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Abstract

Context An increased interest in the restoration of
peatlands for delivering multiple benefits requires a
greater understanding of the extent and location of
natural and artificial features that contribute to
degradation.

Objectives We assessed the utility of multiple, fine-
grained remote sensing datasets for mapping peatland
features and associated degraded areas at a landscape-
scale. Specifically, we developed an integrated
approach to identify and quantify multiple types of
peatland degradation including: anthropogenic drai-
nage ditches and peat cuttings; erosional gullies and
bare peat areas.

Methods Airborne LiDAR, CASI and aerial image
datasets of the South West UK, were combined to
identify features within Dartmoor National Park
peatland area that contribute to degradation. These
features were digitised and quantified using ArcGIS
before appropriate buffers were applied to estimate the
wider ecohydrologically affected area.
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Results Using fine-scale, large-extent remotely
sensed data, combined with aerial imagery enabled
key features within the wider expanse of peatland to be
successfully identified and mapped at a resolution
appropriate to future targeted restoration. Combining
multiple datasets increased our understanding of
spatial distribution and connectivity within the land-
scape. An area of 29 km? or 9.2% of the Dartmoor
peatland area was identified as significantly and
directly ecohydrologically degraded.

Conclusions Using a combination of fine-grained
remotely sensed datasets has advantages over tradi-
tional ground survey methods for identification and
mapping of anthropogenic and natural erosion features
at a landscape scale. The method is accurate, robust
and cost-effective particularly given the remote loca-
tions and large extent of these landscapes, facilitating
effective and targeted restoration planning, manage-
ment and monitoring.

Keywords Peatlands - LiDAR - Remote sensing -
GIS - Landscape-scale - Peatland degradation

Introduction

Peatland ecosystems are vulnerable, both to climate
change and anthropogenic activities (drainage, con-
version for agriculture, burning and extraction for fuel
and horticulture) (Gorham 1991; Joosten and Clarke
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2002; Bain et al. 2011) and only 10-12% of the global
peatland resource remains undamaged (International
Peatland Society 2008).

Recently, blanket peatlands, which represent the
largest expanse of semi-natural habitat in the UK
(Littlewood et al. 2010), have been recognised for the
wide range of ecosystem services that they provide
including; climate change mitigation, carbon seques-
tration/storage, runoff regulation and improvement of
water quality, and the provision of a landscape with
recreational and cultural value (Joosten and Clarke
2002; Kimmel and Mander 2010; Bain et al. 2011;
Grand-Clement et al. 2013). Accordingly, there is
increasing interest in peatland restoration (rewetting)
to safeguard these multiple benefits. However, this
awareness has highlighted the need for a greater
understanding of the extent and location of peatland
features, both natural and artificial, particularly where
peatlands have experienced significant disturbance.

Restoration and management of peatlands requires
an understanding of peatland structure at the spatial
scales at which peatlands function. For example, it is
now widely understood that, in addition to controls
such as topography and peat type, artificial peatland
drainage and associated erosional gullies promote
localised drainage and are the biggest cause of water
table change, resulting in long term impacts on
peatland hydrology and ecological structure and
function (e.g. initiating changes in hydrological con-
nectivity, carbon cycling, species composition and
microform patterns) (Evans and Lindsay 2010; Lus-
combe et al. 2016; Minayeva et al. 2017). Even
historical, partially re-vegetated drains continue to act
as artificial flow paths due to localised changes in
topography as a result of long-term subsidence of the
peat surface adjacent to the drainage ditches (Haa-
palehto et al. 2011, 2014; Holden et al. 2011).

The recent focus on landscape-scale conservation
management has reinforced the need for landscape
scale mapping and monitoring, a task that is challeng-
ing to deliver using traditional ground-based methods
(Cole et al. 2013). Landscape-scale mapping
approaches allow the identification of both vulnerable
(degraded) peatland areas as well as intact, functioning
areas which may be at risk due to their proximity to
degraded zones or drainage features (Minayeva et al.
2017). In addition, identifying functioning peatland
areas can provide information to inform realistic and
spatially explicit restoration goals, in addition to

@ Springer

identifying where such pristine peatlands may still
exist.

The current condition of climatically-marginal peat
landscapes such as those found on Dartmoor in the
South West of England, are poorly characterised,
limiting understanding of where restoration/manage-
ment efforts should focus. Furthermore, restoration
practices such as ditch blocking are costly and require
extensive partnership funding and cooperation (Hol-
den et al. 2008; Bonn et al. 2016). Bain et al. (2011)
have therefore, encouraged mapping of peatland
ecosystems at the catchment scale to better manage
this effort. Detailed spatial assessments of the distri-
bution of features causing degradation (e.g. drainage
ditches), as well as a broader condition assessment
help to ensure that restoration works are efficient,
economical and cost effective (Moxey and Moran
2014; Aitkenhead et al. 2016).

However, the review by Li et al. (2018), highlights
that the knowledge needed to underpin restoration
management must also extend to the fine-scale or
microtope (in sensu Lindsay (2010)) to assess fully the
changes in peatland structure and function. Mapping
of natural erosion features and assessment of artificial,
linear drainage features must therefore be completed
at the-sub metre scale (Connolly and Holden 2017) as
well as across landscape extents. Despite this, and
likely due to the fact that until recently there was a lack
of freely accessible data, comprehensive, fine-scale
regional peatland mapping studies are still rare (see
Milton et al. 2005; Yallop et al. 2006; Keyworth et al.
2009; Evans and Lindsay 2010; Medcalf et al. 2014 for
notable exceptions across national scales) and to date,
limited high resolution mapping of the key peatland
features that contribute to peatland degradation have
been completed at the landscape-scale.

