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ABSTRACT

Soil organic carbon (SOC) is used for soil health, indicating soils’ agricultural productivity potential, and
correlating with other functions like water capacity and soil biodiversity. SOC stocks are increasingly
recognized in climate change mitigation strategies. Soil carbon sequestration represents 25% of all
natural climate solutions to carbon. Current SOC maps for Great Britain (GB) are limited due to their
coarse resolution (0.5-1km). High demand exists for fine resolution SOC maps to estimate stock
baselines and inform field-scale sampling strategies and land management. We present SOC concen-
tration and stock maps at 5 m resolution for GB, generated using machine learning and accounting for
physical and chemical soil properties, weather, topography and land cover (LC). Our model explains
74% of SOC variability in the evaluation dataset, with a RMSE of 9.8 (tC ha™ "). Soil pH and LC are the
most important SOC predictors. We estimate ~ 2704Tg SOC for GB in the soil's top 30 cm: 1403Tg in
England, 283Tg in Wales, and 1017Tg in Scotland. Neutral grasslands contribute the most SOC in
England and Wales (37.2% and 50.7%). Dwarf heath shrubs, bogs and natural grasslands have higher
contributions in Scotland (22-25%). Our SOC stock estimation compares with previous studies and our
map reflects expected SOC distribution for different parts of GB under different LCs. Its high spatial
resolution and accuracy enable SOC assessment at small scales (a single farm or a field) and can help to
develop sustainable land management and guide soil sampling by optimizing sampling size and cost.
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1. Introduction

Soil organic carbon (SOC) is the largest pool of terrestrial
carbon, accounting for approximately three times more
carbon than vegetation (Batjes, 1996; Scharlemann et al.,
2014). Measures to increase soil carbon alone are estimated
to represent 25% of all potential natural climate solutions
(Bossio et al., 2020) and could reduce net annual GHG
emissions within the Agriculture, Forestry, and Other Land
Use (AFOLU) sector by 3-71% (IPCC). SOC is also an
(2014) excellent metric for soil health in agricultural soils:
high SOC brings additional benefits such as sustaining
agricultural productivity, reducing soil degradation, and
improving available water capacity which can reduce
flood risks. Realizing the soil’s potential to tackle climate
change has led to the development of policies, nationally
and globally, that provide economic incentives to farmers
and land managers to encourage soil and land management
practices that can enhance soil carbon storage. In Great
Britain (GB), with the Department for Environment, Food
& Rural Affairs (DEFRA) new policies on payments for
public goods within Environmental Land management
schemes (ELMS), such as Sustainable Farming Incentive

(SFI), and with the emergence of new private sector mar-
kets for carbon credits, many farmers and land managers
are looking for additional income through carbon seques-
tration by regenerative agricultural practices. Since soil
sampling will be an absolute minimum criterion to take
advantage of such funding schemes, a sampling approach
informed by a priori knowledge of soil organic carbon
variability within a farm will be cost-effective, especially
in the absence of previous sampling. A digital SOC map
developed nationally at spatial resolutions relevant to land
managers would provide a baseline representing the cur-
rent status of SOC, which is fundamental in devising land
management measures to improve SOC build-up in the
future. Such a baseline SOC map would in addition help to
identify the variables that control SOC locally, guide soil
sampling, and be used for further modelling to estimate
SOC offsetting opportunities.

Soils may gain or lose organic carbon depending on
plant carbon input, soil type, land management, and cli-
matic conditions. Spatial and temporal patterns of soil
carbon stock and changes in carbon stock are therefore
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a result of both local (e.g. land use, soil, parent material)
and regional-to-global (e.g. climate, weather) factors that
govern SOC balance in terms of biomass inputs (mainly
from vegetation) and losses from decomposition
(Muhammed et al.,, 2018; Schmidt et al., 2011). A number
of approaches for spatially estimating SOC exist, including
remote sensing (Arthur Endsley et al., 2020; Thaler et al.,
2019), semi-mechanistic models (Falloon et al., 2006;
Hendriks et al., 2021; Pierson et al., 2022), and digital soil
mapping (DSM) ranging from simple statistical models to
sophisticated machine learning (ML) approaches. DSM is
a powerful tool that can be used to model the spatial
distribution of SOC content as a function of the local
variability as determined by a set of environmental covari-
ates. DSM has been applied at field (Zhou et al., 2022),
regional (L. Yang et al,, 2021), national (Guevara et al.,
2018; Heuvelink et al., 2021; Tao et al., 2020) and global
(FAO, 2018; Hengl et al., 2014, 2017) scales to map SOC.
Many different statistical approaches have been used for
DSM to map SOC, including simple geostatistical models
with a spatially varying mean (Kempen et al., 2019), ordin-
ary kriging (Mishra et al., 2009), Scorpan kriging (Ungaro
et al., 2010), ML (Emadi et al., 2020), or a combination of
several modelling approaches (FAO, 2018). Usually, ML
models are more accurate than simple statistical models,
although insight behind the functioning of these models is
complex (Wadoux et al, 2023). A number of ML
approaches have been used to map SOC, encompassing
Random Forest (Guevara et al., 2018), quantile regression
forest (Heuvelink et al.,, 2021), Gradient Boosting (Zhou
et al., 2022), deep learning or neural networking (Tao et al,,
2020; L. Yang et al, 2021), or a combination of ML
approaches (Hengl et al., 2017).

Great Britain has a wealth of broad scale SOC mea-
surements through past national-level soil survey initia-
tives (Land Information System for the UK (LANDIS)
(Proctor et al, 1998), National Soils Inventory of
Scotland (NSIS) (Lilly et al., 2010), CEH Countryside
Survey (Emmett et al., 2010)). These are in addition to
the soil surveys done at the European scale (Land Use
and Cover Area frame Statistical survey (LUCAS)).
These various surveys provide consistent point-based
datasets with spatial resolutions ranging from 1 km to
100 m (Aitkenhead & Coull, 2020) and provide SOC
values, associated soil parameters, and land cover (LC)
information for the whole or part of GB. Output from
these data have been pivotal in the development of maps
showing the distribution of SOC in soils for England &
Wales, Scotland, and the UK. Comparison amongst
these different maps also demonstrates widespread con-
formity. For example, when Feeney, Cosby (Feeney
et al., 2022) compared eight SOC (%) maps of top soil
organic carbon with spatial resolutions ranging from

250 m to 1 km for the whole of GB, similar distributions
were apparent for mineral soils with relatively low SOC.
In contrast, higher uncertainty was apparent in mineral
soils with very low SOC and in soils rich in carbon,
particularly peatlands in Scotland.

