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Abstract4

Soil organic carbon is now measured to monitor soil health under the European Soil Monitoring5

Law and to pay for its gains through EU carbon farming certification. Here, three surveys of6

8,275 European points show that measurement noise makes up at least 94 % of the measured7

six-year change. The noise in one remeasured sample is 15 times the six-year gain of the 4 per8

1000 target, detecting that gain needs about 2,100 resampled locations, the EU methodology’s9

70 % confidence rule credits three in ten projects whose carbon did not change, and enrolling10

fields on a low baseline credits a reversion gain six times the target. A deep network and11

gradient boosting forecast change with the same skill, 0.11, below a noise ceiling of 0.28.12

Crediting should therefore rest on measurement error estimated from repeated samples, a13

mean-reversion benchmark and enrolment rules that ignore single low readings.14

1 Introduction15

The carbon held in soils exceeds that of the atmosphere and terrestrial vegetation together,16

and its change under management is still one of the hardest terms of the terrestrial carbon17

budget to predict1–3. Decomposition kinetics, aggregate protection and mineral association are18

characterised in detail4–6, so the obstacle lies less in process understanding than in the size19

of the signal. Annual change in soil organic carbon (SOC) is usually a fraction of a percent20

of the standing stock, with resurveyed Chinese croplands averaging 0.22 % per year7, while21

measured concentration can differ by more than that between sampling points a few metres apart8.22

Detecting change therefore requires dense resampling or intervals of a decade or more3;8. On the23

European LUCAS survey, predicted change at single sites rarely exceeds its own uncertainty and24

becomes detectable only when averaged over larger areas9, as space-time models of Hungarian25

monitoring data also find10. Measurement, reporting and verification frameworks for mitigation26

targets such as the four-per-mille initiative depend on models to interpolate between sparse27

resamplings11–14.28

The question has also become regulatory. The European Soil Monitoring Law, Directive (EU)29

2025/2360, lists soil organic carbon among the descriptors of soil health in its Annex I, sets a30

six-year cycle of soil measurements, and points to the LUCAS soil survey as a basis for that31

monitoring15. Member states will therefore receive a carbon value at each sampled point every32

six years, and models will be asked to fill the space and time between them. How much of the33

change measured at a point over six years is real, and how much a model could forecast, are34

questions the directive does not answer and that bear directly on how its measurements can be35

used. The same measurements are also becoming the basis of payment, since Regulation (EU)36

2024/3012 establishes voluntary certification of carbon farming and its methodologies credit37

a gain in soil organic carbon measured by resampling fixed locations or verified against such38
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resampling16;17, so the error of a remeasured value decides how much of a credited gain is real.39

Two modelling traditions have addressed the gap, and their strengths and limitations are40

complementary. Process models such as RothC and DayCent carry the mechanism explicitly41

but need a dated management history and calibration data that exist at a handful of long-42

term stations18;19, whereas machine learning learns from whatever covariates exist without any43

guarantee that a fitted relationship holds beyond the conditions that produced it20;21. Digital44

soil mapping has largely converged on random forests and gradient boosting22–25, which predict45

spatial pattern well and say much less about change, and a national space-time application in46

Argentina found prediction uncertainty to be substantial26. Estimates of change itself have come47

from a quantile additive model fitted to the revisited LUCAS points27 and from a spatiotemporal48

model of bare-soil reflectance on German monitoring sites28, and most implementations treat49

each observation as an independent row, so a covariate series enters as summary statistics and50

its ordering is discarded.51

Deep learning entered this space with a specific promise, which is that a network learns the52

representation from the data instead of requiring covariates to be engineered in advance, and53

that matters where the informative structure lies in the shape of a signal29;30. The promise54

is settled for soil spectroscopy, where convolutional networks have outperformed partial least55

squares on the largest spectral libraries31;32, and less settled for mapping, where gains over56

conventional learners each rest on a single country and the Chilean gain depends on spatial57

context that blocked validation could remove33–37. Recurrent networks have outperformed58

calibrated conceptual models for streamflow, including in basins withheld from training38;39,59

and have extended satellite soil moisture records40;41, but their use for soil carbon remains rare.60

Convolutional-recurrent hybrids have outperformed XGBoost and random forests in forecasting61

river water quality42, although training and test data there came from the same four stations.62

For soil carbon, Zhang et al.43 paired a convolutional network over terrain layers with an LSTM63

over ten years of MODIS phenology, and later convolutional-recurrent and dual-channel networks64

have mapped soil carbon and organic matter from multi-temporal imagery44;45, but all of these65

predict concentration at one time rather than change between surveys.66

Whichever method is used, the claim of skill depends on the validation design and on the67

reference it is measured against. Spatial and temporal autocorrelation inflate apparent skill under68

random cross-validation21;46, severely enough that a forest biomass model which appeared to69

explain more than half the variation under random splitting showed quasi-null skill under spatial70

validation47. In the Ganges Delta, holding out whole locations lowered the R2 of gradient boosting71

for SOC from an inflated 0.91 to 0.64, deeper neural networks gave no reliable improvement72

at that sample size, and models fitted in one of fifteen deltas failed in almost every other48.73

Repeated measurement adds a second trap, since a value measured with error tends to be followed74

by one closer to the mean, so that apparent change depends on the starting level even where75

nothing has changed49;50.76

This study tests a convolutional-recurrent hybrid for forecasting SOC change against the77

tabular standard, on 16,496 mineral-soil observations from 8,275 European points sampled three78

times between 2009 and 2018. Like the model of Zhang et al.43, the hybrid couples a convolutional79

network with an LSTM, but here the convolution encodes the monthly covariate series, the80

recurrent decoder reads the encoded sequence, and a static embedding carries the soil properties.81

Three campaigns give each point two intervals, close to what a six-year monitoring cycle yields82

over a decade, so the test asks whether a sequence model helps at the density of measurement83

that monitoring will provide rather than at its best case. The study asks first whether the84

hybrid beats gradient boosting given the same inputs under spatially blocked validation, and85

then, through five ablations, which of its components carry any skill it has, since a network that86

matches a tree ensemble may do so through its sequence machinery or in spite of it. Three visits87

to each point also allow the measurement error of a single LUCAS value to be estimated. That88
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estimate gives a ceiling on the skill any model can reach, the share of measured change that is89

noise and the error that a carbon credit inherits when it is paid on a remeasured value, and it90

allows a test of whether change depends on the starting level once reversion towards the mean is91

removed. Skill throughout is one minus the ratio of a model’s root-mean-square error to that of92

persistence, the forecast of no change, so that zero matches persistence and positive values beat93

it.94

2 Results95

2.1 Hybrid and gradient boosting compared96

Pooled over five replicates, the hybrid reaches a skill of 0.113 and gradient boosting 0.110, and97

the difference of 0.003 has a 95 % interval of −0.011 to 0.019 (Table 1, Fig. 1). The hybrid leads98

in three of the five replicates and in 63 % of bootstrap draws, so the interval includes zero and99

under spatial blocking the hybrid does not earn its added complexity. The 90 % interval, −0.009100

to 0.015, lies inside the margin of ±0.02, so the two methods are equivalent at that margin, and101

any advantage for the hybrid is at most 0.019. The single assignment of Supplementary Table S1102

gives a slightly larger gap, 0.011 with an interval of −0.006 to 0.025. With blocks of 390 km103

both methods gain slightly, the hybrid to 0.118 and boosting to 0.117, and the difference of104