Existing resources of peatland extent and condition
are also often based on data that are no longer
applicable due to their age, their coarse spatial
resolution or the methods used (i.e., inventories that
were completed in the 1970s—1990s, National/Re-
gional scale mapping studies and studies based on
literature review and ‘expert’ opinion rather than
physical data). This may be explained by the fact that
traditional survey and assessment methods, e.g.
ground based field surveys (Burton 1987) and plot or
transect-scale vegetation assessments (Poulin et al.
2013; Rochefort et al. 2013), are time consuming and
costly over large extents (Mehner et al. 2004; Li and
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Chen 2005). In addition, the subjective nature of field
data acquisition and uncertainties associated with plot
surveys (different observers and different times of the
year) means that systematic bias can be introduced
(Carlsson et al. 2005) and a large number of plots are
needed in sites with a high level of small scale
variability so that features are not underestimated
(Bonnett et al. 2011).

Remote sensing and GIS are however, becoming
more widely used as advanced tools for landscape-
scale investigations (Evans and Lindsay 2010; Lus-
combe et al. 2015a, b, 2016). Furthermore, with the
increasing open-access availability of remotely
sensed, fine-scale data covering large extents (includ-
ing Light Detection and Ranging—LiDAR, Multi- and
Hyperspectral aerial and multi-annual, visible aerial
photography) which are robust and repeatable, land-
scape-scale mapping approaches are now becoming
deliverable.

Automated methods for detecting and mapping
erosional gullies are also being developed using such
data, at sub-catchment/hillslope extents (Evans and
Lindsay 2010; Shruthi et al. 2011; Hofle et al. 2013).
These methods enable quantification of features and
provide a means of understanding their spatial distri-
bution and connectivity within the landscape, thus
facilitating effective and targeted restoration planning,
management and monitoring (Aitkenhead et al. 2016;
Gatis et al. 2019).

The aim of this study was to assess the utility of
fine-grained remote sensing data for mapping both
natural and anthropogenic peatland features. Specific
objectives were to develop an integrated approach
which could identify and quantify multiple types of
peatland degradation across the moorland extent of
Dartmoor National Park, including: 1. Anthropogenic
drainage ditches and peat cuttings, 2. Erosional gullies
and 3. Bare peat areas.

Methods
Study system

The area of interest for this study was located within
the primary moorland extent of the Dartmoor National
Park, located in southwest England (Fig. 1). Dartmoor
contains the largest expanse of upland blanket bog in
the south of England [315 km® of the 945 km”

national park area is mapped as peat (Gatis et al.
2019)]. The peat deposits on Dartmoor are estimated
to extend to depths greater than 7 m (Fyfe and Greeves
2010; Newman 2010; Parry et al. 2012; Fyfe et al.
2014) and overlie predominantly granitic bedrock
(Gatis et al. 2019). Dartmoor’s blanket bog ecosys-
tems are the primary reason for the designation of
Dartmoor’s Special Area of Conservation (SAC).
However, much of Dartmoor’s peatland has been
affected by past human activity, specifically drainage
for agricultural improvement (during the 19th and
20th centuries), domestic peat-cutting (since the 18th
century) and commercial extraction (since the late
19th century), burning (swaling), and military activity
(Grand-Clement et al. 2015). These activities are
known to have affected the ecohydrological structure
and function, evidenced by widespread erosion, car-
bon loss and ecosystem degradation (Daniels et al.
2008; Luscombe et al. 2015b; Gatis et al. 2016).

In addition, concern has been raised over the long-
term resilience of Dartmoor’s peatland ecosystem to
climate change. Gallego-Sala et al. (2010) predict that
by 2080, Dartmoor and other south west UK peatlands
will no longer support peat formation, due to warmer
climates. Therefore, the ability of these climatically-
marginal, yet spatially extensive peatlands to provide
key ecosystem services in an already degraded con-
dition may be limited. Consequently, pilot blanket bog
restoration initiatives have taken place through the
Dartmoor Mires Project from 2010 to 2015 (South
West Water 2014; Bowers 2015). Restoration activ-
ities have been targeted at the rewetting of areas
identified as drained or ecologically degraded by the
expansion of bare peat “pans”. This work has
prioritised the blocking of active gully features,
aiming to promote vegetation re-growth and ulti-
mately restart peat accumulation as demonstrated
elsewhere (Gorham and Rochefort 2003; Bain et al.
2011). However, strategic decision-making informed
by a whole landscape-scale understanding of peatland
degradation has not hitherto been possible.

Dartmoor was also chosen as a study landscape as it
is already a test bed for monitoring and evaluation of
restoration activities and current peatland condition.
Furthermore, LiDAR data covering the whole of the
study area were freely available for download (for
research purposes), following the Natural Environ-
ment Research Council (NERC) survey by the Tellus
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Fig. 1 Map illustrating the study area (dashed line) within the
Dartmoor National Park (solid grey line) and their location
within the south west region and UK (inset maps). Areas of deep

aircraft in 2013 (further detail is available from www.
tellusgb.ac.uk and Gatis et al. (2019)).

