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Abstract 

Recent climate predictions for the United Kingdom expect a nation-wide shift 

towards drier and warmer summers, increasing the risk of more frequent and severe drought 

and fire events. Such shifts in weather patterns have been identified to cause challenges for 

peatland functioning globally, including for blanket bogs, a globally rare peatland types 

particularly abundant in Scotland, where they hold up nearly a quarter of the UK’s soil 

carbon.  

This thesis combines the use of ground-based empirical data and UAV-derived cover 

type estimates to assess the effects of climate extremes on Europe’s largest expanse of 

blanket bog, the Flow Country. Carbon dioxide (CO2) flux from dominant peatland plant 

functional types (Sphagnum, graminoids, ericoids) and other cover types (pools and bare 

peat) were measured and compared across upland and low-lying blanket bog margins and 

centres, immediately before and during a summer drought in 2018, and over the subsequent 

year. During that period, most sites acted as net sources of CO2 to the atmosphere. Net 

Ecosystem Exchange (NEE) was limited by water availability, with ericoid shrubs showing 

the highest drought resilience, followed by graminoids and Sphagnum mosses. 

An exhaustive optimal vegetation index combination method based on ground-based 

spectral signatures showed that seasonally changing edaphic and phenospectral conditions 

can decrease classification accuracies between blanket bog cover types, such as Sphagnum 

spp. and graminoids. Integrating these effects helped achieve high classification accuracies 

of blanket bog cover using consumer-grade UAV imagery, processed with open-source 

software. Applying blanket bog cover as proxies to upscale annual NEE showed that during 

droughts, current emission factors used in the UK for IPCC reporting overestimate carbon 

uptake in near-natural blanket bogs. 

The image processing and classification developed in the thesis was applied to 

monitor vegetation recovery 3- and 15-months after a large wildfire in 2019. Analysis of 
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UAVs imagery revealed that about 40 % of the surveyed area burnt and that different 

microtopographic positions were evenly impacted initially. However, after 15 months, there 

was a faster vegetation recovery in the lower microtopographic positions. Repeat surveys 

will enable to confirm whether blanket bog vascular plant cover from the burn site will return 

within 2 or 3 years after the fire, as the models predict. 

The thesis demonstrates that consumer-grade UAVs have a place in peatland 

monitoring and could be used to detect potential shifts in blanket bog vegetation in response 

to climate change, but also restoration and management intervention. Going forward, co-

locating and co-developing monitoring programmes that tie in ground-based measurements, 

UAVs and Earth Observation will help support future protection of blanket bogs. 
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1 Introduction 

Global peatlands represent one of the largest terrestrial carbon stocks in the world 

(Joosten et al., 2012), with an estimated 500 ±100 GtC (Yu, 2012). Northern peatlands (i.e., 

found in the northern hemisphere in temperate, boreal and Arctic regions) cover 

approximately 3 % of the world’s surface (Gorham, 1991; Limpens et al., 2008) (Figure 1.1), 

but contain around 30 % of the global soil carbon stock (Gorham, 1991; Vitt et al., 2000; 

Blodau, 2002). Peatlands also provide a range of ecosystem services, including habitat for a 

diverse range of rare flora and fauna (Minayeva et al., 2017), flooding and water quality 

regulation in addition to carbon storage (Waddington et al., 2015; Joosten et al., 2016)  

 

Figure 1.1 Northern peatland cover (north of 23° N latitude) with estimated coverages (%), 

created with national databases and soil inventories collated by Hugelius et al. (2020). 
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Peatland generally forms in waterlogged conditions allowing a net accumulation of 

partially decomposed organic material – peat – across an area. The net uptake of atmospheric 

carbon dioxide (CO2) through primary production (photosynthesis) of peatland vegetation 

means peatlands can incorporate more carbon than they emit (through respiration or 

decomposition) in the form of the greenhouse gases CO2 and methane (CH4), or aquatic 

carbon emissions (e.g., dissolved organic carbon, DOC) (Waddington & Roulet, 2000; 

Limpens et al., 2008). This carbon storage function is controlled primarily by the rate of 

organic matter accumulation exceeding decomposition rate. The exact parameters of this 

relationship vary across time and climatic space, resulting in variability in the rates and 

character of peatland formation across the globe (Blodau, 2002; Montanarella et al., 2006; 

Waddington et al., 2015). As a result of these carbon uptake and storage capabilities, 

peatlands are increasingly recognised as important global ecosystems for future climate 

mitigation (Loisel et al., 2021), with the impact of future climate change on the resilience of 

peatland carbon being a vital consideration in stock-estimation studies (Chapman et al., 

2010; Turetsky et al., 2015; Ratcliffe et al., 2018; Hugelius et al., 2020).  
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1.1 Peatland structure, classification, and expanse 

Assessing and comparing carbon uptake and store function, as well as peatland 

condition estimates, rely on universal terminology and classifications for peatland studies, 

monitoring campaigns and global inventories. Peatland structure and associated carbon 

pathways are commonly conceptualised by splitting up the vertical peat strata into an upper-

layer and underlayer, usually referred to as the acrotelm-catotelm model (Ingram, 1978; 

Lindsay et al., 1988, Clymo, 1992). The acrotelm is the ‘active layer’ that receives 

precipitation and includes the root system of the present vegetation. Moisture content in this 

upper acrotelm can fluctuate drastically (Clymo, 1992), whereas anaerobic and water-logged 

conditions characterise the lower catotelm layer, in which decomposition rates are slowed 

down (Lindsay et al., 2010). 

This two-layer model is widely accepted but requires knowledge of the area it is 

applied to, especially when assessing ecohydrological feedback systems across spatially 

complex peatlands (Morris et al., 2011; Baird et al., 2016) or when the acrotelm-catotelm 

interface is disturbed or missing completely, resulting in increased risk of severe surface 

erosion (Lindsay et al., 2014). However, a clear, static boundary is not always present. 

Instead, the mesotelm (Clymo & Bryant, 2008) was postulated to capture non-static 

behaviour resulting from changes in hydrology (i.e., shifts in the oxic-anoxic boundary), 

climate (altering temperature regime), geomorphology (e.g., increased erosion) and biology 

(e.g., encroachment of invasive species and grazing or trampling) (Evans and Warburton, 

2010). Within this mesotelm, the water table can be used as a flexible boundary to describe 

controls linked to the upper and lower biochemical processes (Limpens et al., 2008).  

A uniform (classification) terminology and associated nomenclature for variations 

across peatlands have yet to be defined in the science community, even within northern 

peatlands (Lindsay et al., 1988). This study adopts the peatland-related nomenclature 

summarised by Joosten and Clarke (2002) and describes all peatland to be part of wetland 

ecosystems. In summary, wetland soils are generally inundated or saturated by water: a 
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condition leading to the build-up of peat when organic matter accumulation outweighs 

decomposition rate. However, peat can only be classified as such, when dry matter consists 

of at least 30% dead organic material (Joosten & Clarke, 2002). Subsequently, depending 

on the region and thickness of peat, an area can be classified as a peatland: i.e., thresholds 

range from 20 to 70 centimetres across Europe (Montanarella et al., 2006), with a minimum 

peat thickness between 40 and 50 centimetres in the United Kingdom (Avery, 1980; Bruneau 

& Johnson, 2014), or one metre for deep peat in Scotland (JNCC, 2011). Peatlands are called 

mires when peat accumulation is ongoing, and these mire systems – depending on whether 

they are ground/surface water or rainwater fed in nature and their associated geochemistry – 

are subdivided into fens and bogs respectively (Sjörs, 1959; Gorham & Janssens, 1992a; 

Lindsay et al., 2010). Common synonyms for fens and bogs include minerotrophic and 

ombrotrophic peatlands. Northern peatlands incorporate a broad range of fen and bog 

conditions, and can also be modified, e.g. (af)forested, extracted or under restoration, and 

are ubiquitous – alongside permafrost peatlands - across the entire northern hemisphere 

(Figure 1.1).  
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1.2 Blanket bogs 

A globally rare, but locally important type of ombrotrophic bog is (hyper)oceanic 

blanket bog. These are characterised by their morphological traits, expanding over the 

landscape forming a vegetated peat blanket covering valleys, hill tops and sloped surfaces. 

This character is the result of local high annual direct or occult precipitation (exceeding 1000 

mm yr-1), low average temperatures (<15 °C) and limited variability between seasons across 

(Lindsay et al., 1988). Along with the water-logged and often poorly aerated soils of these 

ecosystems, blanket bogs make ideal habitats for Sphagnum peat mosses (Rydin & Jeglum, 

2013). The Sphagnum genus is one of the key peatland ecosystem engineers (Clymo, 1963; 

Bacon et al., 2017) and major ‘peat builder’ over time (Van Breemen, 1995). Blanket bog 

depth and extent are also determined by the underlying geological morphology and local 

topography, influencing the peat formation (Lindsay et al., 1988) and through vegetation 

composition also the carbon storage rates through time (Ratcliffe et al., 2018). This 

relationship with topographic setting also governs blanket bog type – and mires in general – 

at a landscape scale, and can be classified as a macrotope, as it determines an area’s 

hydrological boundary. Subsequently, macrotopes consist of distinct mesotopes, or ‘mire 

units’, with classes to identify between different hydromorphological features, e.g., 

watershed, saddle or valleyside mires (Lindsay et al., 1988). Within each mesotope, 

microtopes units can be identified and traditionally include the hummock-lawn-hollow and 

pool and ridges complex (Lindsay, 2010), followed by detailed mosaics of individual 

microcoenoses, or elements of vegetation cover (Minayeva et al., 2017) (Table 1.1). 
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Table 1.1 Elements of hierarchical peatland (mire) classification (modified from Minayeva 

et al. (2017), after Masing (1974) and Lindsay et al. (1988)). 

Landscape level Description Scale (m2) 

 

Macrotope 

Mire complex, or system; 

merged mire massifs 

105
 – 109 

Mesotope 

Mire massif (separate bog, fen, 

etc.) 

102
 – 107 

Microtope 

Homogeneous element of 

landscape heterogeneity within 

mesotope (margin, centre, etc.) 

102
 – 106 

Microtope / 

nanotope 

Hummock, lawn, hollow, pool, 

ridge 

10-1
 – 101 

Vegetation 

mosaic 

Microconesoses; units of 

vegetation mosaic (i.e., 

tussocks, individual ericoid 

shrubs, etc.) 

10-2
 – 10-1 

 

Since blanket bogs require wet conditions to persist in the landscape, they are 

generally found along coastal areas with high atmospheric moisture content. An attempt to 

map and predict global blanket bog cover showed increased risks of peat erosion and 

vegetation changes as a direct result of predicted climate change (Gallego-Sala & Prentice, 

2013). Currently, they can be found along the Atlantic coasts of Canada, Iceland, Norway, 

Ireland and the United Kingdom, as well as the Falkland Islands and southern Argentina and 

Chile, and also on the Pacific coasts of Russia, Canada, Alaska, Tasmania and New Zealand 

(Lindsay 1995). Additionally, blanket bogs are also recognised in parts of Sweden, France 

and Spain (Joosten et al., 2017; Chico et al., 2019a). 
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The global collection of blanket bogs (and northern peatlands at large) provides – 

apart from their regulating services on carbon stocks and GHG fluxes explained in the next 

sections – other important ecosystems services, such as flood regulation, but also regional 

water supply (JNCC, 2011). Additionally, the accumulation of organic material for 

thousands of years provides valuable paleorecords in the peat for climate and ecosystem 

reconstructions (Payne & Blackford, 2008; Bacon et al., 2017; Sybenga, 2020) as well as 

archaeological artefacts. If these peatland habitats – along with their paleorecords – are 

disturbed or disappear, important data that could help understand how peatlands respond to 

climatic changes is lost forever (Gorham, 1991; Gorham & Janssens, 1992b). Additional 

ecosystem services include the support of wild species diversity: although peatlands are 

generally poor in species number and low in alpha biodiversity (Minayeva et al., 2017), they 

do provide important niche environments for rare plant species and animals (Andersen et al., 

2019). Furthermore, peatlands provide cultural services that have been recognised to add to 

people’s general well-being through aesthetics, education, tourism and heritage (JNCC, 

2011; Artz et al., 2014). 

 

 Blanket bogs in Scotland, UK 

In the United Kingdom, blanket bogs have a very high conservation value (Scottish 

Natural Heritage (SNH, 2009)), historical importance (Watson et al., 2011) and climate 

mitigation importance (Joosten et al., 2012; Andersen et al., 2019). The UK’s global 

importance for blanket bogs is highlighted by the local dominance of the peatland type, 

making it a type-location for the rest of the world (Lindsay, 2010). Apart from blanket bogs, 

raised bogs, fens and other mire types are also found across the UK (Evans et al., 2017). 

