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A method to estimate peat depth and extent is vital for accurate estimation of carbon stocks and to facilitate
appropriate peatland management. Current methods for direct measurement (e.g. ground penetrating radar,
probing) are labour intensive making them unfeasible for capturing spatial information at landscape extents.
Attempts to model peat depths using remotely sensed data such as elevation and slope have shown promise but
assume a functional relationship between current conditions and gradually accrued peat depth. Herein we
combine LiDAR-derived metrics known to inﬂuence peat accumulation (elevation, slope, topographic wetness
index (TWI)) with passive gamma-ray spectrometric survey data, shown to correlate with peat occurrence, to
develop a novel peat depth model for Dartmoor.
Total air absorbed dose rates of Thorium, Uranium and Potassium were calculated, referred to as radiometric
dose. Relationships between peat depth, radiometric dose, elevation, slope and TWI were trained using 1334
peat depth measurements, a further 445 measurements were used for testing. All variables showed signiﬁcant
relationships with peat depth. Linear stepwise regression of natural log-transformed variables indicated that a
radiometric dose and slope model had an r2 = 0.72/0.73 and RMSE 0.31/0.31 m for training/testing respectively. This model estimated an area of 158 ± 101 km2 of peaty soil > 0.4 m deep across the study area. Much of
this area (60 km2) is overlain by grassland and therefore may have been missed if vegetation cover was used to
map peat extent. Using published bulk density and carbon content values we estimated 13.1 Mt. C (8.1–21.9 Mt.
C) are stored in the peaty soils within the study area. This is an increase on previous estimates due to greater
modelled peat depth. The combined use of airborne gamma-ray spectrometric survey and LiDAR data provide a
novel, practical and repeatable means to estimate peat depth with no a priori knowledge, at an appropriate
resolution (10 m) and extent (406 km2) to facilitate management of entire peatland complexes.
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1. Introduction
The inclusion of wetland drainage and rewetting in the United
Nations Framework Convention on Climate Change (2012) has raised
renewed interest in mapping peatland extents and depths; to provide
better estimates of carbon stocks, monitor changes to peatlands and
facilitate appropriate management (Aitkenhead, 2017; Biancalani and
Avagyan, 2014). Moreover, it has been recognised that peatlands provide a range of ecosystem services (Grand-Clement et al., 2013) many
of which are regulated throughout the full thickness of the peat - in
particular, fresh water provision and climate regulation. As blanket

peatlands are highly variable in depth (Bragg and Tallis, 2001) there
exists an operational challenge to map peat depth at a suﬃciently ﬁne
spatial resolution to capture the small-scale variability that is known to
exist in blanket peat depth (cm's – m's) over the required spatial extents
(m's – km's).
The two main methods currently used to measure peat depth are
manual probing of the peat in situ and ground-penetrating radar (GPR).
Peat probing is the more commonly deployed method due to its low
cost and minimal equipment requirements (Akumu and McLaughlin,
2014; Beilman et al., 2008; Buﬀam et al., 2010; Holden and Connolly,
2011; Householder et al., 2012; Parry et al., 2012). Manual probing
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attenuated (mostly incoherent scattering) by the overlying soils, the
amount of attenuation is dependent on the thickness of the soil, porosity, saturation and density (Beamish, 2013a). Rawlins et al. (2009)
noted the remarkably high absorbance of naturally occurring potassium
by peatland soils in Northern Ireland. Using the same data, the extent to
which total K, U and Th can be used to map peat was investigated by
Beamish (2013a). He then extended this work to other areas in the UK
comparing areas of mapped peat to radiometric dose (total P, U and Th)
(Beamish, 2015, 2013b) noting considerable variation within a peatland. However, due to the high attenuation by saturated peat (90% of
radiation attenuated by 60 cm of 80% saturated peat) the ability of
radiometric data to map peat depth has been questioned (Beamish,
2013b). Despite this Keaney et al. (2013) showed the potential of
radiometric data to update existing peat depth models by comparing
the spatial patterning of airborne radiometric data to that of probed
peat depths for a blanket bog and a lowland raised bog in Northern
Ireland.
Herein we combine LiDAR derived metrics known to inﬂuence peat
accumulation (elevation, slope, topographic wetness) with gamma-ray
spectrometric survey data, shown to correlate with peat occurrence to
investigate whether using two technologies (LiDAR and gamma-ray
spectroscopy) with diﬀering data content can be used more eﬀectively
in tandem to develop a novel peat depth model for Dartmoor.

