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Rose Rustowicz2, David Schurman2 & James R. Kellner2,4,5

Soils can sequester carbon and contribute to climate changemitigation, but credible soil carbon offset
markets require robust Monitoring, Reporting, and Verification (MRV) programs. Current approaches
rely on models with soil sampling or on repeated probability sampling. We propose a digital soil
mapping (DSM) framework to estimate soil organic carbon (SOC) stock change and uncertainty. Using
physical samples from a hypothetical project across seven fields in two U.S. states, we calibrate,
predict, validate, and spatially aggregate SOC estimates. We assess the effect of calibration sample
size on field- and project-level means and variances and extend the framework to quantify change.
Estimated uncertainty of averagedSOCstockswas <1Mgha−1, yielding a 12%uncertainty deduction
for a 5-year, 430-acre project when using a probability of exceedance method. Assuming the
sequestration rate is 0.6% of the stock size, simulations suggest deductions <10% for most projects
>5 years and <5% for large ( >50,000 acres), long-term projects. This DSM approach offers a cost-
effective and scalable alternative to other existing methods.

Soils are one of the largest reservoirs of organic carbon1. It is estimated that,
globally, 2500 Pg of carbon is stored in the first meter of soil, of which 1500
Pg is organic carbon2,3. A large body of work4 has shown that soils are a
potentially large source of CO2 emissions in response to management and
climate change, while also being a sink able to provide nature-based solu-
tions to atmosphericCO2 capture. Sandermanet al.5 have estimated that 133
Pg of carbonhas been lost from12,000 years of human agricultural land use.
However, there is a general agreement that with improved land manage-
ment practices such as cover cropping, conservation tillage, organicmanure
application or rotational grazing6, soils can potentially store carbon. This
would make soils a substantial sink of CO2 emissions worldwide.

To this end, there is a growing recognition of the potential of soils for
carbon sequestration in the broader context of climate change mitigation.
The 4p1000 initiative7 on Soil for Food Security and Climate, for example,
launched at the COP 21, proposed to increase the global soil organic carbon
stocks by 0.4% annually as a compensation for global anthropogenic
greenhouse gas emissions. More recently, the European Commission has
proposed a regulation for carbon removal certification8,which, amongother
options, incentivizes carbon farming and provides rules for certifying car-
bon removal within Europe. Such initiatives echo the implementation of

several voluntary soil carbon offset markets throughout the world, in which
farmers canadopt on-farmpractices that promote soil carbon sequestration,
earning payments through the creation of voluntary carbon credits. These
credits can then be used by emitters to offset their current anthropogenic
emissions as part of efforts to minimize the impact of their activities9.

A prerequisite for participation in the voluntary carbon market is the
availability of tools and techniques capable of monitoring changes in soil
organic carbon (SOC) resulting from shifts in land management practices.
These efforts are typically framed within the context of Monitoring,
Reporting, andVerification (MRV) schemes10. Broadly,MRVguidelines are
designed to quantify and verify changes in soil carbon stocks while
accounting for economic considerations, payment systems and market
types in relation to the scale of the project. Many MRV frameworks and
approved methodologies necessitate the measurement of SOC stocks
through baseline sampling and the subsequent crediting of net-removal
activities following rigorous verification processes.

Currentmethodologies tomonitor SOC stock change are rooted in the
use of soil biogeochemical model simulation along with adaptive baselines
and soil sampling (e.g. version 2.1 of the Verra Methodology for Improved
Agricultural LandManagement (VM0042), and theClimateActionReserve
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Soil Enrichment Protocol). While these methodologies have been adopted
in the voluntary carbon market, with 100 out the 133 projects11 currently
using one of the two methodologies12, there remain significant issues in the
use of biogeochemical models in soil carbon crediting. Notably, these
models are usually making a forecast, meaning that future changes in SOC
are projections under the assumption that the model is correctly repre-
senting the processes in question.While this is not a fundamental issue, it is
one that DSM approaches address by relying on outcome-based measure-
ments of actual SOC change. Other issues with the use of biogeochemical
models pertain to the limitation of the mechanistic models themselves (e.g.
boundary conditions, spatial representation, large uncertainties) and the
high-cost and labour intensive nature of soil sampling for large projects. For
these reasons, very few sustainable agricultural projects have issued credits
to date, and soil carbon projects currently represent only aminor fraction of
the projects under study in the voluntary carbon market.

Until recently, the only alternative to using a mechanistic model was
the use of physical soil samples to directly measure changes in SOC stocks.
This can be done if the samples are selected with probability sampling, in
which case population parameters (e.g. mean and variance of the project-
level SOC stocks) can be estimated with a design-based inference.
Addressing change over timewith a probability sampling is straightforward,
either indirectly with the twomeans and variances of the two time steps, or
directly with space-time sampling. For more information on space-time
probability sampling, the reader is redirected to Chapter 14 in de Gruijter
et al.13. Current methodologies address this possibility by leaving room to
monitor SOC stock changes with design-based inference. While this could
be the preferred approachbecause it is statistically sound and allows a robust
estimation of the SOC stock change uncertainty, designing a probability
sample is often not possible because agricultural soil carbon projects are
dynamic (i.e. new fields are added in the lifetime of a project) and the
condition of a probability sampling would have to be satisfied for all new
added fields. Further, the required sampling effort to reach an acceptable
level of uncertainty can be substantial14,15.