Approximately 80 % of all UK peatlands are found in Scotland (Bragg, 2002), where the 

area of 17,270 km2 accounts for 22.4 % of the total land cover (Chapman et al., 2009): more 

recent estimates put the figure around 19,477.5 km2 (25.3 %) (Evans et al., 2017). It is also 

estimated that 11,110 km2 (around 64 % of all Scottish peatlands) can be classified as 
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‘blanket peat’, or up to 16,530 km2
 (approximately 95 %) if intermediate blanket bog cover 

types are included (Artz et al., 2014). The largest expanse of blanket bog habitat in Europe 

is the Flow Country (4,013.75 km2), which holds an estimated 400 Mt C stored (Artz. et al, 

2014) and is located in Caithness and Sutherland, northern Scotland (Lindsay et al., 1998; 

(Figure 1.2). 

The vegetation of Scottish blanket bogs consists of a wide variety of species 

compositions that can include dwarf shrubs such as Calluna vulgaris L., Erica tetralix L., 

and Empetrum nigrum L., herbs and sedges including Eriophorum vaginatum L., 

Eriophorum angustifolium Honck. and Narthesium ossifragum (L.) Huds. as well as 

bryophytes including many Sphagnum mosses. Depending on the climatic as well as 

(micro)topographical and hydrological setting – i.e., hummock, lawn and hollow – plant 

community composition varies. Some species only occur on the wetter west coast, while 

other species are found right across the country. Within a given blanket bog, species 

composition will then reflect favourable microclimatic and soil conditions for given species: 

for example, certain Drosera spp. and Sphagnum spp. prefer either wetter hollows or drier 

hummock microtopes (Lindsay et al., 1988). Other notable features include dubh lochans, 

or “black pools” (owing to the dark peaty bottoms of these waterbodies) and erosion 

channels, commonly known as ‘hags’ where exposed peat is eroded by flowing water, or 

due to drying and wind exposure. The feedbacks between these microtopes, vegetation 

composition, (changing) climate and hydrological conditions – all the way up to the 

macrotope level – determine both short- and long-term peatland functioning through the 

carbon cycle in northern peatlands (Evans & Warburton, 2010). 
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Figure 1.2 Blanket bog and peatland cover type distribution across Scotland, UK. Data and 

classes from Carbon and Peat map (SNH, 2016). Extent considered the “Flow Country” is 

indicated in red.  
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1.3 Peatland carbon cycle and greenhouse gases 

The complex carbon cycle in peatlands, including in blanket bogs, can be 

summarised by broadly distinguishing between below- and above-ground processes (Figure 

1.3). All carbon fluxes into and from the atmosphere, through the vegetation, accumulation 

or mineralisation of organic matter into or from the upper peat layers are defined as above-

ground processes. Carbon pathways within the lower water-logged peat are grouped together 

in the below-ground section. Overarching all below-ground carbon cycling models in 

peatlands is the concept of electron exchange (Limpens et al., 2008). The vertical profile is 

characterised by an increase of reduced organic compounds that draw-in oxygen from the 

atmosphere. Depending on the water-logged conditions, this oxygen is used for oxidisation 

of organic matter, autotrophic and heterotrophic respiration in and above the soil; combined 

called ecosystem Respiration (Reco). Deeper within the peat, the organic matter 

decomposability as well as oxygen (O2) concentration decrease.  

Peatland vegetation converts atmospheric CO2 into biomass through photosynthesis 

as part of the Gross Primary Productivity (GPP) (Clymo & Reddaway, 1971; Loisel et al., 

2012; Peichl et al., 2018) and part of this biomass subsequently accumulates in the peat as 

dead plant matter (Blodau, 2002; Moore et al., 2002). Mineralisation of soil organic carbon 

through microbial decomposition and plant respiration in the acrotelm or oxic layers 

generates CO2 (Blodau, 2002; Limpens et al., 2008). The overall net balance of CO2 fluxes 

can be described as the net ecosystem exchange (NEE) (see Chapter 3 for more detail). Even 

though the anaerobic, water-logged conditions limit decomposition of the organic matter, it 

does provide suitable conditions for methanogenesis, or methane (CH4) production by 

specialised microorganisms in the peat soil (Cao et al., 1996). Methane, which has a 28.5 

times higher warming potential than CO2 over a 100-year period (Myhre et al., 2013), is 

either released as a GHG into the atmosphere or oxidised through either aerobic 

(methanotrophy) or anaerobic methane oxidation (AMO) pathways and emitted into the 

atmosphere as CO2 (Cao et al., 1996; Smemo & Yavitt, 2011). Apart from CO2 and CH4 
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there is also nitrous oxide (N2O) that can be emitted from peatlands. Produced by microbial 

processes (either aerobic: nitrification; or anaerobic: denitrification), N2O is an important 

GHG that has much higher warming potentials than CH4 and CO2 (264.8 times over a 100-

year period) (Myhre et al., 2013). When focussing on the carbon pathways – or specifically 

greenhouse gasses (GHG) – the majority is regulated by different feedback loops with 

sources and sinks in and around the bog (Blodau, 2002; Limpens et al., 2008; Lees et al., 

2018). 

 

 

Figure 1.3 Schematic overview of simplified carbon cycle and pathways in peatlands, 

modified from Lees et al. (2018). Not shown in the figure is the CO2 Net Ecosystem 

Exchange (NEE), which is the sum of Gross Primary Productivity (GPP) and ecosystem 

Respiration (Reco). 

 

Apart from the atmospheric GHG fluxes, there are also a wide variety of other 

carbon, nitrogen and organic matter compounds recognised to play their part in the peatland 

cycles (Moore et al., 1998; Mastný et al., 2018). In disturbed and/or eroding peatlands, 

dissolved organic carbon (DOC) and matter (DOM), as well as dissolved inorganic carbon 
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(DIC) and particulate organic carbon (POC), play an important role in the overall carbon 

budget (Evans & Warburton, 2010; Li et al., 2018). When these mixtures of complex organic 

compounds leave the peat, they can be broken down and mineralised, especially in drought- 

or fire-induced aerobic conditions in the peat (Gray et al., 2021). Together with GHG 

emissions due to changes in land-use, they can potentially shift near-natural systems from 

sink to sources of carbon (Evans et al., 2017).  

Given the complex eco-hydrological feedbacks regulating GHG emissions and C 

sequestration, northern peatlands are especially sensitive to (extreme) changes in water table 

and soil water availability in general (Strack et al., 2004; Strack et al., 2008). Prolonged 

droughts or drainage can influence vegetation communities (Strack et al., 2009, Minayeva 

et al., 2017; Goud et al., 2018), the long-term carbon storage (Vitt et al., 2000; Blodau et al., 

2004) and GHG emissions (Dinsmore et al., 2009; Dixon et al., 2014; Hermans et al., 2019). 

Empirical data from extreme conditions across landscape scales, and this important 

knowledge gap on the validity of current emission factors for blanket bogs, is addressed in 

this research (Chapter 5). 
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1.4 Climate change 

 Changing conditions and anthropogenic pressure 

The importance of the carbon store in northern peatlands, their biodiversity and 

ecosystem services provision mean it is important to quantify the impact on peatland 

resilience of predicted future climate change and anthropogenic activities. Current climate 

predictions for Europe include shifts towards drier and warmer summers (Chan et al., 2018; 

Chan et al., 2020). The effects of these predictions on northern peatland conditions include 

lower precipitation rates and increased evapotranspiration (Roudier et al., 2016; Berg & 

Sheffield, 2018). As a result of higher annual temperatures and changes in water availability 

northern peatland coverage is expected to diminish (Chaudhary et al., 2020), in particular 

blanket bogs (Clark et al., 2010; Gallego-Sala & Prentice, 2013).  

These changes can also contribute to a shift from net carbon sinks to source 

behaviour (Lund et al., 2012; Kuiper et al., 2014) (for global peatland NEE estimate 

comparisons, see Chapter 3), especially as extreme event risks – i.e., prolonged droughts and 

associated wildfires – become more frequent in the future (Field et al., 2007; Flannigan et 

al., 2009). Wildfires in particular have negative effects on peatland GHG emissions, for 

example increasing overall carbon outputs as a result of burning and smouldering (Davies et 

al., 2013; Turetsky et al., 2015) or by overriding hydrological controls on CH4 emissions 

(Davidson et al., 2019). Other effects of wildfires in northern peatlands include their ability 

to alter vegetation communities, associated habitats and carbon fluxes (Worral et al., 2011; 

Gibson et al., 2018).  

For the UK and Scotland in particular, climate change predictions show a shift 

towards drier summers (Forzieri, et al., 2013; Grillakis, 2019). These changes (decreased 

rainfall and increased temperatures) are expected to have profound effects on the carbon 

balance of blanket bogs (Ritson et al., 2017; Bell et al., 2018). Additional effects of these 

extreme events are changes in hydrological responses of the peat structure throughout the 

year – known as ‘bog breathing’ (Fritz et al., 2008) – that are expected to have long-term 
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effects on ecosystem distribution and function (Radu & Duval, 2018). Subsequently, 

erosional processes can take hold and degrade peatlands during high-intensity rain events in 

winter after being subjected to prolonged periods of unfavourably dry conditions during 

spring and summer months (Li et al., 2018), leading to net CO2 emissions (Gatis et al., 2019). 

So far, the effects of droughts and wildfires have rarely been documented in near-

natural systems in the UK due to the ephemeral and unpredictable nature of these extreme 

events. Instead, they have often been the focus of controlled experiments. During this PhD, 

a European-wide drought in 2018 provided a unique opportunity to understand the impact 

of landscape setting and plant functional types on GHG emissions in near-natural blanket 

bogs (Chapters 3 and 5). The following year (2019), a large and severe wildfire that impacted 

>55 km2 of blanket bog provided an equally unique opportunity to document burning effects 

and initial recovery of blanket bog vegetation (Chapter 6). 

Apart from predicted future climate, current anthropogenic activities and their 

associated changes in environmental conditions have been identified to have an effect on the 

distribution and functioning of blanket bog ecosystems (Artz et al., 2014). Historically, these 

include peatland drainage and peat cutting for agriculture and fuel purposes (Joosten & 

Clarke, 2002). Drainage for plantation forestry on northern peatlands, with Scottish blanket 

bogs as established case study sites, are considered to have long-lasting effects on peatland 

resilience, even after restoration, related to biodiversity (Payne et al., 2018; Pravia et al., 

2019; Pravia et al., 2020), plant traits (Konings et al., 2018), biogeochemical processes 

(Gaffney et al., 2018; Tolvanen et al., 2020) and the carbon balance (Hambley et al., 2019; 

Laine et al., 2019b; Gaffney et al., 2020; Mazzola et al., 2020). 
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 Peatland resilience 

The definition of general resilience in bogs is adopted from Chambers et al. (2019) 

and “… is a function of environmental characteristics and ecosystem attributes and 

processes and is a useful concept for describing differences among ecosystems at landscape 

scales.”; describing if and how a functioning system recovers after disturbances. This 

concept has more recently been applied as a result of quantifying peatland resilience to 

droughts (Swindles et al., 2019; Lees et al., 2021a) and wildfires (Grau-Andrés et al., 2017; 

Ingram et al., 2019). To support future peatland protection and climate mitigation strategies 

– including guiding policy and practice in conservation and restoration – baseline data of 

designated protected ‘site types’ is required (Bonn et al., 2014; Minayeva et al., 2017). 

Arguably more important is data on the effect of extreme events, as models for climate 

predictions often fail to acknowledge these in peatlands (Gallego-Sala et al., 2010) and 

subsequently global estimates (Loisel et al., 2021). Therefore, structural long-term 

ecosystem function monitoring is required in order to assess the impact of – and peatland 

resilience to – droughts and wildfires, as well as to assess peatland restoration trajectories 

(Andersen et al., 2017; Swindles et al., 2019). There is also an argument for including 

microbial processes in monitoring peatland function and resilience as well (Ritson et al., 

2021). Although beyond the scope of this study, monitoring peatlands before and after 

extreme events such as droughts and wildfires – with established GHG-measuring methods 

and novel remote-sensing techniques (Chapters 3, 5 and 6) – can also help improve the 

understanding of near-natural and restored blanket bog resilience and function. 
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1.5 Assessing peatland functioning: field-based and remote-sensing 

techniques 

This research focusses on one element of peatland function: the net balance of CO2 

emissions, and its relationship to plant functional type, environmental conditions, and 

landscape setting using a range of approaches from the centimetre to the kilometre scale. 

This condition – a net CO2 sink – has been expanded further (Chapters 3 and 5) as the 

definition of appropriate peatland function and is in line with previous interpretations of 

peatland and higher-level wetland functioning (Artz et al., 2014; Hughes et al., 2016; Joosten 

et al., 2016). In order to estimate a peatlands overall function, several GHG flux 

measurements can be considered, as well as identifying appropriate peatland cover targets 

(i.e., dominant vegetation cover types) and the overall physical and hydrological state of the 

site. Once obtained this can be upscaled to support peatland monitoring and management 

and guide wider peatland policy. This research also contributes to a broader discussion of 

optimal peatland functioning which includes amongst others; biodiversity (Littlewood et al., 

2010; Pravia et al., 2019), hydrology (Bragg, 2002; Waddington, 2015; Holden et al., 2018) 

and microbial and nutrient processes (Andersen et al., 2013).  

