
Geoderma 428 (2022) 116086

Available online 20 September 2022
0016-7061/© 2022 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

Digital soil mapping of peatland using airborne radiometric data and 
supervised machine learning – Implication for the assessment of 
carbon stock 

Dave O’Leary, Colin Brown, Eve Daly * 

Hy-Res Research Group, Earth and Ocean Sciences and Ryan Institute, College of Science and Engineering, National University of Ireland, Galway, Galway H91 TK33, 
Ireland   

A R T I C L E  I N F O   

Handling Editor: Budiman Minasny  

Keywords: 
Peatland restoration 
Neural networks 
Airborne geophysics 

A B S T R A C T   

Peatlands account for approx. 4.23 million km2 of the land surface of Earth and between 5 % and 20 % of the 
global soil carbon stock, however much uncertainty exists. The release of carbon from modified peatlands is 
significant and affects the global carbon balance. The importance of conservation and rehabilitation of peatlands 
is clear. Global estimates currently use national scale mapping strategies that vary depending on available re
sources and national interest. The most up-to-date methods rely on satellite remote sensing data, which detect 
peat based on a multiband spectral signature, or reflected radar backscatter. However, satellite data may not be 
capable of detecting peat under landcover such as pasture or forest. Airborne geophysical surveys provide 
relevant subsurface information to update or redefine peatland extent maps at a national scale. Radiometric 
surveys, which measure the naturally occurring geologically sourced potassium, uranium, and thorium, offer the 
largest potential. Modelling of gamma ray attenuation shows that peat has a distinctive attenuation signature, 
due to its low bulk density, when considering all recorded radiometric data. This study exploits this signature by 
combining airborne radiometric data in a machine learning framework and training an artificial neural network 
to detect those data which have been acquired over previously mapped peatlands. A ~95 % predictability is 
achieved. The trained neural network can be then used to predict the extent of all peatlands within a region, 
including forested and agriculturally modified peatlands, and an updated peatland map can be produced. This 
methodology has implications for global carbon stock assessment and rehabilitation projects where similar 
datasets exist or are planned, by updating the extent and boundary positions of current peatlands and uncovering 
previously unknown peatlands under forestry or grasslands.   

1. Introduction 

Peatlands provide a range of ecosystem services such as water 
regulation, biodiversity, and climate regulation (Grand-Clement et al., 
2013; Kareksela et al., 2015). They occur globally (Fig. 1) in the humid 
tropics (e.g., Southeast Asia) and cool temperate regions (e.g., northern 
Europe) (Dargie et al., 2017; Tanneberger et al., 2017; Xu et al., 2018). 
Peatlands are estimated to account for approximately 4.23 million km2 

(or 2.84 %) of the global land area (Xu et al., 2018) and contain between 
5 % and 20 % of the global soil carbon (C) stock (Treat et al., 2019). The 
release of C from drained peatlands is significant and affects the global C 
balance (Evans et al., 2021; Kareksela et al., 2015; Qiu et al., 2020; Yu 
et al., 2011). The importance of conservation and restoration of 

peatlands in reducing greenhouse gas emissions can be seen with the 
creation of the Global Peatlands Initiative (GPI, 2016), recent reports 
(Searchinger et al., 2022) and the ambitious 55 % reduction in emissions 
outlined in the European Union (EU) 2030 climate and energy frame
work (EU, 2020). However, there are considerable uncertainties at all 
scales (local to global) on peatland extent and volume (Xu et al., 2018) 
and new tools are required to update existing peatland databases 
(Minasny et al., 2019; Monteverde et al., 2022). 

At the global scale, peatland maps are created by combining the 
Harmonized World Soil Database (HSWD) with regional and nationally 
available soil maps (Xu et al., 2018; Yu et al., 2010). A review paper 
(Minasny et al., 2019) outlines 12 national scale peat mapping attempts 
(Brazil, Indonesia, Scotland, Ireland, Canada etc), ranging from 
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traditional methods to modern digital soil mapping techniques 
(McBratney et al., 2003; Zhang et al., 2017). The inconsistent tech
niques, and the uncertainties for each technique, used in national scale 
soil mapping projects translates to global uncertainty of peatland extent 
(Xu et al., 2018). Countries with access to remotely sensed satellite and 
geophysical data can provide more accurate national peatland maps, 
and the inclusion of these data should be encouraged (Minasny et al., 
2019). Additionally increases in peatland map resolutions are needed to 
include previously unmapped peat in national inventories (Connolly and 
Holden 2009). 

Optical satellite data are often used as part of national mapping 
projects (Aitkenhead, 2017). Their high spatial resolutions (10–30 m) 
measure the surface reflectance for several bands of visible and near- 
visible electromagnetic energy. Often, individual optical images are 
combined into land cover maps, an example is CORINE 2018 produced 
at a scale of 25 ha (ha) (CORINE, 2018) to detect peatlands (Aune- 
Lundberg and Strand, 2021; Wijedasa et al., 2012). Synthetic Aperture 
Radar (SAR) satellite data measures the strength of a returning radar 

signal and are sensitive to moisture to depths of ~ 10 cm and spatial 
resolutions of ~ 10 m (Wang and Qu, 2009). These data have been used 
successfully to delineate peatlands (Merchant et al., 2017; Novresiandi 
and Nagasawa, 2017). SAR data are unaffected by cloud coverage, 
however they are sensitive to local meteorological conditions such as 
rainfall (Hird et al., 2017), which affects soil moisture, making global 
mapping difficult without significant ground calibration. Optical and 
SAR remote sensing techniques sample the landcover and the very near 
surface respectively and so may not detect peat soils modified by agri
culture or forestry (Gatis et al., 2019), which are significant contributors 
to C stock assessment (Donlan et al., 2016; Wilson et al., 2016). 

