Preprints are preliminary reports that have not undergone peer review.

6 Research Sq uare They should not be considered conclusive, used to inform clinical practice,

or referenced by the media as validated information.

Measurement noise limits soil carbon forecasting
and crediting across European monitoring points

Md Rakib Hasan

rakibhhridou@faermium, systems

University of Dhaka

Mst Anika Khatun Rupa
University of Dhaka

A. S. M. Mohiuddin
University of Dhaka

Article

Keywords:

Posted Date: October 27th, 2026

DOI: https://doi.org/10.21203/rs.3.rs-11493951/v1

License: € ® This work is licensed under a Creative Commons Attribution 4.0 International License.
Read Full License

Additional Declarations: No competing interests reported.


https://doi.org/10.21203/rs.3.rs-11493951/v1
https://doi.org/10.21203/rs.3.rs-11493951/v1
https://doi.org/10.21203/rs.3.rs-11493951/v1
https://creativecommons.org/licenses/by/4.0/

1

© © ~N o u

10
11
12
13
14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

Measurement noise limits soil carbon forecasting and
crediting across European monitoring points

Md Rakib Hasanb>", Mst Anika Khatun Rupa! and A.S. M. Mohiuddin!

Department of Soil, Water and Environment, University of Dhaka, Dhaka 1000, Bangladesh
2Fermium Systems, Dhaka 1207, Bangladesh

*Corresponding author: rakibhhridoy@fermium.systems

Abstract

Soil organic carbon is now measured to monitor soil health under the European Soil Monitoring
Law and to pay for its gains through EU carbon farming certification. Here, three surveys of
8,275 European points show that measurement noise makes up at least 94 % of the measured
six-year change. The noise in one remeasured sample is 15 times the six-year gain of the 4 per
1000 target, detecting that gain needs about 2,100 resampled locations, the EU methodology’s
70 % confidence rule credits three in ten projects whose carbon did not change, and enrolling
fields on a low baseline credits a reversion gain six times the target. A deep network and
gradient boosting forecast change with the same skill, 0.11, below a noise ceiling of 0.28.
Crediting should therefore rest on measurement error estimated from repeated samples, a
mean-reversion benchmark and enrolment rules that ignore single low readings.

1 Introduction

The carbon held in soils exceeds that of the atmosphere and terrestrial vegetation together,
and its change under management is still one of the hardest terms of the terrestrial carbon
budget to predict 3. Decomposition kinetics, aggregate protection and mineral association are
characterised in detail*®, so the obstacle lies less in process understanding than in the size
of the signal. Annual change in soil organic carbon (SOC) is usually a fraction of a percent
of the standing stock, with resurveyed Chinese croplands averaging 0.22 % per year’, while
measured concentration can differ by more than that between sampling points a few metres apart®.
Detecting change therefore requires dense resampling or intervals of a decade or more®. On the
European LUCAS survey, predicted change at single sites rarely exceeds its own uncertainty and
becomes detectable only when averaged over larger areas?, as space-time models of Hungarian
monitoring data also find!?. Measurement, reporting and verification frameworks for mitigation
targets such as the four-per-mille initiative depend on models to interpolate between sparse
resamplings ' 14,

The question has also become regulatory. The European Soil Monitoring Law, Directive (EU)
2025/2360, lists soil organic carbon among the descriptors of soil health in its Annex I, sets a
six-year cycle of soil measurements, and points to the LUCAS soil survey as a basis for that
monitoring'®. Member states will therefore receive a carbon value at each sampled point every
six years, and models will be asked to fill the space and time between them. How much of the
change measured at a point over six years is real, and how much a model could forecast, are
questions the directive does not answer and that bear directly on how its measurements can be
used. The same measurements are also becoming the basis of payment, since Regulation (EU)
2024/3012 establishes voluntary certification of carbon farming and its methodologies credit
a gain in soil organic carbon measured by resampling fixed locations or verified against such
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resampling , so the error of a remeasured value decides how much of a credited gain is real.

Two modelling traditions have addressed the gap, and their strengths and limitations are
complementary. Process models such as RothC and DayCent carry the mechanism explicitly
but need a dated management history and calibration data that exist at a handful of long-
term stations'®1?, whereas machine learning learns from whatever covariates exist without any
guarantee that a fitted relationship holds beyond the conditions that produced it2%2!. Digital
soil mapping has largely converged on random forests and gradient boosting?? 2°, which predict
spatial pattern well and say much less about change, and a national space-time application in
Argentina found prediction uncertainty to be substantial?®. Estimates of change itself have come
from a quantile additive model fitted to the revisited LUCAS points?” and from a spatiotemporal
model of bare-soil reflectance on German monitoring sites?®, and most implementations treat
each observation as an independent row, so a covariate series enters as summary statistics and
its ordering is discarded.

Deep learning entered this space with a specific promise, which is that a network learns the
representation from the data instead of requiring covariates to be engineered in advance, and
that matters where the informative structure lies in the shape of a signal??3?. The promise
is settled for soil spectroscopy, where convolutional networks have outperformed partial least
squares on the largest spectral libraries3!i32, and less settled for mapping, where gains over
conventional learners each rest on a single country and the Chilean gain depends on spatial
context that blocked validation could remove®337. Recurrent networks have outperformed
calibrated conceptual models for streamflow, including in basins withheld from training3%3?,
and have extended satellite soil moisture records%4!, but their use for soil carbon remains rare.
Convolutional-recurrent hybrids have outperformed XGBoost and random forests in forecasting
river water quality 4, although training and test data there came from the same four stations.
For soil carbon, Zhang et al.#? paired a convolutional network over terrain layers with an LSTM
over ten years of MODIS phenology, and later convolutional-recurrent and dual-channel networks
have mapped soil carbon and organic matter from multi-temporal imagery 44°, but all of these
predict concentration at one time rather than change between surveys.