Remote sensing data

Our approach employed airborne LiDAR, CASI
(Compact Airborne Spectrographic Imager), and
aerial image datasets.

LiDAR data were collected during the NERC
TellusSW project in the summer and autumn of 2013
(www.tellusgb.ac.uk). The raw LiDAR dataset was
processed to create a digital surface model (DSM) at a
spatial resolution of 1 m and 2 cm vertical resolution.
These data were downloaded from https://catalogue.
ceh.ac.uk/documents/b81071f2-85b3-4e31-8506-cabe
8991989a (Ferraccioli et al. 2014).

CASI (visible and near infrared) hyperspectral
image data were also available for the site from an
earlier survey by the Environment Agency Geomatics
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peat (> 40 cm) are shown by brown shading. Red text labels
name the main historical, industrial peat cutting areas

Group in 2009. CASI hyperspectral imagery provides
19 bands of visible and near infrared hyperspectral
imagery ranging between 365 and 1050 nm. In
addition, red, green, blue aerial photography (RGB)
(0.125 m resolution) and colour and near infrared
aerial photography (CNIR) datasets of the region,
from flights spanning several years (including 2010
and 2015), were provided by Dartmoor National Park
Authority (DNPA).

Peatland feature mapping

A low-pass moving window (11 x 11 cell) average
filter was applied to the original DSM to provide a
smoothed model. This smoothed version was then
subtracted from the original DSM and the residual
topography used to derive a “de-trended” dataset. A
de-trended LiDAR DSM product was needed in order
to examine the high frequency micro-topographic
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landforms, independent of the surrounding landscape
structure.

Mapping drainage ditches and peat cuttings

Using knowledge of the history of peat cutting on
Dartmoor (Newman 2010) and of the deep peat areas
(Gatis et al. 2019) (Fig. 1) to contextualise features, a
set of criteria was established and a process for visual
assessment and classification of features such as
drainage ditches and peat cuttings developed (Fig. 2).

Anthropogenic drainage ditches and peat cuttings
were manually identified in the de-trended LiDAR
DSM. Linear depressions and negative topography
could be discriminated by visual interpretation of the
LiDAR images. Each 1 km grid square was visually

assessed in turn, in combination with the CNIR and
RGB aerial imagery. Different representations of the
aerial imagery data (CNIR and RGB datasets) were
found to enhance the features for example, true colour
[red (1), green (2) and blue (3)] and false colour [near
infra-red (1), red (2) and green (3)]. Identified features
were then digitised as polylines (drains) or polygons
(cuttings) in ArcGIS (ESRI 2015. ArcMap 10.3.1.
Redlands, CA). This allowed for the production of a
series of digitised layers each showing a different
‘disturbance’ feature (e.g. drainage ditch or peat
cutting) and therefore mapping of their extent and
location. In addition, attributes were assigned to
individual features to provide further classification.
For example, peat cuttings were classified as individ-
ual, distinct, well-defined features—likely to be
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Fig. 2 Flow diagram showing processing chain for digitising
and classifying (1) Anthropogenic drainage ditch and peat
cutting features, (2) Gully and erosion features and (3) Bare

peat, using LiDAR and aerial imagery. Left hand boxes show
input datasets. Right hand boxes show resultant output datasets.
(Color figure online)
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related to small-scale domestic peat cutting activity or
as larger, commercial peat ‘setts’ where large areas of
drainage and peat extraction were evidenced.

Mapping erosional gullies

De-trended data derived from the LIDAR DSM were
used to identify the location of micro-topographic
depressions below a threshold appropriate to the
known size of measured gully features (Depth thresh-
old separation, Fig. 2). The results were further
checked against aerial photography datasets to ensure
appropriate representation of the output features. The
two dimensional geometry of the features was also
used to ensure small extents of erroneous data were
discarded (< 38.7 m?) (Attribute based despeckle,
Fig. 2). Additionally, the resultant data were manually
cleaned by the visual inspection of each 1 km grid
square and removal of natural and anthropogenic
features not characteristic of erosion features but that
had similar morphological traits. For example, roads,
footpaths or tracks; features identified as rivers or
water bodies from Ordnance Survey mapping and
features located in areas outside of land-cover classes
known to support such erosional features (Automated
anomaly removal and Manual feature cleaning,
Fig. 2).

The resultant data were then processed to derive
those mapped features most likely to be functioning as
morphologically active (i.e. eroding) gully features. A
simple flow accumulation model (Evans et al. 2005;
Luscombe et al. 2015a), (a method which calculates
theoretical surface flow accumulated in each DSM
cell), generated from the parent LIDAR DSM was
spatially joined to the attribute table of the mapped
gully data to estimate the potential of each feature to
accumulate surface flow and therefore be actively
impacted by surface water erosion (Spatial join of
gully features and flow accumulation potential,
Fig. 2).

The flow accumulation analysis is a conceptual
oversimplification as it assumes that all rainfall is
converted to runoff in the landscape. However, as
peatlands may be subject to frequent saturation excess
overland flow (Luscombe et al. 2015a), the approach is
justified as a computationally efficient way of esti-
mating whether features that appear to be derived from
surface/near surface water erosion also coincide with
areas in the landscape where energetic surface water
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runoff is likely to be generated. These data enabled
mapped features which may accumulate flow the most,
to be numerically identified via appended attribute
data and statistically separated into (conceptually) the
most and least potentially morphologically active. The
resultant data included all the mapped (cleaned) gully
features as well as an attribute classification of high,
medium and low erosional potential (based on stan-
dard deviation of the data distribution), at the request
of the data users.