0.001 (−0.013 to 0.022) again has a 90 % interval inside the margin, so the comparison does not105

depend on the block size. Withholding the previous value from boosting lowers it to 0.060, so106

the hybrid’s lead over that variant, 0.051 (0.028 to 0.075), measures the value of the previous107

measurement rather than of the architecture.108

Both methods clear the mean-reversion floor by a clear margin. Over the same five replicates109

the linear fit on the previous value and the campaign reaches 0.047. The hybrid exceeds it by110

0.066 (0.039 to 0.089) and boosting by 0.063 (0.037 to 0.084), so reversion towards the mean111

supplies about two fifths of either model’s skill and each method recovers structure beyond it.112

Figure 1: Skill against persistence, mineral soils, spatially blocked validation. (a) Skill of each model
on the single assignment of blocks to folds; hollow markers, single runs without an interval; dashed line,
mean-reversion floor; dotted line, noise ceiling. (b) Paired differences in skill across space and at a later
survey at new places; filled markers, interval excludes zero; shaded band, equivalence margin of ±0.02.
Lines, 95 % block-bootstrap intervals.
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2.2 Signal, noise and the ceiling on skill113

Measurement noise accounts for most of the change measured at a LUCAS point (Table 2). On114

the 8,221 points whose first two campaigns were mineral, the change in log carbon between 2009115

and 2015 correlates with the change between 2015 and 2018 at −0.54 (−0.60 to −0.43). That116

correlation puts the error variance of a single measurement at 0.093 (0.054 to 0.145) in squared117

log units, about half of the mean squared change of 0.182 that persistence misses. Noise therefore118

makes up at least 94 % (76 to 105 %) of the mean squared change over the six years from 2009 to119

2015 and 120 % (96 to 134 %) of that over the three years from 2015 to 2018, so the three-year120

change cannot be distinguished from pure noise. The implied standard deviation of true change121

over six years is 0.105 in log units, about 11 %, with an interval from zero to 0.19, and over three122

years it is zero (0 to 0.07).123

No model can therefore exceed a skill of 0.28 (0.24 to 0.37) on the forecast targets, or 0.33124

for the 2015 targets and 0.23 for the 2018 targets (Eq. 1, Fig. 1). The hybrid achieves 44 % of125

the attainable reduction in mean squared error, boosting 43 % and the mean-reversion floor 19 %,126

which leaves more than half of the attainable reduction for a better model or covariate. The127

ceiling is lowest where the correlation between successive changes is most negative, on cropland,128

on the most clayey soils and in the middle third of starting carbon, and highest on grassland, on129

sandy soils and on the most carbon-rich mineral soils. A change of land-cover class between 2015130

and 2018 leaves the ceiling where it is, 0.26 against 0.28 where the class did not change.131

The same signature appears in the two control properties. Successive changes in pH correlate132

at −0.44 and in log total nitrogen at −0.41, and over three years their noise shares, 1.04 (0.97 to133

1.11) and 0.95 (0.81 to 1.07), are as close to one as that of carbon. Total nitrogen is measured134

on the same samples and changes with organic matter, so its agreement with carbon points to135

sampling and analytical variability common to every property rather than to a feature of the136

carbon method alone.137

Change appears to depend on the starting level only because the starting value carries error.138

Regressing the change from 2015 to 2018 on the 2015 value gives a slope of −0.22 (−0.29 to139

−0.15), the pattern usually read as faster loss from carbon-rich soils. The slope on the mean of140

the 2015 and 2018 values shrinks to −0.06 (−0.10 to −0.006), and instrumenting the 2015 value141

with the 2009 value, which shares none of its error, gives −0.02 (−0.05 to 0.01). On cropland142

the instrumented slope is −0.004 (−0.060 to 0.030) and on grassland −0.036 (−0.088 to 0.007),143

so no dependence of true change on the level is detectable in either.144

2.3 Measurement noise and carbon credits145

Translated into stock, the error of a single LUCAS value far exceeds the gains that carbon farming146

is paid for (Table 3). At a typical point, holding 35 t C ha−1 in the top 20 cm, one remeasured147

composite sample shows an apparent change of 37 % (27 to 48 %) of the stock even where nothing148

has changed, about 47 t CO2 ha−1, which is 15 times (11 to 20) the gain of 3.1 t CO2 ha−1 that149

the 4 per 1000 target implies over six years. At the voluntary-market price for agriculture credits150

that noise is worth about US$360 per hectare against US$24 for the target gain, and at the EU151

allowance price about EUR 3,460 against EUR 227.152

Detecting the target gain against this noise needs about 2,100 (1,500 to 3,000) resampled153

locations in a conventional one-sided test at 5 % with 80 % power, and noise alone, without true154

heterogeneity, needs about 2,000. Ten locations detect only a change of 42 % (34 to 51 %) and a155

hundred one of 12 % (10 to 14 %). The sample-size rule of the carbon farming methodology, at a156

one-sided confidence of 70 %, asks for about 190 locations, and at that design a project whose157

true change is zero is credited in 30 % of certification periods and receives on average a quarter158

of the target gain, 0.77 t CO2 ha−1.159
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Selection on the baseline adds a larger and systematic credit. Points in the lowest third by160

their 2015 value gained 14 % (8 to 21 %) more over the next interval than points in the lowest161

third by their 2009 value, about 10 t CO2 ha−1 or six times the target gain, and that difference162

is reversion towards the mean rather than sequestration, since the instrumented dependence of163

change on the level is close to zero. The methodology’s model test cannot tell reversion from164

sequestration either, because its criterion that the R2 of predicted on observed change exceed165

zero is met by the mean-reversion floor, at 0.088 (0.085 to 0.094 across replicates), which forecasts166

no change beyond reversion, as it is by the hybrid and boosting at 0.21.167

2.4 Ablations and the covariate series168

The ablations show where the skill comes from, and the answer runs against the design argument of169

Sect. 4.5. Removing the recurrent decoder raises skill from 0.111 to 0.115 on the single assignment.170