Whichever method is used, the claim of skill depends on the validation design and on the
reference it is measured against. Spatial and temporal autocorrelation inflate apparent skill under
random cross-validation?'46, severely enough that a forest biomass model which appeared to
explain more than half the variation under random splitting showed quasi-null skill under spatial
validation®”. In the Ganges Delta, holding out whole locations lowered the R? of gradient boosting
for SOC from an inflated 0.91 to 0.64, deeper neural networks gave no reliable improvement
at that sample size, and models fitted in one of fifteen deltas failed in almost every other?*®.
Repeated measurement adds a second trap, since a value measured with error tends to be followed
by one closer to the mean, so that apparent change depends on the starting level even where
nothing has changed %59,

This study tests a convolutional-recurrent hybrid for forecasting SOC change against the
tabular standard, on 16,496 mineral-soil observations from 8,275 European points sampled three
times between 2009 and 2018. Like the model of Zhang et al.*3, the hybrid couples a convolutional
network with an LSTM, but here the convolution encodes the monthly covariate series, the
recurrent decoder reads the encoded sequence, and a static embedding carries the soil properties.
Three campaigns give each point two intervals, close to what a six-year monitoring cycle yields
over a decade, so the test asks whether a sequence model helps at the density of measurement
that monitoring will provide rather than at its best case. The study asks first whether the
hybrid beats gradient boosting given the same inputs under spatially blocked validation, and
then, through five ablations, which of its components carry any skill it has, since a network that
matches a tree ensemble may do so through its sequence machinery or in spite of it. Three visits
to each point also allow the measurement error of a single LUCAS value to be estimated. That
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estimate gives a ceiling on the skill any model can reach, the share of measured change that is
noise and the error that a carbon credit inherits when it is paid on a remeasured value, and it
allows a test of whether change depends on the starting level once reversion towards the mean is
removed. Skill throughout is one minus the ratio of a model’s root-mean-square error to that of
persistence, the forecast of no change, so that zero matches persistence and positive values beat
it.

2 Results

2.1 Hybrid and gradient boosting compared

Pooled over five replicates, the hybrid reaches a skill of 0.113 and gradient boosting 0.110, and
the difference of 0.003 has a 95 % interval of —0.011 to 0.019 (Table 1, Fig. 1). The hybrid leads
in three of the five replicates and in 63 % of bootstrap draws, so the interval includes zero and
under spatial blocking the hybrid does not earn its added complexity. The 90 % interval, —0.009
to 0.015, lies inside the margin of +0.02, so the two methods are equivalent at that margin, and
any advantage for the hybrid is at most 0.019. The single assignment of Supplementary Table S1
gives a slightly larger gap, 0.011 with an interval of —0.006 to 0.025. With blocks of 390 km
both methods gain slightly, the hybrid to 0.118 and boosting to 0.117, and the difference of
0.001 (—0.013 to 0.022) again has a 90 % interval inside the margin, so the comparison does not
depend on the block size. Withholding the previous value from boosting lowers it to 0.060, so
the hybrid’s lead over that variant, 0.051 (0.028 to 0.075), measures the value of the previous
measurement rather than of the architecture.

Both methods clear the mean-reversion floor by a clear margin. Over the same five replicates
the linear fit on the previous value and the campaign reaches 0.047. The hybrid exceeds it by
0.066 (0.039 to 0.089) and boosting by 0.063 (0.037 to 0.084), so reversion towards the mean
supplies about two fifths of either model’s skill and each method recovers structure beyond it.

a b
-@-95 % interval --- Floor @ Interval excludes zero
O Single run - Ceiling O Interval includes zero
Hybrid and its ablations | Rerossispace +0.02 margin
Full model (LSTM) —e—0.111 ‘ ‘
Hybrid - boosting +0.003
GRU in place of LSTM 00.115
No recurrent decoder —e—0.115 Hybrid - boosting, timing features -0.003
No learned encoder : 00.117 Hybrid - tuned boosting, with climate —tO— +0.007
i i : ©0.060 ) )
PpEnEmes At : Hybrid — mean-reversion floor —e— +0.066
Series replaced by zeros i—e—0.078
g ' : No decoder - full hybrid Lo- +0.007
No static embedding (€-0.293, off scale
) ) ‘ Hybrid - hybrid with zero series —e—+0.033
Gradient boosting
With previous value | ——e—0.100 P
No previous value [~———e-— 0.060
: Hybrid - boosting +0.105
Reference
; Hybrid - tuned boosting 1+—O— +0.020
Mean-reversion floor —e-0.046
Noise ceiling i —_¢ Hybrid — mean-reversion floor o— +0.083
T T T T T T T T T
0 0.1 0.2 0.3 -0.04 0 0.04 0.08 0.12 0.16 0.20

Skill against persistence

Difference in skill

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 skill

Measurement noise accounts for most of the change measured at a LUCAS point (Table 2). On
the 8,221 points whose first two campaigns were mineral, the change in log carbon between 2009
and 2015 correlates with the change between 2015 and 2018 at —0.54 (—0.60 to —0.43). That
correlation puts the error variance of a single measurement at 0.093 (0.054 to 0.145) in squared
log units, about half of the mean squared change of 0.182 that persistence misses. Noise therefore
makes up at least 94 % (76 to 105 %) of the mean squared change over the six years from 2009 to
2015 and 120 % (96 to 134 %) of that over the three years from 2015 to 2018, so the three-year
change cannot be distinguished from pure noise. The implied standard deviation of true change
over six years is 0.105 in log units, about 11 %, with an interval from zero to 0.19, and over three
years it is zero (0 to 0.07).

No model can therefore exceed a skill of 0.28 (0.24 to 0.37) on the forecast targets, or 0.33
for the 2015 targets and 0.23 for the 2018 targets (Eq. 1, Fig. 1). The hybrid achieves 44 % of
the attainable reduction in mean squared error, boosting 43 % and the mean-reversion floor 19 %,
which leaves more than half of the attainable reduction for a better model or covariate. The
ceiling is lowest where the correlation between successive changes is most negative, on cropland,
on the most clayey soils and in the middle third of starting carbon, and highest on grassland, on
sandy soils and on the most carbon-rich mineral soils. A change of land-cover class between 2015
and 2018 leaves the ceiling where it is, 0.26 against 0.28 where the class did not change.

The same signature appears in the two control properties. Successive changes in pH correlate
at —0.44 and in log total nitrogen at —0.41, and over three years their noise shares, 1.04 (0.97 to
1.11) and 0.95 (0.81 to 1.07), are as close to one as that of carbon. Total nitrogen is measured
on the same samples and changes with organic matter, so its agreement with carbon points to
sampling and analytical variability common to every property rather than to a feature of the
carbon method alone.

Change appears to depend on the starting level only because the starting value carries error.
Regressing the change from 2015 to 2018 on the 2015 value gives a slope of —0.22 (—0.29 to
—0.15), the pattern usually read as faster loss from carbon-rich soils. The slope on the mean of
the 2015 and 2018 values shrinks to —0.06 (—0.10 to —0.006), and instrumenting the 2015 value
with the 2009 value, which shares none of its error, gives —0.02 (—0.05 to 0.01). On cropland
the instrumented slope is —0.004 (—0.060 to 0.030) and on grassland —0.036 (—0.088 to 0.007),
so no dependence of true change on the level is detectable in either.