Mapping bare and sparsely vegetated peat areas

The CASI data were used in conjunction with
structural data from the de-trended LiDAR datasets
at 1 m? resolution, to map the position of bare and
sparsely vegetated peat areas. Hyperspectral CASI
data were pre-processed using principle component
analysis (PCA), in line with Rodarmel and Shan
(2002) to ensure that the information content from the
19 CASI bands which best represented the land
surface variability were able to be included in the
subsequent classification implementation. These data
were included in an ISODATA unsupervised cluster-
ing approach (Iterative Self-Organizing Data Analysis
Technique), and 10 classes were identified. From these
10 parent classes, 2 sub-groups were extracted
describing the position of the wet and bare peat
“pans” and the vegetated areas surrounding them
(Fig. 2). This classification dataset was further con-
strained using the topographic depressions isolated
from the LiDAR DSM to restrict the bare peat area
extracted (Fig. 2). Given that bare peat features are
formed from the loss of peat soil/vegetation, bare peat
areas are topographically lower than proximal areas
that exhibit vegetation cover and can therefore aid the
extraction of individual features from spectrally
classified extents (Gatis et al. 2016). Finally, aerial
image data (CNIR and RGB) were evaluated to
spatially constrain the overall extent of the output
datasets from the CASI and DSM data analysis.
Similarly to the mapping of gully features, this last
step ensured that any anomalous but spectrally/struc-
turally similar features that occurred outside dendritic
erosion networks were not included.
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Modelling the extent of ecohydrological damage

For the purpose of management and restoration
planning it is important to identify the total ecohy-
drologically affected extent (i.e. where the water
table is permanently below the vegetated surface and
peat forming vegetation cannot persist). The impact of
drainage features is not restricted to the immediate
margins of the feature. Peatland drains modify and
lower the water table for some distance beyond it
(Lindsay et al. 2014). Whilst the zone of drawdown
varies depending on many things such as slope, peat
type, drain width and orientation (Luscombe et al.
2016), there are a number of generally agreed
principles. Primarily water table drawdown occurs
asymmetrically for drain features that are contoured
and run across slope (Holden et al. 2006; Labadz et al.
2010; Luscombe et al. 2016) but more symmetrically
for drains orientated up-/downslope. Other peatland
features such as peat cuttings and erosional gullies
may be assumed to behave in a similar way to drains
with regards to water table drawdown in adjacent peat.
However, for computational simplicity it was assumed
that drawdown is equal around the perimeter of these
features.

In an extended analysis, cross-slope drains were
identified using a model of hillslope position gener-
ated for each feature using LIDAR DSM data. A 3 m
buffer was then applied only to the downslope side of

these drains (see Table 1) to estimate the asymmetric
water table drawdown in the proximal area. For all
other non-cross slope drain features a 3 m buffer (see
Table 1), was applied to the whole perimeter to
characterise the total area of ecohydrological change
(with the drains themselves assumed to have a width of
0.5 m) (Fig. 4).

In addition, a subset of features previously identi-
fied as peat cuttings (specifically those classified as
discrete and well-defined as these were known to have
distinct edges) were selected to have 3 m buffers
applied to their perimeter (see Table 1), to identify the
wider area likely to be ecohydrologically impacted by
those features (Fig. 4).

Identification of the wider ecohydrological impact
that erosion and gully features have was completed
using the flow accumulation modelling from the
LiDAR DSM. Attributes generated for individual
erosion and gully features enabled the automatic
statistical separation (using standard deviation) of
features that accumulate the most flow and may,
therefore, be the most vulnerable to future episodic
soil erosion. This subset of active gullies (classified as
having “medium” and “high” flow) were subse-
quently buffered by 3 m around their perimeter (see
Table 1 and Fig. 4). Finally, bare peat areas were
buffered by 2.5 m around their perimeter (Table 1).

Table 1 A summary of buffer sizes used to represent the areas of ecohydrological change relating to each mapped feature, the

assumptions used and the literature consulted

Mapped Buffer size Assumption Source
feature
Drainage 3 m (Asymmetric Water table drawdown occurs asymmetrically for drain Holden et al. 2006
ditches dependant on features that are contoured and run across slope up to a Labadz et al. 2010
hillsl siti i f h sl i S
illslope position) distance o 3 m on the downslope 51.de and assumed Luscombe ef al. 2016
symmetrical for non-cross slope drains
Exmoor monitoring,
University of Exeter
Peat 3m Water table drawdown occurs symmetrically up to a distance Holden et al. 2006; Labadz
cuttings of 3 m around the perimeter of discrete peat cuttings et al. 2010; Luscombe

Erosion and 3 m

features
Bare peat 2.5 m

et al. 2016

Water table drawdown occurs symmetrically up to a distance Holden et al. 2006; Labadz
gully of 3 m from the edge of gully and erosion features

et al. 2010; Luscombe
et al. 2016

Water table drawdown occurs symmetrically up to a distance Flat Tor Pan monitoring
of 2.5 m around the perimeter of bare peat areas

data, University of Exeter
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Field validation