Pooled over three replicates the gain of 0.007 has an interval of −0.002 to 0.016, and its 90 %171

interval lies inside the margin of ±0.02. Replacing the learned encoder with yearly summary172

statistics gives 0.117, and swapping the LSTM for a GRU with every upstream component held173

identical gives 0.115. Every variant that removes or simplifies a sequence component therefore174

scores at least as well as the full model, so neither the convolutional encoder nor the recurrent175

decoder is doing measurable work.176

Removing the static embedding is the one change that matters, dropping skill to −0.293, far177

below persistence. That embedding carries the soil properties and the previous carbon value, and178

withholding the previous value alone lowers skill to 0.060. The loss of 0.051 arises even though179

log total nitrogen measured at the same campaign correlates with the previous log carbon at180

r = 0.91, so a close proxy for the level does not replace the measured level itself.181

The covariate series carry about a third of either model’s skill (Supplementary Table S2).182

Replacing every series with zeros, with the architecture unchanged, costs the hybrid 0.033 with an183

interval of 0.008 to 0.052, and replacing them with random noise costs 0.030. Gradient boosting184

given only the static properties and the previous value reaches 0.064, against 0.100 when the185

summary statistics of the series are added. On this single assignment the previous measurement186

therefore supplies about 0.046 through reversion, the other soil properties about 0.018 more, and187

the satellite series 0.033 to the hybrid and 0.036 to boosting. A network that learns from the188

full monthly trajectory extracts no more from the series than a tree ensemble given their means,189

extremes and slopes.190

Because the mix of Landsat sensors differs between the two target campaigns (Sect. 4.4), part191

of that gain could be a proxy for the campaign rather than information about the soil. Given the192

campaign as an explicit input on the same folds, boosting gains 0.003 (−0.004 to 0.008) from the193

campaign alone and 0.037 (0.029 to 0.048) from the series beyond it, so across space the series194

carry information about carbon change that the campaign does not, and both models receive195

them, which leaves the comparison unaffected. The nested search gives no sign that a different196

configuration of the hybrid would change the ordering, since nine of its twelve configurations were197

selected at least once across twenty searches and none was consistently better (Supplementary198

Section S5).199

2.5 Forward temporal validation200

Forward temporal validation asks whether a model generalises to a later survey rather than to201

new places (Supplementary Table S3), training on the 2015 targets alone and testing on the 2018202

targets.203

At the same points the hybrid reaches 0.143 against 0.078 for boosting with its protocol204

settings, a lead of 0.064 with an interval of 0.036 to 0.089. That design lets every test point205
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contribute its earlier observation to training, and withholding the test points in space as well206

leaves the hybrid almost where it was, at 0.139 over five replicates, while protocol boosting falls207

to 0.034, below the mean-reversion floor of 0.056. The hybrid’s lead over protocol boosting at208

new places is 0.105 (0.021 to 0.190), and its margin over the floor is 0.083 (0.041 to 0.108), so at209

a later date and at places it has not seen the hybrid forecasts change clearly beyond reversion210

towards the mean.211

Protocol boosting loses that skill through the covariate series. On the single assignment of212

folds, boosting given only the static properties and the previous value reaches 0.077 at new places213

and adding the series lowers it to 0.036, whereas under spatial blocking the same series raise214

it by 0.036, so a relation learned from the series in 2015 does not carry to 2018. A shift in the215

Landsat sensor mix between the two windows is one candidate, although the comparison does216

not isolate it.217

2.6 Stronger boosting baselines218

Refitting the protocol baseline with timing features, with nested selection or with both, on the219

same folds and replicates, leaves the spatial comparison where it was, with the hybrid between220

0.003 below and 0.014 above every variant and every interval reaching zero (Supplementary221

Table S4). At a later survey selection matters, raising boosting at new places from 0.034 to 0.119222

with summary statistics, so the hybrid’s lead there shrinks from 0.105 to 0.020 (−0.003 to 0.042)223

and at the same points vanishes, and most of its advantage in temporal extrapolation came from224

boosting’s fixed settings.225

2.7 Observed climate covariates226

Adding ERA5-Land temperature, precipitation and soil water (Fig. 2) changes neither method227

across space, moving the hybrid by 0.001 (−0.007 to 0.015) and tuned boosting by 0.008 (−0.002228

to 0.016) over the five replicates, and with climate included the hybrid leads tuned boosting by229

0.007 (−0.017 to 0.029). A lead of 0.015 on a single assignment of folds sits near the top of the230

range across replicates, −0.006 to 0.021, so observed climate does not separate the methods.231

Figure 2: Skill against persistence as covariate series are added to the static inputs, mineral soils, spatially
blocked validation. The Landsat series raise both models by a similar amount, and climate leaves both
nearly unchanged. The Landsat and climate steps are pooled over five replicates of the fold assignment
and the static-only step is the single assignment. Whiskers, 95 % block-bootstrap intervals; dashed line,
mean-reversion floor.
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2.8 Mean reversion, subgroups and spatial pattern232

A linear fit of the new value on the previous one reaches a skill of 0.042 on the single assignment233

of folds, and shifts for each campaign add almost nothing, so the models are not learning an offset234

between surveys (Supplementary Table S5, Supplementary Section S6). No subgroup separates235

the two methods, since every interval across land use, starting concentration and climate zone236

includes zero, and both reach 0.19 to 0.20 in the lowest third of previous concentration against237

about 0.02 in the middle third, where there is least room to revert. In space the predictions do238

not reproduce regional differences in change (Fig. 3). Averaged over the 354 cells of 100 km that239

hold at least ten observations, predicted and observed change correlate at only r = 0.11, and240

point by point the predictions are compressed to a slope of 0.24 against observed change, as241

expected when most of the observed change is noise that no forecast can follow.242

Figure 3: Change in log SOC, mineral soils. (a) Observed and (b) hybrid-predicted mean change per
100 km cell; red, loss; blue, gain. (c) Predicted against observed change, with the fitted line (solid) and
the 1:1 line (dashed). Country outlines, Natural Earth.