 

 Annual and growing season GHG flux measurements 

GHG measurements can be taken at a range of scales from the plot- to landscape-

scale. At the plot scale, a common method to obtain in situ GHG measurements is the use of 

gas flux chambers (Parkinson, 1981; Laine et al., 1996; Rochette et al., 1997; Alm et al., 

2007; Debouk et al., 2018; Dyukarev et al., 2019). Transparent chambers are used to measure 

NEE, dark chambers are used to measure Reco and their combination allows the estimation 

of GPP and a better understanding of net uptake and emission fluxes of GHG (Frolking et 

al., 1998; Bubier et al., 2003, Strack et al. 2014). Additionally, different shading covers can 

be used to control light levels and improve models using light intensity as a predictor (Bubier 

et al., 1998; Wilson et al., 2016). When the same sites require repeated measurements, collars 
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are often installed to improve consistency amongst the sampling of GHG fluxes (Chapter 3): 

a variety of non-invasive and semi-permanent set-ups have been used for peatland research 

(Eklund, 1992; Dyukarev et al., 2019). To measure GHG concentration, chambers are either 

attached to a gas analyser (e.g., infra-red gas analysers (IRGA)) (Rankin et al., 2018; Sterk 

et al., 2019 (Appendix 7); Mazzola et al., 2020) or samples are collected at regular intervals 

from the chamber using a syringe and processed on a gas chromatograph in the lab (Khalil 

et al. 1998; Levy et al., 2011). Calculating the rate of change over time then allows to 

estimate flux (i.e., change of concentration over time) and determine whether the GHG flux 

was either negative (uptake) or positive (emission). 

Apart from manual flux chamber measurements, automatic chamber systems exist, 

such as used on peatlands in for example Siberia (Dyukarev et al., 2019), Canada (Lai et al., 

2012) and Sweden (Järveoja et al., 2018). Novel chamber-based systems include the semi-

automatic suspended set-up “Skyline” systems, in theory capable of collecting fluxes along 

a transect with a single gas analyser (Blei et al., 2015; Keane et al., 2020). Even though the 

temporal resolution of such automatic chamber systems is higher than the manually operated 

chambers, they might not perform well on exposed, windy open sites and require 

maintenance and a reliable power-source, which is not always feasible at remote blanket bog 

sites, of which there are plenty in Flow Country.  

To obtain regular and consistent estimate GHG fluxes at a larger scale (100s metres) 

– including CO2, CH4 and N2O – Eddy Covariance (EC) systems are used (Beverland et al., 

1996; Helfter et al., 2015; Wang et al., 2017b). These systems utilise eddies in the air column 

to estimate GHG fluxes from a spatial footprint that is dependent on wind direction and 

speed (Kljun et al., 2015). To account for changing wind behaviour, these instruments are 

often installed in areas with a homogeneous ground cover to investigate GHG behaviour 

across for example peatlands undergoing restoration after afforestation (Hambley et al., 

2018) or sites affected by wildfires (Morison et al., 2020; Artz et al., 2021). Finally, GHG 

fluxes can be measured from airborne sensors along the horizontal and vertical gradients in 
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the atmosphere (Filges et al., 2015; Humpage et al., 2018), but as with EC flux towers, these 

techniques are cost-intensive and limited in their spatio-temporal coverage overall (Hill et 

al., 2017). 

Regardless of the techniques applied, estimated GHG fluxes can be used to quantify 

the responses of peatland function to changes in the environment, including extreme event 

such as drought or fire events. To contextualise the GHG flux, other environmental variables 

are often measured coincidentally, including annual temperature regimes (Juszczak et al., 

2013; Kross et al., 2014) and anomalies (LaFleur et al., 2003), light level intensity (Peichl 

et al., 2018), nutrient availability (Kool & Heijmans, 2009; Kuiper et al., 2014; Goud et al., 

2018), and water availability through precipitation and hydrological setting (Cresto Aleino 

et al., 2015; Kritzler et al., 2016; Hermans et al., 2019). Obtaining annual datasets of these 

variables provide insight in the environmental setting and seasonal trends of peatland 

function when accompanied by gas flux estimates, allowing for investigating and modelling 

of multi-annual behaviour of the GHG balance (Riutta et al., 2007; Peichl et al., 2014; Helfter 

et al., 2015; Laine et al., 2019a). 

 

 Peatland cover mapping: plant functional types, bare peat and water 

 Peatland functioning has traditionally been associated with vegetation composition, 

its species diversity and spatial distribution (Lindsay, 1995; Limpens et al., 2008; Rydin & 

Jeglum, 2013). Both detailed surveys and more general coverage approximation methods – 

grouping vegetation based on plant functional types, or PFTs – have been applied to obtain 

peatland coverage estimates on different vegetation and other cover types (i.e., bare peat and 

water features). Although the detailed surveys can be laborious and time-consuming – 

especially when multiannual fractional coverages are obtained together with a high 

surveying frequency – the species-specific data from these studies do provide 

comprehensive insights in for example natural succession on bogs (Zobel, 1988; Goud et al., 

2018), restoration success (González et al., 2013; Hancock et al., 2018b), drought-resilience 
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(Harris et al., 2020) and wildfire recovery (Zoltai et al., 1998 Gibson et al., 2018; Whitehead 

et al., 2021). 

 Prior to estimating peatland cover type compositions, including the identification of 

evidence of (on-going) erosion or disturbance (Connolly & Holden, 2013), and the 

distribution of water features, meaningful cover type units have to be selected. This is 

especially important when utilising these cover type estimates for upscaling GHG fluxes 

(Chapter 5), or monitoring change (Chapter 6). The inclusion of site-specific cover types 

such as dominant PFTs, has to be based on their subsequent contribution to the overall aim. 

With regards to estimating peatland function from a carbon flux perspective, the use of PFTs 

also has been identified useful for GHG studies. Grouping plant species into functional types 

allows for comparing between sites that might vary slightly in species composition, but still 

show overall similarities in PFT dominance (Berger et al., 2018).  

It has to be acknowledged that species within PFTs can compete or have opposite 

acting relationships to environmental variable changes, even within the same family (Kool 

& Heijmans, 2009; Gerdol & Vicentini, 2011). Examples include hummock-forming 

Sphagnum spp. (e.g., Sphagnum capillifolium (Ehrh.) Hedw. and Sphagnum fuscum 

(Schimp.) H.Klinggr.) or species occurring in and around wetter areas such as hollows and 

pools (e.g., Sphagnum cuspidatum Ehrh. ex Hoffm., Sphagnum papillosum Lindb., 

Sphagnum angustifolium C.E.O. Jensen) (Bengtsson et al., 2016) and productivity 

(photosynthesis) has been shown to be affected differently amongst species to increased 

drought and temperature as a result of their anatomical traits. For example, Jassey et al. 

(2019) showed that some Sphagnum spp. can retain their photosynthetic function under drier 

and warmer conditions due to their water-holding capacity, i.e., Sphagnum fallax H.Klinggr. 

(lawn), compared to Sphagnum medium Limpr. (hummock). However, prolonged combined 

drought and increased temperature could result in irreversible damage, such as desiccation 

and bleaching (Gerdol & Vicentini, 2011). Despite inter-species differences, compared to 

other peatland PFTs, their overall resilience of Sphagnum spp. to drought is high as they can 
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keep moisture in their tissue and re-hydrate quickly after drought stress (Turetsky, 2003), 

although in shallow peatlands, mosses are expected to be particularly vulnerable to drought 

conditions (Moore et al., 2021). 

Similarly, within the graminoid PFT, a whole range of species have been identified 

to relate to peatland function, in particular to their role in methane emissions, because of 

their aerenchymatous tissues (Greenup et al., 2000; Robroek et al., 2015). Common blanket 

bog graminoid species, such as E. vaginatum and E. angustifolium, together with 

Trichophorum spp., Molinia caerulea Moench, Juncus effuses Schum. and Carex spp. have 

been identified to have the potential to increase methane emissions in peatlands, in a 

controlled study by Bhullar et al. (2013). Because of their physiological ability to act as a 

“two-way chimney”, graminoids have been associated with increased CH4 emissions and 

drawn-down of carbon to fuel methanogenesis (Greenup et al., 2000). Furthermore, 

Eriophorum species play a key role in the natural colonisation and re-vegetation of eroded 

bare peat (Crowe et al., 2008; Evans & Warburton, 2010; Cooper et al., 2014; Hancock et 

al., 2018a). Other blanket bog graminoids include Trichophorum cespitosum subsp. 

germanicum (Palla) Hegi, Carex rostrata Hoppe, Carex panicea L. and Rhynchospora alba 

Vahl (Lindsay, 1995) and are included as indicator species in drought-response experiments 

and recolonisation surveys on bogs (Kuiper et al., 2014; Hancock et al., 2018a).  

Another key UK peatland PFT includes the ericoid shrubs. Age- and biomass-related 

feedback loops in ericoid shrubs play a role in overall peatland carbon budgets (Wallèn, 

1987; Moore et al., 2002; Korrensalo et al., 2018) and are often associated with drier 

conditions in the landscape (Lindsay et al., 1988). Common blanket bog species include C. 

vulgaris, Erica tetralix L., Empetrum nigrum L., Vaccinium oxycoccos L. Due to their 

biomass and links to drier spatial preferences, ericoid shrubs are vulnerable to wildfires 

because of their high ‘fuel’ potential (Davies & Legg, 2011). 

Alongside vegetation, the physical state and hydrological conditions of a site also 

can provide meaningful insights into long- and short-term dynamics of a peatland (Milner et 
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al., 2020). Important processes linked these conditions include the infiltration of water in the 

soil and its retention time (Lapen et al., 2000; Waddington et al., 2015), erosion of above- 

and belowground material (i.e., gully erosion, piping and peat-bank collapse) (Li et al., 2018) 

or peat surface subsidence (Regan et al., 2019; Alshammari et al., 2020). Hydrological 

conditions, together with the geomorphological setting of a peatland, drive these processes 

(Evans & Warburton, 2010), and are, not surprisingly, linked to wet and dry cycles and 

associated drought (Moore et al., 2021) and fire events (Turetsky et al., 2015; Granath et al., 

2016). Therefore, estimating the relative cover of features linked to these processes – i.e., 

bare peat and water (Chapter 5), or burnt area and bleached Sphagnum spp. (Chapter 6) – is 

highly important when assessing plot and landscape scale peatland function. On northern 

peatlands specifically – areas with minimal to absent disturbance (e.g., grazing) – 

microtopographic variations in the peat structure (the hummock-lawn-hollow model) are 

important as they display divergent responses to changes in hydrology (Riutta et al., 2007; 

Cresto Aleina et al., 2015). As summarised by Waddington et al. (2015), variations in 

microtopography – as a result natural succession of peatland PFTs across hollow-lawn-

hummock gradients – provide peatlands with resilience to changes in hydrology: 

highlighting the importance of the spatial variability and distribution of these vegetation 

species when used as an indicator for blanket bog functioning (Chapters 5 and 6).  

 

 Upscaling peatland GHG fluxes from plot to landscape scale 

In order to monitor peatland functioning over time and space in detail – including the 

response to extreme climatic events – previous studies have shown that GHG-fluxes can be 

linked to vegetation cover types (Armstrong et al., 2015, Dixon et al., 2015, Berger et al., 

2018), hydrological conditions (Holden, 2005; Dinsmore et al., 2009), and generalised 

peatland ecotypes (Bubier et al., 1998, Wang et al., 2018b). However, to adequately assess 

peatland resilience and landscape-scale functioning, the spatial context of micro-, meso- and 
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macrotopes and linked vegetation and hydro-topographical characteristics need to be 

considered for the (to-be) monitored blanket bogs.  

As highlighted in the sections above, CO2 emission and uptake are only part of the 

complete carbon cycles identified in peatlands but have shown to be good indicators of 

overall peatland function in extreme events such as droughts (Fenner & Freeman, 2011; 

Gatis et al., 2019) and wildfires (Worral et al., 2011; Ingram et al., 2019). In more detail, 

these differences in carbon cycle dynamics have been linked to different plant functional 

types (PFTs) (Couwenberg et al., 2011; Laine et al., 2016; Berger et al., 2018), such as the 

aforementioned graminoids (Whitaker et al., 2020), ericoid shrubs (Grace & Marks, 1978), 

Sphagnum mosses (Bengtsson et al., 2016) and bryophytes in general (Turetsky, 2003), but 

also pool systems (Pelletier et al., 2015; Arsenault et al., 2018) and seasonally inundated or 

bare peat (Clay et al., 2012; Brown et al., 2019; Gatis et al., 2019) (additional details with 

regards to CO2 fluxes are provided in Chapter 3).  