entails pushing a thin (~1.5 cm diameter) metal pole into the peat, at
discrete spatial intervals, until resistance from the underlying soil/
bedrock is felt. These point measurements are then commonly interpolated across large sites to produce peat-depth models (for examples
see Akumu and McLaughlin, 2014; Householder et al., 2012). In contrast, GPR is a non-invasive proximal sensing technique whereby the
two-way travel time of a pulse of high frequency energy reﬂected oﬀ
the interface between the saturated peat and the underlying strata is
measured (Davis and Annan, 1989). This delivers ﬁne spatial resolution
(mm to cm) measurements of peat thickness every 0.5 to 1 m along a
transect typically tens to hundreds of meters in length (e.g. Comas et al.,
2015; Lapen et al., 1996; Parry et al., 2014; Plado et al., 2011). A series
of transects can then be interpolated to produce a peat depth map. Both
probe and GPR measurements are labour intensive particularly when
mapping peat depth over landscape extents, for example Parsekian
et al. (2012) took 53 person hours to probe 0.095 km2 on a 20 m grid
and 30 person hours to cover the same area using GPR. Resultantly, the
scale of blanket peat coverage across Dartmoor, UK (406 km2) would
preclude the use of both of these methods.
As an alternative to measuring peat depth in situ, some studies have
modelled peat depth using remotely sensed data. Holden and Connolly
(2011) modelled peat depth for the Wicklow mountains, Ireland using
an exponential relationship with slope constrained by elevation (national DTM) and disturbance mapped using satellite imagery. Parry
et al. (2012) also used exponential relationships with airborne Interferometric Synthetic Aperture Radar derived slope and/or elevation,
this time constrained by previously mapped soil/vegetation units to
model peat depth for Dartmoor. Rudiyanto et al. (2016) used Shuttle
Radar Topography Mission derived digital elevation model to derive
topography, slope, aspect, wetness index and distance to river metrics.
They then applied a quantile regression function and cubist regression
tree models to model tropical peat depth in Indonesia. In a more recent
study of Indonesian tropical peat depths, Rudiyanto et al. (2018) applied machine learning to 37 potential covariates derived from satellitebased remote sensing data. They found elevation, radar images (a proxy
for wetness), valley bottom ﬂatness (indicative of areas of deposition)
and distance to the nearest river to be the main controls on peat
thickness. These models varied in resolution (30 m to 1 km) and coefﬁcient of determination from 0.52 (Parry et al., 2012) to 0.97
(Rudiyanto et al., 2018) all showing the potential of modelling peat
depths across larger extents. However, these models do not account for
the underlying, and often complex topography commonly smothered by
blanket bogs. In addition, they assume a direct relationship between
peat depths and present accumulation rates controlled by topography,
elevation, slope, aspect and wetness.
Estimates of peat depth are sometimes limited to areas previously
deﬁned as peatlands (e.g. Akumu and McLaughlin, 2014; Householder
et al., 2012). The extent of which have been delineated by the presence
of vegetation communities visible in aerial (e.g. Cruickshank and
Tomlinson, 1990) and/or satellite (e.g. Aitkenhead, 2017) imagery.
This assumes that peat is overlain by peat-forming vegetation communities, however, where peatlands have been subject to land management, peat may be overlain by non-peat forming vegetation
(Connolly et al., 2007). To capture both actively forming and relic
peats, it is imperative that any method to map peat depths are capable
of including these areas of peat overlain by non-peat forming vegetation.
An emerging remote sensing method that has shown potential to
map peat depth over landscape extents is airborne gamma-ray spectrometric survey. Gamma-ray spectrometers measure in the range 0.2 to
3 MeV, equivalent to a wavelength of 3 × 10−12 m, for geological interest (Minty, 1997). Potassium (K), Uranium (U) and Thorium (Th) in
rocks and soils have naturally occurring radioisotopes (and daughter
isotopes) that release gamma-rays with characteristic energy and intensity which can be detected by such airborne gamma-ray spectrometers (Minty, 1997). Radiation emitted from the underlying bedrock is