2.9 Organic soils243

On the organic soils, 202 observations from 128 points under three blocked folds, no model beats244

persistence (Supplementary Table S6). The best variant, the hybrid without its learned encoder,245

reaches −0.017 and the full hybrid −0.049. Persistence errs more here than on mineral soils,246

0.677 against 0.427, so there is more change to explain, but 202 observations are too few to learn247

it, and no bootstrap intervals were computed on this subset (Supplementary Section S2).248

3 Discussion249

3.1 Sequence components across space250

The architecture assumes that the trajectory of a covariate series carries information about251

carbon change beyond its summary statistics. The Landsat series do carry about a third of either252

model’s skill, but the hybrid extracts 0.033 of it and boosting, given means, extremes and slopes,253

0.036, and timing features add only 0.006 more, so the information lies in the level and spread of254

the series rather than in the timing that a convolution and a recurrent decoder are built to read.255

Benchmarks across 45 tabular datasets of around 10,000 samples found tree ensembles still ahead256

of deep networks51, and a panel of 16,496 rows with two intervals per point falls in that regime.257

Across space, skill comes from three sources of roughly known size. Reversion towards the258
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mean supplies about 0.046, the other soil properties about 0.018, consistent with the positive259

association of SOC with total nitrogen and clay reported for deltaic soils52, and the satellite260

series about 0.035, and both methods assemble the same total from them. Measured against261

the noise ceiling of 0.28, both capture under half of the attainable reduction in error, so the262

remaining headroom is real, but neither the sequence machinery nor tuned trees claim any of it.263

A graph extension mixing each observation with its geographic neighbours added 0.022 beyond264

boosting, and boosting given the mean previous carbon of the same neighbours recovers about265

half of it (Supplementary Section S3), so part of what is missing is local information about each266

point’s surroundings rather than a better reading of its own history.267

3.2 Temporal extrapolation268

The one setting in which the hybrid leads is temporal extrapolation, with training on the 2015269

targets and testing on 2018. Its large lead over protocol boosting, 0.105 at new places, arises270

because boosting with fixed settings learns a relation between the series and carbon in 2015 that271

does not hold in 2018, and against boosting with nested selection the lead shrinks to 0.020 with272

an interval that just reaches zero. The hybrid’s distinctive property is therefore robustness rather273

than reach, since it holds its skill at a later survey without the selection boosting needs, and its274

margin over reversion towards the mean there, 0.083 (0.041 to 0.108), is the clearest evidence in275

this study of change forecast beyond reversion. The ablations were run under spatial blocking276

only, so which component carries that robustness remains open.277

3.3 Measurement noise, the Soil Monitoring Law and carbon credits278

The noise analysis has a direct reading for the Soil Monitoring Law. At a single LUCAS point,279

noise makes up at least 94 % of the mean squared change in log carbon over six years, the interval280

of the directive’s measurement cycle, and the three-year change cannot be told from noise at281

all. The implied true change over six years has a standard deviation of about 11 % with an282

interval reaching zero. A change measured at one point between two cycles is therefore mostly a283

statement about sampling and laboratory variability, and the directive’s carbon descriptor can284

be read as a trend only when aggregated over many points or when each value is made more285

precise. Two features of the result argue that the noise is in the measurement rather than in286

carbon itself. Total nitrogen and pH, measured on the same samples, show the same negative287

correlation between successive changes, and a change of land-cover class, which should alter true288

carbon, leaves the ceiling unchanged.289

Lower measurement noise would raise the ceiling, shrink the share of skill that reversion290

towards the mean can supply, and leave more of the measured change for covariates to explain.291

Composites of more cores around each point, replicate analyses that separate laboratory from292

field error, and marked or precisely relocated sites each address a different part of the error293

variance estimated here, and none of them needs a better model. The finding also bears on294

how model skill should be reported. A forecast given the previous measurement draws about295

two fifths of its skill against persistence from reversion towards the mean, and a ceiling of 0.28296

bounds the rest, so skill reported without a mean-reversion floor and a noise ceiling cannot be297

read as skill at forecasting change. The same floor and ceiling belong to an evaluation protocol298

set out for forecasting SOC change in Bangladesh rice land, where repeated measurements are299

sparser still53.300

For carbon crediting the same error sets a threshold that a project must clear before a301

credited gain can be told from noise. The carbon farming methodology under Regulation (EU)302

2024/3012 credits the mean measured change less a deduction at a one-sided confidence of 70 %17,303

a level that credits three in ten projects whose true change is zero and, at the sample size the304

8



methodology prescribes, pays them on average a quarter of the target gain. The error variance305

estimated here makes the scale concrete, since detecting a gain at the 4 per 1000 rate within306

one six-year cycle with conventional confidence would need about 2,100 resampled locations of307

LUCAS precision, eleven times the 190 that the methodology’s own rule asks for. Two provisions308

of the methodology deserve scrutiny in that light. Its measurement error for mineral soils is309

taken from the laboratories, whereas the variation between repeated samples of a site is several310

times the analytical error54, and the sampling error it adds may come from repeated sampling311

of some locations, which would capture the error of remeasurement, or from local information312

on carbon variability, which need not. Its model test, an R2 on observed change above zero, is313

passed by a model that forecasts reversion towards the mean and nothing else, so a model can314

be validated while crediting the noise of the baseline measurement. Crediting rules that pay on315

remeasured change therefore need a sample size set from an error variance estimated on repeated316

samples, a validation benchmark of mean reversion rather than of zero, and an enrolment rule317

that does not select fields on a single low measurement.318

The level analysis carries a second implication. Regressing measured change on the starting319

value gives the familiar pattern of faster loss from carbon-rich soils, and that pattern underlies320

claims that high-carbon soils are most at risk. Here it vanishes once the starting value is321

instrumented by an earlier, independent measurement, so on LUCAS mineral soils over this322

period a dependence of change on the level is an artefact of measurement error rather than a323

property of the soils. The same artefact turns into credit when fields are enrolled on a low baseline324

value, since the gain of 14 % that reversion alone then produces over the next measurement is six325

times the six-year gain of the 4 per 1000 target.326

3.4 Relation to earlier work327

Zhang et al.43 found that adding ten years of MODIS phenology to a convolutional-recurrent328

network produced a more accurate map of soil carbon, and the result here is compatible with329

theirs, since the dynamic inputs again contribute, about a third of the skill, while the recurrent330

decoder that processes them contributes nothing across space. The gains reported for deep331

learning in digital soil mapping33;35 concern mapping and not change, and the graph extension of332

Supplementary Section S3 agrees with the spatial-context argument in direction, since geographic333

neighbours added 0.021 on mineral soils.334

Studies of change on the same survey point the same way. Tian et al.9 found predicted335

change at single LUCAS sites to be poorly resolved and detectable only after spatial averaging,336

and the noise share estimated here gives the reason from the measurement side. De Rosa et al.27
337

estimated change across the revisited LUCAS points with a quantile additive model, whereas on338

the restricted panel of this study the hybrid’s cell averages do not reproduce regional contrasts.339

This study adds the comparison those studies did not make, between a sequence model and a340

tabular one given identical inputs, together with an estimate of the measurement error of a single341

LUCAS value and the bound it places on any forecast.342

Reversion towards the mean has long been recognised in soil monitoring as a source of343

apparent change49;50, and in 51 Canadian forest plots measured three times, uncorrelated changes344

over the two intervals led Buchkowski et al.55 to read the apparent gain over the first as a345

statistical artefact. The LUCAS panel shows the signature far more strongly, with a correlation346

of −0.54 over 8,221 points, and the present analysis turns it into estimates of the error variance,347

the noise share, the attainable skill, the level dependence that remains once the starting error is348

removed and the error that a carbon credit inherits.349
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3.5 Limitations350