The problem with all of these existing models, how-
ever, is their unsuitability for determination of SOC at
local field or farm scale. Their low granularity means
that when assessing individual fields, they are of limited
use because their finest resolution is 250 m x 250 m =
6.25 ha. The reason for this lack of fine resolution is due
to the limited availability of fine-resolution covariate
data such as land cover (LC), which is one of the most
important predictors of SOC (Meersmans et al., 2012;
Thomas et al., 2020). This lack of fine resolution maps
for SOC is becoming a serious knowledge gap.
Underestimation of organic soils can have serious rami-
fications in quantifying SOC inventories nationally or
globally and the potential of soil carbon to meet inter-
nationally agreed carbon storage targets. Similarly, over-
estimation of SOC concentrations may over-credit
farmers for their land management practices and mis-
guide them in their soil offsetting approaches.

To address this knowledge gap, this paper describes the
results of a machine learning modelling approach where we
have utilized existing point field data along with other
associated open-source soil parameters and environmental
data to develop a 5 m resolution SOC map for GB. We then
tested the mapped output of SOC using an evaluation field
dataset. We demonstrate that our model explains 74% of
the variability in SOC in the GB landscape with a RMSE of
9.8 (tC ha™ ') and represents an important forward step in
detailing the fine resolution distribution of SOC in GB.

2. Data and methods

To build a SOC model for GB, we implemented
a Random Forest machine learning approach
(Breiman, 2001; RF package 4.7-1.1 in the
R environment) capable of predicting 0-15cm SOC
(%) at 5m spatial resolution by combining soil and
environmental covariates from different open data
sources (detailed below) along with point-based SOC
(%) measurements to train the model. Upon internal
evaluation, the model was projected onto the whole of
GB, predicting SOC (%) for 0-15cm at a 5m spatial
resolution. To enable model results to be compared
against multiple outputs from different modelling stu-
dies (Feeney et al., 2022) (external evaluation), our
modelled SOC (%) values, initially estimated at 0-15
cm, were estimated at 0-30 cm. Subsequently, 0-30 cm
soil organic carbon stock (Cs, t/ha) was estimated
(Figure 1).
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Figure 1. Flowchart showing the data used in this study and the modelling workflow. (1): data (point-based and gridded); (2) cross-
calibration/evaluation of the RF model; (3) model projection onto a 5 m GB grid (SOC (%), 0-15 cm); (4): estimation of SOC (%) to 0-30
cm; (5) estimation of carbon stock (cs, t/ha) from SOC (%), 0-30 cm; (6) external evaluation against independent SOC and Cs datasets.

2.1. Data

2.1.1. Model training and evaluation

A suite of soil and environmental variables were initially
chosen as potential predictors in the model, based on
a priori knowledge of variables known to affect SOC
(Ayala Izurieta et al., 2021; Vos et al.,, 2019; Wang et al,
2022; Zeraatpisheh et al., 2022). These predictors included
Land Cover (LC), clay (%), sand (%), silt (%), pH, elevation

(m.a.s.L.), slope (%), aspect (°), Topographic Wetness Index
(TWI), annual mean soil temperature (°C), annual mean
air temperature (°C), average monthly precipitation
(rainfall, mm), and Potential Evapotranspiration (mm).

2.1.1.1. Dependent variables. SOC values were
obtained from the LUCAS and the National Soils
Inventory of Scotland (NSIS) datasets. LUCAS is the most
consistent land use and cover database in Europe, managed

Figure 2. Sampled data points across Great Britain; (A) the Land Use and cover area frame statistical survey (LUCAS) topsoil dataset; (B)
the national soils inventory of Scotland (NSIS) dataset, and (C) LUCAS and NSIS datasets together.
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by the European Statistical Office of the European
Commission (Eurostat). Since 2006, Eurostat has con-
ducted LUCAS surveys every three years (Jones et al,
2020). We used data from a survey conducted in all 28
EU member states in 2015 resulting in 22,631 sampling
points, of which 711 were collected in Great Britain
(Figure 2A). In each LUCAS point, a composite 500 g soil
sample was taken from five subsamples collected with
a spade to a depth of 20 cm within a distance of 2 m, once
stones, vegetation residues, grass and litter had been
removed from the surface. The five subsamples were
mixed, vegetation residues and stones removed, and 500 g
of the mixed soil used in subsequent analysis. Soil physical
and chemical properties were analysed according to stan-
dard ISO methods. Organic carbon content was analysed
by dry combustion (elementary analysis; ISO 10,694:1995).
The NSIS dataset was used to cover the area of Scotland
(Figure 2B), which was not comprehensively covered by
LUCAS. NSIS includes soil and site data taken over a 10 km
point-grid at different depths from multiple horizons at
each point (Lilly et al., 2010). NSIS samples were conducted
at various times from 1971 to 1981. In each NSIS point,
a pit was excavated at each site to reveal the soil profile and
the collection of soil samples by horizon to at least 75 cm
(100 cm in peat). Samples for all analyses were air-dried at
30°C and sieved (<2 mm). Samples for C content were
further dried at 50°C. Elemental carbon (g/kg) was per-
formed on a Hewlett-Packard CHN 185 analyser (Hewlett-
Packard, Palo Alto, CA, United States). NSIS data were
filtered to only include samples taken at depths within 0-15
cm to match the LUCAS dataset, which resulted in 695

A-Calibration

points. The final dataset (LUCAS plus NSIS) consists of
1406 georeferenced sampling points throughout Great
Britain (Figure 2C). SOC in the LUCAS dataset is given
in g/kg, which was divided by 10 to convert it to SOC (%, or
g/100 g). SOC in NSIS data was given as Soil Organic
Matter (SOM, %): we used the conventional factor of 1.72
to convert SOM to SOC (%) (Leigty & Shorey, 1930).