A challenge in peatland function assessments through carbon cycle monitoring, is 

that even though northern peatlands are often described as homogeneous at the landscape 

level, they are highly heterogeneous at high resolution, plant species composition level 

(Andersen et al., 2011) and have high variability in microtopography (Lindsay et al., 1988). 

Current methods to upscale annual and growing season GHG fluxes include utilising 

aforementioned in situ estimates from chamber measurements (Chapter 3), and EC-tower 

fluxes (Peltola et al., 2019; Junttila et al., 2021), or from laboratory-based experiments and 

simulations (Bell et al., 2018, Baird et al., 2019). To estimate GHG fluxes across a 

designated area (i.e., plot, watershed or national scale), a spatial dimension is added, 

including proxies such as microtopography (Nungesser, 2003; Wu et al., 2011) or vegetation 

type (Couwenberg et al., 2011). The accuracy of these upscaled GHG fluxes relies on correct 

discrimination and classification of the proxies in the target area, as over- or underestimating 

certain peatland features (i.e., PFTs) can affect flux estimates (Chapter 5) or limited the 

detection of change over time (Chapter 6).  
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As blanket bogs, and peatlands in general, can cover large areas, field surveys and 

sampling campaigns can be expensive methods to obtain most of the empirical data on 

peatland function (Andersen et al., 2017). Remote sensing (RS) platforms have provided 

methods to remotely estimate peatland functioning – including carbon fluxes– at various 

spatial scales (Lees et al., 2018). These methods include the use of passive and active sensors 

on satellites or crewed aircraft. Most passive methods utilise light reflectance and 

absorbance characteristics across the target area, ranging from visible light to infrared and 

short-wave infrared bands (see Chapter 4 for details). Remote sensing techniques utilising 

Earth observation (EO) satellites – for example Sentinel, MODIS, LandSat, SPOT or IRS – 

provide multi- and hyperspectral data used in for example peatland land-cover and condition 

classification and change studies (Connolly et al., 2011; Connolly, 2018; Artz et al., 2019; 

Minasny et al., 2019; Magnússon et al., 2021), as well as efforts to monitor moisture 

dynamics (Lees et al., 2021a) and ecosystem health (Li et al., 2014).  

Although the spatial resolution of these EO satellite images currently used across 

northern peatlands allow for a range of scales to analyse land-cover (pixel sizes varying 

between 1500 to 0.3 metres) (Lees et al., 2018) (Figure 1.4), with the highest resolution data 

often being commercially driven and costly to obtain (Pabian et al., 2020). However, their 

use for peatland monitoring can be limited by coverage issues caused by cloud cover (and 

associate temporal data gaps) (Fuller et al., 2002; Poggio et al., 2012) and changes in 

reflectance due to radiation absorption of gasses in the atmosphere (Vermote et al., 1997). 

Furthermore, ground-based spectral data suggests that appropriate classification of peatland 

cover types requires knowledge of the in situ conditions, including phenology, edaphic peat 

conditions or disturbance (i.e., bare peat cover) (O’Connell et al., 2010; Cole et al., 2014; 

Erudel et al., 2017; Räsänen et al., 2020), an important knowledge gap addressed in this 

study (Chapter 4). 
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Contrasting the passive sensors, are active EO sensors, including lasers (light 

detection and ranging - LiDAR) and radar (interferometric synthetic-aperture radar - 

InSAR), which can both be used to obtain elevation and target structure measures at the 

Earth’s surface. With regards to peatland function assessments and upscaling GHG fluxes, 

LiDAR has been used – either on the ground with a terrestrial laser scanner (TLS) or hand-

held device or attached to an aircraft – to obtain fine-scale surface structure data across 

peatlands (Chico et al., 2019b; Korpela et al., 2020; Koma et al., 2021). For peatland function 

studies, the use of InSAR has increased over the last years, as it has shown to be capable of 

detecting surface motion behaviour across large scales (Cigna et al., 2014), and has been 

linked to blanket bog condition in sites in the Flow Country, Scotland (Alshammari et al., 

2018; Alshammari et al., 2020). 

 

 

Figure 1.4 Spatial resolutions at which peatland monitoring using UAVs, aircraft and EO 

satellites can operate. The examples include only a very small selection of optical sensor-

based platforms. Arrows indicate direction of spatial footprint / scale from plot to global 

cover (top) and associated applications of the platforms across these scales (bottom). 

Platform icons downloaded from dji.com, earthobservation.nasa.gov, fu-berlin.de, 

nasaharvest.org and science.nasa.gov in May 2021). 
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Although satellite- and airborne-based techniques – including helium-filled balloons 

(Becker et al., 2008) – provide some indication of the spatial and temporal variation of 

peatland cover and associated cover types (Minasny et al., 2019), there is a need for 

validating derived peatland cover classification and subsequent GHG flux estimates (Lees 

et al., 2018; Junttila et al., 2021). Recently, the use of unoccupied aerial vehicles (UAVs) 

has tried to fill in the gap between traditional field surveys in the field and satellite- or 

airborne platforms (Figure 1.4) photography-based land cover classification. Since UAVs 

can be used to obtain high resolution (centimetre pixel size) imagery, very accurate land 

surface coverage estimates can be achieved (Mathews, 2015; Müllerová et al., 2016). Similar 

to RS satellites, a wide range of UAV platforms exist able to capture spectral characteristics 

from target areas, equipped with instruments ranging from standard red-green-blue (RGB) 

cameras to multi- and hyperspectral sensors, all with their respective increasing costs 

(Jeziorska, 2019). Similar to their advantage to satellites, compared to airborne surveys, 

UAVs are arguably easier to deploy in terms of flight planning, and are able to carry a range 

of sensors, including LiDAR and thermal cameras (Bhatnagar et al., 2020; Kalacska et al., 

2021; Kelly et al., 2021). On peatlands in particular, where field surveys can be costly and 

time-consuming, UAVs have shown to aid across a range of peatland types, including open 

(Kalacska et al., 2013), treed bogs (Lovitt et al., 2017; Connolly et al., 2021), as well as low-

lying and upland blanket bogs (Chapter 5), including sites affected by wildfire (Chapter 6). 

To develop classification methods for upscaling estimating peatland cover types 

(PFTs, bare peat, water, etc.) using UAV-derived imagery requires knowledge on their 

spectral characteristics, or spectral signatures, in order to correctly discriminate between 

them. Seasonal differences and links to (soil) water conditions have shown to affect 

vegetation phenology, senescence and spectral signatures (Harris et al., 2005; Easterday et 

al., 2019; Räsänen et al., 2020) and are able to affect classification accuracies (as shown with 

hyperspectral-derived vegetation indices in Chapter 4). Detailed, or high-resolution, data on 

blanket bog cover variability, is likely to improve GHG flux estimates in a spatial setting 
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(Blodau, 2002), but also with regards to seasonal changes when taking into account plant 

phenology (Kross et al., 2014). 

 Developments in policy and management 

Policymakers often use peatland function as a basis for comparing different sites with 

regards to evaluation of restoration management and climate change mitigation strategies; 

with the identification and protection of ‘healthy’ peatlands crucial for future climate 

adaptation policies (Loisel et al., 2021). However, defining differences between peatland 

sites and their functioning – on all levels described above – is only feasible if the parameters 

used to measure these are well-defined, consistent and used in the appropriate spatial and 

temporal context (Minayeva et al., 2017) and adequate baseline data exists on peatland 

contributions within the land use, land-use change and forestry (LULUCF) sector (Connolly, 

2018; Lindroth & Tranvik, 2021; Premrov et al., 2021).  

Attempts have been made to involve different stakeholders to streamline assessment 

and mapping of peatland function, subsequent monitoring and robust reporting methods. 

One such attempt in the United Kingdom was presented by the Joint Nature Conservation 

Committee in the early 2000s; the Common Standard Monitoring (CSM) tools were set up 

as a monitoring and assessment tool for habitats, including upland and low-lying peatlands 

across the UK (JNCC, 2006). Another approach described by Scottish Natural Heritage 

(2018) – presently known as NatureScot – allows the user to recognise a peatland to be in a 

near-natural, modified, drained or actively eroding state. This method utilises a simple 

classification to describe the presence and influence of vegetation cover and impact evidence 

on the surface (i.e., draining, burning, grazing or drying/erosion). This easy-to-use 

classification is set-up for practitioners and researchers to get an initial understanding of 

peatland condition and does not need any environmental data in order to be applied or 

validated. However, such objective observations are not sufficient for quantitative 

comparisons between peatland sites, for example to monitor peatland functioning through 

vegetation recovery or after restoration, drought or wildfire.  
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1.6 Research aims and objectives 

Although previous examples and references from literature are mostly related to 

studies and associated methods fit to peatlands in general, it has to be noted that the selected 

sites in this study (see Chapter 2 for details) are near-natural blanket bog sites, often seen as 

optimal for carbon storage. Consequently, these results represent a baseline response to 

drought and fire of peatland considered to be in ‘good’ condition with confounding factors 

such as management minimised. This means that other areas which may have undergone 

greater modification may or may not therefore respond the same to climate stress (Gallego-

Sala & Prentice, 2013; Granath et al., 2016; Chaudhary et al., 2020; Humpenöder et al, 2020; 

Loisel et al., 2021). 

The previous sections highlight some of the knowledge gaps in the understanding of 

the effects of changes in climate – which include predictions of more frequent and prolonged 

droughts and increased fire risks – on blanket bog functioning through vegetation 

composition and physical alternations of the peat surface in northern Scotland. In order to 

better manage and protect these blanket bogs and their carbon-sequestration function, these 

gaps need to be filled.  

 

Within this context, the overarching aim of this study was to apply combinations of 

ground-based empirical data and UAV-derived cover type estimates to assess change in 

peatland condition in response to two climate extremes: a drought and a wildfire. More 

specifically, the study addressed the following objectives: 

 

Objective 1:  To estimate the immediate effect of drought conditions on blanket bog PFTs 

functioning through CO2 flux measurements across contrasting microtopes 

(centre and margin) and topographical setting (upland versus low-lying) 

(Chapter 3). 

List continues on the next page. 
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Objective 2:  To assess optimal combinations of spectral vegetation indices used in 

multispectral UAV-surveys to discriminate between and classify peatland 

PFTs and key blanket bog features using in situ spectral measurements, whilst 

accounting for changes in peatland edaphic conditions (Chapter 4).  

Objective 3:  To use a consumer-grade UAV, train classification models and estimate high 

resolution blanket bog cover type distribution and coverage across 

contrasting microtopes, topographical settings and conditions (i.e., near-

natural and burnt) (Chapter 5 and 6). 

Objective 4:  To determine plot-scale NEE by using blanket bog cover type estimates as a 

proxy for upscaling annual CO2 fluxes across a range of spatial resolutions 

(Chapter 5). 

Objective 5:  To develop a workflow to monitor fire impact and post-wildfire vegetation 

recovery using high-resolution consumer-grade UAV-derived classified 

land-cover maps (Chapter 6). 
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1.7 Thesis structure 

The thesis structure follows the abovementioned objectives of the study. Prior to the data 

chapters, Chapter 2 will introduce the research sites in the Flow Country and provide 

background information on the sites, the general sampling strategies and UAV flight 

preparations, deployment and initial image processing. 

Chapter 3 investigates the effect of extreme drought conditions on the CO2 GPP, Reco and 

NEE of dominant PFTs and key blanket bog features in 2018 and the following year at an 

upland and low-lying site across both margin and centre microtopes. It is hypothesised that 

CO2 fluxes would vary amongst the dominant blanket bog PFTs (Sphagnum spp., ericoids 

and graminoids) because of their functional traits; notably that they would vary in their 

productivity during drought conditions, and potentially during recovery period in the post-

drought year. Differences in fluxes between the topographic settings are expected to relate 

to water availability variations during the sampling period. 

Chapter 4 assesses the use of spectral data to discriminate between dominant PFTs and key 

blanket bog features and examines if edaphic conditions at the top peat surface influence 

correct classification accuracy using spectral (vegetation) indices commonly applied in 

peatland studies. As a result of their profound differences in phenological traits and 

characteristics, it is hypothesised that spectral difference will reliably distinguish between 

key blanket bog PFTs and features, with minor uncertainties in the discrimination between 

vegetated targets due to changes in peatland edaphic conditions. 

Chapter 5 focuses on the deployment of a consumer-grade UAV fitted with a standard RGB 

camera to test and train classification models to estimate blanket bog cover type distribution 

and coverage, in order to obtain plot-scale CO2 NEE estimates. It is expected that the high-

resolution UAV-derived cover maps are more accurately depicting the site’s vegetation 

cover when topographic-specific Land-Surface Parameters (LSPs) are used for the 

classification. Upscaled NEE estimates for the plots – and their overall sink or source 

behaviour – are hypothesised to relate to the variation in fluxes across the cover types. 
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Especially when as map resolution decreases, certain classes associated with high or low 

NEE become the dominant blanket bog cover. The effect of the drought on NEE is expected 

to show up in both the upland and low-lying blanket bog plot estimates, hypothesised to 

deviate from current emission factors used for near-natural sites in the UK. 