National scale geophysical surveys appear to provide the most ac
curate estimates of peatland area, with the electromagnetic (Boaga 
et al., 2020; Siemon et al., 2020) and radiometric (Airo et al., 2014; 
Berglund and Berglund, 2010) methods showing prominence. The 
radiometric technique, the focus of this article, measures the naturally 
occurring radiation present in geological material (Minty, 1997), most 
usually Potassium (40K), Uranium (238U) and Thorium (232Th). These 

Fig. 1. PEATMAP Global peatland area estimation (Xu et al., 2018), creative common (Top Left), PEATMAP of Ireland, with study location boundary of Tellus Block 
A2, green boundary (Top Right). Tellus Block A2 Radiometric data (Bottom). A) Potassium cps. B) Uranium cps. C) Thorium cps. D) Total Counts cps. 
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elements decay directly, or via daughter elements, at discrete energy 
levels (Minty, 1997), and are recorded as gamma ray counts per second 
(cps). A 4th Total Count measurement of all radioactive sources is also 
recorded from the full energy spectrum. Different geological material is 
made up of different combinations of elements, so level of the initial 
radioactive source may vary depending on the underlying geology 
present. Surveys can be conducted by aircraft, allowing for large areas to 
be consistently surveyed. Traditionally these data were used for bedrock 
and sediment mapping (Martelet et al., 2006), but several local, regional 
and review studies have investigated the potential of radiometric data 
when considering peatland mapping (Ameglio, 2018; Beamish, 2014; 
Reinhardt and Herrmann, 2019; Siemon et al., 2020). 

Radiometric data give a direct measurement of the subsurface. 
Gamma rays emitted from geological material must pass through any 
overburden present. This overburden acts as an attenuator (Beamish, 
2013). Mineral soils may act as an additional source of radiation due to 
their parent material (Rawlins et al., 2007). Peat soils, however, have 
unique attenuation properties due to low bulk density, high porosity and 
pore saturation, and little radioactive parent material to contribute to 
the signal. Very low radiometric signal may therefore, be indicative of 
peatlands within the landscape (Beamish, 2014). Previous studies have 
chosen the boundary between peat and non-peat soils within radio
metric data arbitrarily (Beamish, 2015), based on average observed 
values of potassium (Berglund and Berglund, 2010) and in combination 
with other airborne datasets (Siemon et al., 2020). A method of edge 
detection, Horizontal Gradient Magnitude, used in potential field studies 
can act to remove this subjectivity (Beamish, 2016). However, the 
increased use of machine learning for mapping applications may be 
more suited to an objective identification of peatland extent (Hird et al., 
2017; Minasny et al., 2019; Zhang et al., 2017). No radiometric studies 
on peatland area mapping to date have included machine learning 
methods, such as those described in this paper. 

The aim of this paper is to develop a technique to investigate the 
potential of airborne radiometric data to complement and improve 
regional and local scale mapping efforts to delineate the extent of 
peatlands. To achieve this, modelling the attenuation of three normally 
recorded elements was performed to highlight potential statistical dif
ferences between these data acquired over peat and non-peat soils. Such 
differences may then be exploited by a supervised machine learning 
algorithm. An existing national peatland database (Republic of Ireland) 
was selected to provide training areas for this algorithm. Ireland has 
between 11,000 km2 and 16,500 km2 of peatlands (Connolly and 
Holden, 2009; Xu et al., 2018), the range highlighting the uncertainty in 
the various mapping techniques used. Three national databases are 
available which outline peatland area. These are the CORINE 2018 
(CLC18) landcover (CORINE, 2018), the 1:250 k Irish Soil Information 
System (ISIS) (Creamer, 2014) and the 1:50 k Quaternary Geology Map 
(QGM) (GSI, 2022a) databases. Their validity is confirmed below using 
Loss on Ignition (LOI) (Heiri et al., 2001) analysis from a national soil 
sampling campaign. 

An updated peatland area map was then produced using datasets 
acquired during a national airborne survey called Tellus. These methods 
may be used to update national and international extent of peatlands, 
facilitating C emissions estimates, and informing restoration projects. 

2. Materials and methods 

2.1. Airborne radiometric data 

The Tellus survey is an airborne geophysical survey commissioned 
by the Geological Survey of Ireland (GSI, 2022c). It began in 2012 and to 
date approximately 80 % of the land area of the country has been 
covered. The survey acquires coincident Electromagnetic, Radiometric 
and Magnetic data. The radiometric data are of interest in this study. 