2.1.1.2. Covariates. In addition to SOC, both LUCAS
and NSIS datasets included most of the covariates
required for model training, such as soil physical and
chemical properties, LC, and topographic indices.
Climate variables (rainfall, annual mean air tempera-
ture, and potential evapotranspiration) were extracted
from the 1 km grid cells overlapping with the point data
from HadUK-Grid, a gridded climate dataset produced
by the Met Office Hadley Centre for Climate Science
and Services (Hollis et al., 2019).

2.1.2. Model projection on a map (gridded datasets)
In this study, we used a LC map at 5m resolution
generated from the best available open-source data
layers in England, Wales, and Scotland (Table S1),
which were selected based on the most recent data
with the highest possible spatial resolution. All input
datasets were harmonized using the UK Habitat classi-
fication (UK Habitat Classification Working Group,
2018). The UK Habitat classification is a hierarchical
classification system with five nested levels (1-5) for
categorizing primary habitats. The highest level of detail
possible was used when harmonizing the different data

B-Evaluation 3
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Figure 3. The distribution of (A) calibration and (B) evaluation datasets across Great Britain.



sources. Open-source data were complemented by
a map of hedgerows and trees outside of woodlands
created using canopy height data from BlueSky Ltd
(Zellweger et al., 2022).

Soil pH and silt (%) data were downloaded from
European Soil Data Centre (ESDAC) at 500 m spatial
resolution. These maps were generated from LUCAS soil
surveys in 2009 and 2012 (Ballabio et al., 2016, 2019). Since
large parts of Scotland were not covered by LUCAS sam-
pling points (Figure 1A), for some parameters like soil pH,
gridded data (1 km) from The James Hutton Institute were
used (Carag et al. 2022). Elevation and slope data were
derived from the EU-Digital Elevation Model (DEM) at 25
m spatial resolution (EU-DEM - Version 1.1, 2018).
Gridded climate data (rainfall, mean temperature, and
potential evapotranspiration) were obtained from HadUK-
Grid [1 km resolution; 39]. Average monthly precipitation,
mean monthly temperature and monthly potential evapo-
transpiration were calculated from 1981 to 2020. Raster
maps of all predictor variables were resampled to 5m
spatial resolution to match the resolution of our LC map.

2.2. Variable importance and variable selection

In the RF regression model, variable importance was esti-
mated by (i) Mean Decrease in Accuracy and (ii) Increase
in Node Purity. Mean Decrease in Accuracy (also known
as Percent Increase in Mean Square Error, or %IncMSE)
quantifies the importance of a variable by measuring the
change in model prediction accuracy (% decrease) when
the values of the variable are randomly permuted com-
pared with the original observations. Increase in Node
Purity (IncNodePurity) uses the Gini coefficient to mea-
sure the change in the homogeneity of the groups created
by the trees in the Random Forest model when the values
of a given variable are randomly permuted.

Variable selection in the RF regression model was
done through iteratively running the model evaluation
as follows: any covariate that did not increase the
model’s percent variance explained or reduce Root
Mean Squared Error (RMSE) was removed from the
analysis; covariates with the lowest %IncMSE were
removed. This was done until a set of covariates that
resulted in a model with the highest variance explained
and lowest RMSE was obtained.

2.3. Estimation of SOC (%) to 0-30 cm

Most of the organic carbon in soil is concentrated on
the surface layer, which means that soil measure-
ments are usually done to a depth of 30cm. SOC
in these top layers is considered to be agronomically
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more important, and farmers usually only measure
soil to a depth of 30 cm. However, since soil covari-
ates in both point and gridded datasets corresponded
to 0-15cm depth, the prediction in this study was
initially made for 0-15cm. We then used the mod-
elled 0-15cm SOC (%) to predict SOC to 0-30 cm
employing an exponential decline function described
by Hilinski (Hilinski, 2001) and Ottoy, Elsen (Ottoy
et al., 2016) to obtain SOC (%) for the entire 0-30
cm. The function as described by Ottoy, Elsen
(Ottoy et al., 2016) is:

C(z) = Cy + (Cp — Cp)e~ k02, (1)

where C(z), Cp, and Cy are SOC (%) at depth z (30 cm in
this case), the base of the profile, and the surface (5 cm),
respectively; and kgp is a constant that determines the
shape of the exponential decline function. A higher
value of kpp indicates a strong decline in SOC with
depth increase (Ottoy et al., 2016). Since C, is unknown,
it has to be estimated from the predicted SOC (%) for
the known depth of 0-15 cm. Hilinski (Hilinski, 2001)
used a factor of 1.5 to calculate SOC at 0-5cm from
estimated SOC at a known depth of 0-20cm.
Accordingly, here we used a factor of 1.375 to calculate
Cy from predicted SOC at 0-15 cm.

Equation 1 was integrated for the entire 0-30 cm
depth as follows:

3J0 C— 6730k<(30Cbk —Cp+ C())€730k + Cy — C())

0 k
(2)

2.4. Soil organic carbon stock (Cs)

Estimates of soil C stock for 0-30 cm were generated
from SOC (%) and bulk density at 0-30 cm, which
enables the comparison of our predicted SOC with
other similar maps which are measured and modelled
to a depth of 30 cm. Soil organic carbon stock (Cs, t/ha)
down to 30 cm depth was calculated as follows:

Cs = SOC3¢ * BD * D, (3)

where SOC;p and Bulk Density (BD) are soil organic
carbon and bulk density down to 30 cm depth, respec-
tively, and D is soil depth in cm. This resulted in Cs
(mass/area), which were presented as tonnes/hectare (t/
ha) to facilitate comparison with other maps and datasets.