When biogeochemical models or design-based approaches are not
practical, a model-based approach with an algorithmic solution (e.g.
machine learning) or a (geo)statisticalmodel canbeused. Several techniques
from the field of digital soil mapping have matured and are operational for
estimating SOC stock at various spatial supports16–20. In digital soilmapping
(DSM), an empirical model is fitted between a sampledmeasurement of the
property of interest and a set of environmental covariates. An attractive
aspect of DSM is that it enables a robust estimation of uncertainty of the
predicted SOC stocks and a validation of both the prediction and prediction
uncertainty. There is also a trend towards developing methods and
approaches that useDSM forMRV.TheAustralianCleanEnergyRegulator
quantification approach21, for example, allows the use of a statistical model
for estimating SOC stocks and change. The Verified Carbon Standard
recently published VT0014, which brings DSM into compliance with
methodologies for quantifying changes in SOC stocks in agricultural land
management carbon programs.

This paper demonstrates an end-to-end DSM framework for soil
carbonMRV using ATLAS-SOC, a DSM framework developed to quantify
organic carbon content in the top 30 cmof soil in non-tree row crops in the
continental United States20. This approach is extensible to a variety of
covariates and statistical models and can be applied to estimate SOC stocks
or changes in SOC stocks over time. We present model calibration, pre-
diction, validation, and spatial aggregation of predictions and their uncer-
tainties after baseline sampling of a hypothetical project. We examine the
impact of different project sample sizes on uncertainty and validation
metrics, and discuss a possible extension of the framework for quantifying
SOC stock change and its uncertainty. The end-to-end DSM approach is
developed within the framework of existing VCS methodologies and other
initiatives that require spatially explicit estimates of SOC stocks with
uncertainty at various spatial supports (e.g. field, project, region, etc.). The
requirement for uncertainty deduction fromVM0042 is tested on scenarios
of SOC stock change with quantified uncertainty.

Results
The end-to-end approach
The QRF model was optimized with three hyperparameters: Mtry set to 7,
ntree set to 750, and theminimumnode size set to 7. Themodel, fitted with
these hyperparameters, was used for cross-validation (CV) and prediction.
The CV predictions generated by the QRF model yielded a ME of 0.01 Mg
ha−1, an RMSE of 10.56 Mg ha−1, an R2 of 0.61, and a PICP of 91%. These
results indicate that the model successfully passed all three evaluation cri-
teria: the R2 value was greater than 0, the bias was not significantly different
from 0 (as confirmed by a one-sample t-test with p-value = 0.79), and the
PICP was greater than or equal to 90%.

The maps of the SOC stock predictions using the QRF model are
presented in Fig. 1. The predicted values ranged from 19 to 76 Mg ha−1,
showing significant differences amongfields in terms of both themagnitude
of spatial variation and spatial patterns. For example, Pesotum had abrupt
variations in SOC stocks over relatively short distances (i.e. less than 50m).
In contrast,HammondandVillaGrovedisplayed smoother spatial patterns,
with gradients of increasing SOC stocks from east to west and west to east,
respectively. Predicted point-level standard deviations are shown in Fig. S2.

Figure 2 shows the correlograms of the seven fields derived from the
fittedspherical variogramsof the standardizedprediction errors.Among the
seven fields, two had strong spatial correlation in the standardized predic-
tion errors at short distances. Specifically, Macon and Villa-Grove had
ranges of 88, 43, respectively, and nuggets close to 0. The standardized
prediction errors for the Brighton, Hammond and Arcola fields showed
moderate spatial correlation but at larger distances, with ranges of 108, 77
and 68 m, respectively, and nuggets at 0.12, 0.20 and and 0.19 Mg ha−1. In
contrast, the remaining fields of Pesotum and Tolono had little spatial
correlation in the standardizedprediction errors, resulting in large range (i.e.
more than 100 m) but a small nugget-to-sill ratio.

Table 1 shows the values of the average SOC stock predictions along
with their associated uncertainty (i.e. prediction and standard deviation in
Mg ha−1) for the seven fields and at the project level. The uncertainty at the
project level was derived using MC sampling across all fields but with the
field-specific correlograms. The average SOC stock values ranged from
23.41Mg ha−1 for Brighton to 64.13Mg ha−1 for Tolono, while the standard
deviation varied from 0.56 Mg ha−1 for Tolono to a maximum of 1.69 Mg
ha−1 in Macon.