The comparison covers one family of sequence models, a convolutional encoder with a recurrent351

decoder in LSTM and GRU forms, and attention-based or tabular deep networks were not tested.352

The result also rests on one region and one survey programme, so it shows what the sequence353

components contribute on LUCAS and not what they contribute for soil carbon everywhere.354

Covariates are Landsat at 30 m and ERA5-Land at about 9 km, and a denser or finer record might355

carry structure these do not. Landsat reflectance was not adjusted across sensors, and although356

the series carry information beyond the campaign across space (Sect. 2.4), their failure to transfer357

under protocol boosting at a later survey may partly reflect the sensor shift. Management, which358

process models treat as the main driver of change on cropland, is not recorded for the LUCAS359

grid, so no process model such as RothC or DayCent could be run as a further reference18;19.360

The crediting figures convert concentration to stock with literature bulk densities and the361

0–20 cm LUCAS depth, whereas the methodology requires 0–30 cm and a measured or validated362

fine-earth bulk density, and values in tonnes and currency scale linearly with both, unlike the363

ratios and location counts. They also assume that the error of a LUCAS composite applies to a364

project’s resampling. Projects that relocate points precisely, composite more cores and analyse365

both rounds in one laboratory batch would carry less error, and the location counts scale with366

the error variance, whereas an error shared by every location of a project, such as a laboratory367

offset between rounds, is not reduced by more locations and is not part of the estimate here.368

The noise estimates rest on two assumptions, that measurement errors are independent369

between visits and that true changes over the two intervals are not negatively correlated. A370

real reversal of change at many points, such as a management cycle that adds carbon and then371

removes it, would make part of the negative correlation true signal and lower the noise share.372

Errors that differ between campaigns, such as a change of laboratory protocol, would move the373

estimates in either direction, and the three-year share above one suggests that the error variances374

are not exactly equal. LUCAS publishes no replicate measurements, so neither assumption can375

be checked directly. The variogram range of 780 km leaves 18 blocks, although halving the block376

size to give 56 blocks leaves the comparison unchanged.377

The shape of the panel is itself a limit, since an architecture built for long sequences works378

here with two intervals per point, and with two target campaigns the covariate windows for379

2015 and 2018 overlap by 24 months. The temporal results rest on one pair of campaigns380

and organic soils on 202 observations, and the equivalence margin of ±0.02 was set before the381

corrected analysis, although the 95 % interval for the hybrid-minus-boosting difference includes382

zero whatever margin is chosen.383

3.6 Conclusions384

A convolutional encoder coupled to a gated recurrent decoder forecasts change in soil organic385

carbon across space as well as gradient boosting on summary statistics given the same inputs,386

and no better. On 16,496 mineral-soil observations from 8,275 European points measured three387

times, the hybrid reaches a skill of 0.113 and boosting 0.110 under spatially blocked validation388

with hyperparameters chosen inside each training fold and pooled over five replicates, and the389

difference of 0.003 (−0.011 to 0.019) is equivalent to zero within 0.02. Removing the recurrent390

decoder or the learned encoder does not lower skill, and the Landsat series, which supply about391

a third of the skill, are read as well by boosting as by the network.392

Measurement noise sets the limits of the problem. Successive changes at a point correlate at393

−0.54, so noise makes up at least 94 % of the mean squared change over six years and all of it394

over three, a pattern shared by pH and total nitrogen. No model can exceed a skill of about395

0.28, and the apparent faster loss of carbon from carbon-rich soils disappears once the starting396
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value is instrumented by an earlier measurement. Change measured at a single point every six397

years, the cycle of the European Soil Monitoring Law, is therefore readable as a trend only in398

aggregate or with more precise measurement, and on this panel a lower measurement error would399

raise the attainable skill more than any change of model.400

In carbon-crediting terms one remeasured composite sample carries noise of about 47 t CO2 ha−1,401

fifteen times the gain of the 4 per 1000 target over a six-year cycle, so a credited gain at that402

rate needs about 2,100 resampled locations to be detected. A methodology that credits at403

70 % confidence pays three in ten projects whose true carbon did not change, enrolment on a404

low baseline credits a reversion gain six times the target gain, and a model that forecasts only405

reversion passes its validation test. The hybrid’s one advantage appears at a later survey at406

unseen places, where it exceeds the mean-reversion floor by 0.083 (0.041 to 0.108) and tuned407

boosting by 0.020 with an interval reaching zero.408

4 Methods409

4.1 The LUCAS soil panel410

The Land Use and Coverage Area frame Survey (LUCAS) samples topsoil across the European411

Union on a common grid, returning to the same identified points in successive campaigns56.412

Three campaigns carry organic carbon at a shared set of points, 2009, 2015 and 2018, which413

is the structure a sequence model needs. Matching the campaigns by point identifier gives414

27,333 points with a usable carbon value in at least one campaign. Restricting to cropland and415

grassland, resolved per point because the 2009 release does not record land cover, leaves 15,201,416

and requiring a carbon value in all three campaigns leaves 8,349 points. Targets are the 2015417

and 2018 campaigns, each paired with its predecessor, which gives 16,698 target observations.418

Each release is read by its organic-carbon column alone, and a check in the code refuses any419

column that is not a spelling of organic carbon, since the 2015 and 2018 files also carry electrical420

conductivity.421

Carbon concentration is strongly right-skewed, with a mean of 22.7 g kg−1 against a median422

of 15.6 in 2009, and a skewness of 8.5 that falls to 0.59 under a log transform, so the target is log423

concentration throughout. Stock is not reported because bulk density is not available across the424

panel. An observation is classed as organic when its previous carbon value exceeds 120 g kg−1, a425

rule that uses only what is known when the forecast is made, whereas classing on every campaign426

would select on the outcome by dropping points whose carbon rose past the threshold. Organic427

observations are 202 from 128 points, 1.2 % of the panel, and they carry a large share of the428

spread of change, since restricting to the points below the threshold in both earlier campaigns429

cuts the standard deviation of the 2009 to 2018 difference from 17.6 to 10.5 g kg−1. Mineral and430

organic soils are therefore analysed separately, and the main results are for the 16,496 mineral-soil431

observations from 8,275 points, 8,247 of them targeting 2015 and 8,249 targeting 2018.432

4.2 Signal and noise in measured change433

Successive changes at a point show how much of the measured change a covariate could hope434

to explain. A point that rises and then falls more often than chance allows is the signature of435

reversion towards the mean rather than of a trend49, and LUCAS returns to a point rather than436

to the identical spot, so sampling and laboratory variability alone would produce it. LUCAS437

sites are not marked, so a repeated sample represents the surrounding area, and the variation438

between repeated samples is several times that between repeated laboratory analyses of one439

sample54. A model that learns only to pull high values down and low values up will therefore440

beat persistence without forecasting any real change, and persistence cannot separate those two441