Bulk Density for Great Britain usually changes
between LC classes, ranging from 0.17 g cm ™ for ‘Bog
& Blanket Bog to 123g cm™ for ‘Arable &
Horticulture’ LC classes (Emmett et al, 2010).
However, most BD maps available at national scales
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show relatively high BD values (>0.5) for LC classes with
higher SOC (%), such as bogs and heathlands, and result
in extremely high carbon stock and estimation errors
(Aitkenhead & Coull, 2020). For example, the European
Soil Data Centre (ESDAC) estimates BD from soil pack-
ing density and clay content (Ballabio et al., 2016) show
high uncertainty, especially in the peatland area of
northwest Scotland that is not covered by the LUCAS
soil sampling. Therefore, in this study, we used the
method described by The Countryside Survey: Soils
Report 2007 (Emmett et al., 2010) to calculate BD
from SOC%, which assumes an exponential decline in
BD with an increase in SOC as follows:

BD = 1.29¢70:0206x 4 5 51700003 _ 5 057, (4)

where x is SOC g/kg at 0-30 cm depth. We used this
approach since (i) pedo-transfer functions with
a negative exponential relationship between SOC (%)
and BD have been shown to perform better than linear
ones (Yi et al., 2016); (ii) this empirical function (equa-
tion 4) is based on data from British soils; and (iii) pedo-
transfer functions using SOC (%) as a predictor have
long been shown to have high predictability (Manrique
& Jones, 1991).

2.5. Model performance (evaluation)

2.5.1. Internal model evaluation

To evaluate the predictive power of our RF regression
model, we randomly split our initial point-dataset in
two, where 70% (985 data-points) was used for training
the model (calibration) and the remaining 30% (421
data-points) for model evaluation (cross-calibration
/evaluation; Figures 1 & 3), whereby the model cali-
brated on 70% of the data points was projected on the
evaluation data points. Percent explained variance (R?)
and RMSE were calculated for the evaluation dataset for
all habitats, collectively and separately.

2.5.2. External model evaluation

2.5.2.1. Maps. We compared our predicted maps
against existing available national maps for Great
Britain. These were:

SOC (%) 0-15cm: the Countryside Survey SOC
(Emmett et al., 2010), 1 km spatial resolution) and
the LUCAS (500 m spatial resolution) maps;

Cs (t/ha) 0-30 cm: the Global map of C stock (GSOC)
(FAO, 2018), 1 km spatial resolution.

2.5.2.2. Summary statistics. We also compared coun-
try- and LC-based Cs 0-30 cm summary statistics from
our model with those available from the soil carbon and

land use database for the United Kingdom published by
Bradley, Milne (Bradley et al., 2005), at 1km spatial
resolution.

2.5.3. LC classes in model evaluation

The LC map at 5 m resolution in our study includes very
detailed habitat information, based on the UK Habitat
classification (UK Habitat Classification Working Group,
2018). Due to this level of detail, some unique habitat
categories were missing in the calibration/evaluation
dataset or occurred at numbers so low that could not
be used in model calibration/evaluation. In these latter
cases, some LC classes were grouped and reclassified to
broader LC groups in the calibration/evaluation dataset
according to their overall higher-level similarity and
similar SOC observed levels. Likewise, we reclassified
some LC classes in the external evaluation to match
them with those of the maps and datasets from other
studies against which we compared our study. Finally,
‘Water Bodies’, ‘Urban Areas’, and ‘Inland Rocks &
Sediment’ were removed, as they represented insufficient
data for calibration or were not relevant to the study. Fig.
81 provides a detailed account of how and why LC
classes have been managed in this study.

3. Results
3.1. Internal model evaluation

The summary statistics and evaluation results suggest
that the predicted SOC (%) 0-15cm is within the
ranges of observed SOC (%) 0-15cm for different
habitats, with highest average SOC (%) 0-15 cm values
(44.7%) for ‘Bog & Blanket Bog” LC classes and lowest
average SOC (%) 0-15 cm values (3.8%) for ‘Arable &
Horticulture’ LC classes (Table 1). LC-based average
predicted SOC (%) 0-15 cm values are the same or very
close to the average observed SOC (%) 0-15 cm for the
same LC. However, within the same LC class, the
standard deviation was higher for observed SOC (%)
0-15cm compared to predicted SOC (%) 0-15cm,
since our model slightly overestimated the lowest
observed SOC (%) 0-15 cm values and slightly under-
estimated the largest observed SOC (%) 0-15 cm values
(Table 1). Figure 4 shows the linear relationships
between observed and predicted SOC (%) 0-15 cm in
the evaluation dataset (not used for training the model)
and for each LC class separately. The model was able to
predict the upper and lower limits of SOC (%) 0-15 cm
in the evaluation dataset, while the points are more
scattered around the middle of the regression line
when considering all LC classes together (Figure 4A).
Model performance was mostly consistent over all LC



classes, with R? ranging from 0.77 for ‘Woodland’ to
0.85 for ‘Bog & Blanket Bog’, except for ‘Dense Scrub,
Fen Marsh & Swamp’, which showed R? values at 0.55
(Table 1; Figure 4).
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We found similar spatial patterns between observed
and predicted SOC (%) 0-15cm (Figure 5A, B), with
higher SOC (%) 0-15 cm values predicted in areas with
higher observed SOC (%) 0-15cm and vice versa.