Effect of the sample size on model calibration
Figure 3 illustrates the results of the sample size experiment, which tested a
range of 1 to 30 samples per stratum. Note that the samples were drawnwith
replacement from the existing sampling locations. As shown in Fig. 3, the
estimatedaverageSOCstock remainedconsistent acrossdifferentnumbersof
samples per stratum.This is particularly evident at the project level, where the
average SOC stock stayed constant at approximately 60 Mg ha−1. However,
the fields of Arcola and Brighton had contrasting patterns in the variation of
average SOC stock with varying numbers of samples per stratum. In Arcola,
the average SOC stock slightly increased as the number of samples per
stratum increased, rising from60 to 64Mgha−1 between 1 and 30 samples. In
contrast, Brighton showed a moderate decrease in average SOC stock,
declining by 9 Mg ha−1 over the same range of samples per stratum.

Figure 4 displays the standard deviation of the SOC stock for the
project and the seven fields. At the project level, the standard deviation
exhibited a decreasing trend as the sample size increased, ranging from 2.5
Mg ha−1 for a sample size of 1 to 1Mgha−1 for a sample size of 30. The latter
valuewashigher than the standarddeviationof 0.51Mgha−1 obtainedwhen
using all available samples. A similar trend was observed for three fields:
Pesotum,TolonoandVillaGrove. In contrast, the standarddeviation for the
remaining fields appeared to be unaffected by the various sample sizes.

Uncertainty deduction
Figure 5 shows the SOC stock change expressed in tons of CO2 for the three
time intervals of 3, 5 and 10 years, along with the estimated uncertainty
deduction. The estimated value of the change at project level (i.e. for 430
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acres) was 4.01, 6.73 and 13.67 t CO2 for the interval of 3, 5 and 10 years,
respectively. The creditable value obtained using the 33rd percentile of the
normal distribution was 3.20, 5.96 and 12.92 t CO2, which represented an
uncertainty deduction of 20.39% for the interval of 3 years, 11.51% for the
interval of 5 years and 5.47% for the interval of 10 years.

Figure 6 shows the simulated uncertainty deduction for project sizes up
to 100,000 acres. Because the absolute value of the project-level variance of
the mean emissions removal remained fixed regardless of duration,
increasing the duration of the project, and therefore the total amount of the
emissions removal estimate, always led to a decrease of the corresponding
uncertainty deduction. However, increasing the size of the project also

reduced uncertainty, even when duration was held constant. For a five year
period, for example, the uncertainty deduction for a 10,000 acre project was
twice the deduction associated with a 100,000 acre project. Most of the
decrease in the uncertainty deduction occurred as projects increased in size
from very small to about 50,000 acres. This trend was observed for all time
steps. At a given project size, a time step of 3 years always led to larger
uncertainty deduction than projects of longer duration. The size of the
uncertainty deduction was also dependent on the magnitude of the corre-
lation of the errors. Larger correlations resulted in smaller deductions at a
given project size and duration. Additional simulations of uncertainty
deduction for different sequestration rates are provided in Figure S3.
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Fig. 1 | Soil organic carbon stock predictionmaps.Maps show the SOC stock prediction for the seven fields: aBrighton, bHammond, cArcola, dMacon, ePesotum, fVilla-
grove, and g Tolono.
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Discussion
The end-to-end DSM framework using ATLAS-SOC for soil carbon MRV
yielded realistic field- and project-level estimation of the SOC stock. While
the point-level standard deviation ranged between 2.60 and 21.41 Mg ha−1,
the standard deviation of the spatially aggregated mean at the project level
was 0.51Mgha−1. This relatively low standard deviation is expected because
averaging reduces uncertainty. For comparison, in a previous study in the
Swiss forests,Nussbaumet al.22 calculated SOCstocks using robust external-
drift kriging and reportedmean SOC stocks with standard errors of 0.15 kg/
m2 (i.e. 1.5 Mg ha−1) for the 0–30 cm depth interval and 0.24 kg/m2 (i.e. 2.4
Mg ha−1) for the 0-100 cm depth interval. However, we found few studies
that reported uncertainty of aggregated values of SOC stock in agricultural
fields. This is partly because obtaining realistic uncertainty estimates for
spatial averages or totals remains challenging. Currently, most maps are
produced using machine learning to generate point-level uncertainty esti-
mates, rather than through conventional geostatistical modelling, and
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Table 1 | SOC stocks for the 0–30 cm depth interval in Mg ha−1 and uncertainty (i.e. mean and standard deviation) obtained with
the QRF model and the correlograms of Fig 2 with the method of Wadoux & Heuvelink33

Arcola Brighton Hammond Macon Pesotum Tolono Villa-Grove Project

Mean 63.44 23.41 59.06 56.11 64.07 64.13 64.11 60.48

Standard deviation 0.95 0.95 1.33 1.69 1.16 0.56 0.92 0.51
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Fig. 3 | Simulation of the model-estimatedmeans.Model-estimated mean SOC stock inMg ha−1 for the project and the seven fields as a function of the calibration sample
size. The grey lines represent the subsampling for the number of samples per stratum and the red line is the average of all subsampling.
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therefore no direct estimation of variance at the project level is straight-
forward to implement.