The survey is acquired in acquisition “Blocks” which cover large 
geographic regions. Each block has a similar acquisition geometry; 

however, some equipment differences exist between acquisition blocks. 
Survey lines are flown at 345◦, with a line spacing of 200 m. Radiometric 
data are acquired with a 1 Hz frequency, which approximates to a 60 m 
inline spacing. The nominal survey altitude is 60 m, however occa
sionally this is exceeded due to terrain or flight restrictions/re
quirements. Data from all blocks undergo similar processing performed 
by the contractor (SGL, 2017) in line with international guidelines 
(IAEA, 2003). 

This study uses data from Block A2 of the Tellus airborne survey 
(Fig. 1). These data were acquired between June and October 2016 and 
consist of 115 flight lines and 43,141 line kilometres. This block covers 
most of mid-west of Ireland, approx. 7,900 km2, and consists of 652,950 
individual data locations. These data were acquired in Irish Transverse 
Mercator (ITM, EPSG 2157) and all datasets used in this study have been 
re-projected to this reference system. Alongside geographic coordinate, 
elevation, and altitude specific data, 4 radiometric datasets were used in 
this study. These are the Potassium (K), Uranium (U), Thorium (Th) and 
Total Count (TC) data. These data were provided in concentration units, 
with an approximate depth of investigation of 40–60 cm (Beamish, 
2013). In this study, a sensitivity factor (SGL, 2017) for each element 
was used to transform these data back to counts per second (cps), which 
is required when considering radiometric attenuation equations (Eqs. 
(3.1) & (3.2)). 

Finally, each data channel was interpolated using minimum curva
ture to a 50 m × 50 m grid. QGISv3.16 was used for visualisation and GIS 
analysis (Fig. 1). 

2.2. Topsoil survey 

The Tellus topsoil survey provides a shallow (0.2 m) and deep 
(0.5 m) topsoil geochemical analysis, with one survey site per 4 km2. 
Since 2011 approximately 50 % of the country has been covered. 

Loss on ignition (LOI), used as a measure of the organic content of the 
sample (Heiri et al., 2001), was extracted from this dataset for both 
shallow and deep samples within the Tellus airborne A2 block, which 
contains 1,849 sample locations. A high LOI (>50 %) is indicative of 
peat soils, or soils with high organic content in Ireland (Creamer and 
O’Sullivan, 2018). An average LOI was calculated from the shallow and 
deep samples in order to provide a single representative LOI for a sample 
location. There are insufficient LOI data to incorporate in the machine 
learning approach described in Section 2.4. 

2.3. National peat databases 

The CLC18 landcover classification is the most recent release from 
the European Environmental Agency (EEA). This is a European land
cover classification program, which has produced standardised land
cover classifications, derived from satellite remote sensing data products 
by national teams, at several reference years from 1990 until 2018. The 
dataset consists of 44 landcover classifications (Kosztra et al., 2017) 
with peat extent mapped using the classification of “Peat bogs” and 
“Moors and Heathlands”. This database has a minimum mapping unit 
(MMU) of 25 ha (0.25 km2), a minimum linear feature resolution of 
100 m and a reported thematic accuracy of 85 % (CORINE, 2018). 

The QGM is a national map produced by the Geological Survey of 
Ireland at a 1:50 k (1 cm = 500 m) scale. It aims to map the thickest unit 
in the top 1 m of the subsurface (GSI, 2022a). This is achieved primarily 
via traditional mapping techniques, boreholes, and ground geophysical 
surveys. No overall accuracy is reported for this database, however 
traditional mapping techniques often have most uncertainty at bound
aries of mapped units (Zhang et al., 2017). Ongoing surveys aim to in
crease overall confidence (GSI, 2022b). This database consists of 83 
classifications of sediment types. Peat is classified as “Blanket Peat”, 
“Cut over raised Peat”, “Fen Peat” and “Raised Peat (intact)”. 

The ISIS database is a probabilistic soil association map produced by 
the Environmental Protection Agency (EPA) and national agriculture 
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and food authority (Teagasc) at 1:250 k (1 cm = 2,500 m) scale. It was 
produced in a machine learning framework using legacy soil maps, 
environmental co-variates and validation datasets (Creamer, 2015; 
Creamer and O’Sullivan, 2018). The classification system divides the 
soils of Ireland into 11 Great Groups following World Reference Base 
(WRB) principles. Peat is classified under “1xx” relating to the Great 
Group classification of 1 for peats in Ireland. The accuracy of this 
database to predict soil types has reported values about 30–40 %. 

These databases can be used to remove areas from the study site that 
are not relevant and to identify training areas for use in the machine 
learning algorithm (Table 1). All databases were clipped to the Tellus 
Block A2 boundary. Polygons related to water bodies, urban centres and 
other non-relevant landcover or subsurface types were merged from all 
three national databases to produce a maximum extent mask layer of 
exclusion zones. Radiometric data acquired in these exclusion zones are 
removed. 

Each national database was then simplified into “Peat”, based on the 
relevant database definition, or “non-Peat” areas, by merging the 
remaining polygons, which provide the training areas. Comparison with 
LOI definition of peat showed that all three national databases were 
suitable for use in defining training areas (QGM: 86.4 %, CLC18: 86.2 %, 
ISIS: 83.1 % agreement), however the QGM was selected as it best 
matches the expected penetration depth of radiometric data (Beamish, 
2013). A more detailed justification for selection of the QGM can be 
found in Appendix A. Fig. 2 highlights the full workflow. 

