campaigns is critical to avoid confounding 620 

temporal changes with spatial variability. Second, sampling depth should also extend sufficiently deep (1 m) as 621 

SOC losses and gains vary across the soil profile. Third, accurate quantification of bulk density, rock fragment 622 

content, and fine earth mass remains essential, and consistent protocols should be applied across campaigns to 623 

ensure compatibility with equivalent soil mass approaches. Finally, Consistent recording of meteorology, carbon 624 

fluxes, and C inputs and outputs, together with their uncertainties, is also key to interpreting the observations. The 625 

application of the ICOS harmonised protocols fulfils all the above-mentioned key points and ensures methodolog-626 

ical consistency and comparability across years, particularly when using equivalent soil mass approaches. Some 627 

additional observations that are not mandatory in ICOS may be beneficial for further understanding soil carbon 628 

stock changes, particularly in terms of organic and inorganic carbon leaching. Together, these considerations will 629 

enhance the ability of future resampling campaigns to detect SOC stock changes robustly and distinguish between 630 

management and environmental-driven effects, as well as spatial and methodological sources of uncertainty. 631 

5 Conclusions 632 

A significant decompaction of the 0-5 cm soil layer was observed over the 13.25 years in this crop field, with an 633 

estimated 22% decrease in bulk density in the 0-5 cm layer and a 5% decrease in the 5-30 cm layer. This decom-634 

paction is likely due to reduced deep tilling and increased intercropping since 2004.  However, despite the higher 635 

SOC content in 2019, SOC stocks increased only in the 0-5 cm layer, while decreasing in the 5-30 cm layer, with 636 

no change in the 30-60 cm layer. Consequently, cumulative SOC stocks in the 0-60 cm layer decreased by 637 

0.95 ± 0.22 kg C m-2, as estimated by the equivalent soil mass approach. As we observed a similar decrease when 638 

using a fixed depth approach in the 0-60 cm layer, we conclude that sampling at a depth of 60 cm in agricultural 639 

soils is a good way to minimise biases in soil carbon stock evolution estimates.  640 

The annual decrease of cumulative SOC stock was 72 ± 16 g C m-2 yr-1, equivalent to a -0.65% yr-1 rate of decline. 641 

This rate is consistent with earlier studies and supported by the AMG model simulation and flux balance approach 642 

over the 2005-2010 period for our site.  Our study, therefore, suggests that reduced tillage, intercropping, and 643 

organic fertilisation may not be sufficient to prevent soil carbon losses when the initial SOC stock is high, as in 644 

our site. As confirmed by other studies, the losses observed here highlight the difficulty of achieving the 4-per-645 

mille aspirational target in cropping systems representative of the Parisian Basin, which are characterised by rela-646 

tively large SOC stocks and significant exports.  647 

While our study detected changes in SOC stock between 2005 and 2019, substantial uncertainties remain. Notably, 648 

the shift from a regular-grid design in 2005 (N = 100, nested within the 2019 footprint) to a stratified random 649 

design in 2019 (N = 20 covering the entire C-flux footprint) may introduce artefacts related to soil heterogeneity 650 

and reduced statistical power. This calls for additional campaigns in the future with the same sampling design as 651 

in 2019. According to the AMG model runs, a change of around 0.3 kg C m-2 is expected between 2019 and 2028, 652 

which would be just above the standard error difference of 0.22 kg C m-2 found here, indicating that a sample in 653 

2028 would be meaningful. 654 

These uncertainties call for standardised, high-quality monitoring protocols such as those developed by the ICOS 655 

research infrastructure. Consistent sampling methodologies over time are needed to reliably assess the long-term 656 
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impact of crop management on SOC stocks at sites like FR-Gri, and to improve our understanding of carbon 657 

dynamics in cropland systems. Integrating SOC stock data with CO2 flux measurements and lateral carbon fluxes 658 

will be crucial to exploring the underlying processes driving SOC changes.  659 
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