One striking result was that the average SOC stock at the project level
varied little with different sample sizes used for model training. The stan-
dard deviation at the project level did show a slight decrease as the sample
size increased. This was expected because uncertainty decreases as the

sample size increases, but it did not decrease further for larger sample sizes.
It was also expected because herewe did not apply kriging of the residuals to
improve the predictions, as is done after regression in universal kriging23.
While the average predicted value at the project level did not change much
with increasing sampling density, the model confidence in the prediction
did increase. This is an interesting result because, in carbon crediting
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Fig. 4 | Simulation of the model-estimated standard deviations. Standard devia-
tion of the SOC stock in Mg ha−1 for the project and the seven fields as a function of
the calibration sample size. The grey lines represent the standard deviation value for
a number of samples per stratum and the green line is the average of all standard

deviation values for a given number of samples per stratum.The horizontal red line is
the value of the standard deviation obtained using all available samples following the
results shown in Table 1.
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Fig. 5 | Uncertainty deductions for several year intervals.Change in ton of CO2 emission for amiddle-of-the-road sequestration rate and the three time intervals of 3, 5 and
10 years. The mean is obtained with Eq. (6) and the variance with Eq. (7).
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programs, one could find a balance between the required sampling density
and the level of uncertainty that one is willing to accept.

Theuncertaintydeductionwas relativelymodest for both largeprojects
(i.e. those exceeding 50,000 acres) and longer time intervals between the
baseline and evaluation periods (i.e. more than five years). Our simulations
typically indicated that for a project covering 100,000 acres over a 3-year
period, the uncertainty deduction applied to the estimated change could be
close to 5%.A similar deductionwas observed for the relatively small project
described in our study (i.e. with seven fields and a total of ~430 acres), but
with a longer sequestration period of 10 years. This is unsurprising, as
averaging uncertainty across large areas reduces overall uncertainty and
consequently the uncertainty deduction. This effect is well known but not
really addressed in the current literature and current MRV approaches10,24.
To reduce the uncertainty deduction when using DSM, project proponents
can improve model prediction accuracy, extend the duration of the project
(i.e. the sequestration period), or increase the project area. While we tested
two different values representing the correlation of errors between points in
time, we do not consider this a parameter that project proponents can
influence, as it should be empirically estimated, for example, using a cross-
correlogram. It was reasonable to assume that this correlation was relatively
high, as model errors are often spatially consistent over time (e.g. under-
estimation of SOC stocks in areas with high SOC stock values and over-
estimation in areaswith low SOC stocks), particularlywhen the samemodel
is applied at both time steps.

The current experiment relied on subsampling from the existing
locations, whichwasmade possible due to the very high sampling density of
thefieldsunder study.While this is a commonapproach inDSMstudies25–27,
and provides valuable information on the effect of sample size on the
uncertainty of spatially aggregated SOC stocks, it treated the existing set of
sampling locations as the population of interest. An alternative approach to
this experimentwould be to use the existing locations to generate amap or a
set of possible realities, from which the selection of a sampling design for
different sample sizes could be repeated. This would enable testing the
sampling density by selecting samples from any points within the geo-
graphical domain. Such approaches have been used in various ways in the
literature, including treating maps as the population of interest28, using
ordinary kriging of the existing data to generate a reference map29, or using
geostatistical simulations30 to generate possible realities from which sam-
pling can be repeated.

The end-to-end approach required fitting a variogram to the stan-
dardized prediction error in order to derive the correlation function. This
required a sufficiently large number of sampling locations. A rule of thumb
is that a minimum of 100 to 150 locations is needed for variogram fitting
using the Methods of Moments31, and 50 locations are needed when
(restricted) maximum likelihood estimation is applied32. The sampling
locations should also cover a wide range of distances, including short dis-
tances. In fact, Wadoux & Heuvelink33 noted the sensitivity of the spatial

aggregation procedure to variogram fitting and short-distance correlation.
Since most correlation occurs at short distances, and correlation is zero for
distances larger than the range, it was critical to put effort into estimating the
nugget parameter. We found, however, that the range parameter also had a
strong influence on the value of the spatially aggregated uncertainty. We
tested this by fitting a large number of exponential variograms with slightly
different range values (results not shown) and estimating the uncertainty of
the mean. The results showed that the values of uncertainty increased lin-
early with the effective range. This effect was less visible with the nugget
parameter when performing the same experiment. We suggest following
standard procedures, which are well described in the literature, to fit
variograms34, including limiting the range of the variogram function to
about half the size of the area and using a bounded variogram.