2.4. Machine learning supervised classification 

Classification is the process of grouping together data which share 
common properties into a set of classes (Delgado et al., 2017). Machine 
Learning (ML) algorithms are suited to this task, especially where the 
underlying relationship in the data set is poorly understood (Valentine 
and Kalnins, 2016) and rely on pattern recognition and statistical re
lationships as opposed to a pre-determined mathematical model 
(Dramsch, 2020). In supervised classification, a subset of data is asso
ciated with an a priori set of “classes”. A statistical relationship is found 
between the input data and the associated class (Dramsch, 2020; Shen, 
2018). This relationship can be exploited to predict the classification of 
new data. Therefore, the input data need to be a good representation of 
the relationships of interest. 

In this study, supervised machine learning classification was used. 
Machine learning can exploit the statistical differences between the 
radiometric data layers, where traditional geophysical (i.e., inversion) 
or numerical (i.e., regression) techniques may not due to the complexity 
of radiometric data (Reinhardt and Herrmann, 2019). The QGM data
base provided the a priori (target) for supervised classification. 

In order to ensure the input data selected to “train” the artificial 
neural network (ANN) were acquired over the subsurface type of in
terest, a 200 m buffer zone was defined along either side of all peat 
boundaries in the QGM and no training data were selected from within 
the buffer zone. “Peat” classed radiometric data were selected from the 
remaining peat areas of the QGM outside this buffer zone. This was done 
to reduce the uncertainty of the QGM areas chosen as training sites, as 
the most uncertainty in traditional mapping techniques exists at 
boundaries of mapped unit (Zhang et al., 2017). This also removes any 
potential overlap between these classes due to the radiometric acquisi
tion footprint, approx. 180 m radius (Minty, 1997). No other filtering of 
the data was performed. 

A total of 168,414 radiometric data points were extracted from 
within the remaining “peat” area. The same number of datapoints were 

Table 1 
Landcover classes removed from Tellus A2 Block Area.  

Landcover classes removed: 
Airports Urban (all) Intertidal flats 

Beaches, Dunes, Sands Dump/Mineral Extraction sites Water (Lakes/Rivers) 
Coastal Lagoons Industrial areas Sea  

Fig. 2. Workflow Diagram.  
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extracted randomly from within the “non-peat” areas. These datapoints 
contain 4 data predictors, K, U, Th, and TCs (cps), and a classification of 
non-peat (value = 2) or peat (value = 1). Normalisation was applied to 
bring each radiometric dataset to a common scale (between 0 and 1). 
These labelled data form the training data within the machine learning 
framework. 

The main assumption in the machine learning training, and subse
quent application, is each datapoint is representative of radioactivity 
from a 50 m × 50 m square produced during interpolation of the 
airborne radiometric data. The 90 % contribution footprint of radio
metric data acquired at 60 m altitude is an approx. 180 m radius circle 
(Minty, 1997). As the aircraft is moving and recording every 1 sec, in 
reality this area becomes an ellipse. However, the greatest contribution 
to the signal is from directly below the aircraft and so the interpolation is 
considered standard in radiometric studies. 

This work utilises the MATLAB™ Pattern Recognition Application, 
which uses a scaled conjugate gradient backpropagation network 
(Møller, 1993) with the default of 10 hidden layers for machine learning 
classification sufficient to capture the complexity of the relationships 
between the input data and the classification. The input data were the 
normalised four radiometric datasets, which removed any scale differ
ences between the data. The target classes were defined as “non-Peat” or 
“Peat”. The input dataset was randomly divided into training (70 %), 
validation (15 %) and testing (15 %), a standard procedure when 
training an artificial neural network (ANN). A confusion matrix (Ting, 
2010) for all the input data is then used to access the success of machine 
learning training. 

2.5. Theory/Calculations 

Radiometric data are often presented as a map, which is represen
tative of each element’s concentration within an approximate depth of 
the subsurface, similar to Fig. 1. This depth has previously been explored 
via modelling of gamma ray attenuation in subsurface materials 
(Beamish, 2013) and quantification of a depth of penetration for various 
overburden types, with “wet peat” being 60 cm and mineral soils be
tween 40 and 60 cm. This represents the depth in each material within 
which 90 % of the radiometric signal is originating. 

The general assumption is that bedrock is the radioactive parent 
material present in mineral soils (Beamish, 2015; Priori et al., 2014; 
Rawlins et al., 2007), which contributes to the radiometric signal ac
quired at the aircraft. However, peats are considered to be a non- 
radioactive overburden, with the exception of reported uranium 
enrichment (Vodyanitskii et al., 2019) in certain cases. 

2.6. Radiometric attenuation 

The measured gamma ray flux (Im) can be considered as a gamma 
source with an intensity (Io), measured in photon rate per second of 
emission, which has been reduced after passing through some material. 
In crustal materials (rocks), gamma ray sources are radionuclides pre
sent since the formation of the planet and are dependent on the mate
rial’s geochemistry (Minty, 1997). Attenuation of this gamma emission 
is exponential and related to a linear attenuation coefficient (µ) of the 
material through which the gamma ray passes, and the thickness (x) of 
the material (Davisson and Evans, 1952). 