11



outcomes. A linear fit of the new log value on the previous one and the campaign, fitted on the442

training folds, is reported beside it as a mean-reversion floor (Sect. 4.7).443

Three visits to a point separate measurement error from true change in the way that three444

waves of a test-retest design separate unreliability from instability57. Suppose each measured445

log value is the true value plus an error that is independent between visits and of every input.446

The changes ∆1 (2009 to 2015) and ∆2 (2015 to 2018) at a point then share the error of the447

middle measurement with opposite signs, so that their covariance equals the covariance of448

the true changes minus the error variance σ2
e . Provided the true changes at a point are not449

negatively correlated, σ2
e is at least the negative of the observed covariance. The error of the new450

measurement cannot be forecast, so no model reaches a mean squared error below σ2
e , and its451

skill against persistence is bounded by452

Smax = 1 −
√

σ2
e

/

∆2, (1)

where ∆2 is the mean squared change between consecutive measurements, the error of persistence.453

Using the lower bound for σ2
e makes Smax an upper bound under an equal error variance at454

every campaign. A model of skill S then achieves the share
(

1 − (1 − S)2
)

/
(

1 − σ2
e/∆2

)

of the455

attainable reduction in mean squared error.456

The same error variance gives three further quantities, computed on the 8,221 points whose457

first two campaigns were both mineral. Both ends of an interval carry an error, so the share of458

the mean squared change over an interval that is noise is 2σ2
e/∆2, a lower bound for the same459

reason as above, and it is reported for the six-year and the three-year interval. A share above one460

is possible only if the error variance differs between campaigns or the true changes are negatively461

correlated, and is read as change indistinguishable from noise. Second, regressing change on the462

starting value confounds a real dependence on the level with reversion towards the mean, because463

the starting error enters both sides. The 2009 value carries none of the errors of 2015 and 2018,464

so it serves as an instrument for the 2015 value in a regression of ∆2 on it, giving the slope of465

true change on the true starting level if that change is linear in the level. That slope is reported466

beside the naive slope on the 2015 value and the slope on the mean of the 2015 and 2018 values467

that Lark et al.49 proposed. Third, the ceiling is recomputed within strata defined by values that468

carry none of the later errors, namely land cover in 2015, a change of land-cover class between469

2015 and 2018, and terciles of clay and of 2009 carbon. The identity is also applied to pH in470

CaCl2 and to log total nitrogen, two properties measured on the same samples and expected471

to change slowly, as controls. Particle size, which should not change at all, was measured only472

in 2009 and cannot serve. All intervals in this section resample the spatial blocks of the main473

analysis.474

4.3 Measurement noise in carbon-crediting terms475

The error variance is translated into the terms of the carbon farming methodologies under476

Regulation (EU) 2024/301217, per hectare over one six-year cycle. Stock is concentration477

multiplied by fine-earth bulk density and by the 0–20 cm depth that LUCAS samples, with the478

LUCAS fine-earth means of 1.16, 1.00 and 1.02 g cm−3 for cropland, grassland and other cover58
479

and, as an upper case applied to every point, the measured cropland mean of 1.26 g cm−3 59,480

without a correction for coarse fragments. A typical point is the median stock. The reference gain481

is the 4 per 1000 target12 accumulated over six years, 1.0046 − 1 = 2.4 %. Carbon is converted to482

carbon dioxide by 44/12 and valued at the 2024 average transaction price of agriculture credits483

in the voluntary market, US$7.66 per tonne60, and at the 2025 average price of EU emission484

allowances, EUR 74 per tonne61, an upper reference, since certified carbon farming units are not485

traded in the EU emissions trading system.486

Five quantities follow. The apparent change from noise at one remeasured location with487
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no true change is exp(ε) − 1 with ε ∼ N(0, 2σ2
e), reported as its mean absolute value. The488

number of resampled locations needed to detect the reference gain uses the standard deviation489

of the measured six-year change, which holds both noise and true heterogeneity, in a one-sided490

test at 5 % with 80 % power, and in equation (8) of the methodology, which sets the sample491

size at a one-sided confidence of 70 % (z = 0.52) with a tolerable error equal to the effect size492

multiplied by the confidence level. The methodology credits the mean measured change less an493

uncertainty deduction of t70 standard errors, or 8 % if larger (its equation 12), so a project whose494

true change is zero is credited whenever the noise in its mean exceeds 0.52 standard errors, and495

the probability and expected size of that credit follow from the normal distribution. Fields are496

often enrolled because their baseline value is low, and the gain that reversion alone then produces497

is the difference between the mean 2015–2018 change in the lowest third of points selected by498

their 2015 value, which shares the error of that change, and in the lowest third selected by their499

2009 value, which does not. Finally, the methodology accepts a model whose R2 on observed500

change exceeds zero (its equation 7), and that R2 is computed for the mean-reversion floor and501

both models on the five spatial replicates. Intervals resample the spatial blocks.502

4.4 Covariates503

Dynamic covariates come from Landsat 5, 7, 8 and 9 Collection-2 surface reflectance62, masked for504

cloud and shadow and composited to monthly medians at 30 m through Google Earth Engine63.505

One sensor family carries every campaign, which avoids switching to Sentinel-2 partway through506

the panel, although the mix of Landsat sensors shifts between windows. The windows before507

2009 draw on TM and ETM+, those before 2015 add OLI from 2013, and those before 2018508

draw mostly on ETM+ and OLI, whose reflectance and NDVI differ slightly64. No cross-sensor509

adjustment was applied, so the series could carry the identity of the campaign, and Sect. 2.4510

tests whether they do. Six reflectance bands are carried with NDVI for vegetation and NDWI511

and MNDWI for the water regime, and a tenth channel records which months were observed, so512

the model can distinguish an interpolated month from a measured one. Across the panel 75 % of513

months carry a clear observation.514

Each observation carries the 60 months ending in December of the year before its survey, since515

LUCAS does not publish per-point sampling dates and a window reaching into the survey year516

would risk conditioning a forecast on weather that followed the measurement. Static covariates517

are clay, sand, silt, pH and total nitrogen measured at the previous campaign, together with518

the previous carbon value, so everything an observation carries was knowable when the forecast519

would have been made. LUCAS measures texture only on a point’s first visit, so the clay, sand520

and silt measured then are carried forward to later campaigns, since texture does not change on521

these timescales. Cation exchange capacity is recorded in 2009 but not in 2015 and is excluded.522

For a robustness check, monthly 2 m air temperature, total precipitation and top-layer523

volumetric soil water from ERA5-Land65 were extracted at every point over the same windows524

and appended as three further dynamic channels. Coastal points that fall on masked ocean cells525

took the mean of land cells within 20 km.526

4.5 Model architecture527

The hybrid separates within-season variation from between-year change, and dynamic from static528

information, so that neither is flattened into one feature vector (Fig. 4a). The dynamic sequence529