2.3 Measurement noise and carbon credits

Translated into stock, the error of a single LUCAS value far exceeds the gains that carbon farming
is paid for (Table 3). At a typical point, holding 35t Cha~! in the top 20 cm, one remeasured
composite sample shows an apparent change of 37 % (27 to 48 %) of the stock even where nothing
has changed, about 47t COha~!, which is 15 times (11 to 20) the gain of 3.1t CO3ha~! that
the 4 per 1000 target implies over six years. At the voluntary-market price for agriculture credits
that noise is worth about US$360 per hectare against US$24 for the target gain, and at the EU
allowance price about EUR 3,460 against EUR 227.

Detecting the target gain against this noise needs about 2,100 (1,500 to 3,000) resampled
locations in a conventional one-sided test at 5% with 80 % power, and noise alone, without true
heterogeneity, needs about 2,000. Ten locations detect only a change of 42% (34 to 51 %) and a
hundred one of 12% (10 to 14 %). The sample-size rule of the carbon farming methodology, at a
one-sided confidence of 70 %, asks for about 190 locations, and at that design a project whose
true change is zero is credited in 30 % of certification periods and receives on average a quarter
of the target gain, 0.77t COgha~!.
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Selection on the baseline adds a larger and systematic credit. Points in the lowest third by
their 2015 value gained 14 % (8 to 21 %) more over the next interval than points in the lowest
third by their 2009 value, about 10t COsha~! or six times the target gain, and that difference
is reversion towards the mean rather than sequestration, since the instrumented dependence of
change on the level is close to zero. The methodology’s model test cannot tell reversion from
sequestration either, because its criterion that the R? of predicted on observed change exceed
zero is met by the mean-reversion floor, at 0.088 (0.085 to 0.094 across replicates), which forecasts
no change beyond reversion, as it is by the hybrid and boosting at 0.21.

2.4 Ablations and the covariate series

The ablations show where the skill comes from, and the answer runs against the design argument of
Sect. 4.5. Removing the recurrent decoder raises skill from 0.111 to 0.115 on the single assignment.
Pooled over three replicates the gain of 0.007 has an interval of —0.002 to 0.016, and its 90 %
interval lies inside the margin of +0.02. Replacing the learned encoder with yearly summary
statistics gives 0.117, and swapping the LSTM for a GRU with every upstream component held
identical gives 0.115. Every variant that removes or simplifies a sequence component therefore
scores at least as well as the full model, so neither the convolutional encoder nor the recurrent
decoder is doing measurable work.

Removing the static embedding is the one change that matters, dropping skill to —0.293, far
below persistence. That embedding carries the soil properties and the previous carbon value, and
withholding the previous value alone lowers skill to 0.060. The loss of 0.051 arises even though
log total nitrogen measured at the same campaign correlates with the previous log carbon at
r = 0.91, so a close proxy for the level does not replace the measured level itself.

The covariate series carry about a third of either model’s skill (Supplementary Table S2).
Replacing every series with zeros, with the architecture unchanged, costs the hybrid 0.033 with an
interval of 0.008 to 0.052, and replacing them with random noise costs 0.030. Gradient boosting
given only the static properties and the previous value reaches 0.064, against 0.100 when the
summary statistics of the series are added. On this single assignment the previous measurement
therefore supplies about 0.046 through reversion, the other soil properties about 0.018 more, and
the satellite series 0.033 to the hybrid and 0.036 to boosting. A network that learns from the
full monthly trajectory extracts no more from the series than a tree ensemble given their means,
extremes and slopes.

Because the mix of Landsat sensors differs between the two target campaigns (Sect. 4.4), part
of that gain could be a proxy for the campaign rather than information about the soil. Given the
campaign as an explicit input on the same folds, boosting gains 0.003 (—0.004 to 0.008) from the
campaign alone and 0.037 (0.029 to 0.048) from the series beyond it, so across space the series
carry information about carbon change that the campaign does not, and both models receive
them, which leaves the comparison unaffected. The nested search gives no sign that a different
configuration of the hybrid would change the ordering, since nine of its twelve configurations were
selected at least once across twenty searches and none was consistently better (Supplementary
Section S5).

2.5 Forward temporal validation

Forward temporal validation asks whether a model generalises to a later survey rather than to
new places (Supplementary Table S3), training on the 2015 targets alone and testing on the 2018
targets.

At the same points the hybrid reaches 0.143 against 0.078 for boosting with its protocol
settings, a lead of 0.064 with an interval of 0.036 to 0.089. That design lets every test point
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contribute its earlier observation to training, and withholding the test points in space as well
leaves the hybrid almost where it was, at 0.139 over five replicates, while protocol boosting falls
to 0.034, below the mean-reversion floor of 0.056. The hybrid’s lead over protocol boosting at
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 at
a later date and at places it has not seen the hybrid forecasts change clearly beyond reversion
towards the mean.

Protocol boosting loses that skill through the covariate series. On the single assignment of
folds, boosting given only the static properties and the previous value reaches 0.077 at new places
and adding the series lowers it to 0.036, whereas under spatial blocking the same series raise
it by 0.036, so a relation learned from the series in 2015 does not carry to 2018. A shift in the
Landsat sensor mix between the two windows is one candidate, although the comparison does
not isolate it.

2.6 Stronger boosting baselines

Refitting the protocol baseline with timing features, with nested selection or with both, on the
same folds and replicates, leaves the spatial comparison where it was, with the hybrid between
0.003 below and 0.014 above every variant and every interval reaching zero (Supplementary
Table S4). At a later survey selection matters, raising boosting at new places from 0.034 to 0.119
with summary statistics, so the hybrid’s lead there shrinks from 0.105 to 0.020 (—0.003 to 0.042)
and at the same points vanishes, and most of its advantage in temporal extrapolation came from
boosting’s fixed settings.

2.7 Observed climate covariates

Adding ERA5-Land temperature, precipitation and soil water (Fig. 2) changes neither method
across space, moving the hybrid by 0.001 (—0.007 to 0.015) and tuned boosting by 0.008 (—0.002
to 0.016) over the five replicates, and with climate included the hybrid leads tuned boosting by
0.007 (—0.017 to 0.029). A lead of 0.015 on a single assignment of folds sits near the top of the
range across replicates, —0.006 to 0.021, so observed climate does not separate the methods.