The linear attenuation coefficient can be described as the mass 
attenuation coefficient (µm) multiplied by the density (ρ) of the material. 
The mass attenuation coefficient is related to the number of electrons 
present in a material. The full equation for gamma ray flux measurement 
is given by the following: 

Im = Ioexp( − (μm × ρ)x ) (3.1) 

A more appropriate equation was proposed (Endrestøl, 1980) and 
further explored by (Beamish, 2013) which resulted in a three-phase 
system which accounts for the three phases of geological material, 

solid (s), water (w) and air (a). An additional step is added here to ac
count for the passage of the gamma rays through the air to the detector 
at aircraft altitude. This results in a 4-phase system of one-dimensional 
(1D) attenuation from an underlying source to a detector at aircraft al
titudes (Equation (3.2)). 

Im = IOexp(−
(
[(μs × ρs) × (1 − ∅) × x ] + [(μw × ρw) × (S∅) × x ]

+[(μa × ρa) × (∅(1 − S) ) × x ] + [μal × h ]

)

(3.2)  

where 
Ø = Porosity (Volume of void spaces) expressed as a decimal 

percentage. 
S = Saturation (Volume of liquid within void spaces) expressed as a 

decimal percentage. 
µs/w/a =Mass attenuation coefficient of solid/water/air (Minty, 

1997) for an energy range. 
ρs/w/a = Bulk density of solid (variable), water (1) or air (0.001293) 

expressed in g/cm3. 
x = thickness of layer expressed in cm. 
µal = Linear attenuation coefficient of air per metre (as provided by 

the survey contractor, (SGL, 2017)). 
h = production altitude (60 m). 

For each aircraft observation point, there are 3 independent data (K, 
U and Th) and 5 unknown parameters (equation (3.2)), so it is an 
underdetermined system of equations. This means that the same data 
can be modelled with many combinations of the parameters of the non- 
radioactive medium. It is not possible to estimate, e.g., the thickness of 
peat, without additional ground-based constraints on the other param
eters, especially for areas where peat thickness > 60 cm will substan
tially reduce the signal to noise ratio. 

This equation (equation (3.2)) can be used to produce a simple 1D 
model of gamma ray attenuation of some initial source intensity (cps) 
passing through a non-radioactive medium, with the attenuation being 
controlled by the physical properties of that medium. These are media 
density (g/cm3), porosity (%), saturation (%), and layer thickness (cm). 
All three recorded elements (K, U and Th) can be modelled using specific 
attenuation coefficients for each (Minty, 1997). TC data cannot be 
modelled as they represent an integration of the full energy spectrum 
detected and no one attenuation coefficient can be used. 

2.7. Modelling peat vs non-peat attenuation effect 

Modelling was performed using equation (3.2) to produce a theo
retical radiometric dataset of K, U and Th responses from one million 
models of random combinations of typical subsurface physical proper
ties for peat and non-peat in Ireland (Table 2) (Galvin, 1976; Kiely and 
Carton, 2010). 

The initial intensities were allowed to vary randomly within defined 
limits (Table 2) to replicate the probabilistic nature of radioactive decay 
in a given time window (Minty, 1997). Thickness has the most influence 
on radiometric attenuation (Beamish, 2013), but is not an intrinsic 

Table 2 
Physical Properties used in modelling radiometric attenuation. Initial intensity 
refers to the counts per second intensity directly underlying the attenuating 
material. Bulk Density refers to the material density of the overburden. Porosity 
refers to the volume of void spaces. Saturation refers to the filled void spaces. 
Thickness refers to the constant vertical thickness of the overburden.  

Physical Property Peat Non-Peat 

Initial Intensity (cps) K, U, Th = 500 ± 50 cps 
Bulk Density (g/cm3) 0.01 – 0.25 1.1–1.65 
Porosity (%) 90 – 99 30 – 70 
Saturation (%) 80 – 100 10 – 70 
Thickness (cm) 50 50  
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physical property of the overburden. In order to observe radiometric 
attenuation due only to property differences, the thickness remained 
constant (50 cm) for all models. Each model is a 1D representation of 
vertical gamma ray attenuation of 3 elements (K, U, Th) from source to 
aircraft, passing through a three-phase overburden of constant thick
ness, variable physical property values, and a 60 m air column. 

The final element in modelling radiometric data is the addition of 
random noise. This represents noise in real radiometric data that is not 
corrected during processing, such as small aircraft motion. Noise esti
mates were taken from Tellus Block A2 data. Noise calculated using 
Beamish (2013)) resulted in levels of Kn = ±6.76 cps, Un = ±2.42 cps, 
Thn = ±2.32 cps. Noise was independently and randomly assigned 
within these limits to each model dataset. 

This yields two million datapoints with a modelled K, U, Th response 
and classification of peat or non-peat. All responses were normalised to 
fall between a minimum of 0 and a maximum of 1, a standard part of any 
machine learning workflow (Valentine and Kalnins, 2016). A histogram 
analysis is used to visualise the responses for each element/modelled 
overburden combination and a correlation analysis is used to examine 
the relationships between the responses within each modelling scenario. 