When sufficient sampling locations are not available to fit the vario-
gram, an average variogram35 or expert knowledge could be used, for which
established procedures exist. For example, Kerry et al.36 showed that existing
variograms of soil properties from similar parent materials had similar
ranges. An average variogram calculated from previous studies can guide
soil sampling. Expert elicitation of the variogram37 is another possibility to
obtain an apriori variogram inBayesian geostatistics or soil samplingdesign
optimization when budget constraints make the collection of new obser-
vations difficult. Although previous research has demonstrated how an
average variogram or a variogram obtained with expert elicitation can be
used to guide sampling38, further research is needed to understand the effect
of variogram estimation and variogram parameter uncertainty on spatially
aggregated uncertainty.

The end-to-end DSM framework developed is scalable and can
readily be applied beyond the field and project levels. Spatial aggre-
gation of the mean and variance makes this approach particularly well
suited to larger areas such as collections of projects, soil districts, or
even nations, provided that adequate sampling or auxiliary informa-
tion is available. Aggregation of the mean and variance also facilitates
the detection of change. This scalability is particularly relevant for
emerging national and regional soil carbon monitoring systems, which
increasingly rely on the integration of field observations with remote
sensing covariates andmodel-based approaches10,20. In this context, the
framework provides a transparent and reproducible way to quantify
and report uncertainty, which is a critical requirement for credible
MRV frameworks and for alignment with good practice guidance. It
also offers practical value for project developers by enabling the
assessment of trade-offs between sampling density, project duration,
and acceptable levels of uncertainty deduction. Such features make the
framework a useful component in the design of scalable, cost-effective,
and policy-relevant MRV systems for soil carbon.

This study presented a DSM approach for MRV of SOC stocks,
demonstrating its capacity to generate spatially explicit SOC estimates with
quantifiable uncertainty. At the project level, the framework achieved

Fig. 6 | Simulation of the uncertainty deduction.
The simulation of the uncertainty deduction are
obtained for different project sizes for two correla-
tion values of the errors between the time steps. Note
the logarithmic scale on the y-axis. The coloured
lines represent the time steps for projects of 3, 5 and
10 years duration. The dashed vertical line repre-
sents the uncertainty deduction value obtained in
this study at project level.
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uncertainty of less than 1 Mg ha−1 (e.g. 60.48 ± 0.51 Mg ha−1), and while
increasing the training sample size slightly reduced uncertainty, it had little
effect on mean SOC stock estimates. We found that spatial aggregation of
SOCestimates is particularly sensitive to variogramfitting, underscoring the
need for careful parameter estimation. Simulations indicated that uncer-
tainty deductions were 12% over five years in a 430-acre project, decreasing
to about 5% with a 10-year monitoring period, and typically falling below
5% in projects larger than 50,000 acres or longer than five years. These
findings highlight the scalability of the framework, with spatial averaging
reducing uncertainty and improving the detectability of SOC stock changes.
The approach can be applied broadly, provided relevant covariates and
sampling are available, and the increasing availability of high-resolution
remote sensing data further strengthens its potential for use across diverse
regions.

Methods
Study area and SOC stocks data
We used the publicly-available dataset from Potash et al.39. The dataset
comprises 1,019 georeferenced measurements of SOC and bulk density
from seven fields across two midwestern U.S. states. Soil samples were
collected with three different sampling designs: gridded, gridded within
subplots, and model-based, with an average sampling density of 7 soil
samples per hectare. The samples were obtained as intact cores for various
intervals between5and30cm.Bulkdensitywasobtainedbydividing thedry
mass of soil in grams by its volume in cm3. The samples had no rock
fragments. Total carbon concentration was obtained by dry combustion
after removing the inorganic carbon for soils with pH >7.2, so the total
carbon hereafter is equivalent to the organic carbon concentration. More
information on the field protocol and laboratory analyses is provided in
Potash et al.39. SOCstockswere calculated bymultiplying thebulkdensity by
the SOC concentration and the thickness of the soil layer, and converting to
appropriate units (e.g. Mg C ha−1). All samples were depth aligned using
simple weighted averaging to conform with a common depth interval of
0–30 cm. The final sampling locations with values of the SOC stocks are
shown in Figure S1.

Environmental covariates
We collected a set of 79 environmental variables to be used as covariates in
the model. The variables were chosen to reflect a suite of soil, climatic,
biologic, or topographic factors known to impact biogeochemical cycling of
SOC18,20. In doing so, we not only include the key factors chosen in standard
biogeochemical models, but also attributes that have been previously
included in previous DSM frameworks. All covariates were resampled to
conform with the same spatial resolution of 10m × 10m and projected to
World Geodetic System 1984 ensemble UTM zone 16N (EPSG:32616)
system. The list of covariates along with origin and associated reference, is
provided in Table 2 with additional information in Table S1.

End-to-end approach
The end-to-endDSM approach that uses ATLAS-SOC to estimate the SOC
stock mean and variance for a field and at project level followed the three
steps described hereafter and illustrated in Fig. 7.

A model is fitted between measured SOC stock and a set of covariates.
Covariate values for each SOC stock measurement are extracted from
mapped covariate values. This follows the ordinary steps of DSM40. The
approach is extensible to multiple model types and architecture, including
the averaging of multiple models, but for the purpose of this study, quantile
regression forests (QRF) were used due to their simplicity.