0.16 7 .
@ Hybrid
@ Gradient boosting
8 0.12 4 0.113. 0.114 ‘
g | Toan
5 0.110 -
[4
g 0.078
+ 0.08 - e
(2}
=)
ol [}
% 0.064
= S S
» 0.04 - Mean-reversion floor
0 -
Static inputs + Landsat + ERA5-Land
only series climate

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 pattern

A linear fit of the new value on the previous one reaches a skill of 0.042 on the single assignment
of folds, and shifts for each campaign add almost nothing, so the models are not learning an offset
between surveys (Supplementary Table S5, Supplementary Section S6). No subgroup separates
the two methods, since every interval across land use, starting concentration and climate zone
includes zero, and both reach 0.19 to 0.20 in the lowest third of previous concentration against
about 0.02 in the middle third, where there is least room to revert. In space the predictions do
not reproduce regional differences in change (Fig. 3). Averaged over the 354 cells of 100 km that
hold at least ten observations, predicted and observed change correlate at only r = 0.11, and
point by point the predictions are compressed to a slope of 0.24 against observed change, as
expected when most of the observed change is noise that no forecast can follow.

a Observed b Predicted, hybrid
[ ] -‘
500 km - [ | ¢ Point by point
B 15 7
= | Y
L @ 1 100 ¢
Sl | o 5 =2
B mmmmE 2 3
u EREEEEEN < 2
[ \ EEEEE S g
| | ] =) »
| ] © o
i [ ] S S
¢ e ° 10 S
L | | Q9 @
] S 2
(1] b anm g -1 o
om o ana™ & Fitted slope 0.24
. 1:1 dashed
H ) 2 A - =z bk | -15 +— : : : . )
e I -15 -1 -05 0 05 1 15
- Observed change in log SOC -1
Loss I R Gain

i
-0.2 -0.1

0 +0.1 +0.2
Mean change in log SOC per 100 km cell

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

2.9 Organic soils

On the organic soils, 202 observations from 128 points under three blocked folds, no model beats
persistence (Supplementary Table S6). The best variant, the hybrid without its learned encoder,
reaches —0.017 and the full hybrid —0.049. Persistence errs more here than on mineral soils,
0.677 against 0.427, so there is more change to explain, but 202 observations are too few to learn
it, and no bootstrap intervals were computed on this subset (Supplementary Section S2).

3 Discussion

3.1 Sequence components across space

The architecture assumes that the trajectory of a covariate series carries information about
carbon change beyond its summary statistics. The Landsat series do carry about a third of either
model’s skill, but the hybrid extracts 0.033 of it and boosting, given means, extremes and slopes,
0.036, and timing features add only 0.006 more, so the information lies in the level and spread of
the series rather than in the timing that a convolution and a recurrent decoder are built to read.
Benchmarks across 45 tabular datasets of around 10,000 samples found tree ensembles still ahead
of deep networks®!, and a panel of 16,496 rows with two intervals per point falls in that regime.

Across space, skill comes from three sources of roughly known size. Reversion towards the
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mean supplies about 0.046, the other soil properties about 0.018, consistent with the positive
association of SOC with total nitrogen and clay reported for deltaic soils®?, and the satellite
series about 0.035, and both methods assemble the same total from them. Measured against
the noise ceiling of 0.28, both capture under half of the attainable reduction in error, so the
remaining headroom is real, but neither the sequence machinery nor tuned trees claim any of it.
A graph extension mixing each observation with its geographic neighbours added 0.022 beyond
boosting, and boosting given the mean previous carbon of the same neighbours recovers about
half of it (Supplementary Section S3), so part of what is missing is local information about each
point’s surroundings rather than a better reading of its own history.

3.2 Temporal extrapolation

The one setting in which the hybrid leads is temporal extrapolation, with training on the 2015
targets and testing on 2018. Its large lead over protocol boosting, 0.105 at new places, arises
because boosting with fixed settings learns a relation between the series and carbon in 2015 that
does not hold in 2018, and against boosting with nested selection the lead shrinks to 0.020 with
an interval that just reaches zero. The hybrid’s distinctive property is therefore robustness rather
than reach, since it holds its skill at a later survey without the selection boosting needs, and its
margin over reversion towards the mean there, 0.083 (0.041 to 0.108), is the clearest evidence in
this study of change forecast beyond reversion. The ablations were run under spatial blocking
only, so which component carries that robustness remains open.

3.3 Measurement noise, the Soil Monitoring Law and carbon credits

The noise analysis has a direct reading for the Soil Monitoring Law. At a single LUCAS point,
noise makes up at least 94 % of the mean squared change in log carbon over six years, the interval
of the directive’s measurement cycle, and the three-year change cannot be told from noise at
all. The implied true change over six years has a standard deviation of about 11 % with an
interval reaching zero. A change measured at one point between two cycles is therefore mostly a
statement about sampling and laboratory variability, and the directive’s carbon descriptor can
be read as a trend only when aggregated over many points or when each value is made more
precise. Two features of the result argue that the noise is in the measurement rather than in
carbon itself. Total nitrogen and pH, measured on the same samples, show the same negative
correlation between successive changes, and a change of land-cover class, which should alter true
carbon, leaves the ceiling unchanged.

Lower measurement noise would raise the ceiling, shrink the share of skill that reversion
towards the mean can supply, and leave more of the measured change for covariates to explain.
Composites of more cores around each point, replicate analyses that separate laboratory from
field error, and marked or precisely relocated sites each address a different part of the error
variance estimated here, and none of them needs a better model. The finding also bears on
how model skill should be reported. A forecast given the previous measurement draws about
two fifths of its skill against persistence from reversion towards the mean, and a ceiling of 0.28
bounds the rest, so skill reported without a mean-reversion floor and a noise ceiling cannot be
read as skill at forecasting change. The same floor and ceiling belong to an evaluation protocol
set out for forecasting SOC change in Bangladesh rice land, where repeated measurements are
sparser still?3.