Chapter 6 continues with the application of the UAV-derived cover estimates to estimate 

fire severity and post-wildfire vegetation recovery on a near-natural blanket bog site. 

Classified cover maps (3- and 15-months post-fire) using the successful workflow 

established in the previous chapter, are expected to allow for estimating blanket bog fire 

severity and recovery. A decrease in burnt area cover is predicted, as a result of recovery 

and reestablishment of vegetation cover, including vascular plants and Sphagnum spp. 

around wetter areas. It is hypothesised that the high-resolution UAV-derived classified maps 

provide more detailed and different cover estimates, compared to resolution ranges 

associated with RS satellites or airborne systems. Overall, the estimated rates of vegetation 

recovery rates and trajectories, as part of this proof-of-concept, are expected to contribute to 

process-based knowledge on blanket bog recovery. 

In Chapter 7, an overall summary of the findings in chapters 3-6 is given and “assessing of 

the condition of the Flow Country peatland to support their future protection” is put into 

context with regards to the advantages and limitations identified in the methods utilised in 

this study, as well as the implications for management and peatland function monitoring. An 

outlook is provided about implications of the outcomes of this study, which considers the 

future of blanket bogs in northern Scotland with regards to predicted climate change. 
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2 Study site background and UAV-flight planning 

This chapter provides an overview and detailed description of the study sites and 

methods used in the following data chapters. The site description includes a detailed 

overview of the Flow Country as well as comparisons of the individual sites of Knockfin 

Heights and Munsary for chapters 3, 4 and 5 and the Uair for chapter 6. The UAV flight 

planning and data-processing workflow was the same for both UAV-imagery chapters (5 

and 6) and is presented in this chapter to avoid unnecessary duplication. Specific post-

processing steps – involving data plotting, statistical analyses and classification – are 

presented and discussed in the relevant data chapters. 

 

2.1 Flow Country – blanket bog study sites 

As introduced in the previous chapter, blanket bogs are globally rare due to their 

hyper-oceanic climatic setting, but very common in the United Kingdom. The largest 

expanse of blanket bog in Europe is located in the Flow Country, covering parts of Caithness 

and Sutherland in northern Scotland. The area comprises of numerous conservation 

designations including 38 Site of Special Scientific Interest (SSSI) and the largest terrestrial 

Special Area of Conservation (SAC), Special Protection Area (SPA) and Ramsar site in the 

UK (‘Caithness and Sutherland Peatlands’), indicating the recognised ecological importance 

of the region. Recently, awareness increased with regional and national governmental and 

non-governmental institutions, as the Peatlands Partnership application was greenlit to put 

the Flow Country up for a UNESCO World Heritage Site (WHS) status nomination in 2023. 

Currently, the designated areas only account for roughly a third of the total blanket 

bog area. Due to land management practices such as afforestation and agricultural practices 

(e.g., drainage, grazing, burning and cultivation), parts of the Flow Country are no longer 

described as near-natural blanket bog peatlands. For this study, three near-natural blanket 

bog sites were selected in the Flow Country: a lowland blanket bog, Munsary peatlands 

(hereafter referred to as Munsary), an upland blanket bog, Knockfin Heights and a blanket 
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bog site on the Uair in the Forsinard Flows Nature Reserve (Figure 2.1). The sites have 

different management histories and environmental characteristics and reflect the broad range 

of blanket bog conditions across the region. 

 

Figure 2.1 Geographic location of the three study areas in the north of Scotland. 

 

The study sites at the Munsary peatlands, as well as Knockfin Heights, were selected 

based on satellite-derived “bog breathing” data: peatland ground motion results from 

Interferometric Synthetic-Aperture Radar Intermittent Small Baseline Subset (InSAR-

ISBAS) technique on Sentinel 1 C-band data from the Flow Country area for the period 

1992-2001 (Alshammari et al., 2018). The plots in that study overlap a range of blanket bog 

mesotopes, microtopographic features and vegetation compositions. For this study, the plots 

coincide with the spatial extent of the InSAR ToPS project (Marshall et al., 2019; Marshall 

et al., 2021): covering both blanket bog margin and centre plots at the low-lying and upland 

blanket bog target areas. 
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 Munsary peatlands  

The Munsary peatlands (hereafter referred to as Munsary) are located approximately 

15 km west of Wick, Scotland, UK (58°23’49.0” N, 3°20’26.5” W). The study site is a ±100 

ha area of slightly undulating blanket bog located approximately 104 m.a.s.l. (metres above 

sea-level), with some radial drainage pattern confined within the Allt Tota-robie and Allt-

nan-Scaraig streams in the west and east respectively, all joining up in the north into the 

Kensary Burn that is connected to Wick River. Area morphology is characterised by an inner 

blanket bog with gradual slopes leading towards the streams around the peatland. A pool 

system is located in the centre of the bog, called the dubh lochans (Figure 2.2). The lochan 

sizes range from a sub-metre level to several metres across and remain wet throughout the 

year, resulting in challenging site access during wet conditions. The microtopographic 

variation present at the site include peat hummocks, lawns and hollows (Smart, 1982). The 

underlying geology consists of glacial till on top of Devonian sandstone (Lindsay et al., 

1988; British Geological Survey, 2018). 

 

 

Figure 2.2 Areal view of the central pool system at the low-lying blanket bog site Munsary, 

looking out to the east (source: own collection). 
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The entire Munsary peatlands complex extends over 1,200 hectares and is currently 

Plantlife’s only nature reserve in Scotland and are an SPA, SAC, Ramsar and part of SSSI 

Shielton Peatlands designation for blanket bog habitat and breeding birds. The Shielton 

Peatlands received their first SSSI designation in 1971 and has undergone drain blocking 

measures since. The last statutory condition status of the blanket bog was checked in June 

2007 (Scottish Natural Heritage, 2009) and resulted in a ‘Favourable Maintained’ status 

(Artz et al., 2014). The rare breeding birds at this site include the Common scoter (Melanitta 

nigra) and the Merlin (Falco columbarius): both on the Red list of the Birds of Conservation 

Concern 4 (Eaton et al., 2015). Furthermore, the site contains some notable plant species – 

apart from a range of Sphagnum species – including Saxifraga hirculus: the rare marsh 

saxifrage to be found only at a few locations in the counties of Sutherland and Caithness 

(Scottish Natural Heritage, 2009). Recent management practices at Munsary involved ditch 

blocking on the margins of the area and deer culling is ongoing in the season. Extensive 

vegetation surveys details and monitoring campaigns have been applied in the area and used 

as reference material (Lindsay, R., personal communication) (Chapters 3, 4, 5 and 6). 

The Munsary plots (M#) are located in and around the northern extent of the area 

managed by Plantlife. The southern site margin follows agricultural drains, these were 

historically cut in one part of the site and subsequently blocked with peat dams and plastic 

piling in the early 2000s. Evidence of these practices that reflect intentions to convert the 

area to agricultural land or provide drained peat for cutting can also be identified in the 

partial canalisation of the streams in the western site extent. Additionally, a topographic 

‘high’ can be observed running through the centre of the area from NNW to SSE. The divide 

is accentuated by the lack of surficial connectivity between the western and eastern side. A 

peat probing and ground-penetrating radar campaign identified this divide to be driven by a 

topographic high in geological substrate. The plots at Munsary can be split up in centre and 

margin plots, labelled M-C1, M-C2 and M-M1 through M-M3 (Figure 2.3). 
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Figure 2.3 Top: Plots at the low-lying blanket bog site at Munsary, overlaying Digimap 

Ordnance Survey (OS) 1:50,000 map for reference; Bottom: plot extents on a satellite image 

provided by ©2021 Bing Maps. 
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The most northern centre plot (M-C1) is located at boundary of the study site and 

contains a series of isolated pools in which presence of Sphagnum cuspidatum can be 

observed in places where hollows and lawns have a gradual link with the shallow (< 20 cm 

standing water) lochans. The main centre plot (M-C2) used in this study overlaps two 

separate plots as originally used for the InSAR ToPS project and covers a slight topographic 

‘high’ crossing through the study site (Figure 2.3). Pools on the eastern side are more 

rounded in nature, compared to the more linear pool-complex in the southwest quadrant. 

Hummocks and hollows are dominating the northern part, with transition zones of lawn type 

microtopography leading into shallow pool systems on either side of the divide. The south-

eastern part is largely covered by a large pool complex, with bare peat flats and Poaceae 

encroachment along the banks. The north-western quadrant is characterised by isolated pools 

and hummock-lawn-hollow complexes. Towards the topographic high, Ericoids scrub 

coverage increases, whereas further to the southwest bare peat patches dominate with 

increased surficial drainage between peat pools. 

The margin plots of the blanket bog are situated along the edges of the main dubh 

lochan system and are characterised by decreasing peat thickness towards the surrounding 

streams (peat characteristic data submitted to UK Environmental Information Data Centre, 

2021, in press). The plot identified as a margin plot in the west (M-M1) due to its proximity 

to the canalised Munsary Burn. The microtopography is dominated by hummock and lawn 

types, entwined with linear hollows following an east-west orientation, potentially reflecting 

the dominant direction of surficial water flow.  

Across the site, to the east a similar plot (M-M2) can be found although it has higher 

degree of surface topography variation: going from the high central part of Munsary towards 

the eroded peat banks of the Allt-nan-Scaraig in the east. Some isolated peat pools are found 

on the western edge of the plot, which are absent further east where ericoid shrubs dominate 

the vegetation composition. Finally, plot M-M3 marks the southern extent of the study site, 

including one of the blocked drains in the south. Set at the margin of the dubh lochans, this 
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plot is characterised by a transition zone of wet, bare peat and Sphagnum-dominated hollows 

to drier hummock and lawn microtopography in the southern margin. Its proximity to the 

neighbouring stream, together with comparable dominant land cover types of the two margin 

plots classifies this as a margin plot. Furthermore, this plot is the only one where parts of the 

mineral subsoil can be found on the surface. 

 

 Knockfin Heights 

The blanket bog area Knockfin Heights is located 7 km southeast of Forsinard, 

Scotland, UK (58°19’07.7” N, 3°48’22.8” W) and is the largest continuous upland (340-440 

m.a.s.l.) blanket bog site in the Flow Country. The study site covers around ±150 ha of an 

upland blanket bog at elevation levels ranging from approximately 330 to 375 m above sea 

level. The site is part of the Forsinard Flows National Nature Reserve, managed by the Royal 

Society for the Protection of Birds (RSPB) and part of Natura 2000 designated areas, 

included in SSSI, SPA, SAC and Ramsar. Although the study site at Knockfin Heights is 

owned and managed by the RSPB office at Forsinard, other landowners manage the 

surrounding areas of peatland and deer grazing and related stalking activities take place 

throughout the year. 

 

Figure 2.4 Aerial view of network of pools at the upland site Knockfin Heights, looking 

south towards Morven and Scaraben (source: own collection). 
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The hydrology is characterised by a dendritic drainage pattern and the excess water 

flows into the Halladale River to the west and the Rumsdale Water in the east. A network of 

lochans is part of the hydrological system, and although similar to Munsary, their size range 

is substantially larger: from sub-metre to tens of metre across (Figure 2.4). The pools are 

partly connected by drainage channels parallel to the slope towards the northwest but are of 

a predominantly stable nature (Hancock et al., 2018a). When water levels drop during dry 

periods, bare peat is exposed at the edges and bottom of some of the pools. The underlying 

bedrock – also exposed in some of the larger gully systems – consists of nutrient-poor 

Silurian granite (British Geological Survey, 2018). 

The dominant land cover at the site is blanket bog and wet heath showing signs of 

active erosion and comprises of a variety of landcover types, including peat hummocks, 

lawns and hollows, but also mineral underlying soil and bedrock. Compared to Munsary, the 

main difference is the dominant peat hags and bare peat patches. Enhanced erosion resulted 

in gullies as wide as several metres and exposing the underlying substrate. The baseline 

study from 2005 by Hancock et al. (2018a) – which functions as the main reference in 

Chapters 3, 4 and 5 – identified that the site had a lower Sphagnum cover and higher degree 

of bare peat coverage than was to be expected for a healthy peat bog habitat. The Knockfin 

Heights plots are situated across the northern end of the plateau, and similar to Munsary, 

cover the InSAR ToPS project plots. In contrast to the low-lying setting of blanket bog 

complex of Munsary, the upland plots at Knockfin Heights are split up into margin and 

centre plots according to their relative position in the landscape. The six plots are labelled 

K-C1 through K-C4 and K-M1 and K-M2 situated at the centres and margins of the plateau 

of the upland blanket bog (Figure 2.5). 
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Figure 2.5 Top: Plots at the upland blanket bog site at Knockfin Heights, overlaying Digimap 

Ordnance Survey (OS) 1:50,000 map for reference; Bottom: plot extents on a satellite image 

provided by ©2021 Bing Maps. 
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The plot (K-C1) on the western margin of the study area is situated on a topographic 

flat area, characterised by a pool system interlinked with sub-metre width peat hags. The 

dominant drainage direction is to the NW, feeding the Halladale River in the forestry 2 km 

downstream. However, direct surficial erosion gullies to the Allt na Claise Mòire – Burn of 

the Great Trench – are not evident. Transitions zones between pools (dry and inundated) to 

the blanket bog lawn and hummock-hollow complexes are generally gradual, potentially 

indicative of a mature system with minimal ongoing erosion and peat-hag collapses.  