Quantile regression forests41,42 was applied to establish the relationship
between SOC stock and environmental covariates. QRF is a machine
learningmodel basedonan ensemble of decision trees.A single decision tree
is built through binary recursive partitioning, where the calibration data,
initially grouped in a single root node, are split based on all possible binary
partitions. This process repeats for the newly created partitions until a
minimum node size value is reached. The final prediction is the average of
the values at the tree’s terminal nodes. QRF further includes the bagging
technique (i.e. bootstrap andaggregating) and randomperturbationsduring
tree splits, consideringonly a subsetof covariates. Inbagging, an ensembleof
regression trees is built from bootstrap samples of the calibration data. The
final prediction is obtained through averaging all predictions for the final
output. Next to the prediction, QRF also provides an estimate of the
uncertainty. This is obtained by the conditional cumulative probability
distribution from the data, using the sameweights as theQRFmodel, which
allows for quantile estimates. From this conditional distribution, quantiles
and variance statistics can be obtained.

The fitting of the QRF model relies on three user-defined parameters:
the number of trees (ntree), the number of covariates to select at each split of
the tree (Mtry), and theminimumnode size. In our implementation, we set
ntree to 150, as this provides a balance between model accuracy and com-
putational efficiency. We use Mtry equal to the square root of the total
number of covariates. The minimum node size is set to 5. The model is
implemented using the ranger package in R43.

Themodel predictions are assessed using validation statistics obtained
with a cross-validation procedure. In principle, the approach is extensible to
a variety of cross-validation procedures, and in this study, a leave-one-out
(LOOCV) procedure was used. All samples except one were used formodel
fitting, while the single sample left out was used for validation. The process
was repeated for all samples, each time leaving another sample out of the
calibration sample without replacement. The validation statistics were cal-
culated from the pairwise set of measured and predicted values. We cal-
culated the mean error (ME), root mean square error (RMSE) and
coefficient of determination or modelling efficiency (R2), defined as:

ME ¼ 1
n

Xn

i¼1
zðsiÞ � ẑðsiÞ; ð1Þ

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n

Xn

i¼1
zðsiÞ � ẑðsiÞ2

r
; ð2Þ

R2 ¼ 1�
Pn

i¼1ðzðsiÞ � ẑðsiÞÞ2Pn
i¼1ðzðsiÞ � �zÞ2 ; ð3Þ

where n is the validation sample size, z and ẑ are the measured and
predicted values, respectively, at location si(i = 1,…, n; si∈A), and A is

Table 2 | Covariates with associated reference

Covariate type Examples Source and references

Remote sensing vegetation indices NDVI and NDTI metrics (e.g., summary statistics, trends, lags, residuals) 48,49

Remote sensing thermal metrics Surface temperature statistics and trends (e.g., means, offsets, changes) 48

Climate variables Precipitation and temperature summaries and extremes; drought indicators 50,51

Soil properties and biological indicators Texture (clay, sand, silt), pH, microbial activity, biomass productivity, carbon use efficiency 52,53

Topographic indices Elevation, topographic position indices at multiple spatial scales 54

Covariates represent typical inputs for digital soil mapping and were derived from publicly available remote sensing, climatic, edaphic, and topographic databases. More information on covariates is
available in Kellner et al.20. All covariates are in projected coordinates grid cells of 10m × 10m and coordinate system WGS84 UTM zone 16N (EPSG:32616) and extent: 223,843.7–224,563.9;
4,3275,62–4,328,052. NDTI Normalized Difference Tillage Index, NDVI Normalized Difference Vegetation Index.
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the study area. The vector of measured values has mean z. The ME
represents the model bias, it has an optimal value of 0. The RMSE
represents the magnitude of the error, also has an optimal value of 0
and is expressed in the unit of the measured value. The R2 ranges
between an optimal value of 1 and can be negative, in which case the
mean of the measurements is a better predictor than the model. In
addition to validating the predictions, we validate the uncertainty

estimates. For this, we use the prediction interval coverage probability
(PICP44). The PICP is the percentage of measured values covered by a
prediction interval. For example, for the 90% prediction interval, a
reliable estimate of uncertainty would entail that 90% of the predic-
tions in the validation dataset fall within this interval. Values higher
than the nominal prediction interval represent an overestimation of
the uncertainty, whereas a smaller value indicates an underestimation.
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2
…

Project area and soil 
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Environmental 

covariates

Regression matrix

Model calibration

Bias test R² test Coverage test
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b) Model validation

c) Spatial aggregation
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Fig. 7 | Framework for the end-to-end digital soilmapping approach.The end-to-
end approach for estimating the project-level spatial average of SOC stocks along
with the aggregated uncertainty. The approach is composed of (a) a model cali-
bration where spatially-explicit covariates are overlaid with point estimates of SOC

stocks and a model is fitted and prediction errors obtained with cross-validation,
b the predictions are evaluated with three tests that must be passed, and c) spatial
aggregation of the mean and variance is made and can be repeated at each time step
to estimate the variance of the change and uncertainty deduction.
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Adifficulty when calculating validation statistics is to decide whether a
model is sufficient for the intended purpose. Following standards described
inVCSToolVT0014,we implemented the three following tests that amodel
should pass:

• The R2 should be greater than 0. The justification for this threshold lies
in having a model that explains at least some of the variance of the
measurements and provides an improvement compared to using the
mean of the validation data as predictor for any location in the
study area.