2. Material and method
2.1. Study area
Dartmoor National Park lies in the southwest of England (Fig. 1a), it
contains an extensive area of upland moor. Its maritime location and
elevation (reaching 623 m above sea level) result in average annual
precipitation of 1974 mm and a mean monthly temperature range of 0.8
to 17.7 °C. These conditions enable blanket bog, a globally restricted,
and consequently important, habitat to form (Lindsay, 1995; Tallis,
1997). The area is also important regionally for drinking water provision and ﬂow regulation as Dartmoor contains the headwaters of many
rivers. The peatland not only stores carbon but also paleoarchaeological
records (e.g. Fyfe and Woodbridge, 2012) and in some locations heritage assets e.g. burial cists (Jones, 2016) as well as providing ecosystem
services
(Millennium
Ecosystem
Assessment
(https://www.
millenniumassessment.org/en/index.html) including regulation (e.g.
climate) and cultural (e.g. recreational (Liston-Heyes and Heyes,
1999)). A strong body of previous work documenting peat depth surveys across parts of Dartmoor can be found in (Fyfe et al., 2014, 2010;
Fyfe and Woodbridge, 2012; Harrod, 2016; Parry, 2011; Parry et al.,
2014; Parry and Charman, 2013), data from some of these surveys were
available to this study.
The survey area (Fig. 1b) (406 km2) consists of moorland overlying
the impermeable but locally fractured granite batholith of Dartmoor.
All bedrock materials emit radionuclides which can be monitored by
airborne gamma-ray spectrometry however, the radiometric signal
varies with bedrock type (Rawlins et al., 2007). In order to minimise
variability in radiogenesis from the underlying bedrock the survey area
was restricted to the granite and microgranite bedrocks, delineated by
the 1:50000 bedrock geology map (British Geological Survey, 2016).
2.2. Radiometric dose
Airborne gamma-ray spectrometric data in the energy range
0.40–2.81 megaelectron volts (Beamish et al., 2014) were collected by
the NERC Tellus project in summer and autumn 2013. These data were
downloaded for use in this research from http://www.tellusgb.ac.uk/
Data/airborneGeophysicalSurvey.html. Following Beamish et al.
(2014) the air absorbed radiometric dose (D) (nGy·h−1; nanoGray per
hour) was calculated using Eq. (1).
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Fig. 1. Location and extent of Dartmoor
National Park Authority (DNPA) within
Southwest England (a). Location of study area
within Dartmoor National Park (b). Location of
peat depth measurements by peat probe
(Harrod, 2016; Parry et al., 2012) and ground
penetrating radar (Fyfe et al., 2014, 2010)
within survey area overlying elevation (m) (derived from LiDAR) (c). Radiometric dose
(nGy hr−1) (derived from gamma-ray spectrometric survey) and location of peat depth measurements by Fyfe et al. (2014, 2010) (d), slope
(°) and location of peat depth measurements by
Parry et al. (2012) (e) and topographic wetness
index (TWI) (dimensionless) (derived from
LiDAR) and location of peat depth measurements by Harrod (2016) (f).

D (nGy·h−1) = 13.078 K + 5.675 U + 2.494Th

(1)

were deemed to be anomalies due to the interpolation and set to
−6 nGy·h−1. All the dose values were then increased so the null water
level became 1 to enable analysis of exponential and logarithmic relationships.

where K is the corrected potassium (%) and U and Th the corrected
uranium and thorium (ppm). Dose rather than individual radionuclides
were used to increase the signal to noise ratio. Dose (a measure of
energy recorded by the sensor) was used rather than total counts
(events detected) as it is not detector speciﬁc. All analyses were carried
out using ArcGIS (v10.0, ESRI, Redlands, California, USA). The unevenly spaced (60–70 m along North-South trending track, 200 m
across track) point data were interpolated to a 10 m grid using a spline
interpolation (minimum curvature gridding), an interpolation method
recommended for anisotropic geophysical data (Erdi-Krausz et al.,
2003). A 10 m grid was selected to be equivalent to the location accuracy of the least accurate point peat depth measurements (Section
2.4). The null water level was set at −6 nGy·h−1, values below this

2.3. Elevation, slope and topographic wetness index
LiDAR data, processed into a digital surface model (DSM)
(Ferraccioli et al., 2014) were also collected by the NERC Tellus project
in summer and autumn 2013. These data were downloaded from
https://catalogue.ceh.ac.uk/documents/b81071f2-85b3-4e31-8506cabe899f989a. The 1 m resolution LiDAR DSM with average accuracy of
25 cm was aggregated (mean) to a 10 m cell size equivalent to the
radiometric dose grid. The digital surface model was used in preference
to the digital terrain model as in short sward vegetation, which covers
80

Geoderma 335 (2019) 78–87

N. Gatis et al.

radiometric dose (nGy·h−1) (variable for each cell), R0 the radiometric
dose with no peat cover (nGy·h−1) (not pre-deﬁned and uniform across
study area), μP, μW, μA the mass attenuation coeﬃcient (constant) and
PP, PW, and PA the proportions (not predeﬁned and uniform across
study area) of peat, water and air respectively. The mass attenuation
μP = μ/ρ where μ was the linear attenuation coeﬃcient (an intrinsic
property of the material proportional to the total number of electrons
per unit volume of the material) and ρ the density. Densities of 0.10 to
0.14 (Parry, 2011 and references therein), 1 and 0.001 gcm−3 and
linear attenuation coeﬃcients of 0.0528, 0.0572 and 0.0526 cm2 g−1
were used for peat, water and air respectively. The proportion of peat,
water and air were dependent on porosity (0.71 to 0.951) (Rezanezhad
et al., 2016) and eﬀective water saturation (variable) as follows:
PP = 1-porosity, PW = porosity x eﬀective water saturation and
PA = porosity x (1- eﬀective water saturation).
Peat depths were estimated for each grid cell in the survey area, any
negative peat depth estimates were set to zero. Negative peat depths
occurred where the radiometric dose and slope were both high i.e. in
areas where no peat would be expected. The 5 and 95% conﬁdence
intervals for peat depth were estimated using the lower and upper
bounds for model parameter estimates, the diﬀerence of these values
was reported as the conﬁdence interval. It was not possible to quantify
the uncertainty in slope and radiometric dose so it was assumed they
have no uncertainty. This will result in an underestimate of the conﬁdence intervals.