Table 1. Summary statistics of observed and predicted SOC (%) 0-15 cm in evaluation dataset, for different LC classes, determina-
tion factor (R?), and root mean square error (RMSE) of the linear relationship between them. For further information on the LC

classes, please see ‘data and methods’ and fig. S1

Habitats Mean Min Max SD R RMSE
All habitats in the evaluation dataset Obs 16.8 0.43 59.92 19.2 0.74 9.8
Pre 16.4 1.36 53 15.7
Woodland Obs 18.7 1.09 58.9 18 0.77 8.76
Pre 19.6 3.58 52.95 14.9
Grassland Obs 10.5 0.84 57.9 13.1 0.78 6.24
Pre 10.5 2.7 5.4 10.4
Arable & Horticulture Obs 38 0.3 57.7 6.0 0.81 2.8
Pre 3.8 1.25 454 4.6
Bog & Blanket Bog Obs 44.7 1.9 59.9 15.1 0.85 6.61
Pre 438 9.7 553 11.2
Dwarf Shrub Health Obs 28.7 0.62 57.9 19.1 0.82 8.32
Pre 284 4.54 54.0 14.5
Dense Scrub, Fen Marsh & Swamp Obs 14.5 1.7 47.9 13.9 0.55 10.23
Pre 1.9 49 358 6.2
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Figure 4. Linear regression between observed (evaluation dataset) and predicted SOC (%) 0-15 cm (evaluation values predicted with
the model trained using the calibration dataset). (A) all habitats; (B) ‘grassland’; (C) ‘woodland’; (D) ‘arable & horticulture’; (E) ‘bog &
blanket bog'’; (F) ‘dwarf shrub heath’; and (G) ‘fen marsh, swamp & dense scrub’. For further information on the LC classes, please see

‘data and methods’ and fig. S1.



8 S. MAHMOOD ET AL.

Overall, differences between observed and predicted
SOC (%) 0-15 cm in the evaluation dataset were small,
ranging from -5 to 5% for most points across Great
Britain, especially in England and Wales (Figure 5C),
while most underestimation and overestimation
occurred in Scotland, in sites with high SOC (%) 0-15
cm values.

Finally, the distributions of SOC (%) 0-15 cm values
across different LC classes for the data points used in the
modelling exercise show a good fit between each of the
LC classes’ range of observed SOC (%) 0-15 cm values
(Figure 6A) and those modelled in this study
(Figure 6B). Whereas our model accurately matched
the distributions and ranges of SOC (%) 0-15 cm values
when compared to observations, Figure 6 also shows
that the highest values tended to be underestimated,
especially those in the ‘Bog & Blanket Bog’ LC class.

3.2. Variable importance

Eight predictors were finally selected to calibrate the
model. Variable importance was estimated by Mean
Decrease in Accuracy (%IncMSE) and Increase in
Node Purity (IncNodePurity; see section 2.4).
According to both statistics, soil pH was the most
important variable, followed by LC, average monthly
precipitation, silt (%), annual mean air temperature,
slope (%), elevation (8th most important variable
according to %IncMSE and 7th according to
IncNodePurity), and Potential Evapotranspiration (7th
most important variable according to %IncMSE and 8th
according to IncNodePurity; Figure 7).

3.3. Cs(tha ") 0-30cm

SOC (%) 0-15cm was converted to SOC (%) 0-30
cm and then to Carbon stocks (Cs) (t ha™') 0-30 cm
as explained in sections 2.2 and 2.3. Results suggest
that the total Cs at 0-30cm is 2704Tg for GB, of
which more than half is in England (52%), followed
by Scotland (38%) and Wales (10%) (Table 2).
Although total area under all the LC classes in
Scotland (5.74Mha) is only less than half the total
area in England (11.72Mha), total Cs in Scotland
represents > 70% of the total Cs in England because
of a higher average Cs (169.1 t ha~ ') in Scotland
compared to England (139.6 t ha~ ") and Wales
(153.3 t ha™ '). The average Cs varies with different
LC classes, with the highest values found in ‘Bog &
Blanket Bog’ LC class, which range from 181.3 t ha™
Uin England to 212.3 t ha” ! in Scotland, and the
lowest values found in ‘Arable & Horticulture’ LC
class, ranging from 88.6 t ha~ ' in England to 110.7
t ha™ ' in Wales. ‘Neutral Grasslands’ LC class has
the highest relative contribution of total Cs in
England (37.2%) and Wales (50.7%), representing
34% and 52% of total area in England and Wales
respectively. In England, ‘Arable & Horticulture’ is
the most frequent LC class (29% of the total area)
and has a relative contribution to total Cs of 21.3%,
while in Scotland, ‘Dwarf Shrub Heath’ LC class had
the highest relative contribution (25%) followed by
‘Bog & Blanket Bog  (23.5%) and ‘Neutral
Grasslands’ (22.4%) LC classes, together representing
67% of total area.
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Figure 5. The distribution of SOC (%) evaluation points at 0—15 cm across Great Britain showing (A) observed, (B) predicted and (C) the

difference between observed and predicted.
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3.4. External model evaluation

3.4.1. SOC (%) 0-15 cm: Countryside survey and
LUCAS maps

There is an overall agreement in the spatial pattern of our
predicted SOC (%) 0-15 cm map when compared to those
of Countryside Survey and LUCAS for the same soil
depths (Figure 8). For all these maps, high SOC (%) 0-
15 cm (>45%) values are found mostly in central to wes-
tern Scotland, whereas low SOC (%) 0-15 cm (<5%) values
are mostly found in south and south-east England. This

high spatial association suggests that our model generates
robust predictions. Further, our model was able to predict
the upper and lower margins of SOC (%) 0-15cm at
national scales. Some disagreements can be noted in
some areas between our predicted SOC (%) 0-15cm
map and the other two maps, especially in western parts
of Scotland and northern England (-15 to -25%), with
small differences in SOC (%) 0-15 cm ranging from -5 to
+5% for most of GB. Importantly, the magnitude of the
disagreement between the map in this study and those
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Table 2. Summary statistics of predicted carbon stock (cs, t ha™ ') 0-30 cm for common LC classes in Great Britain. For further
information on the LC classes, please see ‘data and methods’ and fig. S1

Land Cover Class Min (t/ha) Max (t/ha) Mean (t/ha) Total (Tg) % Total Area (1000 ha)
England