• The model ME is not significantly different from 0 under a two-tailed,
one-sample t-test with α = 0.05.

• The coveragemust be at least 90. Themodelmust generate predictions
that are within 90% prediction intervals ≥ 90% of the time.

Estimation of the field and project average or total SOC stocks is
straightforward with model predictions: this is done by averaging all pre-
dictedvalueswithin thefield.Calculating thefield or project-level variance is
more complicated because spatial dependence requires the use of geosta-
tistical methods. To obtain the field and project-level uncertainty we follow
the procedure described in Wadoux & Heuvelink33, repeated here briefly.

• Calculate the standardized prediction error at validation locations. The
prediction error standard deviation is obtained with QRF for all loca-
tions in the field. At every measurement location, the standardized
prediction error is obtained by dividing the prediction error obtained
by cross-validation by the prediction error standard deviation.

• Estimate a correlogram of the standardized prediction error. This can
be done by fitting first a variogram to the standardized prediction error
and using the identity ρ(h) = (sill − γ(h))/sill, where ρ(h) is the cor-
relation function, h is the spatial distance, γ(h) is the variogram and sill
is the estimated sill of the variogram.

• Obtain the field-average through integration of the variance of the
spatial average of the point support prediction errors, see Eq. 7 in
Wadoux & Heuvelink33, defined by:

var
1
jAj

Z
s2A

εðsÞds
� �

¼ 1

jAj2
Z

s2A

Z
u2A

σðsÞσðuÞρðjs� ujÞdsdu;

ð4Þ

where ε(s) is the map error at locations s, σ(s) and σ(u) are the
standard deviation at point at s andu, and ρ(∣s−u∣) is the value of the
correlation function between the locations s andu. Solving the double
integral can be done efficiently usingMonte-Carlo integration, where
the numerical integration over the two-dimensional area is made by
selecting the locations s and u independently from a uniform
distribution overA. The number of pairs selected in theMonte Carlo
integration must be sufficiently large. This can be estimated with
convergence statistics.

Sample size experiment
We further investigate the effect of different sample sizes on model cali-
bration for the field and project-levelmean and uncertainty. This is done by
subsampling the existing data to various sample sizes using a stratified
sampling procedure. Note here the subsampled locations are selected from
the existing sample data. Hence, not every location within the area can be
selected, aswould be the case in a stratified randomsampling. Themerit and
limitation of such an approach are presented in the Discussion.We created
compact geographical strata with k-means clustering of the geographic
coordinates using the spcosa package in R. A total of three compact strata
were obtained per field. To test the effect of the sampling density on the
uncertainty, we randomly selected various sample sizes per stratum, from 1
to 10 samples per stratum (i.e. from 3 to 30 samples per field). This repre-
sents a sampling density of about 0.12 to 1.2 samples per hectare. Because of

the randomness involved in the selection of the samples, this was repeated
100 times to obtain an average estimate of the field and project-level mean
and variance.

The steps can be described as follows:
For each sample size per stratum (n = 1, …, 10), and itera-

tion (i = 1,…, 100):

• Train QRF models for SOC stocks using the selected samples and
environmental covariates.

• Select randomly with replacement from the existing locations the
required sample size per stratum.

• Train QRF models for SOC stocks using the selected samples and
environmental covariates.

• Validate the QRF model using leave-one-out cross-validation among
the samples that were included in calibration.

• Pass the three validation tests described previously (i.e. bias test, R2 test
and 90% coverage test).

• Predict using the fitted QRF model at all locations in the area.
• Follow the steps for the spatial aggregation procedure described in

Section “End-to-end approach”. Estimate a variogram per field on the
standardizedprediction error.The variograms are recalculated for each
sample size. Since variograms cannot be calculated for very small
sample sizes, all available sampling locations are used for variogram
fitting. For example, for three samples per stratum, amodel is fitted on
those three samples per stratum, used to predict at all sampling loca-
tions within the field, and the resulting standardized error used to
calculate the variogram. Note, however, that no cross-validation is
made on the variograms. Variograms must be fit in an automated
fashion, here using the automapRpackage for all 1000 variograms that
need to be fit (100 iterations × 10 sample sizes).

• For every iteration, report thefield andproject-levelmean and variance
of the different sample sizes.