This is in contrast to the plot (K-C2) found on the eastern side end of the central pool 

system, where deep peat hags are a common feature. The surface drainage pattern is 

observed into the same streams as plot K-C1. In this plot, erosion is an important driver of 

microtopographic changes as depending on degree of erosion and water level, some of the 

hags show re-colonisation by E. angustifolium. Pool verge degradation is observed further 

east of the plot; headward erosion of the hags and peat tunnel collapse promote overland 

flow that causes erosion of the non-vegetated hags and empty pools. Hydrological 

disconnection of the pools is reflected in a high variability of the water level between the 

pools as observed during field visits.  

At the north-eastern edge of the extensive pool system, in the northern end of the 

plateau, is the third centre plot (K-C3). Pools in this plot show high temporal water level 

fluctuations throughout the year and mainly discharge into the Allt Gleann nam Bean – the 

Burn of the Glen of the Mountains – flowing northeast, eventually into Loch More. The 

majority of the pools are formed in the blanket bog, not exposing the underlying geology. 

Smooth transition zones from lawns to pools are uncommon, apart from a few exceptions 

around collapsed pool banks, and stark pool edge-lawn/hummock transitions dominate the 

plot’s microtopography.  

The last centre plot (K-C4) – covering the highest elevation at the study site – is 

situated in the south and linked to another isolated surficial isolated system with pools 

ranging from 1 to over 30 metres in diameter. The smaller of which dried up during the 
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summers of 2018 and 2019, exposing the underlying bare peat. Sub-metre peat hags, 

dissecting the surface perpendicular to the slope facing SE, characterise the hummock-lawn-

hollow complex in the north-western quadrant of the plot. 

Northwest of the central pool system complex, the first margin plot (K-M1) is located 

on a step-wise gentle SSW slope which is accentuated by a surface drainage pattern 

orientated parallel on the slope, flowing NWW. This drainage pattern is dictated by an 

upland lochan to the east of the plot. The underlying granitic substrate can be found along 

the edges of the pool systems.  

Towards the southeast, margin plot K-M2 was selected at the edge of the 

hydrological system that feeds directly into the Allt Gleann nam Bean on the eastern margin 

of the study area. Excess water from the pools to the south and southeast flow through the 

plot, inundating most of the Sphagnum-filled hollows and lawn. Drainage patterns is similar 

to, but larger in scale compared with, plot K-M1, controlled by surficial hags and gullies 

connecting the pools. Of all the Knockfin Heights plots, K-M2 appeared to have experienced 

the lowest ranges in water levels between the peat pools during the sampling period, likely 

to their high connectivity and topographic low setting on the margin of the upland site. 
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 Uair  

The site on the Uair is located approximately 9 km northwest of Forsinard, Scotland, 

UK (58°25’33.0” N, 3°59’49.0” W) and elevation ranges between 160 and 200 m.a.s.l.: a 

‘mid-level’ blanket bog, right between the low-lying Munsary and upland Knockfin Heights 

sites. The area was affected by a major wildfire event (Figures 2.6 and 2.7) in Spring 2019 

between Strathy and Melvich in the north and the Forsinard Flows National Nature Reserve 

(NNR) in the south, including part of the Big House estate. The total area affected by the 

fire was around 60 km2 of blanket bog and wet heath habitat (Andersen et al., 2021). 

 

Figure 2.6 The extent of the 2019 fire (~60 km2) in yellow between the coastal area at Strathy 

and the Forsinard Flows NNR in the south. Delineated in black are the transects studied in 

this thesis. The false-colour infrared image is from the 26th of August, 2019 ©2021 Planet 

Labs Inc. 



 44 

 

Figure 2.7 Detailed view of the Uair in August 2019 (source: own collection) 

 

Similar to Knockfin Heights, this area is owned and managed by the RSPB at 

Forsinard and other landowners from the surrounding areas. Deer grazing and related 

stalking activities take place throughout the year. The area is part of an SSSI, SPA, SAC and 

Ramsar and adjacent to the area, at Dyke, forest-to-bog restoration is ongoing since large 

parts of afforested blanket bog were felled since 2013 (Figure 2.8). The latest site assessment 

(covering the West Halladale SSSI) from 2002, indicates that the site was in a ‘favourable 

maintained’ condition (Artz et al., 2014). 

Although information on the local vegetation and management history is limited, the 

site is adjacent to forest-to-bog restoration sites at Dyke from which some background on 

the region can be obtained. For example, the site is located roughly 5 km northwest of Cross 

Lochs, a blanket bog site described in detail through pollen research (Charman, 1992), water 

level dynamics in peat pools (Holden et al., 2018) and GHG fluxes from an EC-tower (Levy 

& Gray, 2015). Nutrient-poor granites from the geological Moine Supergroup are found in 

the underlying geology, similar to Knockfin Heights (British Geological Survey, 2018). 
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Figure 2.8 Top: Plot extent of Uair transects overlaying Digimap Ordnance Survey (OS) 

1:50,000 map for reference; Bottom: transect extents across the southern end of the Strathy 

burn scar. The underlying satellite image from ©2021 Google Earth is from end of May 

2019. 
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Three elongated plots (± 1100 by 150 metres) were selected to capture both burnt 

and unburnt areas across, what can be described as a partial margin blanket bog, due to its 

vicinity to drained and afforested areas to the east (Figure 2.8) and shallower peat on the 

eastern transect (see Chapter 6 for more detail on the study area). The plots were selected to 

overlap with the Fire Blanket project (Andersen et al., 2021): investigating how land 

management influences fire resilience and carbon fate in blanket bogs. Which, together with 

the abovementioned sources, provided valuable reference material for this study. 
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2.2 Unoccupied aerial vehicle (UAV) imagery collection 

In order to enhance the use of open-source and affordable hard- and software, the use 

of a consumer-grade unoccupied aerial vehicles (UAVs) (Joyce et al., 2021) and practical 

non-proprietary classification procedures are explored in this study to construct and assess 

easy-to-use workflows for creating land-cover maps derived from UAV-imagery obtained 

across the three introduced blanket bog sites in the Flow Country. 

 

 Platform: DJI Phantom 4 Advanced 

The DJI Phantom 4 series drones are commonly used by both consumers and 

professionals to obtain aerial views of features of interest. Because the Phantom 4 Advanced 

(P4) (Figure 2.9) is a light (1.4 kg) and small (0.35 m diameter) remotely controlled aircraft 

– therefore easy to carry onto the remote sites – it provided a reliable platform to use for 

estimating and monitoring blanket bog surface topography and land cover: i.e., dominant 

blanket bog vegetation types and key features such as pools and bare peat (Chapter 5), as 

well as extent of burning (Chapter 6). The standard permanently-mounted DJI, 94° FOV, 

20-megapixel red-green-blue (RGB) camera (1” CMOS sensor, 13.2 x 8.8 mm) was used 

for optical remote sensing in the visible light spectrum. With a set of 4 batteries, flight times 

on site could last up to 2 hours at each of the sites (~30 minutes per battery pack).  

 

Figure 2.9 DJI Phantom 4 Advanced as deployed at the Uair in 2020 (source: own collection) 
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 Planning: UAV flights 

The flights were planned and conducted using the DJI Ground Station Pro (GSP) 

application (version 2.0.16) – the only licenced software used in this study – running on an 

Apple iPad Mini (5th generation). Prior to the field visits, the spatial extent of the plots was 

uploaded to create individual flight across the study sites (see Chapters 5 and 6 for details). 

The spatial extent of the processed imagery over the plots at Munsary and Knockfin Heights 

are the same: approximately 100 x 100m per flight and have the same basic flying strategy 

(Figure 2.10). The overlap was set to 70% for both the front and side overlap ratios and the 

P4 missions were also conducted at 60 metres above ground level height for the plots at 

Munsary and Knockfin Heights.  

 

Figure 2.10 Schematic overview of UAV flight path across an area of interest, illustrating 

how front and side overlap is achieved for a pair of images taken along and next to a flight 

line. Note: UAV and reflectance panels are not to scale. 

 

The transects on the Uair were treated in the same way, but covering a larger area, 

and to ensure proper spatial overlap, flights in 2019 and 2020 across the transects was done 



 49 

using the same flight plan files in DJI GSP, which were flown at 80 metres above ground 

level. 

The DJI GSP way-point functionality only allowed capture of JPEG imagery, as 

compared to the standard minimally processed ‘RAW’ data obtained by digital cameras. 

Although this meant less detailed spectral ranges in the digital number (DN) ranges (i.e., 

resampled reflectance values in the RGB bands of the DJI P4 camera), the compressed JPEG 

are considerably smaller in size: enhancing the ability to process large numbers on a 

(personal) computer without additional storage, memory and processing power 

requirements. Fortunately, for smaller areas of interest, the option to capture RAW images 

does exist in single-shot mode (e.g., allowing for more detail in reflectance range per pixel) 

and additional RAW images were obtained for scenes within the plots for subsequent image 

calibration and classification steps. These scenes included a MAPIR Camera Reflectance 

Calibration Ground Target Package (V2) and three fabric sheets (provided by the Field 

Spectroscopy Facility in Edinburgh) with different reflectance characteristics across the light 

spectrum. 

Due to logistic conditions in the field, no flight-specific ground control points 

(GCPs) were included for all of the surveys. However, features with known GPS locations 

(i.e., benchmarks and data-loggers at Munsary and Knockfin Heights used for the InSAR 

ToPS project (Marshall et al., 2021) and the flux-chamber collars (Chapters 3 and 5) were 

included in the post-processing steps. Due to the lack of Differential or RTK-GPS for the 

flights, all spatial information and accuracy of the acquired P4-imagery relied exclusively 

on the onboard GPS. And although this could potentially introduce errors in the UAV-

derived topographic models (James & Robson, 2014), the subsequent image-processing 

steps are optimised to account for this and visual inspection – keeping in mind the application 

of the data (Chapters 5 and 6) – provides sufficient evidence of minimal bowling/doming 

effects in the final UAV-derived datasets. 
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 Processing: open-source software  

The DJI P4 imagery (8-bit JPEGs) was processed using OpenDroneMap: an open-

source UAV mapping software package available for Linux, MacOS and Windows (ODM, 

2020). ODM applies Structure from Motion (SfM) algorithms from the OpenSfM image 

processing library to the geotagged and overlapping imagery to produce high-resolution 

point clouds, mosaic orthophotos and digital surface models (DSMs).  

Prior to the actual processing, the GCPs were manually identified in the individual 

images using a web-based graphical interface of ODM; WebODM allowed for identification 

of the flux collars, data-loggers and InSAR benchmarks across the target plots for Knockfin 

Heights and Munsary. For the Uair imagery, no GCPs were available, but to increase spatial 

alignment of the 2019 and 2020 images, manually identified GCPs from the 2019 

orthomosaics were used to identify common features in the 2020 images. Walk-over surveys 

(see Chapter 6) also ensured that these identified features did not change one year after the 

initial flights in 209.  

One other pre-processing step that was applied included testing the quality of the 

spectral information in the UAV-imagery, by using a technique (Empirical Line Method 

(ELM)) commonly used in (multi-)spectral studies to calibrate UAV-imagery (Lussem et 

al., 2018). For this, the scenes with the calibration targets with known multispectral 

reflectance values were used to convert the JPEG (and RAW) DN-values to reflectance for 

the DJI P4’s RGB bands. However, the limited JPEG spectral resolution in the RGB bands 

limited the calculation of an accurate calibration curve across the flights across all the sites 

– and the same problem was observed for the RAW image files. This could be related to 

changes in solar radiation and flight conditions, increasing the uncertainties in RGB 

reflectance. Nonetheless, the spectral characteristics retained in the RGB DN-values did 

provide sufficient discriminatory power, including in from RGB-derived vegetation indices 

(VIRGB) (as seen in Chapters 5 and 6). 
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After adding the GCP in formation and checking the images, the high-resolution 

WebODM settings were used to construct an orthorectified mosaic and DSM of area using 

the P4 JPEGs. The resulting orthomosaics and DSMs were saved as 32-bit GeoTIFFs and 

stored in the original WGS84 / UTM zone 30N (EPSG:32630) coordinate reference system 

to allow for checking proper alignment of all plot datasets with the GCP locations and to 

limit the need for datum transformation or changes in projection. 