3. Results and discussion 

3.1. Modelling radiometric attenuation in peats and non-peats 

The purpose of the modelling exercise was to conceptualise the sta
tistical differences, existing between radiometric responses acquired 
over non-radioactive peat compared to those acquired over non-peat 
overburden, which would be exploited by an ANN. A histogram was 
used to display the two million modelled responses (Fig. 3), where rows 

show modelling scenarios and columns show the three different element 
responses. The top row shows the response from all 2 million models. 
The middle row shows the 1 million responses when modelled using peat 
physical properties and the bottom row shows the responses when 
modelled using non-peat physical properties. 

The top row highlights an important observation. The U and Th re
sponses exhibit a slight bi-modal distribution, when compared to K re
sponses. The middle and bottom rows reveal that the peaks in the top 
row line up with the peat modelled responses, indicating that the 
attenuation responses in a peat, compared to a non-peat model, are 
becoming notably different at higher gamma ray energies. Th responses 
from peat models are less attenuated compared to K responses, whereas 
non-peat models display similar attenuation across all three elements 
(Fig. 3). 

The reason for this can be determined from Equation (3.2) and the 
range of physical parameters used to define a peat and a non-peat 
(Table 2). The very low bulk density (<0.25 g/cm3) and very high 
saturation and porosity values attributed to peat (Galvin, 1976) mean 
that the attenuation of gamma rays in peat models is controlled mostly 
by the given porosity and saturation. This coupled with a stronger 
attenuation coefficient for K compared to U and Th means that as 
gamma energy increases, attenuation decreases for peat models. 

Non-peat models, by comparison, have a larger bulk density (1.1 – 
1.65 g/cm3) and a larger potential range for porosity and saturation 
(Table 2) (Kiely and Carton, 2010). Therefore, the attenuation of a non- 
peat model is controlled by the combination of physical parameters, 
including a more significant impact from the bulk density of the solid 
component of the model. This results in more consistent attenuation 
regardless of gamma ray energy. 

An interesting observation of this analysis is that, given a non- 

Fig. 3. Histogram analysis of modelled radiometric data, showing distribution and response difference for each radiometric element and modelling scenario.  
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radioactive overburden and a constant depth, non-peat models have an 
increased and more consistent attenuation across the three elements 
when compared to peat models. This appears to be counter-intuitive to 
published literature which highlight peatlands as strong attenuation 
areas within radiometric surveys (Beamish, 2014; Siemon et al., 2020). 
However, the models presented here do not consider the effect of parent 
material in non-peat soils, which will effectively mask any underlying 
radiometric source signal (Rawlins et al., 2007; Reinhardt and Herr
mann, 2019). The lack of parent materials in peats result in areas of low 
radiometric signal in radiometric surveys in addition to the attenuation 
strength of a peat soil. This observation highlights another “radiometric 
difference” between peat and non-peat soils, in that peat soils act as an 
attenuating medium, whereas non-peat soils act as both a source and 
attenuator of radiometric signal. 

The distributions of each of the histograms are determined by the 
range of physical parameters used in each model (Table 2). As this range 
is unknown for any real-world survey, recorded distributions may not 
match this modelled scenario. However, the differences between the data 
may be of use. In order to show this, a correlation analysis was per
formed separately for peat and non-peat modelled datasets to show how 
one modelled dataset changes with respect to another within each 
modelling scenario. 

Radiometric responses modelled with peat physical properties are 
less correlated compared to responses modelled using non-peat prop
erties. The combination of two things results in this lower correlation: 
(1) the sensitivity of the radiometric responses in peat to the relevant 
attenuation coefficients and (2) the introduction of randomness in the 
form of initial intensity and noise, which naturally decreases correlation 
between datasets. Here, however, the randomness is applied equally to 
both peat and non-peat modelled radiometric responses. The greater 
sensitivity to attenuation coefficients in peat modelled responses results 
in the random noise having an increased effect compared to non-peat 
modelled responses. 

It is noted that the level and randomness of the initial source 

intensity are estimates, and there is no empirical evidence for their 
choices, however normalisation removes the importance of their relative 
strengths. The noise levels used are orders of magnitude lower than the 
chosen initial signal. Decreasing the initial signal level decreases the 
correlation and the removal of randomness results in near perfect cor
relation in both modelling scenarios. 

3.2. Machine learning training 

A confusion matrix is used to describe training success (Fig. 4). This 
matrix shows how successful the ANN is at classifying the training data 
(described in 2.4) using the labels provided (Ting, 2010). The “target” is 
the classification pre-assigned to each data point, the “predicted” refers 
to the classification assigned by the ANN post training. 

The overall training success indicated that 94.4 % of all training data 
were classified the same as the QGM (with the buffer zone) by the neural 
network with 5.6 % being re-classified by the neural network. It is likely 
that some mis-classified QGM areas were still present, despite the 
caution of the 200 m buffer zone, as shown by this re-classification. An 
analysis with a buffer zone of 300 m either side of the QGM boundaries 
resulted in a marginal improvement in the classification accuracy to 
~96 %. ANN has therefore identified a statistical model to differentiate 
between radiometric data acquired over peat and non-peat overburden 
and can now be applied to the full Tellus A2 block dataset. 