Calculating the uncertainty deduction
Current established standards require that projects account for the
uncertainty in their estimates of greenhouse gas (GHG) benefits by
deducting a conservative percentage from the calculated credit
volume. The approach developed in Section “End-to-end approach”
supports estimation of the variance of the spatially-aggregated pre-
dicted SOC stock at time t0, denoted varðdSOCt0

Þ hereafter. The
approach can be extended to estimate the variance of the mean esti-
mated SOC stock change varðΔdSOCt0;t0þ1

Þ between the two time steps
t0 and t0+1:

varðΔdSOCt0;t0þ1
Þ ¼ varðdSOCt0

Þ þ varðdSOCt0þ1
Þ � 2ρ �

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
varðdSOCt0

Þ
r

�
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
varðdSOCt0þ1

Þ
r

;

ð5Þ

where 2ρ �
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
varðdSOCt0

Þ
q

�
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
varðdSOCt0þ1

Þ
q

is the covariance of the errors
over time. In a geospatial context, ρ is the cross-correlation between the
standardized prediction errors of the two time steps. This covariance term
ensures that we are estimating the uncertainty of the change accurately.
Although this termcanbe ignored, doing sowould lead to anoverestimation
of the uncertainty and a greater uncertainty deduction. It can, however, be
estimated using a (pseudo) cross-correlogram45 with the same MC
integration as done in this study.

The uncertainty deduction is generally applied in units of the carbon
dioxide (CO2) removal. Conversion of themean and variance in SOC stocks
to the unit of the carbon emission removal is done multiplying the SOC
stock in Mg ha−1 by the conventional conversion factor of 44/12 ≈ 3.67.
Accordingly, the mean and variance of the CO2 removal is obtained as
follows.
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The mean emission removal:

CO2;t0;t0þ1
¼ ðΔdSOCt0 ;t0þ1

� ΔdSOCbaseline;t0;t0þ1
Þ � 44

12
: ð6Þ

The variance of the mean emissions removal:

varðCO2;t0 ;t0þ1
Þ ¼ ðvarðΔdSOCt0 ;t0þ1

Þ þ varðΔdSOCbaseline;t0 ;t0þ1
ÞÞ � 44

12

� �2

;

ð7Þ
where ΔdSOCbaseline;t0;t0þ1

and varðΔdSOCbaseline;t0 ;t0þ1
Þ are the mean and

variance of the SOC stock change in the baseline control area between the
two time steps. When no control sites are used, the mean is zero and the
variance equals the variance of the change estimated with Eq. (5).

Assuming a normal distribution with mean and variance provided in
Eqs. (6) and (7), respectively, a probability of exceedance method can be
used for the uncertainty deduction, using a defined threshold in the esti-
mated probability density function of the reduction removal source. Given
the large sample size (n = 1019) and the use of geostatistical aggregation to
estimate the variance of the project-areamean, the sampling distribution of
themeanwas assumed tobe approximately normal.Weused theprobability
of exceedance method described in VM0042 to calculate the number of
creditable tons of CO2. The probability of exceedance method works using
Eq. (7) to construct a probability distribution for the mean emissions
removal estimate. The credit claim is the 33.3rd percentile of the probability
distribution.Thus, greater uncertainty in the estimate of themean emissions
removal reduces the economic value of the credit claim, which can be as
small as 0, evenwhen themeanof the emissions removal estimate is positive.

As no data on SOC stock change was available in the current database,
the uncertainty deduction is demonstrated with a scenario for a standard
sequestration rate taken from Zomer et al.4, which reports a middle-of-the-
road annual sequestration rate for North American agricultural land that is
0.6% of the stock size. We tested different monitoring periods with an
annual sequestration rate that is exponential. The simulated sequestration
was therefore calculated as SOCt = SOC0 × 1.006t, where t is the number of
years, and SOC0 is the soil organic carbon at the baseline. We tested project
durations of 3, 5, and 10 years, which reflect typical MRV cycles46 and
correspond to timeframes in which SOC changes are generally detectable
given turnover rates and spatial variability47. The resulting uncertainty
deduction is calculated.

The uncertainty deduction obtained at project level for the scenarios
for SOC stock changes for 3, 5 and 10 years are compared to the deduction
that would be obtained for larger projects. To obtain larger projects, we
bootstrapped the sevenfields of this study and createdprojects up to 100,000
acres. Using the correlation functions and properties of the individual fields,
the aggregated average standard deviation and the uncertainty deduction
was obtained for time steps of SOC stock change of 3, 5 and 10 years, for a
correlation value of the error between the time steps of 0.5 and 0.9 (i.e. the
variance of the change calculation). We also calculated the uncertainty
deduction for smaller sequestration rates, using rate values of 0.1, 0.2, 0.3
and 0.4% of the stock size.

Data availability
The datasets generated and analysed during the current study are available
from the study of Potash et al.39 and stored in the repository address: https://
doi.org/10.6084/m9.figshare.23669304.v2.

Code availability
The underlying code for this study is not publicly available. A reproducible
example of spatial aggregation of the uncertainty is provided in https://
github.com/AlexandreWadoux/UncertaintySpatialAggregation.
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