For carbon crediting the same error sets a threshold that a project must clear before a
credited gain can be told from noise. The carbon farming methodology under Regulation (EU)
2024/3012 credits the mean measured change less a deduction at a one-sided confidence of 70 %7,
a level that credits three in ten projects whose true change is zero and, at the sample size the
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methodology prescribes, pays them on average a quarter of the target gain. The error variance
estimated here makes the scale concrete, since detecting a gain at the 4 per 1000 rate within
one six-year cycle with conventional confidence would need about 2,100 resampled locations of
LUCAS precision, eleven times the 190 that the methodology’s own rule asks for. Two provisions
of the methodology deserve scrutiny in that light. Its measurement error for mineral soils is
taken from the laboratories, whereas the variation between repeated samples of a site is several
times the analytical error®®, and the sampling error it adds may come from repeated sampling
of some locations, which would capture the error of remeasurement, or from local information
on carbon variability, which need not. Its model test, an R? on observed change above zero, is
passed by a model that forecasts reversion towards the mean and nothing else, so a model can
be validated while crediting the noise of the baseline measurement. Crediting rules that pay on
remeasured change therefore need a sample size set from an error variance estimated on repeated
samples, a validation benchmark of mean reversion rather than of zero, and an enrolment rule
that does not select fields on a single low measurement.

The level analysis carries a second implication. Regressing measured change on the starting
value gives the familiar pattern of faster loss from carbon-rich soils, and that pattern underlies
claims that high-carbon soils are most at risk. Here it vanishes once the starting value is
instrumented by an earlier, independent measurement, so on LUCAS mineral soils over this
period a dependence of change on the level is an artefact of measurement error rather than a
property of the soils. The same artefact turns into credit when fields are enrolled on a low baseline
value, since the gain of 14 % that reversion alone then produces over the next measurement is six
times the six-year gain of the 4 per 1000 target.

3.4 Relation to earlier work

Zhang et al.*? found that adding ten years of MODIS phenology to a convolutional-recurrent
network produced a more accurate map of soil carbon, and the result here is compatible with
theirs, since the dynamic inputs again contribute, about a third of the skill, while the recurrent
decoder that processes them contributes nothing across space. The gains reported for deep
learning in digital soil mapping?33® concern mapping and not change, and the graph extension of
Supplementary Section S3 agrees with the spatial-context argument in direction, since geographic
neighbours added 0.021 on mineral soils.

Studies of change on the same survey point the same way. Tian et al.? found predicted
change at single LUCAS sites to be poorly resolved and detectable only after spatial averaging,
and the noise share estimated here gives the reason from the measurement side. De Rosa et al.?”
estimated change across the revisited LUCAS points with a quantile additive model, whereas on
the restricted panel of this study the hybrid’s cell averages do not reproduce regional contrasts.
This study adds the comparison those studies did not make, between a sequence model and a
tabular one given identical inputs, together with an estimate of the measurement error of a single
LUCAS value and the bound it places on any forecast.

Reversion towards the mean has long been recognised in soil monitoring as a source of
apparent change??%°, and in 51 Canadian forest plots measured three times, uncorrelated changes
over the two intervals led Buchkowski et al.?® to read the apparent gain over the first as a
statistical artefact. The LUCAS panel shows the signature far more strongly, with a correlation
of —0.54 over 8,221 points, and the present analysis turns it into estimates of the error variance,
the noise share, the attainable skill, the level dependence that remains once the starting error is
removed and the error that a carbon credit inherits.
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3.5 Limitations

The comparison covers one family of sequence models, a convolutional encoder with a recurrent
decoder in LSTM and GRU forms, and attention-based or tabular deep networks were not tested.
The result also rests on one region and one survey programme, so it shows what the sequence
components contribute on LUCAS and not what they contribute for soil carbon everywhere.
Covariates are Landsat at 30 m and ERA5-Land at about 9 km, and a denser or finer record might
carry structure these do not. Landsat reflectance was not adjusted across sensors, and although
the series carry information beyond the campaign across space (Sect. 2.4), their failure to transfer
under protocol boosting at a later survey may partly reflect the sensor shift. Management, which
process models treat as the main driver of change on cropland, is not recorded for the LUCAS
grid, so no process model such as RothC or DayCent could be run as a further reference %19,

The crediting figures convert concentration to stock with literature bulk densities and the
020 cm LUCAS depth, whereas the methodology requires 0-30 cm and a measured or validated
fine-earth bulk density, and values in tonnes and currency scale linearly with both, unlike the
ratios and location counts. They also assume that the error of a LUCAS composite applies to a
project’s resampling. Projects that relocate points precisely, composite more cores and analyse
both rounds in one laboratory batch would carry less error, and the location counts scale with
the error variance, whereas an error shared by every location of a project, such as a laboratory
offset between rounds, is not reduced by more locations and is not part of the estimate here.

The noise estimates rest on two assumptions, that measurement errors are independent
between visits and that true changes over the two intervals are not negatively correlated. A
real reversal of change at many points, such as a management cycle that adds carbon and then
removes it, would make part of the negative correlation true signal and lower the noise share.
Errors that differ between campaigns, such as a change of laboratory protocol, would move the
estimates in either direction, and the three-year share above one suggests that the error variances
are not exactly equal. LUCAS publishes no replicate measurements, so neither assumption can
be checked directly. The variogram range of 780 km leaves 18 blocks, although halving the block
size to give 56 blocks leaves the comparison unchanged.

The shape of the panel is itself a limit, since an architecture built for long sequences works
here with two intervals per point, and with two target campaigns the covariate windows for
2015 and 2018 overlap by 24 months. The temporal results rest on one pair of campaigns
and organic soils on 202 observations, and the equivalence margin of £0.02 was set before the
corrected analysis, although the 95 % interval for the hybrid-minus-boosting difference includes
zero whatever margin is chosen.

3.6 Conclusions

A convolutional encoder coupled to a gated recurrent decoder forecasts change in soil organic
carbon across space as well as gradient boosting on summary statistics given the same inputs,
and no better. On 16,496 mineral-soil observations from 8,275 European points measured three
times, the hybrid reaches a skill of 0.113 and boosting 0.110 under spatially blocked validation
with hyperparameters chosen inside each training fold and pooled over five replicates, and the
difference of 0.003 (—0.011 to 0.019) is equivalent to zero within 0.02. Removing the recurrent
decoder or the learned encoder does not lower skill, and the Landsat series, which supply about
a third of the skill, are read as well by boosting as by the network.

Measurement noise sets the limits of the problem. Successive changes at a point correlate at
—0.54, so noise makes up at least 94 % of the mean squared change over six years and all of it
over three, a pattern shared by pH and total nitrogen. No model can exceed a skill of about
0.28, and the apparent faster loss of carbon from carbon-rich soils disappears once the starting
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value is instrumented by an earlier measurement. Change measured at a single point every six
years, the cycle of the European Soil Monitoring Law, is therefore readable as a trend only in
aggregate or with more precise measurement, and on this panel a lower measurement error would
raise the attainable skill more than any change of model.