3.3. Updating the peatland map 

All datapoints from the Tellus Airborne A2 block were normalised 
with the same parameters as the training data and passed to the trained 
ANN, which outputs a classification of peat or non-peat (Fig. 5-A). 

This updated peatland map can be compared to the QGM database 
(Fig. 5-B). Both peatland extent maps show good agreement, as expected 
as the ANN was trained using the QGM. By calculating a difference 
(Fig. 5-E), areas that were reclassified by the ANN can be seen. This 
difference map shows that the results are not significantly influenced by 
the underlying geology (Fig. 5-C) or topography related high fly zones 
(Fig. 5-D), both important considerations in radiometric studies 
(Beamish, 2015; Minty, 1997). 

Underlying geology may influence the initial source intensity as well 
as contribute to the parent material of the soil, both having an effect on 
the recorded radiometric signal (Beamish, 2015; Rawlins et al., 2007). 
Complex topography can decrease the quality of radiometric data due to 
rapid changes in aircraft altitude to maintain terrain clearance (Fig. 5- 
D). There may also be non-vertical gamma rays originating from valley 
sides (Minty, 1997; Reinhardt and Herrmann, 2019). 

The ANN classification result contains interesting features when 
compared to the other databases. The resolution of the three national 
databases is controlled by mapping units and accuracy measurements. 
The ANN result is based on individual 50 m × 50 m squares, which 
represent the resolution of this database. However, any isolated classi
fied square is therefore more likely to be a product of noise than a correct 
classification and may require the use of a spatial filter. However 
coherent groups of similar classification are likely to be true classifica
tions. The argument for increased resolution is furthered by the fact that 
each 50 m × 50 m area has been derived from a direct measurement of the 
subsurface. This is compared to a surface (1 cm – 2 cm depth) mea
surement present in the CLC18 database, and only sparse subsurface 
measurements present in QGM and ISIS databases. These traditionally 
derived maps resolutions may also be affected by local issues, such as 
access to land to validate soil type, which will not affect the results of an 

Fig. 4. Confusion matrix showing the training success. Coloured squares show 
number of data points either re-classified or un-changed. Grey squares represent 
percentage of matching classification i.e., 95.1% of the data predicted to be 
“peat” was originally classified “peat” in the QGM and remain un-changed. 
4.9% have been re-classified as “peat” by the neural network from “non-peat” 
in the QGM. 
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Fig. 5. Radiometric based peat map. A) ANN Classified peatland area. B) QGM database peatland area. C) Simplified Geology map. D) Tellus Survey > 90 m 
clearance from ground E) Red = areas that the ANN is different to the QGM. Blue = the classification is the same as the QGM. Orange boundary is study site detailed 
in Section 4.3.1. A, B, D and E Maps have exclusion zones removed. 
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Fig. 6. A) Google image of study area. Yellow boundary defined from commercial surveys on site. Black Dashed area highlighting two sites identified as peat by ANN 
classification, seen as dark green (forest) and light green (grass). B) Simplified QGM database of study area. C) Simplified ISIS database of study area. D) Simplified 
CLC18 database of study area. E) ANN classification of study area. F) Difference between B and E. 
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airborne survey presented here. 
While the effect of geology is partially accounted for via regional 

spatial sampling within machine learning training, the decrease in 
spatial resolution of radiometric data due to complex topography and 
high fly zones is unavoidable, as the area from which gamma rays 
originate expands greatly with increased clearance above the surface 
(Reinhardt and Herrmann, 2019). Although a linear correction is 
applied to correct the data to production altitude (SGL, 2017), the effect 
of complex topography cannot be accounted for. Therefore, while there 
is still a valid statistical relationship present in the recorded radiometric 
data in mountainous regions, the area from which the gamma rays 
originate is not well constrained. Therefore, any result from moun
tainous regions, such as the western portion of the study area (Fig. 5-E) 
would require extensive ground truthing and combination with other 
peatland area datasets (Connolly et al., 2007) to assess accuracy. 

3.4. Predicting peatland extent in flat terrain 

In contrast to mountainous regions, relatively flat terrain exhibits no 
such complexity. The remaining discussion will highlight an example of 
the proposed method’s ability to update the extents and spatial distri
bution of peatlands centred on a former industrial extraction site. 

The chosen site is located at the eastern side of the Tellus A2 block 
(Fig. 5-E). It is known locally as Garryduff bog and until recently was 
harvested for material to generate electricity at a nearby power plant. 
This site was chosen for this study as it provides a representation of a 
typical industrial peatland site in the northern hemisphere and sur
rounded by grassland and some forestry. 

All three simplified national peatland databases are shown (Fig. 6-B/ 
C/D) highlighting the differences in peatland extent and spatial distri
bution. Each database can be visually compared to the aerial image, 
which outlines the Garryduff bog (Fig. 6-A). The QGM and ISIS data
bases show peat extent outside the Garryduff boundary and show a 
connection between other peatland areas. The CLC18 shows increase in 
peatland extent. 