The subsequent processing steps to go from unclassified orthomosaics and DSMs to 

classified blanket bog cover maps are outlined in detail in Chapter 5 (see section 5.2) and 

Chapter 6 (see section 6.2). 
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Drought at Munsary, July 2018 
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3 Spongy bogs spare plants: blanket bog greenhouse gas flux 

driven by plant functional type during summer drought 

 

3.1 Introduction 

Current climate predictions for Europe expect a shift towards drier and warmer 

summers (Chan et al., 2018; Chan et al., 2020). Climate models predict a similar trend of 

increased summer drought duration and intensity across the UK (Forzieri et al., 2014; 

Grillakis, 2019), driven by lower precipitation rates and increased evapotranspiration 

(Roudier et al., 2016; Berg & Sheffield, 2018). Despite rainfall rates in Scotland increasing 

by 11% over the past decade (2008-2017) compared to 1961-1990 (UKCP18 (Lowe et al., 

2018)), predictions suggest that Scotland will also experience hotter and drier summers 

throughout the 21st century. Most recently, a persistent high-pressure system lasting from 

April till October (Buras et al., 2020, Hari et al., 2020) resulted in a period of drought in 

Europe. In Scotland, May, June and July 2018 were nearly two degrees warmer than the 

1981-2010 average and received only between a quarter and a half of the rainfall expected 

in the same months. Such changes in precipitation patterns can have direct (i.e., changing 

water availability and evapotranspiration rates) or indirect (i.e., altered surface water runoff 

or lateral drainage) effects on ecosystem distribution and functioning (Radu & Duval, 2018).  

Quantifying these effects is needed to improve models that include long-term 

datasets or mean annual variable values to predict future climate, especially since these 

models often fail to acknowledge extreme events (Gallego-Sala et al., 2010). This is 

particularly relevant for ecosystems whose present bioclimatic space is likely to contract 

under future climate change scenarios, such as northern bogs (Chaudhary et al., 2020) and 

within the Scottish context, blanket bogs (Clark et al., 2010, Gallego-Sala & Prentice, 2013). 

Blanket bog is a globally rare type of peatland, almost exclusively found in 

hyperoceanic settings at high latitudes (40° to 65°) across both hemispheres. These 
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ecosystems require evenly-distributed excess precipitation annually to maintain favourable 

peat-forming conditions, and for carbon to accumulate, across the year (Gallego-Sala & 

Prentice, 2013). Blanket bog is the dominant peatland type in the UK, covering 

approximately 2.2M ha, or roughly 15% of the world blanket bog area (Lindsay, 1995) with 

~1.7M ha found in Scotland (Chapman et al., 2009). UK blanket bog also represents a 

significant carbon sink and store (Charman, 1994; Ratcliffe et al., 2018).  

Carbon sequestration in peatlands, including blanket bogs, is regulated through 

complex hydro-ecological feedback loops (Waddington et al., 2015). While climate governs 

local water availability, resulting in fluctuating water tables (Holden et al., 2018) and 

variable moisture content within the peat, the effect of prolonged water balance deficit on C 

uptake is modulated by the vegetation’s ability to cope with drought-induced stress (Kuiper 

et al., 2014). This resilience to drought is also seen in long-term records of annual carbon 

sequestration estimates from blanket bogs in the UK (Lunt et al., 2019). 

One of the important feedback mechanisms involved in drought response in blanket 

bogs is so-called “bog breathing”, where the peat surface shrinks and swells in relation to 

changes in soil water and gas content (Fritz et al., 2008). Using Interferometric Synthetic 

Aperture Radar (InSAR), it is possible to register these peat surface motions over large areas 

(Alshammari et al., 2018; Fiaschi et al., 2019), distinguish between different peatland types 

(Tampuu et al., 2020) and differentiate degraded and near natural blanket bog sites 

(Alshammari et al., 2020). This remote-sensing technique was applied to quantify the 

blanket bog surface response to the 2018 summer drought by Marshall et al. (2019), who 

observed the largest shrinkage in the wet pool systems of a lowland blanket bog. This 

allowed the surface to effectively track the water table. In contrast, the peat surface motion 

of a nearby upland blanket bog site was less pronounced, but also “rebounded” faster post 

drought. It is unclear how these contrasting behaviours caused by the extreme drought relate 

to the carbon cycle and blanket bog vegetation functioning. 
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  One way of improving our understanding of the consequences of extreme events 

such as droughts on carbon cycling in blanket bog is to characterise the individual responses 

of different key plant functional type (PFT). In blanket bogs, key PFTs consist of ericoid 

shrubs, graminoids (e.g., sedges), herbs, Sphagnum spp. and other mosses (Laine et al., 2016; 

Berger et al., 2018). Long-term studies using a PFTs approach have demonstrated that 

peatland vascular PFTs (graminoids, shrubs) control methane emissions (Armstrong et al., 

2015, Robroek et al., 2015; Goud et al., 2021), while increased Sphagnum moss coverage 

reduces dissolved organic carbon (DOC) effluxes (Dunn et al., 2016).  

Ward et al. (2009) suggest that carbon cycling in peatlands may be constrained by 

the presence of ericoid shrubs, as an increased gross CO2 fluxes from graminoids was 

observed during selective removal experiments of key PFTs – in this case ericoid shrubs – 

and conclude that a climate-driven shift in PFT composition could influence total C 

sequestration in UK blanket bogs. However, these manipulative studies do not capture the 

immediate, short-term effects of actual drought-induced stress on greenhouse gas emissions 

(GHG), which combine reduce water availability and hotter temperatures.  

So far, the short-term effect of drought stress on C sequestration in peatlands has 

mostly been measured through mesocosm experiments (Fenner & Freeman, 2011; Kuiper et 

al., 2014; Dieleman et al., 2015). While useful to understand mechanisms and controls on 

PFTs responses to drought, these laboratory-controlled settings may not fully reflect in situ 

responses, as they cannot account for e.g., microhabitat condition or topographic setting, 

which may influence GHG fluxes periods of drought. For example, Sphagnum species from 

higher elevations suffer a stronger negative effect during periods of increased temperature 

(Gerdol & Vicentini, 2011). The 2018 drought thus provides an interesting and timely 

opportunity to fill this gap, and to measure CO2 exchange from a range of PFTs in situ. 

An important peat-forming species in blanket bog ecosystems are Sphagnum spp. as 

they have evolved to retain water much better than vascular plants (Turetsky, 2003; 

Bengtsson et al., 2016). On the other hand, Sphagnum spp. are known to be vulnerable to 
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prolonged drought periods, as they are not well adapted to high temperatures and low 

precipitation rates (Van Breemen, 1995; Bragazza, 2008; Gerdol & Vicentini, 2011). 

Lowering water tables can cause a shift from Sphagnum to other bryophyte species that are 

better adapted to prolonged periods of droughts such as Polytrichum (Potvin et al., 2014) or 

Racomitrium lanuginosum (Lindsay et al. 2010), with potential consequence for long-term 

C uptake.  

In the short term, while photosynthetic assimilation of C by Sphagnum spp. decreases 

with reduced water availability and moisture content (Van Breemen, 1995; Kuiper et al., 

2014), it could be compensated at the ecosystem scale by increased C uptake by vascular 

plants (Gavazov et al., 2018). Identifying the drivers and thresholds in atmospheric and 

edaphic conditions beyond which different PFTs shift from net CO2 sinks to sources is 

therefore essential to improve our understanding of the potential consequences of droughts 

on blanket bog C dynamics. 

Using the same sites as Marshall et al. (2019), this chapter aims to measure the 

immediate and short-term (1 year post drought) effects of the 2018 drought on CO2 

emissions from key PFTs across blanket bog sites contrasting microtopes (centre and margin) 

and topographical setting (upland versus low-lying), in Scotland. In order to achieve this, this 

main objective as introduced in Chapter 1 is split up into three parts, resulting in the following 

objectives: 

1) to compare in situ CO2 fluxes from a range of PFTs (Sphagnum spp., graminoids, 

ericoids and other mosses) and key blanket bog features (pools, bare peat) in contrasting 

topographical locations (100 m and 400 m above sea level) and between microtopes 

(margins and centre)  

2) to relate changes in CO2 fluxes to edaphic (water table level, soil water content 

and temperature) and atmospheric (photosynthetic active radiation and precipitation) 

conditions during the 2018 drought and following growing season of 2019 in Scotland; and  



 57 

3) to model annual CO2 balance for the dominant PFTs from a drought and post-

drought year and contrast to existing published CO2 balances from similar blanket bog sites.  

 

It was hypothesised that CO2 fluxes would be highest in dominant blanket bog PFTs 

(Sphagnum spp., ericoids and graminoids) and strongly affected by the drought conditions 

and the recovery period in the post-drought year. Inter-site differences were expected, with 

higher CO2 emission rates in the upland site at plots with more profound erosion features 

(suggesting a more degraded state overall). Blanket bog margins were expected to show 

higher variability in CO2 fluxes than microtope centres (pool systems) because of more 

variable anticipated water levels and less responsive peat surface. Annual CO2 balance for 

dominant PFTs was expected to shift towards net CO2 sources during the drought year with 

larger effects anticipated for Sphagnum spp. than for ericoid shrubs. 
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3.2 Methods 

 Study sites 

Two blanket bog sites were selected for this research (see Section 2.1), Knockfin 

Heights and the Munsary Peatlands, northern Scotland (Figure 3.1). Knockfin Heights is an 

upland site (340 – 440 m.a.s.l.) characterised by blanket bog and wet heath showing signs of 

active erosion (Hancock et al., 2018a). Ericoid shrub species include Calluna vulgaris L. 

and Erica tetralix L., with a graminoid cover dominated by Eriophorum angustifolium L., 

Trichophorum germanicum L. and Carex panicea L. Common mosses include Sphagnum 

capillifolium, S. cuspidatum, S. fuscum and Racomitrium lanuginosum. Peat hags and dry 

pools have been colonised by E. angustifolium in places.  

The lower altitude site is the Munsary Peatlands (±104 m.a.s.l.), located 30 km to the 

east of Knockfin and comprises lowland blanket bog. The area has a wide range of micro-

topography with an extensive pool system in the centre (Smart, 1982). Sphagnum spp. 

include Sphagnum papillosum, S. medium, S. austinii and S. capillifolium, while other 

bryophytes include Polytrichum commune and Racomitrium lanuginosum. For vascular 

species, C. vulgaris, E. angustifolium and E. vaginatum are abundant, together with T. 

germanicum and Narthecium ossifragum. Agricultural drains, historically cut in one area 

close to the southwestern margin of the site, were blocked with peat dams and plastic piling 

in the early 2000s. 

Selection of plots within margin and centre microtopes at both study sites was based 

on ISBAS InSAR observations from Alshammari et al. (2018). This showed peatland 

margins and central areas showed differences uplift and subsidence behaviour. Higher 

subsidence rates were associated with margin areas, where bare peat and evidence of active 

erosion were prominent features in the landscape - including drainage systems and 

disturbed/afforested sites. 
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Figure 3.1 Top: location of study sites in the upland (>300 m.a.s.l.) and low-lying blanket 

bogs in the Flow Country, northern Scotland. Map is derived from the Carbon and Peatland 

map (SNH, 2016) showing all features associated with blanket bog habitat and soil types. 

Bottom: distribution of sampling plots of different microtope position across the upland site 

Knockfin Heights and lowland site Munsary, overlain on a modified grayscale ©2021 

Google Maps satellite image for reference to highlight plot distribution. 
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Contrastingly, stable areas or areas with lower subsidence rates were located in the 

central parts of peatlands: generally associated with the presence of (extensive) pool 

systems. For Munsary, this distinction between margins and centre plots was based on aerial 

imagery inspection (Figure 3.1), confirmed in the field. Plot selection at Knockfin Heights 

was approached similarly, with pool occurrence and distance to active 

hydrological/erosional features (i.e., streams, slopes, peat hags) being taken into account. 

 

 Flux chamber measurements 

At each site, six replicated sampling plots were set up, with no more than one 

sampling plot in each 100 by 100m subsite with the aim of capturing variation between 

different margin and centre microtopes (Figure 3.1). At each plot, collars were installed 

around three key peatland PFTs (Sphagnum spp., graminoids and ericoids) and where 

present, on lichens, other mosses, bare peat and over pools (Figure 3.2). In one plot at each 

site, two Sphagnum collars were installed instead of one, to capture the behaviour of different 

Sphagnum species found on hummocks and lawns. PFT “end-members” were identified 

within a plot with a maximum distance of 5 m between collars. Collars were installed in the 

ground by pressing them slightly into the peat (±1-2 cm) (except in pools where floating 

chambers were used instead), 6 months prior to the first survey. 