Dense Scrub 98.9 209.9 1371 60.8 433 443.5
Bog 139 216.1 182.3 45.7 3.25 250.7
Coniferous Woodland 115.1 216.1 147.6 62 442 4203
Sparsely Vegetated Land 40.9 2034 96.8 443 3.15 457.5
Acid Grassland 1315 215 177.6 274 1.95 154.1
Arable & Horticulture 37.7 206.4 88.6 299.6 21.35 33834
Broadleaved & Mixed Yew Woodland 71 2145 126.8 249.8 17.8 1970.3
Fen Marsh & Swamp 109.3 204.7 143.7 36.2 2.58 252
Neutral Grassland 78.7 211.5 129.2 522.1 37.2 4041
Dwarf Shrub Health 101.8 216 160.3 553 3.94 345.1
All Land Cover Classes 37.7 216.1 139.6 1403 11718
Wales

Dense Scrub 107.1 183 151.5 0.8 0.29 55
Bog 139.7 216 181.3 7.7 2.73 42.7
Coniferous Woodland 121.2 215.8 160.9 28.4 10.04 176.8
Sparsely Vegetated Land 75.1 1924 142.7 13 0.47 9.4
Acid Grassland 1314 2123 161.7 37.7 13.29 2329
Arable & Horticulture 63.1 179.1 110.7 6.6 2.34 59.9
Broadleaved & Mixed Yew Woodland 86 199.1 145.2 37.2 13.13 256.4
Fen Marsh & Swamp 115.5 207.2 165.9 7.7 2.7 46.2
Neutral Grassland 89.9 196.7 144.6 143.6 50.66 993.2
Dwarf Shrub Health 109.3 215 163.7 12.1 4.28 74
All Land Cover Classes 63.1 216 153.3 283 1897
Scotland

Dense Scrub 1141 214 165.5 4.6 0.45 27.9
Bog 136.8 216.1 2123 238.7 23.48 11243
Coniferous Woodland 117 216.1 183.4 134.6 13.24 733.8
Sparsely Vegetated Land 783 2144 148 13.1 1.29 88.5
Acid Grassland 142.9 216.1 190.1 17.8 1.75 93.7
Arable & Horticulture 65.5 214.7 102.8 49.4 4.86 481.1
Broadleaved & Mixed Yew Woodland 91.8 215.8 157.9 57.8 5.68 365.8
Fen Marsh & Swamp 117.8 215 186.6 16.5 1.62 88.3
Neutral Grassland 96.3 216 158.2 228 2243 1441
Dwarf Shrub Health 119 216.1 198.3 254.7 25.04 1283.9
All Land Cover Classes 6.5 216.1 169.1 1017 5728
Great Britain 37.7 216.1 154 2704 19343

*Tg (Teragram) = 1,000,000 tonnes

from the Countryside Survey and the LUCAS maps
(Figure 8D, E) is well within the range of disagreement
between the latter two maps (Figure 8F).

3.4.2. Cs(tha') 0-30cm

3.4.2.1. Global map of C stock (GSOC). Predicted Cs
0-30 cm values were compared for GB from GSOC (FAO,
2018) (Figure 9). According to our study, Cs ranged from
37.7 t ha” ' for the ‘Arable & Horticulture’ LC class in
England to 216.1 t ha™ ' for the ‘Bog & Blanket Bog’ LC
class across GB (Table 2; Figure 9A). Our predicted Cs map
(Figure 9A) shows some association with the GSOC map
(Figure 9B), but there is considerable disagreement
between the two (Figure 9C). In general, our predicted Cs
tends to be slightly higher in most areas across GB com-
pared to the GSOC map. Our Cs estimates appear to be
lower than those of the GSOC map in some areas in the east
and south of Scotland, and across small pockets in the east
of England.

3.4.2.2. National and LC-based Cs statistics. We esti-
mate that soils of GB hold 2704Tg of organic carbon in the
0-30 cm depth soil, with an average of 154 t ha™ ' SOC. Our
estimated value of total SOC stock compares well with the
value reported by Howard, Loveland (Howard et al., 1995)
for GB (2773Tg) and is slightly higher than the total Cs
reported by Bradley, Milne (Bradley et al., 2005) (2371Tg;
Table 3). At national scales, our predicted values of Cs for
England, Wales and Scotland were 1403Tg, 283Tg and
1017Tg, respectively. These values are higher than those
reported by Bradley, Milne (Bradley et al, 2005) for
England and Wales (1015Tg and 194Tg, respectively),
and slightly lower for Scotland (1161Tg). Our mean pre-
dicted values of Cs for the most common LC classes
(‘Coniferous Woodland’, ‘Arable & Horticulture’, and
‘Neutral grasslands’) are higher for England and Wales
compared to mean values reported by Bradley, Milne
(Bradley et al., 2005), but the differences are much lower
for Scotland. However, the total Cs (Tg) held by each of
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LUCAS and Countryside maps.

those LC classes, and their relative contributions, in our
study are close to the values reported in Bradley, Milne
(Bradley et al., 2005).

4. Discussion
4.1. Internal model evaluation

Random Forest with selected predictors performed well
in predicting SOC (%) 0-15 cm, explaining 74% of the
variability in SOC (%) 0-15 cm in the evaluation dataset,
with a RMSE 0f 9.8 tC ha™ ! (Table 1, Figure 4). Predicted
SOC (%) 0-15 cm reflects the observed spatial pattern of
SOC (%) 0-15 cm across GB and observed levels of SOC
(%) 0-15cm under different LC classes (Figure 5) and

captures their overall range of values (Figure 6). Relatively
marginal under- or overestimation of SOC (%) 0-15 cm
in the evaluation dataset could be partly due to the bias in
the spatial distribution of the training dataset used for
building the model (R.-M. Yang et al., 2016). The uncer-
tainty in predicted SOC (%) 0-15 cm is especially evident
in some parts of Scotland which are not covered by
LUCAS sampling points. Indeed, most NSIS sampling
points are relatively old and may add additional noise to
the SOC dataset (Chapman et al., 2013). Differences in
analytic methods also contributed to uncertainty and
difference in SOC% between samples collected in
1978-1988 and resampled in 2008-2009 in Scotland
(Lilly et al., 2010).
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Table 3. Summary statistics of predicted carbon stocks (Cs) 0-30 cm for common LC classes in Great Britain compared to those
reported by Bradley, Milne (Yi et al., 2016) for the same LC classes. For further information on the LC classes, please see ‘data and

methods’ and fig. S1

Predicted Cs 0-30 cm (this study)