most of the survey area, the DSM has been shown to eﬀectively represent the underlying topography not the vegetation (Luscombe et al.,
2015). In addition, the author's experience of these data suggest the
algorithm used to remove the vegetation from the DSM to create the
DTM can result in artiﬁcial processing artefacts. Slope was derived from
the 10 m DSM using the slope function within the spatial analyst
toolbox in Arc GIS 10.0. TWI was calculated from a/tanb where a is the
upslope contributing area and b is the slope (Beven and Kirkby, 1979).
The upslope contributing area was determined using the ﬂow accumulation function within the same toolbox.
2.4. Peat depth
Peat depth measurements (Fig. 1) were compiled from three different sources; Parry et al. (2012) and Harrod (2016) measured peat
depth from the surface with a peat probe, whilst Fyfe et al. (2014, 2010)
collected peat thickness measurements in four areas focused on thicker
peats using ground penetrating radar measurements (GPR). Given the
mix of peat depth and peat thickness data (which for practical purposes
are equivalent), the term peat depth was selected as this is the term
more commonly used by landscape managers and peatland restoration
practitioners.
The samples are unevenly distributed across the study area (Fig. 1)
which covers very diﬃcult terrain for ﬁeldwork. Parry et al. (2012)
collected 1100 probed peat depths, covering a range of vegetation and
soil types, of which 1019 lie within the study area. Brieﬂy, an average
of ﬁve peat depths were taken for each location over 8 m2 area and
assigned to the central point. Fyfe et al. (2014, 2010) collected ground
penetrating radar measurements (n = 59,760) focussed on areas known
to have the deepest peats using a PulseEkko Pro system with 200 MHz
antennae every 0.5 m in step mode along transects. Both the Parry et al.
(2012) and Fyfe surveys used a Diﬀerential Global Positioning System
(GPS) resulting in location accuracies < 0.3 m. Harrod (2016) collected
1936 augured peat depths along 46 transects in the north east of the
study area to map soil types. Location data were collected for approximately every 4th measurement (approximately 100 m apart, a
total of 487 points) using a handheld GPS, accurate to 10 m.
Peat depth points were spatially averaged, using the point to raster
tool with a cell value determined by the mean of all the points within
each cell. A 10 m raster was selected to match the spatial resolution of
the radiometric dose, elevation, slope and TWI data. To ensure the data
were not skewed towards deeper peat due to greater sampling density
by GPR, these data were subsampled every 50 m. To investigate subpixel peat depth, variability statistics (mean, maximum, minimum,
standard deviation and count) were calculated for the peat depth
measurements within each cell.

2.6. Carbon stock estimation
Bulk density and carbon content were derived for each grid cell
using well-established relationships determined for Dartmoor (Parry
and Charman, 2013). Bulk density (gcm−3) = 0.162–0.00214 × depth
(m) and carbon content (%) = 49 + 0.874 × depth (m). The carbon
content for each pixel (kg C m−2) was estimated by the product of the
peat depth, bulk density and carbon content. This was then multiplied
by the area of each pixel (100 m2) to derive the total peat carbon stock.
The model was then applied only to the area of peaty soils, > 0.4 m
deep with an organic content > 12–18% (Avery, 1980), a commonly
used threshold for land management (Joint Nature Conservation
Committee, 2011).
The extent and total peat carbon underlying diﬀerent land covers, as
deﬁned by the 1:25000 vector Land Cover Map (Centre for Ecology and
Hydrology, 2007), was calculated to assess the usefulness of land cover
to map peat extent.

3. Results
2.5. Model derivation and validation
3.1. Input data
A quarter of the data were randomly selected and set aside for validation (n = 445), the remaining training data (n = 1334) were used
to derive the peat depth model. Model derivation was carried out using
SPSS Statistics for Windows v.23.0 (IBM Corp, Armonk, New York). All
variables were natural log-transformed to improve normality. Linear
relationships between peat depth, radiometric dose, elevation, slope
and TWI were tested. Stepwise multiple linear regression was carried
out with depth as the dependent variable and radiometric dose, elevation, slope and TWI as the independent variables.
The relationship between peat depth and the theoretical attenuation
of a single homogenous layer comprising soil, air and water (Beamish,
2013a) was also tested by solving Eq. (2).

ln
If R > R 0 then D = 0 Else D =

Fyfe et al. (2014, 2010) targeted areas of blanket bog (Fig. 1d)
anticipated to be thicker and found peat depths ranging from 0.61 to
5.91 m. Parry et al. (2012) covered a wider range of peat depths and
vegetation types, ﬁnding peat depths from 0 to 3.30 m, however this
survey did not cover the central portion of Dartmoor (Fig. 1e) where
Harrod (2016) found the deepest peats (7.00 m) (Fig. 1f). The number
of peat depth measurements in each 10 m2 grid cell ranged from 1 to
216 and the standard deviation in measured peat depth ranged from 0
to 0.45 m except in one cell where peat depth varied from 2.89 to
5.11 m giving a standard deviation of 1.00 m. Statistics for the peat
depths and covariates used in the prediction of peat depth (for the selected 1779 training and testing cells) are provided in Table 1. It can be
seen that the training and testing points used did not include the areas
with highest radiometric dose, steepest slopes, lowest elevation or
greatest TWI (Fig. 1) but did cover the majority of conditions observed.