X ∈ R
C×T , here C = 10 channels over T = 60 months, passes through a stack of one-dimensional530

dilated convolutions, with layer l computing531

z
(l)
t = ϕ





k−1
∑

j=0

W
(l)
j z

(l−1)
t−dlj

+ b(l)



 , (2)
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where k is the kernel width, dl = 2l−1 the dilation and ϕ a rectified linear activation66. With532

k = 3 and three layers, each of 32 or 64 filters as selected in each fold (Sect. 4.6), the receptive533

field is 15 months, long enough to detect a seasonal trajectory, such as a drop in NDVI coinciding534

with a rise in NDWI, wherever it falls in the window. A fixed set of monthly summary statistics535

cannot provide that shape-detecting invariance, which is the usual argument for convolution over536

engineered features29;43.537

The static vector s passes through a dense embedding of width 16 and is broadcast across all538

T ′ encoder output steps,539

ut = ReLU(Wu [ zt ∥ Emb(s) ] + bu) , t = 1, . . . , T ′, (3)

so that the same wet-season signal can be read differently on a clay soil than on a sandy one, the540

interaction that process models encode as a moisture modifier on decomposition4;18. The fused541

sequence enters a gated recurrent layer whose cell is interchangeable between a long short-term542

memory (LSTM) cell67 and a gated recurrent unit (GRU)68, with everything upstream held543

identical, so the two cells are compared under controlled conditions. The cell equations are given544

in Supplementary Section S1 (Supplementary Figs. S1 to S4).545

The head emits a mean µ̂ and a predictive standard deviation σ̂, trained under a Gaussian546

negative log-likelihood so the model learns its own uncertainty69. Training uses Adam70 with547

early stopping on whole spatial blocks held out from the training fold, so no stopping observation548

has a neighbour, or a second observation of its own point, on the fitting side. Each reported549

network is a three-member deep ensemble.550

Figure 4: Model and validation designs. (a) Convolutional-recurrent hybrid; dashed parts are optional
(ERA5-Land climate) or interchangeable (LSTM or GRU decoder). (b) Spatial blocking. (c) Forward
validation at the same points. (d) Forward validation at new places.
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4.6 Evaluation design551

Every result is set against three references, the first being a persistence forecast that predicts no552

change from the last observation and so sets the floor, because SOC is so persistent that a model553

reproducing the last value scores well on concentration while saying nothing about change. Skill554

is therefore reported as 1 − RMSEmodel/RMSEpersistence, so that zero matches persistence and a555

negative value does worse than assuming no change, with RMSE on log concentration and the556

concordance correlation coefficient alongside. Persistence errs by exactly the observed change,557

so this is also the skill with which a model predicts the change itself. Gradient boosting23 on558

temporal summary statistics, given the same inputs as the architecture, represents the working559

standard of the field, and this is the comparison that decides whether the architecture earns560

its complexity. For each dynamic channel it receives the mean, standard deviation, minimum,561

maximum and linear slope, together with the static properties and the previous carbon value, and562

it runs with fixed settings (400 trees of depth 4, learning rate 0.05, rows and columns subsampled563

at 0.8). Those five statistics discard seasonality and timing, and the fixed settings forgo the564

selection the hybrid receives, so both choices favour the hybrid. Three stronger variants remove565

them (Sect. 2.6). Timing features give each channel, beyond the five statistics, the mean of each566

calendar month, the mean of each year, the amplitude and peak month of the mean seasonal567

cycle, the last year’s mean against the four before it and the mean month-to-month change,568

270 features in all. Nested selection repeats the hybrid’s protocol, so that inside every training569

fold a grid of twelve settings of tree depth (3, 5, 8), minimum child weight (1, 20) and column570

subsampling (0.5, 0.9) is fitted with early stopping on whole blocks and scored on a held-out571

quarter of the blocks, and the winner is refitted on the fold. Extending the grid to depths of 10572

and 12, which were then chosen in one of the 66 searches, moved no skill or difference by more573

than 0.001. The third reference is the mean-reversion floor of Sect. 4.2.574

Validation withholds contiguous spatial blocks rather than random points (Fig. 4b–d), with575

block size set from the range of the SOC variogram so that a held-out point has no training576

neighbour inside its autocorrelation distance46;47. The fitted range of 780 km gives 18 blocks, with577

a median of 496 observations each, assigned to four folds (Fig. 5). Forward temporal validation578

trains on the 2015 targets and tests on the 2018 targets. Random k-fold validation is run only as579

an optimism reference, and calibration is checked by the share of held-out observations inside a580

nominal 90 % prediction interval (Supplementary Section S4). Organic soils use the same block581

size, which gives 12 blocks in three folds, because their variogram, on 202 observations, does not582

level off to a sill.583

Figure 5: Mineral-soil LUCAS points (n = 8,275) and the four spatially blocked folds, with (a)–(d)
holding out folds 1 to 4. Blue, held out; orange, training.

Five ablations, each a subtraction from the full model, isolate where any skill originates.584

They remove the recurrent decoder, replace the convolutional encoder with yearly summary585

statistics, swap the LSTM for a GRU, remove the static embedding, and withhold the previous586

carbon value. Width, learning rate and dropout are selected by a nested search, so that no test587
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observation influences the configuration. Inside each training fold a quarter of the blocks is held588

out, twelve configurations varying width between 32 and 128 units, learning rate and dropout589

are fitted on the remaining blocks and scored on those held out, and the best is used for that590

fold. Every ablation of a fold runs at the configuration selected for the full model, so a difference591

between ablations reflects the component removed and not its hyperparameters.592

The hybrid is judged to earn its added complexity only if it outperforms gradient boosting593

given the same inputs under spatially blocked validation, which requires the 95 % interval on the594

hybrid’s advantage to lie above zero. Whether the two methods can instead be called equivalent595

is tested separately.596

4.7 Comparing models597

Differences in skill are small, so each is reported with a 95 % interval from a spatial block598

bootstrap. Whole validation blocks are resampled with replacement 2,000 times and every model599

is scored on the same resampled set, which keeps the pairing between models and the spatial600

correlation within each replicate. Resampling single observations would treat neighbouring points601

as independent and give intervals that are too narrow.602

A single run depends on the network seeds and on which blocks fall in which fold, so the603

central comparison is repeated over five replicates, each with its own seeds and its own random604

assignment of blocks to folds. The bootstrap draws from all five, so the intervals carry both605

sources of variation. Equivalence is judged by whether the 90 % interval on the difference lies606

inside ±0.02 skill, a two one-sided test. The margin was set during an earlier analysis of the607

panel and is kept unchanged here. On the corrected panel it is wider than the whole spread that608

reassigning blocks to folds produces, with the hybrid’s skill ranging from 0.108 to 0.116 over the609

five replicates and its difference from boosting from −0.004 to 0.011. The mean-reversion floor610

of Sect. 4.2 is fitted in every replicate. To test whether the comparison depends on the block611

size, it is repeated over three replicates with blocks of 390 km, half the variogram range, which612

gives 56 blocks in place of 18, with every hyperparameter search redone on the new folds. A613

second temporal design trains on the 2015 targets outside a fold and tests on the 2018 targets614

inside it, so that no test point also contributes a training observation.615

Skill is also broken down by subgroup on the single assignment of folds (Supplementary616