To quantify the spatial accuracy of the digitised
(mapped) features and to confirm the correct identi-
fication of features, a number of each feature type
(drains, cuttings and gullies) were selected for inves-
tigation in the field for ground-truthing. Features were
selected from the GIS mapping and X, Y coordinates
loaded into a handheld global positioning system
(GPS) receiver (Garmin International, Olathe, KS,
USA). The GPS was used to navigate to the selected
validation features. At each feature, a visual check was
made to confirm the interpretation of the feature (i.e.
that a map feature attributed to a peat cutting, was in
fact a cutting). A field survey using a Leica Viva
GS08plus GNSS (Global Navigation Satellite System)
(with a spatial accuracy of approx. 2 cm) was then
undertaken to record the selected feature. For linear
features, such as drainage ditches, coordinates of the
start, mid- and end points of the feature were collected.
The location (X, Y) and length (m) of the feature as
collected by data points in the real world validation
were then compared to the location and length of the
corresponding feature that had been mapped (during
on-screen digitising). In the case of polygonal fea-
tures, such as peat cuttings and bare/sparsely vegetated
peat areas, the edges were walked during field survey
and data points recorded at regular intervals (with
higher sampling frequency around corners to ensure
sufficient detail was collected). To validate the
accuracy of the interpretation and on-screen feature-
digitising, the total area (m®) of the corresponding
feature surveyed in the field was compared to the
mapped feature. The percentage of ground validation
data that had been captured as the same feature type in
the digitised data was then calculated.

Results

An integrated approach to quantify features
over the whole landscape using multiple datasets

The integration of high resolution LiDAR datasets and
CASI imagery, assisted by the viewing of aerial
photography datasets, allowed for the identification of
the location and extent of peatland degradation
features across the whole extent of Dartmoor (Fig. 3a,
Table 2). Through the process of interpretation and
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mapping of features a comprehensive dataset, with a
good level of accuracy (Table 3), was produced. An
extended analysis of the resultant attribute data
allowed extraction of a subset of each feature type to
which appropriate buffers were applied (Fig. 4,
Table 2) which contributes to the understanding of
drivers of ecohydrological change across the Dart-
moor peatland area.

Drainage ditches

Drainage ditches were well resolved and easily
identifiable as linear depressions in the de-trended
LiDAR DSM and aerial imagery. The quality and
degree of detail captured in the LiDAR data (Fig. 3c)
revealed the extent of drainage features across this
peatland landscape (Table 2) and facilitated the ability
to differentiate linear drainage features from such
features as vehicle tracks, fences and other landscape
features. A digitised dataset of anthropogenic drainage
ditch features was therefore extracted and features
quantified.

In total 4690 drainage ditch features were digitised
across the whole moorland extent. This represented a
total length of 426.7 km of anthropogenic, linear
drainage (Table 2). In some cases, where extensive
peat cutting had taken place, the definition of the
drainage ditches had been lost with the removal of the
surrounding peat. This resulted in the occasional
discontinuous linear feature in the LIDAR image data.
As only visible drains were digitized, this figure could
be an underestimation of the true area of peat that has
been impacted by anthropogenic drainage.

Using the assumption that drains had an internal
width of 0.5 m (Armstrong et al. 2009) and following
application of the appropriate buffers to the relevant
drain features (see “Methods” Section), the total
extent of peatland area identified as ecohydrologically
affected by drainage ditches was 2.4 km” (Table 2).

Drainage ditches were locally dense or concen-
trated around areas historically used for peat cutting
(Fig. 3a) and were therefore focussed around the deep
peat areas of Dartmoor (Fig. 1). Consequently 1.4% of
the deep peat areas (> 40 cm) (Fig. 1) were found to
be ecohydrologically affected by drainage ditches
(Table 2).
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Peatland Features

Peatland_Drains
- Peatland_Cuttings

Gully_and_Erosion N
- Bare_Peat
\:’ Survey_Area

Fig. 3 a Overview of the study area illustrating the extent of
mapped features overlying a true colour image, black box B
locates panel B. b Hillshade extent of LIDAR DSM demon-
strating how features relate to each other within the landscape,
black boxes C-F locating Panels C, D, E and F. Illustration of

Peat cuttings

Visual analysis of the remotely sensed data also
allowed for identification of historical peat cuttings at
a fine spatial scale (Fig. 3d). At the resolution of the
data available to this study (1 m LiDAR, 0.125 m
aerial photography) even discontinuous and over-
grown or revegetated peat cuttings were identifiable,
appearing as topographic depressions. However, the
depth and morphology of the cutting feature (in the
real world) influenced whether or not the edges of the
features were clearly visible in the LIDAR DSM.
Often the original straight sides of the peat cutting
had eroded and revegetated or back-filled. In these
cases interpretation was required for one or more sides
of the cutting to enable it to be digitized as a closed
polygon feature. Furthermore, in some areas where

the detail possible when mapping c¢ linear drainage (red
features), d peat cuttings (green features), e erosional gullies
(yellow features) and f bare peat (blue features) using high
resolution remote sensing datasets. (Color figure online)

industrial scale peat-cutting had occurred, or such a
high density of peat extraction that individual cuttings
had merged and become indistinct, the interfaces
between cut and intact areas of peatland had to be
interpreted. Accordingly, the perimeter of the wider
area affected by cutting was digitised as a single large
polygon (Fig. 3d).

Across the entire study area, 5250 features inferred
to be peat cuttings were visually identified (Fig. 3a)
and digitised, covering a spatial extent of 26.6 km?>
(Table 2).