In carbon-crediting terms one remeasured composite sample carries noise of about 47t CO ha™!,
fifteen times the gain of the 4 per 1000 target over a six-year cycle, so a credited gain at that
rate needs about 2,100 resampled locations to be detected. A methodology that credits at
70 % confidence pays three in ten projects whose true carbon did not change, enrolment on a
low baseline credits a reversion gain six times the target gain, and a model that forecasts only
reversion passes its validation test. The hybrid’s one advantage appears at a later survey at
unseen places, where it exceeds the mean-reversion floor by 0.083 (0.041 to 0.108) and tuned
boosting by 0.020 with an interval reaching zero.

4 Methods

4.1 The LUCAS soil panel

The Land Use and Coverage Area frame Survey (LUCAS) samples topsoil across the European
Union on a common grid, returning to the same identified points in successive campaigns®C.
Three campaigns carry organic carbon at a shared set of points, 2009, 2015 and 2018, which
is the structure a sequence model needs. Matching the campaigns by point identifier gives
27,333 points with a usable carbon value in at least one campaign. Restricting to cropland and
grassland, resolved per point because the 2009 release does not record land cover, leaves 15,201,
and requiring a carbon value in all three campaigns leaves 8,349 points. Targets are the 2015
and 2018 campaigns, each paired with its predecessor, which gives 16,698 target observations.
Fach release is read by its organic-carbon column alone, and a check in the code refuses any
column that is not a spelling of organic carbon, since the 2015 and 2018 files also carry electrical
conductivity.

Carbon concentration is strongly right-skewed, with a mean of 22.7 gkg ™! against a median

of 15.6 in 2009, and a skewness of 8.5 that falls to 0.59 under a log transform, so the target is log
concentration throughout. Stock is not reported because bulk density is not available across the
panel. An observation is classed as organic when its previous carbon value exceeds 120gkg™!, a
rule that uses only what is known when the forecast is made, whereas classing on every campaign
would select on the outcome by dropping points whose carbon rose past the threshold. Organic
observations are 202 from 128 points, 1.2 % of the panel, and they carry a large share of the
spread of change, since restricting to the points below the threshold in both earlier campaigns
cuts the standard deviation of the 2009 to 2018 difference from 17.6 to 10.5gkg™!. Mineral and
organic soils are therefore analysed separately, and the main results are for the 16,496 mineral-soil
observations from 8,275 points, 8,247 of them targeting 2015 and 8,249 targeting 2018.

4.2 Signal and noise in measured change

Successive changes at a point show how much of the measured change a covariate could hope
to explain. A point that rises and then falls more often than chance allows is the signature of
reversion towards the mean rather than of a trend*”, and LUCAS returns to a point rather than
to the identical spot, so sampling and laboratory variability alone would produce it. LUCAS
sites are not marked, so a repeated sample represents the surrounding area, and the variation
between repeated samples is several times that between repeated laboratory analyses of one
sample®®. A model that learns only to pull high values down and low values up will therefore
beat persistence without forecasting any real change, and persistence cannot separate those two
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outcomes. A linear fit of the new log value on the previous one and the campaign, fitted on the
training folds, is reported beside it as a mean-reversion floor (Sect. 4.7).

Three visits to a point separate measurement error from true change in the way that three
waves of a test-retest design separate unreliability from instability®”. Suppose each measured
log value is the true value plus an error that is independent between visits and of every input.
The changes A; (2009 to 2015) and Ay (2015 to 2018) at a point then share the error of the
middle measurement with opposite signs, so that their covariance equals the covariance of
the true changes minus the error variance o2. Provided the true changes at a point are not
negatively correlated, o2 is at least the negative of the observed covariance. The error of the new
measurement cannot be forecast, so no model reaches a mean squared error below 2, and its

skill against persistence is bounded by

Smax =1- \/ 0—3/@’ (1)

where A2 is the mean squared change between consecutive measurements, the error of persistence.
Using the lower bound for o2 makes Spax an upper bound under an equal error variance at
every campaign. A model of skill S then achieves the share (1 — (1 — S)?)/(1 — 02/A2) of the
attainable reduction in mean squared error.

The same error variance gives three further quantities, computed on the 8,221 points whose
first two campaigns were both mineral. Both ends of an interval carry an error, so the share of
the mean squared change over an interval that is noise is 202/A2, a lower bound for the same
reason as above, and it is reported for the six-year and the three-year interval. A share above one
is possible only if the error variance differs between campaigns or the true changes are negatively
correlated, and is read as change indistinguishable from noise. Second, regressing change on the
starting value confounds a real dependence on the level with reversion towards the mean, because
the starting error enters both sides. The 2009 value carries none of the errors of 2015 and 2018,
S0 it serves as an instrument for the 2015 value in a regression of As on it, giving the slope of
true change on the true starting level if that change is linear in the level. That slope is reported
beside the naive slope on the 2015 value and the slope on the mean of the 2015 and 2018 values
that Lark et al. % proposed. Third, the ceiling is recomputed within strata defined by values that
carry none of the later errors, namely land cover in 2015, a change of land-cover class between
2015 and 2018, and terciles of clay and of 2009 carbon. The identity is also applied to pH in
CaCls and to log total nitrogen, two properties measured on the same samples and expected
to change slowly, as controls. Particle size, which should not change at all, was measured only
in 2009 and cannot serve. All intervals in this section resample the spatial blocks of the main
analysis.

4.3 Measurement noise in carbon-crediting terms

The error variance is translated into the terms of the carbon farming methodologies under
Regulation (EU) 2024/3012'7, per hectare over one six-year cycle. Stock is concentration
multiplied by fine-earth bulk density and by the 0-20 cm depth that LUCAS samples, with the
LUCAS fine-earth means of 1.16, 1.00 and 1.02gcm ™3 for cropland, grassland and other cover®®
and, as an upper case applied to every point, the measured cropland mean of 1.26 gcm 357,
without a correction for coarse fragments. A typical point is the median stock. The reference gain
is the 4 per 1000 target'? accumulated over six years, 1.004° — 1 = 2.4 %. Carbon is converted to
carbon dioxide by 44/12 and valued at the 2024 average transaction price of agriculture credits
in the voluntary market, US$7.66 per tonne%’, and at the 2025 average price of EU emission
allowances, EUR 74 per tonne®!, an upper reference, since certified carbon farming units are not
traded in the EU emissions trading system.