( )
R

R0

−(PP . μ P + PW . μ W + PA . μA )

(2)

where D was the peat depth (cm) (dependent variable), R the
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Geoderma 335 (2019) 78–87

N. Gatis et al.

Table 1
Summary statistics for observed training peat depth data and covariates used in the estimation of peat depth.
Covariates

Description

Unit

Min

Max

Mean

Median

St.dev

Peat depth
Radiometric dose
Elevation
Slope
Topographic wetness index

Thickness of peat from surface to underlying bedrock.
Total K, U and Th absorbed in air interpolated to a spatial resolution of 10 m
DSM with a spatial resolution of 10 m
Rate of change in elevation of surrounding pixels, calculated by ArcGIS slope function
The ratio of the contributing area and the slope

m
nGy hr−1
mASL
Degrees
dimensionless

0.0
4
222
0.1
5.3

7.0
114
618
27.7
18.0

117.5
31
467
5.2
9.5

0.58
26
486
4.1
9.4

130.1
23
84
4.1
1.6

Fig. 2. Relationships between natural log-transformed peat depth (m) and elevation (m) (a), slope (°) (b), wetness (dimensionless) (c) and radiometric dose
(nGy hr−1) (d) p < 0.001 for all relationships.

peat depth (Fig. 2c) and was not selected by the stepwise multiple linear
regression model. It can be seen (Table 2) the testing pixels had similar
r2 and RMSE to the training pixels suggesting the models were appropriate for these data.
Although the plot of modelled against measured peat depth shows
good agreement with the 1:1 line (Fig. 3a & c) it can be seen that there
is some scatter as the data curves around the line. Modelled peat depth
underestimated peat depth for the shallowest and thickest peats and
overestimated peat depths for intermediate depths. The plot of residuals
against modelled peat depths (Fig. 3b & d) suggests the model is unbiased with no obvious heteroscedasticity. However, it appears that
thinner modelled peat depths had positive residuals (underestimation)
becoming negative i.e. increasingly overestimating peat depth, with
increased modelled depth.

3.2. Peat depth model derivation
It can be seen that thinner peat (< 1 m) varied across the range of
elevation, slope, TWI and radiometric dose encountered. However, the
areas of thickest peats only occurred at higher elevations (Fig. 2a) on
ﬂatter slopes (Fig. 2b) where the modelled wetness was greater (Fig. 2c)
and had low radiometric dose (Fig. 2d). All four variables had signiﬁcant relationships with peat depth but the strongest relationship
occurred with ln radiometric dose (r2 = 0.66). The theoretical attenuation curve (Eq. (2)) had an r2 of 0.58 where the theoretical radiation from the bedrock was 45 nGy hr−1, peat porosity (0.79), density
(0.10 g cm−3) and eﬀective water saturation of 12%.
Stepwise multiple linear regression (Table 2) indicated that ln
radiometric dose was the strongest explanatory variable for peat depth.
Adding ln slope as a second covariate increased the r2 to 0.72 and decreased the RMSE to 0.27 (0.31 m linear scale). The addition of elevation further increased the r2 but did not reduce the RMSE. It also greatly
increased the uncertainty in the modelled result, for example for a
radiometric dose of 30 nGy h−1, slope of 5°, and elevation of 460 m the
bivariate model predicted a peat depth of 0.63 ± 0.31 m whereas the
trivariate model predicted a peat depth of 0.65 ± 4.20 m. For this
reason it was decided to use the bivariate (radiometric dose and slope)
model. Topographic wetness index had the weakest relationship with

3.3. Modelled peat depth
Modelled areas of deeper peat (linear scale) were concentrated on
the higher elevation (Fig. 1c) areas of the north and south moors
(Fig. 4a) where the radiometric dose and slope were lower (Fig. 1d & e).
Thinner peaty soils (< 0.4 m) were discontinuous moving away from
these areas. Mean and median modelled peat depth were 0.50 m and
0.30 m respectively with an interquartile range from 0.08 to 0.67 m
82
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Table 2
Stepwise linear regression results (p < 0.05) of natural log-transformed peat depth with natural log-transformed radiometric dose, elevation, slope and topographic
wetness index (TWI) as potential explanatory variables. Root mean squared error (m). Values in brackets are for a linear scale.
Model

1
2

Variable

Ln
Ln
Ln
Ln
Ln
Ln

3

radiometric dose
radiometric dose
slope
radiometric dose
slope
elevation

Constant

2.32
2.19
0.12

Coeﬃcient

Testing

−0.53
−0.02
−0.18
−0.37
−0.18
0.31

Training

r2(adj)

RMSE

r2(adj)