The subset of cutting features used to assess the
wider ecohydrological impact (distinct, well-defined
cuttings), accounted for 5.6 km* which increased to
8.0 km? with a 3 m buffer applied. This represents
4.6% of the Dartmoor deep peat area (Table 2).
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Table 2 Summary table showing: total area of each feature type mapped (before buffers applied) (km?)

Feature Total area of mapped Area of subset of Estimated ecohydrologically % of Dartmoor deep peat
features (kmz) features (kmz) affected area (kmz) area (> 40 cm)
Erosion and 7.9 4.4% 12.6 7.2
gully
Peat cutting  26.6 5.6* 8.0 4.6
Drainage 0.2 0.2 24 1.4
ditch
Bare peat 0.9 0.9 6.0 34

The total area of each subset of feature type (before buffers applied) (km?) and the total ecohydrologically affected areas of those
subsets of features (with buffers applied) (km?). Finally, area of ecohydrological impact of each feature type presented as a
percentage of the Dartmoor deep peat extent (> 40 cm peat depth) (Gatis et al. 2019)

“Estimation of the ecohydrologically affected area was done through the application of buffers to features understood to actively
influence the ecohydrology of the surrounding peat. The subset of features selected for buffering included: Erosion and gully features
identified as having medium or high flow and Peat cuttings identified as distinct, well-defined. Other features (e.g. indistinct cuttings,
over-cut extents and gully type features with low flow accumulation) were not included in this estimate as they lack empiric evidence
of active ecohydrologic influence. However, these features were still supplied to the end users as a complete record of the mapped

landforms

Table 3 Summary of dataset accuracy

Mapped feature Ground data (field validation)

Classification data (digitised data) % Accuracy

Peat drains 22284 m
Peat cuttings 8394.8 m?
Gully and erosion 896.5 m
Bare peat 897.1 m?

2098.6 m 94
7291.5 m? 87
623.0 m 70
600.7 m? 67

Mapped data were compared to ground validation data from field survey using a differential GPS

Mapping peat cuttings confirmed the areas of
known historical, commercial peat cutting (e.g. Rat-
tlebrook Hill, Walkham Head and Blackbrook Head),
which are located in areas of known deep peat running
north to south on the western side of the study area and
an area of the south Moor (Brent Moor) (Figs. 1 and
4a).

Occurrence and location of erosional gullies

Analysis of the data produced from the de-trended
LiDAR imagery allowed the extraction of topographic
depressions consistent with erosional peatland gullies.
These features were mapped throughout the landscape
(Fig. 3a) and included incised features representing
erosional and both vegetated and un-vegetated gully
features (Fig. 3e).

The resultant dataset included over 50,000 features
(Fig. 3a) representing a total mapped area of ca.
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7.9 km? (Table 2). Of this, a subset of 4.4 km? (active
gullies classified as having “medium” and “high”
flow) were identified. With buffers applied the total
area ecohydrologically affected by medium and high
flow erosional gully features totalled 12.6 km?® or
7.2% of the Dartmoor peatland extent.

The erosion and gully features were distributed
relatively evenly across the study area, although the
greatest concentration of features was noted to be in
the central, north section of the study area, the location
of highest elevations on Dartmoor and coincident with
the deep peat areas (Fig. 1. Gatis et al. 2019).

Bare peat

Identification and mapping of bare peat areas showed
that these features are complex in shape and form
(Fig. 3f). The resultant dataset illustrated that they are
largely limited to the northern central portion of the
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Fig. 4 Examples of mapped features (left hand side) including peat cuttings and drainage ditch features (upper image) and bare peat
areas and gully features (lower image) and the same features with buffers applied, represented in yellow (right hand side)

study area (Fig. 3a), coincident with the gully and
erosion features (Fig. 3f) and deep peat areas (Gatis
et al. 2019). They also occurred predominantly on
flatter (and convex) portions of the landscape surface,
where bare peat pans are known to form (Gatis et al.
2019).

In total, the analysis identified and mapped 0.9 km?
of bare peat (Table 2). 2.5 m buffers were applied to
bare peat areas to provide an estimate of ecohydro-
logical impact. In total 6 km? or 3.4% of the Dartmoor
peatland area (> 40 cm peat) has been ecohydrolog-
ically affected by the development of bare peat areas.

Validation and uncertainties

The primary sources of data for this study were the
Tellus LIDAR and aerial image datasets. As with any
study using these types of data it is necessary to
acknowledge and consider appropriately the inherent

sources of uncertainty (spatial uncertainty and that
introduced by processing) in all data used and in the
interpretation and surveying of features during ground
truthing (decision making when identifying and
recording boundaries of features).

The positional accuracy of any subsequent derived
dataset (e.g. digitised polygon shapefiles/layers)
depends on the spatial accuracy of the raw data used
(i.e. the DSM/topographic data), in addition to the
accuracy and precision employed by the user tasked
with identifying and digitising features.

The main aim of this study was to test methods for
quantifying key features and measuring the spatial
extent of ecohydrological impact of those features
including; 1. Anthropogenic drainage ditches and peat
cuttings, 2. Erosional gullies and 3. Bare peat areas
and to facilitate understanding of how they interact in
the landscape in order to inform management and
potential future restoration activities. It was therefore
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important to validate both the qualitative (interpreta-
tion and labelling of feature type) and quantitative (X,
Y location and extent) accuracy of the derived
datasets.