Predicted Cs 0-30 cm [48]

LC classes Mean (t/ha) Total (Tg) % of total Mean (t/ha) Total (Tg) % of total

England Coniferous woodland 147.6 62 442 100 62 6.1
Arable & horticulture 88.6 299.6 21.35 70 356 35.1
Neutral grassland 129.2 5221 37.2 120 435 429
Total 1403.5 1015

Wales Coniferous woodland 160.9 284 10.04 120 26 134
Arable & horticulture 110.7 6.6 2.34 70 5 2.6
Neutral grassland 144.6 143.6 50.66 110 103 46.4
Total 283.5 194

Scotland Coniferous woodland 183.4 134.6 13.24 170 113 9.7
Arable & horticulture 102.8 49.4 4.86 120 84 7.2
Neutral grassland 158.2 228 2243 160 241 20.76
Total 1016.8 1161
Total for Great Britain 2703.8 2371

4.2. Variable importance

Among the set of environmental variables used to predict
SOC (%) 0-15cm at 5m spatial resolution, only eight
variables were finally selected as predictors (Figure 7).
Soil pH was the most important variable, followed by
LC and climate variables (rainfall and mean annual tem-
perature), while topographic variables (elevation and
slope) were less important. Soil pH has a direct effect on
SOC accumulation and is usually used as a proxy to
determine the effect of land use changes, land manage-
ment, climate and parent material on SOC accumulation
(Malik et al., 2018). The importance of LC as a predictor
for SOC may be due to the fact that it reflects the sharp
changes in LC distinct from soil classes, potentially affect-
ing the accumulation of SOC (Siewert, 2018). Other

similar studies (Vos et al.,, 2019) also show that LC, soil
pH, and precipitation are important predictors of SOC.

4.3. External model evaluation

Our modelling approach provides for the first time
a continuous map of SOC at 5 m spatial resolution for
GB, which constitutes a large improvement in resolu-
tion in comparison with previous maps, which were
much coarser (1 km to 100m) (Aitkenhead & Coull,
2020; Bradley et al., 2005; Henrys et al., 2012; Poggio
& Gimona, 2014). Whereas we were only able to expli-
citly compare our SOC (%) 0-15cm and Cs 0-30 cm
maps and summary statistics with those that were avail-
able (see section 3.4), it is important to note that other



SOC (%) maps exist in the literature and will also be
discussed qualitatively here. The studies employed to
produce maps before this study used different
approaches to the one we used. For example, the map
of the Countryside Survey represents SOC (%) 0-15 cm
by habitat, where a single SOC (%) 0-15cm value is
attributed to the same habitat within 1km square
(Emmett et al, 2010). In The National Soil Map of
Scotland, SOC (%) values were mapped across a 500 m
grid by linking each grid cell to the average SOC (%)
calculated from the representative soil profiles. These
maps with coarse resolutions are less useful for assessing
SOC (%) and stocks at fine scales. Nevertheless, they can
be informative in providing a regional overview of
where organic or mineral soil can occur (Baggaley
et al., 2022).

Overall, our estimates of soil organic carbon (SOC
(%) and Cs) are comparable to those obtained by pre-
vious maps at national scales. In addition, our map also
shows strong spatial patterns in SOC at finer scales in
association with distinct LC classes. Our SOC (%) 0-15
cm map (Figure 8) follows a pattern similar to the
spatial distribution and ranges of SOC (%) of the
mean of eight GB maps reported by Feeney, Cosby
(Feeney et al., 2022). Moreover, our SOC (%) 0-15cm
map compared well against available LUCAS and
Countryside Survey SOC (%) 0-15cm maps
(Figure 8). However, our map slightly underestimated
SOC (%) 0-15cm in organic soils, especially in
Scotland, and overestimated SOC (%) 0-15cm in
mineral soils, in a similar manner to the LUCAS and
Countryside Survey maps (Feeney et al., 2022). In any
case, the range of values, their distributions, and the
overall spatial patterns of SOC in our maps are compar-
able to those produced by other studies that were avail-
able for direct comparison and provide at a much higher
spatial resolution.

An important part of the disagreement between our
maps for SOC (%) and Cs and others (GSOC and
Bradley, Milne (Bradley et al., 2005)) may also be due to
the high spatial resolution of our map, such that sharp
changes in SOC (%) 0-15 cm and Cs 0-30 cm linked to
our high spatial resolution LC are averaged out or masked
in coarser resolution maps (Siewert, 2018). For example,
the highest SOC (%) 0-15 cm in our map is ~ 53%, and
values higher than 45% are less common in our map
compared to the LUCAS and Countryside Survey maps
(Figure 8), especially for large areas of Scotland.
Furthermore, water bodies such as lakes, rivers and canals
in the Countryside map have the same SOC (%) 0-15 cm
value than the neighbouring lands within 1km, which
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resulted in high average values of SOC in this map com-
pared to our map, which assumes no SOC (%) 0-15 cm in
water bodies. Figure 10 provides a snapshot of zoomed-in
small areas across GB to illustrate this. Since differences
in spatial resolution are not visible in national or regional
maps, a small area (~1.5x1.5km) from each country
(England, Wales and Scotland) was selected from our
predicted Cs 0-30cm map and compared with the
GSOC 0-30cm map. The maps of our predicted Cs
0-30 cm (Figure 10A-C) clearly show distinct values of
Cs for different LC classes, with values being the highest
for ‘Woodland’ (including hedgerows and lines of trees;
>120 t ha™ ') and lowest for ‘Arable & Horticulture’ (<90
tha™ !). On the other hand, GSOC maps (Figure 10D-F)
show very low variability (or none) in Cs across the
selected areas, especially in England and Wales
(Figure 10D - F). The distinct patterns of our map for
different LC classes are more evident when compared to
the Google Earth very high resolution images
(Figure 10G-I), while there is no evidence of any spatial
association between GSOC Cs 0-30 cm maps and LC
classes as seen in the Google images. These results
strongly suggest that the higher spatial resolution of our
map compared to the GSOC Cs 0-30 cm map may be an
important source of disagreement in Cs. For example, the
GSOC Cs 0-30cm map shows lower values in the
selected small areas in England and Wales, which are
largely under conventional agriculture. Lower Cs values
are expected for mineral soils in England and Wales and
are predicted by our map as well (under the ‘Arable &
Horticulture’ LC class). Higher Cs values for other land
cover classes (shrubs, trees and hedgerows) present in the
selected areas in our map were masked in the much
coarser GSOC Cs 0-30 cm map.Other sources of dis-
agreement in Cs 0-30 cm between maps, especially in
Scotland, may be due to the uncertainty in soil bulk
density used to calculate Cs in other studies, as some
employed higher bulk density resulting in higher Cs
values (Aitkenhead & Coull, 2020). Bulk density was
also found to be the main source of uncertainty in Cs in
organic soils between England and Scotland (Bradley
et al., 2005; Fowler et al., 2023).