RMSE

0.66 (0.55)
0.72 (0.66)

0.30 (0.35)
0.27 (0.31)

0.69 (0.59)
0.73 (0.68)

0.29 (0.34)
0.27 (0.31)

0.73 (0.66)

0.27 (0.31)

0.75 (0.69)

0.26 (0.30)

0.5 m in a logarithmic scale) will attenuate nearly all of the radionuclides (Beamish, 2013b, Fig. 2) resulting in limited sensitivity to peat
thicknesses at greater peat depths than this. This eﬀect can be seen in
Fig. 2d where there was a large variation in ln peat depth for a small
variation in ln radiometric dose in the range 1 to 3 (equivalent to 1 to
20 nGy h−1 in a linear scale). However, ln modelled peat depth shows a
strong relationship with ln measured peat depth beyond 0.5 (equivalent
to 0.6 m of peat in a linear scale) (Fig. 3c). Keaney et al. (2013) also
found radiometric dose to vary with peat depth in the range 2.6 to
8.2 m. Beamish (2015, 2013b, 2013a) interpreted within site peat
variation in radiometric dose primarily as variation in eﬀective water

with over 99% of modelled depths < 3 m.
The model estimated that peat > 0.4 m thick covers an area of
158 km2 (99–259 km2) within the study area (Table 3) storing between
8.1 and 21.9 Mt. C. Most of this peat was overlain by bog (96 km2) but a
considerable proportion was overlain by grassland (60 km2) (Table 4).
4. Discussion
4.1. Using radiometric dose to estimate peat extent and depth
Theoretically > 0.6 m of saturated peat thickness (equivalent to

Fig. 3. Relationship between natural log (a & b) and linear (c & d) modelled peat depth (m) and measured peat depth (m) (a & c) as well as modelled peat depth (m)
and model residuals (m) (b & d) for a radiometric dose and slope model, coeﬃcients given in Table 2. Linear ﬁt between measured and modelled peat depth (dashed
line) and 1:1 line (solid line).
83

Geoderma 335 (2019) 78–87

N. Gatis et al.

Fig. 4. Modelled peat depth (m) (a) and modelled uncertainty (diﬀerence between 5 and 95% conﬁdence interval) (b) both on a linear scale.

(Holden and Connolly, 2011; Parry et al., 2012) similarly found uncertainty in modelled peat depth to increase with peat depth. In addition, in this study, at low radiometric dose values, the signal to noise
ratio was lower resulting in increased uncertainty in the radiometric
dose value and hence modelled peat depth. Maximum modelled peat
depth (13.52 m) is notably greater than the maximum measured peat
depth (7.00 m). These high values are due to the logarithmic relationship between radiometric dose and peat depth (Fig. 2d) resulting in a
large increase in peat depth for a small decrease in radiometric dose. A
maximum limit was considered but its selection would have been arbitrary so it was not used.
Despite these limitations, using radiometric dose together with
slope has modelled linear peat depths with a RMSE of 0.31 m and r2 of
0.66 (RMSE of 0.27 and r2 of 0.72 for ln scales) over a wide range of
peat depths (0 to 7 m), an improvement on previous models. Parry et al.
(2012) obtained an r2 of 0.27 using ln elevation and ln slope to model
peat depth across a moorland. They improved the explanatory power of
their model to r2 = 0.53 by considering spatial units based on soil and
vegetation type separately, consequently this requires some a priori
knowledge. They obtained a smaller RMSE (0.54 m) for their model
however, the range of peat depths covered was smaller (0 to 3.3 m) and
deeper peats are associated with greater uncertainty (Holden and
Connolly, 2011; Parry et al., 2012 and Figs. 3b and 4). Unlike Parry
et al. (2012) who found elevation to be a greater predictor of peat depth
than slope, this study found ln slope have a stronger relationship with ln
peat depth (Fig. 2a & b) but not as good as ln radiometric dose (Fig. 2d).
This diﬀerence may be due to the addition of data from Fyfe et al.
(2014, 2010) and Harrod (2016) which had a relatively small range in

Table 3
Estimated peat extent (km2) and volume (km3) and peat based carbon (tonnes).

Study area
Area (km2)
Peat volume (km3)
Carbon content (Mt C)
Area where peat > 0.4 m
Area (km2)
Peat volume (km3)
Carbon content (Mt C)