Table S5). Land use is the cover recorded at the target campaign, with the 730 observations under617

covers other than cropland and grassland left out. Climate zones follow the Köppen-Geiger rules618

of Peel et al.71, applied to each point’s mean monthly ERA5-Land temperature and precipitation619

over its covariate windows, and no point falls in the polar zone. Persistence RMSE is reported620

for each zone as a measure of how much change there is to forecast, and the subgroup intervals621

are not adjusted for the nine comparisons.622

Data availability623

No new measurements were made. The LUCAS topsoil campaigns are available from the624

European Soil Data Centre on request and are not redistributed here, since their licence grants625

a personal, non-transferable right of use. Covariates were derived from Landsat Collection-2626

surface reflectance through Google Earth Engine63, and climate from ERA5-Land65.627

Code availability628

Analysis code, the covariate extraction and the scripts that rebuild the panel from ESDAC629

files are archived at Zenodo (version 3.2.0, doi:10.5281/zenodo.23583865) and developed at630
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https://github.com/rakibhhridoy/soc-sequence-test, so a reader with their own ESDAC access631

can reproduce every table. Archived versions before 3.0.0 read electrical conductivity as organic632

carbon for the 2015 and 2018 campaigns and should not be used.633
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Tables811

Table 1: Paired differences in skill with 95 % block-bootstrap intervals. Bracketed numbers give the
replicates pooled, other rows use the single assignment; share > 0 is the share of bootstrap draws with a
positive difference.

Comparison Difference 95 % interval Share > 0

Spatial blocking
Full model minus gradient boosting, with previous value (5) 0.003 −0.011 to 0.019 0.63
Full model minus mean-reversion floor (5) 0.066 0.039 to 0.089 1.00
No recurrent decoder minus full model (3) 0.007 −0.002 to 0.016 0.95
Full model minus gradient boosting, no previous value 0.051 0.028 to 0.075 1.00
Full model minus series replaced by zeros 0.033 0.008 to 0.052 1.00
Spatial blocking, with ERA5-Land climate
Full model minus gradient boosting, with previous value (5) 0.003 −0.021 to 0.054 0.38
Full model minus gradient boosting, tuned (5) 0.007 −0.017 to 0.029 0.76
Later date, same points
Full model minus gradient boosting, with previous value 0.064 0.036 to 0.089 1.00
Later date, new places
Full model minus gradient boosting, with previous value (5) 0.105 0.021 to 0.190 1.00
Full model minus mean-reversion floor (5) 0.083 0.041 to 0.108 1.00

Table 2: Signal and noise in repeated LUCAS measurements, mineral points with three campaigns, with
95 % block-bootstrap intervals. Noise share is the lower bound 2σ2

e
/∆2 on the share of mean squared

change that is measurement error; ceiling from Eq. (1) on the changes at these points, which gives 0.27
where all 16,496 forecast targets give 0.28 (Sect. 2.2).

Points r(∆1, ∆2) Noise share, 6 years Ceiling

Log SOC, all points 8,221 −0.54 0.94 (0.76 to 1.05) 0.27 (0.23 to 0.35)
Strata
Cropland in 2015 5,719 −0.59 1.01 (0.78 to 1.13) 0.24 (0.20 to 0.33)
Grassland in 2015 2,167 −0.39 0.72 (0.60 to 0.84) 0.38 (0.34 to 0.43)
Same land-cover class in 2018 6,848 −0.54 0.93 (0.73 to 1.05) 0.28 (0.23 to 0.35)
Other land-cover class in 2018 1,373 −0.55 1.04 (0.89 to 1.13) 0.26 (0.24 to 0.32)
Clay, lowest third 2,735 −0.41 0.70 (0.56 to 0.78) 0.37 (0.33 to 0.44)
Clay, highest third 2,775 −0.63 1.12 (0.85 to 1.25) 0.21 (0.17 to 0.30)
2009 SOC, lowest third 2,733 −0.55 0.95 (0.74 to 1.07) 0.27 (0.25 to 0.36)
2009 SOC, middle third 2,723 −0.64 1.21 (0.85 to 1.41) 0.21 (0.15 to 0.34)
2009 SOC, highest third 2,765 −0.48 0.72 (0.61 to 0.84) 0.34 (0.29 to 0.38)
Control properties, same samples
pH (CaCl2) 8,221 −0.44 0.73 (0.70 to 0.76) 0.35 (0.33 to 0.36)
Log total nitrogen 8,221 −0.41 0.64 (0.56 to 0.75) 0.38 (0.34 to 0.42)
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Table 3: Measurement noise in carbon-crediting terms, mineral soils, per hectare and 0–20 cm, at the
median stock of 35 t C ha−1 with fine-earth bulk density. Values per hectare at US$7.66 (voluntary
agriculture credits, 2024) and EUR 74 (EU allowances, 2025) per t CO2; 95 % block-bootstrap intervals;
R2 ranges are across replicates. The upper bulk-density case is in the Supplementary Information.

Quantity Estimate t CO2 ha−1 US$ / EUR ha−1

One six-year cycle, no true change
Apparent change from noise, one location 37 % (27 to 48) 47 (38 to 53) 358 / 3,460
Gain under the 4 per 1000 target 2.4 % 3.1 (2.5 to 3.6) 24 / 227
Detectable change, 5 % one-sided test, 80 % power
One location 202 % (153 to 270) 256 (209 to 294) 1,960 / 18,933
Ten locations 42 % (34 to 51) 53 (46 to 58) 406 / 3,922
A hundred locations 12 % (10 to 14) 15 (13 to 16) 113 / 1,096
Locations to detect the 4 per 1000 gain 2,127 (1,503 to 2,982) – –
Carbon farming methodology, 70 % one-sided confidence
Locations required (its equation 8) 193 (136 to 271) – –
No-change project, probability of credit 0.30 – –
No-change project, expected credit 25 % of gain 0.77 (0.63 to 0.91) 6 / 57
Enrolment on a low baseline, lowest third
Reversion gain over the next interval 14 % (8 to 21) 10.4 (6.6 to 12.2) 80 / 769
Model test, R2 on change (its equation 7)
Mean-reversion floor 0.088 (0.085 to 0.094) – –
Gradient boosting 0.205 (0.188 to 0.214) – –
Hybrid 0.210 (0.202 to 0.216) – –
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