Another source of disagreement between the Cs 0-
30 cm map in this study and that of Bradley, Milne
(Bradley et al., 2005) might be the differences in LC
classification, as Bradley, Milne (Bradley et al., 2005)
predicted Cs 0-30 cm for 5 LC classes: ‘Seminatural’,
‘Woodland (Coniferous)’, ‘Pasture’, ‘Arable’, and
‘Gardens’, and our prediction is made for 10 habitats
(Table 2). Furthermore, Bradley, Milne (Bradley et al.,
2005) assumed a zero value of Cs in bare soil and
some other LC classes associated with urban areas,
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Figure 10. Maps of predicted 0-30 cm depth SOC stock (cs, t ha™ ') at 5 m spatial resolution (this study) for randomly selected areas in
England, Scotland and Wales (A, B and C, respectively); GSOC maps for the same areas (D, E and F, respectively). G, H and | are google
earth high resolution RGB images for these selected areas showing different land covers.

which resulted in underestimating the mean Cs value
for arables and grasslands and consequently the total
Cs in England and Wales. In addition, the coarse
resolution of their map assumes the same land cover
within each 1km®. On the one hand, arable and nat-
ural grasslands are dominant LC classes in England
and Wales and are usually associated with low SOC:
these were assigned to 1km” grid cells, ignoring
potential SOC hotspots associated with LC occurring
at a smaller spatial grain such as hedgerows, small
woodlands and bog that might have occurred within
the 1km? grid cell. On the other hand, dominant LC
classes in Scotland are bog and heathlands, which are
usually associated with higher SOC. Therefore, our
estimation is higher for England and Wales and
lower for Scotland than that of the map produced by
Bradley, Milne (Bradley et al., 2005). More generally,
the disparity of LC classes used between the different
studies makes comparisons difficult (see ‘Data &
Methods’ and Fig. S1) and may contribute to dis-
agreements between them.

The unavailability of a truly independent dataset to
evaluate the map at national, regional and/or local scales
is a limitation faced by this study (Rainford et al., 2021).
Secondly, the unavailability of reliable national bulk den-
sity data is one of the main sources of uncertainty in Cs
estimation (Aitkenhead & Coull, 2020; Bradley et al,
2005; Fowler et al., 2023). Assuming a negative relation
between SOC and bulk density increases the uncertainty
in estimating Cs (Fowler et al., 2023). Further, our esti-
mation of bulk density is based on fine material only and
thus our overall carbon stock estimates should be taken
with caution in rocky soils. However, the high resolution
of our map and its compatibility with other GB maps,
especially with the mean of eight SOC% maps assessed in
Feeney, Cosby (Feeney et al., 2022) and the estimated Cs
for different LC classes (Bradley et al., 2005; Howard
et al., 1995) suggest a greater utility of our map to under-
stand the spatial distribution of Cs at finer scale across
GB. Despite these potential limitations, our map provides
the first baseline map to assess Cs within small geogra-
phical areas, such as a single farm, and even within a field.



Such data are essential to optimize soil sampling (e.g. they
can be used to reduce the number of samples based on the
spatial variability within a field) and to derive manage-
ment measures that can increase SOC for sustainable land
management. We also believe that as farmers and other
stakeholders across Great Britain evaluate the map
against their measurements of SOC, the baseline map
can be updated accordingly.

5. Conclusions

Using a RF modelling approach, we found good perfor-
mance in predicting soil organic carbon concentration
and stock, and we have provided for the first time
a continuous map of SOC at 5 m spatial resolution for
Great Britain. Our results are in line with other studies
(Ayala Izurieta et al., 2021; Rainford et al., 2021; Siewert,
2018; R.-M. Yang et al., 2016) in finding RF as a robust
and reliable algorithm to estimate SOC (McBratney
et al., 2003). We found that soil pH and LC class are
the most important variables for predicting SOC and
our model output allowed us to estimate that GB soils
hold approximately 2704Tg of organic carbon in the 0-
30 cm depth, with an average of 154 t ha™! SOC, with
1403Tg in England, 283Tg in Wales and 1017Tg in
Scotland. Overall, ‘Natural Grasslands’ make the highest
relative contribution of SOC in England and Wales with
37.2% and 50.7% respectively, whereas ‘Dwarf Heath
Shrubs’, ‘Bog & Bog Blanket’ and ‘Natural Grasslands’
have relative contributions ranging from 22% to 25%
each in Scotland. Our estimation of Cs is comparable
with previous studies conducted at national scales,
reflecting the expected distribution of Cs across GB
and for different LC classes. The high spatial resolution
of our map and its compatibility with other maps at
national scales suggest its applicability for assessing
SOC at smaller scales such as a single farm or field.
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