Mean

5%

95%

317
0.19
15.4

213
0.12
9.6

392
0.30
24.0

158
0.16
13.1

99
0.10
8.1

259
0.27
21.9

saturation. It may be that radiometric dose reﬂected variation in
moisture content but fortuitously there is a functional relationship between moisture content and peat depth.
Using a relationship between peat depth and existing surface conditions, such as moisture content, assumes that current conditions have
held over a suﬃciently long time to enable a greater depth of peat to
accumulate in wet areas. It is most likely that slope is also an indirect
measure of surface moisture with greater drainage occurring on steeper
slopes. Local variation in peat depth may be more dependent on small
scale, often complex, variation in underlying topography (Kettridge
et al., 2008) explaining the greater uncertainty in peat depth in areas of
peat > 0.7 m (Figs. 3b and 4b). However, the distribution of bog
communities has shown a continued dependence on substrate topography (Comas et al., 2004; Graniero and Price, 1999) so underlying
topographic features may still be expressed at the surface via varied
surface conditions such as moisture content. Other peat depth models
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attenuation (Beamish, 2013b) however, as radiometric response is
broadly governed by the underlying bedrock (Rawlins et al., 2007) it is
not possible to derive a single radiometric dose threshold to deﬁne peat
extent across a range of bedrocks (Beamish, 2015). In this study we
restricted the area of interest to overlie granite thereby limiting the
variability in bedrock radiogenesis enabling a relationship between
radiometric dose and peat depth to be derived. We considered this valid
as excluded areas lie away from the high moor where peat formation is
less likely. All bedrock materials emit radionuclides which can be
monitored by airborne gamma-ray spectrometry. Therefore this method
could be widely used, however as the radiometric signal varies with
bedrock type (Rawlins et al., 2007) as well as peat depth, to extend this
method to other sites with diﬀerent/mixed bedrock types would require
calibration for each bedrock type separately.
Although airborne gamma-ray spectrometric survey data are less
commonly available than LiDAR data many modern airborne geophysical datasets exist. The technology is available and could easily be
included in future survey ﬂights. In addition, lighter UAV based
gamma-ray spectrometers are in development (MacFarlane et al., 2014)
which may be deployable to map peat extents and depths in the near
future.

Table 4
Estimated (Est.), 5 and 95% conﬁdence intervals of peat area (km2) and carbon
stock (tonnes) under land cover types using the radiometric dose and slope
model.
Land cover

Bog
Acid
grassland
Improved
grassland
Rough
grassland
Dwarf shrub
heath
Woodland
Other

Total
area
(km2)

Area of peat > 40 cm (km2)

Carbon (Mt C)

Est.

5%

95%

Est.

5%

95%

186.2
108.4

96.2
54.6

78.7
20.0

105.9
118.3

9.8
2.9

8.7
1.3

13.0
6.9

7.6

4.5

1.3

16.1

0.2

0.1

0.8

34.0

1.4

0.4

3.3

0.1

0.0

0.2

45.2

6.0

1.7

18.6

0.3

0.1

1.0

24.4
12.9

2.9
0.5

1.0
0.3

9.1
1.2

0.2
0.0

0.7
3.3

0.5
0.1

elevation. Rudiyanto et al. (2016) also did not consider slope as a
predictor of tropical peat depths, however their survey area was ﬂat
compared to Dartmoor (Table 1).
Holden and Connolly (2011) explained up to 63% of the observed
variation in peat depth using a topography based model however the
resolution was signiﬁcantly lower (1 km2) than this study (10 m2).
Using radiometric dose Keaney et al. (2013) modelled peat depths with
a correlation coeﬃcient of 0.49 between peat depth and the airborne
radiometric data, in this study the inclusion of a topographic metric
improved the variability explained. This highlights improved interpretation possible by using data derived from diﬀerent sources, supplying information on diﬀerent aspects of the peatland structure and
function.
Previous eﬀorts to map peat extents using remotely sensed data
have primarily used aerial photography (e.g. Cruickshank and
Tomlinson, 1990) or satellite imagery (e.g. Fuller et al., 2002) dependent on the survey area. Similar to Connolly et al. (2007), who found
areas mapped as peat to be overlain by non-peat forming vegetation
including woodland scrub, natural grasslands and pastures, our study
has demonstrated that peat often underlies vegetation types not associated with peat forming conditions (Table 4). This is most likely to
occur around the margin of peatlands where land management has
altered the vegetation cover, thus breaking the link between peatland
vegetation cover and the underlying peat. These areas of relic peat may
contain signiﬁcant carbon stores (Donlan et al., 2016) which are likely
to require unique management strategies and have distinct greenhouse
gas dynamics (Wilson et al., 2016) due to their diﬀering ecohydrological properties (Schouwenaars, 1993). Whilst all mapping requires ground validation (for both training and testing), the method
outlined in this study does not require a priori knowledge of land cover
and is therefore particularly useful to map relic peats in areas where
land management has altered the vegetation cover.
Twenty-eight percent of variability in peat depth remained unexplained by the model, this is most likely due to small scale vertical
and horizontal heterogeneity in bedrock radiogenesis, eﬀective water
saturation, density and porosity, all of which inﬂuence radiometric
dose. The peatlands of Dartmoor have a history of peat extraction
(Newman, 2010) and currently have extensive systems of peat cuttings,
erosional gullies, drainage ditches and bare peat pans (Luscombe et al.,
2017) which will have locally aﬀected the hydrology (Connolly et al.,
2007; Dixon et al., 2013) and consequently the eﬀective water saturation, density and porosity of the peat. Therefore, the assumption that
these properties are constant over the extent of the moor is a known
oversimpliﬁcation.
Radiometric dose measured at the sensor is the result of radiogenesis from the bedrock and attenuation from the overlying soils.
Areas of peat consistently show low radiometric doses due to strong