The direct measurement has another implication for the ANN clas
sification, namely that it may “see through” landcover. In particular, the 
radiometric data may detect peatlands under anthropogenically modi
fied land use, such as grass or forest. This is evident in the study area 
(Fig. 6-E) as the ANN classification has detected two distinct areas of 
peatland in the south-western quadrant of the study area (black dashed 
box). These are partially detected on the QGM and ISIS databases, and 
not detected on the CLC18 database. The CLC18 database identified 
these areas as “Mixed Forest” and “Pasture” (west to east). The QGM 
identifies these areas as “cut over raised peat” and “Till derived from 
limestone” respectively. The ISIS identifies these as “peat” and “fine- 
coarse loamy drifts with limestone”. The ANN classification shows that 
these areas are larger than previously identified. It is noted that these 
areas were not included in training data (Section 4.2) for the ANN due to 
the buffer zone, but are still identified as peat by the ANN. See Appendix 
B for zoomed images for each of these sites. 

This result is also relevant for currently known peatlands, such as the 
Garryduff site. The ANN classification has extended the boundaries 
beyond this industrial peatland (red boundary) into the surrounding 
areas. The difference (Fig. 6-F) shows areas of the site that have been 
reclassified by the ANN classification, compared to the QGM, which 
highlights the increases in resolution provided by this method. 

The radiometric signal has been shown to be affected by vegetation 
cover (Reinhardt and Herrmann, 2019), which can act as both an 
attenuator or a source of radiation. Within this study site, ANN classified 
areas are not strictly following visible vegetation boundaries (Fig. 6-E), 
such as forests. This leads to the conclusion that the presence of vege
tation (e.g., grass and forest) may not affect the classification of the 
underlying subsurface. As results from radiometric attenuation 

modelling have shown, peat has a distinctive attenuation signature in 
radiometric acquired data when considering all recorded radiometric 
datasets, which may be independent of vegetation cover. 

4. Conclusions 

The methods presented can be used for international peatland 
mapping projects where similar datasets exist and may provide impor
tant updates to peatland inventories by identifying areas of previous 
unrecognised peat and updating boundary locations for established 
peatland sites. This has implications for global carbon stock assessment, 
rehabilitation projects and land management decisions. The method is 
reliant on good quality airborne radiometric data and some a priori 
knowledge of peatland extent in order to provide appropriate training 
areas. These areas should be spatially distributed across the full study 
site in order to capture any effects of changing geology to the radio
metric data. As the method relies on statistical relationships between all 
recorded radiometric datasets, it is more suited to large areas and large 
datasets. Smaller areas may not exhibit such statistical relationships as 
clearly, as the range of attenuation properties may be limited. Once a 
large area has been classified, however, the results can be used as a 
product for more focused localised studies or incorporated into other 
peatland mapping projects. 
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Appendix A 

Quaternary Geology Map for ANN training 

The correct selection of training areas, where the presence of peat
lands is well known, is vital for a machine learning methodology to be 
successful. Given three national databases which describe peatland in 
the study area, the challenge is to select one to use for training of the 
neural network. As noted, (section 2.3), all three databases matched 
with LOI analysis. The application of a 200 m buffer zone is also 
considered necessary to account for the airborne radiometric footprint 
to reduce misclassification (section 2.4). The final analysis was to 
determine which database, after the application of a 200 m buffer (Fig 
A.1), had the most overlap with the other databases (Table A.1). 

The QGM (with buffer zone) was chosen as it firstly matched with 
LOI data. Secondly it had the largest overlap with the other peatland 
extent databases available (Table A.1) meaning that it was limited to 
areas where all three databases reported peat to be present. Finally, it 
was also the most conservative in terms of peatland extent (Fig A.1-B), 
which would focus training to localised areas where peat was likely to be 
present. 
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Appendix B 

Validation of ANN classification. 
Validation of local re-classification was performed via aerial imagery 

within the Garryduff study site with Aerial imagery were taken from 
Bing Imagery (https://www.bing.com/maps/aerial). Aerial images 
were used to verify if two highlighted local sites (Fig. 6) were correctly 
re-classified as peat, including an updated boundary classification (Fig 
B.1) and identification of a new peatland site (Fig B.2). Peat was iden
tified on aerial imagery from bare exposure, colour changes and dif
ferences to surrounding areas, similar to the main Garryduff peatland. 

Fig A.1. Existing peatland extent maps within Tellus Block A2 A) QGM, B) QGM with 200 m buffer, C) CLC18, D) CLC18 with 200 m buffer, E) ISIS, F) ISIS with 
200 m buffer. 

Table A.1 
Percentage overlap between databases with 200 m buffer and each database 
without a buffer.   

Full QGM % 
Overlap 

Full CLC18 % 
Overlap 

Full ISIS % 
Overlap 

QGM (200 m 
buffer) 

100 70.2 99.4 

CLC18 (200 m 
buffer) 

64.7 100 76.0 

ISIS (200 m 
buffer) 

83.1 67.2 100  
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Fig B.1. A) Google image of study area. Yellow boundary defined from commercial surveys on site. Black Dashed area highlighting two sites identified as peat by 
ANN classification. Red Box shows zoomed area in B, C, D and E. B) Aerial image of zoomed area. C) QGM definition of peat in zoomed area, surrounded by “Till 
derived from limestone”. D) CLC18 definition of peat in zoomed area. CLC18 misclassifies this area as “Mixed forest” surrounded by “pasture” and “Non-irrigated 
arable land”. E) ISIS definition of peat in zoomed area. F) ANN classification of peat in zoomed area. 
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