The results of the validation exercise (Table 3),
show that drainage feature mapping presented the
greatest accuracy, 94% of features mapped in the field
were also identified and mapped in the LiDAR dataset.
The anthropogenic peat cuttings achieved good agree-
ment between ground data and digitised data. When
compared, 87% of the area mapped in the field were
also found to have been mapped from the LiDAR
dataset during the digitising exercise. However, it was
noted that peat cuttings can be complex features and
often a clear, hard line does not exist in the field with
peat slumps and clumps of vegetation making edges
hard to define. Therefore, some uncertainty still exists
in defining the extents of the features both in the field
and in the LiDAR data. This also applied to areas of
bare peat. Even so, 67% of the digitised bare peat areas
were confirmed to have been mapped accurately from
the LiDAR dataset when compared to a reference
dataset. Finally, the GPS points collected along gully
edges mapped well onto the Lidar derived gully
mapping with an accuracy of 70%.

Discussion

GIS and RS image analysis as a method
for mapping peatland features

Consistent with other Northern peatlands (e.g. Nordic
and Baltic regions, Northern Ireland, Caithness and
Sutherland—Scotland, Pennines—Northern England,
Migneint-Arenig-Dduallt and the Berwyn & South
Clwyd Mountains—Wales) (Stewart and Lance 1991;
Holden et al. 2004, 2006; Evans et al. 2005;
Ramchunder et al. 2009; Wilson et al. 2011; Bellamy
et al. 2012; Joosten 2015), Dartmoor exhibits exten-
sive, dense drainage networks and peat cuttings across
its blanket peatland area and subsequent ecohydro-
logical degradation, including erosional gullies and
areas of bare peat (Fig. 3).

For appropriate and effective management of
peatland landscapes, including monitoring of rates of
change due to restoration, it is important to know the
location and extent of degradation features within the
wider landscape. The workflow presented here

@ Springer

(Fig. 2) demonstrates, for the first time, that both
anthropogenic and natural disturbance features con-
tributing to the ecohydrological degradation of blanket
bog can be identified and quantified at the landscape-
scale from remotely sensed datasets (Fig. 3). Where
often these features are considered in isolation or as
small groups of features within a specific, single site,
here we demonstrate the ability and the importance of
viewing them in combination, at the landscape-scale
(Fig. 3b), for the evaluation of peatland condition and
assessment of their impact on peatland functioning.
Furthermore, as previously discussed by Connolly
et al. (2007), Krankina et al. (2008), Dabrowska-
Zielinska et al. (2009) and Aitkenhead (2017), com-
bining multiple datasets has been shown here to be of
greater use and produce more accurate mapping than
the use of a single dataset (for example aerial
photographs).

Identifying and quantifying features in support
of peatland restoration

This study integrated manual and automated feature
extraction from remotely sensed data (LiDAR, CASI)
and aerial image data, with ground-based validation
data, allowing for greater visualisation and under-
standing of the landscape as a whole.

We demonstrated that anthropogenic features (peat
cuttings and drains) are clearly visible in the fine
resolution LiDAR imagery available (Fig. 3c, d). A
workflow was developed to identify and manually
digitise the features in a GIS (Fig. 2). This has resulted
in a robust estimate (Table 3) of many kilometres of
drainage ditches across Dartmoor and the area of
blanket bog that has been affected by peat cutting
activity (Table 2). Our findings illustrate that linear
features tended to exhibit the largest potential to
accumulate flow (Holden et al. 2004). This is impor-
tant for management as these features may be the most
hydrologically active and simplest to block, and may
therefore deliver significant hydrological benefits if
restored.

In addition, automated classifications combined
with visual checks and manual cleaning were used in
this study to accurately identify erosional gullies and
bare peat areas (Table 3), allowing their quantification
(Table 2) but furthermore, visualisation of the poten-
tial associations between these features (Fig. 3b).
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Viewing the erosional gully and bare peat features
at the landscape-scale and with the ability to display
them with other mapped features, demonstrated that a
significant proportion of the gully and erosion features
were immediately proximal to the bare peat areas that
were also mapped (Fig. 3), further facilitating man-
agement decisions and prioritisation of restoration,
which could focus on stabilising erosion features,
followed by revegetation of bare peat (Evans et al.
2005; Armstrong et al. 2009; Parry et al. 2014a).

LiDAR and aerial imagery has the advantage of
revealing features not necessarily visible in the field.
For example, numerous large relict peat cutting areas
were mapped within the three known (historical)
commercial peat cutting areas of Dartmoor (as
discussed in Newman (2010)). In addition, a number
of smaller areas of peat cutting were also identified.
These are visible in the LiDAR data as dark rectan-
gular blocks, but are often not obvious in the field due
to the height of vegetation and could therefore be
missed in a visual or walkover assessment. This type
of feature mapping is important to gain an under-
standing of the full scale of disturbance that the
peatland area has experienced and to facilitate con-
sideration of all types of disturbance (including
historic) for management and planning purposes.

The spatial distribution of peat cutting activity and
associated drains also illustrated that these features
correspond well with areas of deep peat identified in
other studies (Gatis et al. 2019) (Figs. 1 and 3a)—
areas important for conservation. The identification
and mapping of erosional gullies, including relict and
active, vegetated and unvegetated features in combi-
nation with flow accumulation modelling, highlighted
features which may be most vulnerable to future soil
erosion episodes (Fig. 3a, e). As peatlands are wetland
systems, identifying actively eroding and hydrologi-
cally connected gullies is often a key priority for
peatland conservation and restoration, providing a
means to tackle the main paths of water loss/discharge
efficiently and sources of sediment/peat export from
these sites (Evans et al. 2005; Armstrong et al. 2009;
Labadz et al. 2010; Lunt et al. 2010; Shepherd et al.
2013; Thom et al. 2016). Such restoration can reduce
the loss of peat and its associated impact downstream
on drinking water (quality) and the wider degradation
in ecosystem services (carbon storage, biodiversity,
water storage), as well as ensuring that restoration

efforts are most resilient where water erosion is most
prevalent.