Five quantities follow. The apparent change from noise at one remeasured location with
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no true change is exp(e) — 1 with e ~ N(0,202), reported as its mean absolute value. The
number of resampled locations needed to detect the reference gain uses the standard deviation
of the measured six-year change, which holds both noise and true heterogeneity, in a one-sided
test at 5% with 80 % power, and in equation (8) of the methodology, which sets the sample
size at a one-sided confidence of 70 % (z = 0.52) with a tolerable error equal to the effect size
multiplied by the confidence level. The methodology credits the mean measured change less an
uncertainty deduction of t7¢ standard errors, or 8 % if larger (its equation 12), so a project whose
true change is zero is credited whenever the noise in its mean exceeds 0.52 standard errors, and
the probability and expected size of that credit follow from the normal distribution. Fields are
often enrolled because their baseline value is low, and the gain that reversion alone then produces
is the difference between the mean 2015-2018 change in the lowest third of points selected by
their 2015 value, which shares the error of that change, and in the lowest third selected by their
2009 value, which does not. Finally, the methodology accepts a model whose R? on observed
change exceeds zero (its equation 7), and that R? is computed for the mean-reversion floor and
both models on the five spatial replicates. Intervals resample the spatial blocks.

4.4 Covariates

Dynamic covariates come from Landsat 5, 7, 8 and 9 Collection-2 surface reflectance %2, masked for

cloud and shadow and composited to monthly medians at 30 m through Google Earth Engine53.
One sensor family carries every campaign, which avoids switching to Sentinel-2 partway through
the panel, although the mix of Landsat sensors shifts between windows. The windows before
2009 draw on TM and ETM+, those before 2015 add OLI from 2013, and those before 2018
draw mostly on ETM+ and OLI, whose reflectance and NDVI differ slightly%. No cross-sensor
adjustment was applied, so the series could carry the identity of the campaign, and Sect. 2.4
tests whether they do. Six reflectance bands are carried with NDVI for vegetation and NDWI
and MNDWTI for the water regime, and a tenth channel records which months were observed, so
the model can distinguish an interpolated month from a measured one. Across the panel 75 % of
months carry a clear observation.

Each observation carries the 60 months ending in December of the year before its survey, since
LUCAS does not publish per-point sampling dates and a window reaching into the survey year
would risk conditioning a forecast on weather that followed the measurement. Static covariates
are clay, sand, silt, pH and total nitrogen measured at the previous campaign, together with
the previous carbon value, so everything an observation carries was knowable when the forecast
would have been made. LUCAS measures texture only on a point’s first visit, so the clay, sand
and silt measured then are carried forward to later campaigns, since texture does not change on
these timescales. Cation exchange capacity is recorded in 2009 but not in 2015 and is excluded.

For a robustness check, monthly 2m air temperature, total precipitation and top-layer
volumetric soil water from ERA5-Land% were extracted at every point over the same windows
and appended as three further dynamic channels. Coastal points that fall on masked ocean cells
took the mean of land cells within 20 km.

4.5 Model architecture

The hybrid separates within-season variation from between-year change, and dynamic from static
information, so that neither is flattened into one feature vector (Fig. 4a). The dynamic sequence
X € REXT here C' = 10 channels over T' = 60 months, passes through a stack of one-dimensional
dilated convolutions, with layer | computing

k—1
l l —
A = o[ w0+ b0 ) (2)
=0
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where k is the kernel width, d; = 2=! the dilation and ¢ a rectified linear activation®. With
k = 3 and three layers, each of 32 or 64 filters as selected in each fold (Sect. 4.6), the receptive
field is 15 months, long enough to detect a seasonal trajectory, such as a drop in NDVI coinciding
with a rise in NDWI, wherever it falls in the window. A fixed set of monthly summary statistics
cannot provide that shape-detecting invariance, which is the usual argument for convolution over

engineered features?%43,

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

T’ encoder output steps,

uy = ReLU(Wy [z ||Emb(s) ]+ by),

t=1,...,T,

(3)

so that the same wet-season signal can be read differently on a clay soil than on a sandy one, the
interaction that process models encode as a moisture modifier on decomposition®'®. The fused
sequence enters a gated recurrent layer whose cell is interchangeable between a long short-term
memory (LSTM) cell®” and a gated recurrent unit (GRU)®, with everything upstream held
identical, so the two cells are compared under controlled conditions. The cell equations are given

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

The head emits a mean fi and a predictive standard deviation &, trained under a Gaussian
negative log-likelihood so the model learns its own uncertainty?. Training uses Adam™® with
early stopping on whole spatial blocks held out from the training fold, so no stopping observation
has a neighbour, or a second observation of its own point, on the fitting side. Each reported
network is a three-member deep ensemble.

Fusion: concatenate and project

Recurrent
decoder

LSTM or GRU,
interchangeable

static vector broadcast to every encoded step

a
dynamic, 60 monthly steps
Landsat reflectance,
six bands
NDVI, NDWI, MNDWI, Pleed
1-D CNN
observed-month mask
encoder
| ERASLlandcimate | |
: (robustness check) ;
static, previous campaign
‘ Clay, sand, silt, %
H, total nitrogen ,
P 9 Static
embedding
‘ Previous SOC value %»
b  Spatial blocking c

blocks with sides
set by the SOC

variogram range,

780km

2015 targets ’

Later date, same points

Prediction

head

mean, log SOC

predictive s.d.

d Later date, new places

|

|

|

[] training

2 3
spatial fold

B test

4

| not used

‘ 2015 targets :

1

2 3
spatial fold

4

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 design

Every result is set against three references, the first being a persistence forecast that predicts no
change from the last observation and so sets the floor, because SOC is so persistent that a model
reproducing the last value scores well on concentration while saying nothing about change. Skill
is therefore reported as 1 — RMSEodel/ RMSEersistence, S0 that zero matches persistence and a
negative value does worse than assuming no change, with RMSE on log concentration and the
concordance correlation coefficient alongside. Persistence errs by exactly the observed change,
so this is also the skill with which a model predicts the change itself. Gradient boosting?? on
temporal summary statistics, given the same inputs as the architecture, represents the working
standard of the field, and this is the comparison that decides whether the architecture earns
its complexity. For each dynamic channel it receives the mean, standard deviation, minimum,
maximum and linear slope, together with the static properties and the previous carbon value, and
it runs with fixed settings (400 trees of depth 4, learning rate 0.05, rows and columns subsampled
at 0.8). Those five statistics discard seasonality and timing, and the fixed settings forgo the
selection the hybrid receives, so both choices favour the hybrid. Three stronger variants remove
them (Sect. 2.6). Timing features give each channel, beyond the five statistics, the mean of each
calendar month, the mean of each year, the amplitude and peak month of the mean seasonal
cycle, the last year’s mean against the four before it and the mean month-to-month change,
270 features in all. Nested selection repeats the hybrid’s protocol, so that inside every training
fold a grid of twelve settings of tree depth (3, 5, 8), minimum child weight (1, 20) and column
subsampling (0.5, 0.9) is fitted with early stopping on whole blocks and scored on a held-out
quarter of the blocks, and the winner is refitted on the fold. Extending the grid to depths of 10
and 12, which were then chosen in one of the 66 searches, moved no skill or difference by more
than 0.001. The third reference is the mean-reversion floor of Sect. 4.2.