4.2. Comparison to existing data
Comparing the mapped extent of peaty soils (Fig. 5, Table 3) to
existing maps shows this study estimated a greater area of peat than
previously mapped. Winter Hill and Crowdy soil series (National Soil
Research Institute, 2018a), both described as blanket peats with
peat > 0.4 m, are mapped as covering 115 km2 of the study area. Although local discrepancies occur, the peat mapped in our study shows
moderate agreement (Fig. 5a) with this coarser resolution national
survey (kappa = 0.57). Neither map is likely to be completely accurate
but compared to the NSI soil map this study obtained a producers accuracy of 87% for peat (> 0.4 m) and 77% for non-peat and users accuracies of 60 and 94% respectively. There are some areas of deep peat
in our study which are not mapped as Winter Hill, the thicker of the
peat soils units, suggesting that either peat has been overestimated in
these areas or incorrectly mapped (Fig. 5a red areas). There are also
some deeper peaty soils (> 0.4 m) mapped by our study in areas of
Hexworthy and Princetown soil units (Fig. 5a orange areas), both soil
units described as peat to loam over granite which contain variable
amounts of peat up to 0.4 m.
In contrast the 1:50000 superﬁcial geology map (British Geological
Survey, 2016) has a notably smaller area of peat (98 km2) than this
study (Fig. 5b). A large portion of the peat identiﬁed by this study on
the southern moor, including sampling locations (Fig. 1), have no superﬁcial geology mapped by the BGS (Fig. 5b orange). Some of these
areas are mapped as Winter Hill soils (National Soil Research Institute,
2018a), suggesting these areas have been missed out of the BGS superﬁcial map. Particularly in the north of the study area, areas have
been mapped by the BGS as peat which have not been mapped by this
study (Fig. 5b red). Some discrepancy would be expected as the BGS
deﬁne peat as a > 1 m thick organic deposit with a readily identiﬁable
margin based on vegetation/soil/topographic change. It is possible the
peats to the north of the north moor are thin (< 0.4 m) but due to
continuous peatland vegetation cover they have been mapped in continuity with deeper peats.
Parry and Charman (2013) estimated 9.7 ± 2.97 Mt. C within the
moorland line of Dartmoor (an area of 471 km2), which is lower than
estimated by this study (13.1 Mt. C, Table 3). For the area with > 0.4 m
of peat this study also produces a greater estimate of organic carbon
than the NSI soil organic carbon map 3.7 ± 1.4 Mt. C (National Soil
Research Institute, 2018b). This is most likely due to greater modelled
peat depths in this study, Parry et al.’s (2012) peat depth model predicted a maximum of 3.77 m, the NSI map limited soil depth to 1.5 m
(National Soil Research Institute, 2018b), whereas in this study 31 km2
85

Geoderma 335 (2019) 78–87

N. Gatis et al.

Fig. 5. Modelled peat extent (> 0.4 m) compared to a, the National Soils Institute soil series (© Cranﬁeld University (NSRI) and for the Controller of HMSO [2018])
and b, British Geological Society mapped peat extent (British Geological Survey, 2016).

was mapped as having > 1.5 m of peat and 0.49 km2 > 4 m. None of
these estimates included sub-peat carbon storage, shown to be signiﬁcant (Fyfe et al., 2014).

supported by South West Water [SK06855], Dartmoor National Park
Authority [SK07279] and the South West Partnership for
Environmental and Economic Prosperity (SWEEP). SWEEP was funded
by the Natural Environment Research Council (NE/P011217/1).

5. Conclusions
Appendix A. Supplementary data
Peat depth was modelled at a scale useful for land management
decisions (10 m2) across a landscape extent (406 km2) with a RMSE of
only 0.31 m. Mapped peat extents were greater but in broad agreement
with previous studies. Estimated carbon stocks were also higher than
previous studies mostly due to deeper estimated peat depths in some
areas. Combining gamma-ray spectrometric data containing information on soil depth and saturation with LiDAR derived slope, considered
a proxy for drainage, has improved upon models using only one of these
data sources. Although a priori knowledge of bedrock is needed no a
priori knowledge of land cover was required, therefore this method is
particularly useful for identifying relic peats underlying non-peat
forming vegetation. These can contain signiﬁcant carbon stocks which
may need tailored management. Some site-speciﬁc calibration would be
required to allow for variation in bedrock radiogenesis however, this
would be undemanding compared to traditional peat depth mapping
methods. The inclusion of a gamma-ray spectrometer in future airborne
peatland LiDAR surveys is highly recommended due to the increased
information content provided.

Supplementary data associated with this article can be found in the
online version, at doi:https://doi.org/10.1016/j.geoderma.2018.07.
041. These data include the Google map of the modelled peat depth
(m) described in this article.
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