The combined use of classified CASI, 2 m? reso-
lution data and de-trended LiDAR data at 1 m?
resolution allowed bare peat “pans” to be identified
and successfully mapped (Fig. 3, Table 2) and were
confirmed by field validation (Table 3). Again the
results showed that the methods were successful in
identifying the location and extent of these features.

Using knowledge from other studies (Holden et al.
2006; Labadz et al. 2010) buffers, of a specified
distance were applied to features (Table 1). This
extended the feature to provide a more realistic extent
of ecohydrological impact of both drains and gullies
on the ecohydrology of the study area. This is critical
information for informing restoration activities and for
accounting for carbon and water loss from sites
(current or potential).

This workflow could be replicated across degraded
peatlands more widely, assuming that LiDAR and
aerial image data are available and therefore may meet
the needs of individuals and organisations including
Bain et al. (2011), Natural England (2011), the Joint
Nature Conservation Committee (JNCC) (2011) and
the International Union for Conservation of Nature
(IUCN) (Lunt et al. 2010) to investigate the rich source
of information available in remotely sensed data in
order to develop efficient and robust methods for
landscape-scale mapping of peatland features, includ-
ing degradation.

Lessons learned

During the interpretation and digitising exercise,
caution was required to evaluate features, having also
to consider characteristics such as shape, size and
position within the landscape to ensure logical inter-
pretations of less distinct features. The unique com-
bination of LiDAR data processing, combined with
fine resolution aerial photography data (allowing
visual evaluation) made this level of digitisation detail
possible.

Whilst validation was limited due to financial and
temporal constraints, there was good agreement
between real world validation data and the digitised
(mapped) data (Table 3). For complex features such as
erosional gullies, manual digitising appears to perform
close to, or better than, automated feature detection
(unless very high resolution data is available). For
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example, the agreement between the digitised data and
validation data sets for gully and erosion features in
this study was 70%. However, automatically extracted
features (bare peat areas and gully features) are also far
more numerous than those manually mapped, and as
such manual digitisation would not always be a viable
alternative.

Furthermore, whilst visual identification and man-
ual digitising of features over such a large area is time
consuming, it is more rapid than field-mapping
especially considering the great number of features
present, the level of detail required, the difficult terrain
in sometimes extreme environments and landscape-
scale nature of the work.

Further work: identifying candidate sites
for restoration/prediction of vulnerable areas

This study provides essential information and map-
ping for prioritisation of restoration and stabilisation
of bare peat which has been shown to be a critical goal
in peatland management (Moors for the Future
Partnership 2013; Lindsay et al. 2014; Parry et al.
2014b). The integration of spectral and structural
remote sensing data used in this study may also allow
the identification of good condition/functionally intact
peatland extents that are adjacent to damaged, eroded
or gullied areas, and which are therefore vulnerable
and at risk of degrading.

Knowing the extent and location of these areas is
necessary for the continued monitoring and manage-
ment of vulnerable areas and for identification of
candidate sites to be prioritised for restoration and
management works. Targeting restoration activity in
areas of active gullies and drains as a result of this
work could be an effective way to optimise the number
and location of peat blocks required for rewetting a
specific area. For example, Evans et al. (2005) report
an approach that was developed to allow high
resolution topographic data based on LiDAR to be
coupled with hydrological predictions about hillslope
saturation. Evans et al. (2005) illustrated that a
spatially explicit hydrologic decision making tool for
choosing strategic locations for gully blocking in deep
peat was useful and we argue that the research
presented herein, which would allow the landscape-
scale identification of where active erosion gullies
were, would be highly complementary to such a
modelling approach. In addition, such strategic,
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spatially explicit planning of restoration could ensure
that resources and finances are focussed in areas where
rapid reduction of water loss can be achieved, raising
water levels and eventually encouraging re-vegetation
and stabilisation and protection of denuded or vulner-
able areas.

Conclusions

For the first-time, fine spatial resolution (1 m) and
landscape-scale mapping (35.6 km?) of anthropogenic
and natural erosion features has been produced for
Dartmoor, a climatically-marginal peatland in the
south-west UK. This mapping can now underpin
future management strategies that seek to conserve the
peat resource.

Using fine-scale, large-extent remotely sensed data
(LiDAR, CASI) combined with aerial imagery
enabled key features (linear drainage ditches, ero-
sional gullies, peat cuttings and bare peat), within the
wider extent of peatland to be identified successfully
and mapped at a resolution appropriate to future
targeted restoration of this landscape. In addition, the
overall areas of functionally degraded peatland were
estimated (following buffering of selected key fea-
tures), demonstrating that an area of approximately
29 km? or 9.2% of the Dartmoor peatland area is
significantly and directly ecohydrologically degraded.
The study clearly shows the advantages of using
remotely sensed and aerial data over traditional
ground survey methods, which are time consuming
and costly given the remote locations and large extent
of the landscape that has been analysed.
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