Validation withholds contiguous spatial blocks rather than random points (Fig. 4b—d), with
block size set from the range of the SOC variogram so that a held-out point has no training
neighbour inside its autocorrelation distance%47. The fitted range of 780 km gives 18 blocks, with
a median of 496 observations each, assigned to four folds (Fig. 5). Forward temporal validation
trains on the 2015 targets and tests on the 2018 targets. Random k-fold validation is run only as
an optimism reference, and calibration is checked by the share of held-out observations inside a
nominal 90 % prediction interval (Supplementary Section S4). Organic soils use the same block
size, which gives 12 blocks in three folds, because their variogram, on 202 observations, does not
level off to a sill.

a Fold 1, 2,421 points held out b Fold 2, 2,680 points held out ¢ Fold 3, 1,535 points held out d Fold 4, 1,611 points held out

500 km

LT n v . Tl
% ’&‘g i ¥ A e
Faet 5 5 il

& g

Training Ml Held out

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.
They remove the recurrent decoder, replace the convolutional encoder with yearly summary
statistics, swap the LSTM for a GRU, remove the static embedding, and withhold the previous
carbon value. Width, learning rate and dropout are selected by a nested search, so that no test
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observation influences the configuration. Inside each training fold a quarter of the blocks is held
out, twelve configurations varying width between 32 and 128 units, learning rate and dropout
are fitted on the remaining blocks and scored on those held out, and the best is used for that
fold. Every ablation of a fold runs at the configuration selected for the full model, so a difference
between ablations reflects the component removed and not its hyperparameters.

The hybrid is judged to earn its added complexity only if it outperforms gradient boosting
given the same inputs under spatially blocked validation, which requires the 95 % interval on the
hybrid’s advantage to lie above zero. Whether the two methods can instead be called equivalent
is tested separately.

4.7 Comparing models

Differences in skill are small, so each is reported with a 95% interval from a spatial block
bootstrap. Whole validation blocks are resampled with replacement 2,000 times and every model
is scored on the same resampled set, which keeps the pairing between models and the spatial
correlation within each replicate. Resampling single observations would treat neighbouring points
as independent and give intervals that are too narrow.

A single run depends on the network seeds and on which blocks fall in which fold, so the
central comparison is repeated over five replicates, each with its own seeds and its own random
assignment of blocks to folds. The bootstrap draws from all five, so the intervals carry both
sources of variation. Equivalence is judged by whether the 90 % interval on the difference lies
inside 4+0.02 skill, a two one-sided test. The margin was set during an earlier analysis of the
panel and is kept unchanged here. On the corrected panel it is wider than the whole spread that
reassigning blocks to folds produces, with the hybrid’s skill ranging from 0.108 to 0.116 over the
five replicates and its difference from boosting from —0.004 to 0.011. The mean-reversion floor
of Sect. 4.2 is fitted in every replicate. To test whether the comparison depends on the block
size, it is repeated over three replicates with blocks of 390 km, half the variogram range, which
gives 56 blocks in place of 18, with every hyperparameter search redone on the new folds. A
second temporal design trains on the 2015 targets outside a fold and tests on the 2018 targets
inside it, so that no test point also contributes a training observation.

Skill is also broken down by subgroup on the single assignment of folds (Supplementary
Table S5). Land use is the cover recorded at the target campaign, with the 730 observations under
covers other than cropland and grassland left out. Climate zones follow the Képpen-Geiger rules
of Peel et al.!, applied to each point’s mean monthly ERA5-Land temperature and precipitation
over its covariate windows, and no point falls in the polar zone. Persistence RMSE is reported
for each zone as a measure of how much change there is to forecast, and the subgroup intervals
are not adjusted for the nine comparisons.

Data availability
No new measurements were made. The LUCAS topsoil campaigns are available from the
European Soil Data Centre on request and are not redistributed here, since their licence grants

a personal, non-transferable right of use. Covariates were derived from Landsat Collection-2
surface reflectance through Google Earth Engine%, and climate from ERA5-Land%°.

Code availability

Analysis code, the covariate extraction and the scripts that rebuild the panel from ESDAC
files are archived at Zenodo (version 3.2.0, doi:10.5281/zenodo.23583865) and developed at
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https://github.com/rakibhhridoy/soc-sequence-test, so a reader with their own ESDAC access
can reproduce every table. Archived versions before 3.0.0 read electrical conductivity as organic
carbon for the 2015 and 2018 campaigns and should not be used.
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Tables

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 ERAS5-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 20?2 /F 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(A1,As) 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 2,765 048 0.72 (0.61 to 0.84)  0.34 (0.29 to 0.38)
Control properties, same samples
pH (CaCly) 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 35t Cha~! 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;
R? ranges are across replicates. The upper bulk-density case is in the Supplementary Information.

Quantity Estimate

t COs ha™ 1

US$ / EUR ha !

One siz-year cycle, no true change

Apparent change from noise, one location

Gain under the 4 per 1000 target

Detectable change, 5 % one-sided test, 80 % power

One location 202 % (153 to 270)

Ten locations 42% (34 to 51)
)
)

37% (27 to 48)
2.4%

A hundred locations 12% (10 to 14
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
Enrolment on a low baseline, lowest third
Reversion gain over the next interval
Model test, R? on change (its equation 7)
Mean-reversion floor

Gradient boosting

Hybrid

14% (8 to 21)

0.088 (0.085 to 0.094)
0.205 (0.188 to 0.214)
0.210 (0.202 to 0.216)

A7 (38 to 53)
3.1 (2.5 to 3.6)

256 (209 to 294)
53 (46 to 58)
15 (13 to 16)

0.77 (0.63 to 0.91)

10.4 (6.6 to 12.2)

358 / 3,460
24 / 227

1,960 / 18,933

406 / 3,922
113 / 1,096

6/ 57

80 / 769
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