Between April - November 2018 and May – October 2019, CO2 concentration-

change was measured on nineteen occasions using a mobile infrared gas analyser (IRGA; 

EGM-4, PP System) attached to a mobile cylindrical non-steady-state chamber (diameter of 

19.2 cm, height 20 cm, volume 5.8 L) sealed to the ground-based collars. On the pools, a 

dome-shaped floating chamber was used instead, with an air volume of 4 L. A fan was 

installed inside all the chambers to increase homogeneity of the sampled air during 

deployment.  

To estimate ecosystem respiration (Reco; total CO2 respiration from plants, roots and 

soil microbes per unit ground area) and net ecosystem exchange (NEE) fluxes (the CO2 
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respiration minus CO2 fixation of the plant flux per unit ground area) the IRGA recorded 

CO2 concentrations at an interval of 1.6 seconds (Sterk et al., 2019, Appendix 7) from the 

moment the chamber was put on the collar until the CO2 concentrations stabilised, which 

took on average 2.65 minutes. For Reco measurement, the chamber was covered with a 

reflective shroud (i.e., dark chamber) that was removed for NEE measurement (clear 

chamber). Between the two measurements, the chamber was removed from the collar and 

vented. The IRGA’s periodic “Auto-Zero” function was used to calibrate the machine during 

operation in the field. 

 
Figure 3.2 Top: schematic example of collar set-up, indicating microtopographic variability 

within a plot (note: actual PFT distribution and occurrence varies amongst plots). Bottom: 

centre plot at Knockfin Heights with water level logger (left) and soil temperature and water 

content logger and 5 collars placed at endmember PFTs and key blanket bog features.  
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As well as automated measurements collected at the plot level, during the survey, 

soil temperature (EcoTemp thermometer; ETI Ltd, Worthing, Surrey, UK and HI 955502 

Digital Thermometer; Hanna Instruments, Bedfordshire, UK), soil water content (HH2-

Theta Probe, type ML2x; Delta-T Devices, Cambridge, UK) and average Photosynthetic 

Active Radiation (PAR) (MQ-100; apogee instruments, Logan, Utah, USA) were recorded 

manually for all chamber measurements. The EGM-4 also stores relative humidity (RH) and 

air temperature during deployment. Weather conditions and comments on on-site 

disturbances (e.g., deer trampling near/on collars) were also noted. To record environmental 

data between sampling, at each plot, data was collected at 30-minute intervals for volumetric 

soil water content (10-HS S-SMD-M005, Onset), soil temperature (S-TMB-M002, Onset), 

water level and temperature (U20L-004, HOBO), precipitation (S-RGF-M002, Davis), 

atmospheric pressure (S-BPB-CM50, Onset), and Photosynthetic Active Radiation (PAR, S-

LIA-M003, Tempcon) from September 2017 until November 2019. Due to deer damage at 

some of the loggers on Knockfin Heights, gaps in PAR and precipitation data were 

introduced in the second half of 2019. Precipitation data for Northern Scotland was collected 

from the Met Office to enable comparison of monthly rainfall with the climatic mean (1981 

– 2010) for both sites. For frequency distribution analyses of water level, histogram bin-

sizes were defined by interquartile range and number of observations (Freedman and 

Diaconis, 1981) to account for variable dataset sizes. 

 

 CO2 flux calculation 

All CO2 fluxes (μmol CO2 m-2 s-1) were calculated using a linear regression or 

quadratic regression model in Python (version 3.6.3), using the statsmodels package 

(Seabold & Perktold, 2010). The convention of a negative rate indicating an uptake of CO2 

(i.e., sink) and positive rates for net emissions (source) has been adopted. The CO2 ppm 

concentration data was first checked for outliers with an automated moving-window analysis 

to subsample the full dataset, retaining as many data points as possible, whilst omitting 
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concentration outliers. Outliers include anomalously high, low or stable concentrations at 

the start or end of a measurement, indicating periods of response-lag or equilibrium 

conditions respectively. Removing these points retains the period of the actual flux 

calculations where the true rate of change is identified in the moving-window analysis 

(Figure 3.3). When concentration flux is low, all datapoints are kept in the subsequent 

subset-analysis, indicative of a net zero rate. A subset of data with the best linear model 

quality parameters was selected: i.e., highest r2, lowest normalised mean root-squared error 

(NMRSE) and highest Nash Sutcliffe efficiency coefficient (E). The subset was 

subsequently used for both linear and quadratic regression analyses in Python, following the 

flux calculation procedures used by the IRGA (EGM-4, PP Systems). The rates can be 

calculated using a discrete function (Parkinson, 1981; Widén & Lindroth, 2003): 

𝐹𝑙 =
(𝐶𝑖 −  𝐶0) ×  𝑉

𝑡𝑖  ×  𝐴
 1 

where the concentration linear flux rate Fl is a function of the change in concentration C at 

time ti, the volume of the chamber V and the horizontal area of the chamber A. This function 

contains the linear equation used to determine flux rates, before adjusting for chamber 

dimensions and water vapour concentration changes: 

𝑑𝐶

𝑑𝑇
= 𝑏 2 

in which change in concentration C is a constant linear function over time T.  

 

 

Non-linear behaviour of both NEE and Reco fluxes have been recognised for chamber 

measurements (Kutzbach et al., 2007; Murphy et al., 2014; Pirk et al., 2016), resulting in the 

use of a quadratic function to estimate the CO2 flux: 

𝑑𝐶

𝑑𝑇
= 𝑏 + 2𝑐𝑇 3 
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where the change in concentration C over time T is constant at T = 0, resulting in a linear 

flux rate value that is not influenced by the derivative of the observer effect (2cT) (Wagner 

et al., 1997).  

Model fit statistics were assessed to determine whether observed flux estimates better 

fitted a linear or quadratic function and hence better represented ambient flux prior to 

measurement start. For the linear flux estimates, the model’s coefficient of determination 

(r2) generally provides a robust representation of the data when close to 1 (being a perfect 

linear regression line). Since higher-order polynomial regressions (i.e., the quadratic 

function) are not properly described by r2-values, they are compared using r2
adj-values using 

the statsmodels Ordinary Least Squares function. Both linear and quadratic rates were 

calculated, and model parameters were stored for the following model-selection steps. 

Subsequently, rates were corrected for an increase of water vapor concentrations as dilution 

by water molecules can significantly reduce CO2 flux estimates (Matsuura et al, 2011). 

 Confident linear rates were assumed for all NEE and Reco fluxes based on a linear 

model with r2
adj-values > 0.85 (Huttunen et al., 2002; Silva et al., 2015) (Figure 3.3). 

Additionally, linear rates with r2
adj-values > 0.75 were accepted (Strack et al., 2016) unless 

a concentration change more than ± 2 ppm of the initial measurement level was observed. 

The quadratic model rate was used when quadratic r2
adj-value exceeded 0.75, and the r2

adj-

value of the linear rate is lower than 0.75, together with a r2-value ≠ 0 of the moving-window 

analysis (indicating an absolute rate, greater than zero: |b| >> 0). R2
adj-values of 0 for linear 

rates accompanied with a ±2 ppm range (indicative of low fluxes) were also accepted. 
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Figure 3.3 Schematic flowchart for the flux type classification, including an example of the 

moving-window analysis and flux type decisions based on both the moving-window model 

parameters (dark grey) and linear and quadratic model fits of the subset (inside “Flux type 

classification” box). 

 

In total, 3% of the NEE and Reco fluxes were omitted from the dataset and all other 

fluxes were best described by a linear rate. Depending on the final flux type, the value of b 

from either the linear [2] or quadratic function [3] was subsequently used to define NEE and 

Reco fluxes at time of the measurement. As the NEE chamber deployment was right after the 

dark Reco flux measurement, gross primary production (GPP; rate of CO2 uptake through 

photosynthesis) was calculated as the difference between the two measurements. 

 

Since all GPP fluxes (derived from NEE - Reco) were measured under varying light 

conditions, potential maximum photosynthesis (Pmax) can be calculated for the dominant 

PFTs across both growing seasons using the Michaelis-Menten function (Laine et al., 2016): 
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𝐺𝑃𝑃𝑔ℎ𝑖 = 𝑃𝑚𝑎𝑥𝑔ℎ𝑖  × (
𝑃𝐴𝑅𝑔ℎ𝑖

(𝑘𝑔ℎ𝑖  +  𝑃𝐴𝑅𝑔ℎ𝑖)
)  4 

with Pmax as the potential maximum rate of photosynthesis (μmol CO2 m-2 s-1), the half 

saturation constant k and the PAR measurement associated with the GPP flux during year i, 

on collar h at site g. A non-linear least-squares (nls) model was used to estimate Pmax and k 

coefficients across the data, grouped by collar and year (function nlsList package nlme (Bates 

et al., 2020) in R version 3.6 (R Core Team, 2014)). Subsequently, negative k coefficient 

estimates were omitted, along with the paired Pmax values; negative light levels at which half 

of Pmax is reached are not used in further analyses. Only 2 extreme Pmax estimations (-81 and 

-119 μmol CO2 m
-2 s-1) were left out due to their very high k estimates (>> 30,000 µmol m-

2
 s

-1). A total of 34 Pmax and k coefficients of the collars were then used to describe 

functioning of the different PFTs between years, sites and microtopography.  

 

 Comparison of NEE, Reco, GPP and Pmax 

All statistical analyses were conducted using R (version 3.6) and up to date versions 

of the packages cited at time of writing. Linear mixed-effects models (LMEMs) (function 

lmer from package lme4 (Bates et al., 2015)) with plot ID as a random effect were used to 

test whether net ecosystem exchange (NEE), ecosystem respiration (Reco) and gross primary 

production (GPP) are different between PFTs and ground cover types, both within and 

between both years and between sites (upland versus lowland). For each LMEM, an 

ANOVA was applied to check the contribution to the models’ variances for each fixed effect 

(ANOVA type III, function anova from stats package (R Core Team, 2014)). PFTs and 

ground cover types significantly contributed to the variance (p < 0.001) of the three LMEMs 

(NEE, Reco and GPP). Even though the interaction between PFTs and years was not 

significantly contributing to the variance in the Reco LMEM, the interaction factor was kept 

in all subsequent post-hoc tests as it was a significant contributor in the NEE and GPP 

models (p < 0.05). A pairwise comparison test (function glht from multcomp package 
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(Hothorn et al., 2008)) was applied to each LMEM using a post hoc (Tukey) analysis to 

investigate differences in marginal means for all “PFTs and ground cover - Year” pairs and 

were accompanied by letter-based representations of significantly different marginal means 

(p < 0.05) (function cld from multcomp package). 

Only Pmax estimates of Sphagnum spp., graminoids and ericoids were used for testing 

differences between years, sites and microtopography. Small sample sizes (n < 30) of P. 

schreberi and C. uncialis/impexa-mix impeded reliable coefficient estimates and were left 

out together with the other ground cover types (i.e., pools and inundated/dry bare peat). 

Means of yearly Pmax estimates per collar were compared between Sphagnum spp., 

graminoids and ericoids using an LMEM with collar ID as a random effect (function lmer 

package lme4). A complex model (with the fixed-effects PFT, year, sites and microtopes) 

was fitted and compared to models with univariate models and interactions (i.e., PFTs across 

years). For all model configurations – including and excluding some predictors – the Akaike 

information criterion (AIC) was calculated (Burnham & Anderson, 2004). The most 

complex model had the best fit (AIC = 175.08, df = 23), but the interaction model of PFT 

and year showed higher F-values (indicating the variation amongst the means is less likely 

to be caused by chance) for both fixed-effects and their interaction (AIC = 188.44, df = 8). 

To test differences of mean Pmax for each PFT and year, a post-hoc (Tukey) analysis was 

used to compare estimated marginal means (function emmeans and glht from packages 

emmeans (Lenth et al., 2020) and multcomp)). 

 

 Mixed-effects models 

3.2.5.1 Linear Mixed-Effect Models 

To investigate the controls of the environmental conditions on in situ NEE, Reco and 

GPP flux measurements for the three dominant PFTs (graminoids, ericoids and Sphagnum 

spp.) in 2018 and 2019, LMEMs were used. From the environmental data, daily minimum, 

maximum and range of soil temperature and daily mean and range of water content and 
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water level for all individual plots was extracted from the 30-minute frequency dataset. 

Additional daily cumulative values for precipitation and PAR were calculated for both sites 

and added to the dataset, together with non-centred rolling-averages of temperature, water 

content and water level at 3, 7 and 14-day window sizes to allow analysis of a potential 

temperature or moisture priming effect on flux estimates (Ward et al., 2009). To ensure data 

reliability, NEE, Reco and GPP rates were matched with environmental data recorded in their 

respective plots from the time of chamber deployment. Subsequently, all numerical 

predictors were standardised to their z-score to allow for better comparison between model 

effects (Nakagawa & Schielzeth, 2010). Strong linearly correlated variables (all rolling-

averages, daily sum of PAR and water temperature) were omitted after visual inspection and 

guided by Pearson’s r and their significance levels (p < 0.01). 

For each PFT and ground cover type, a single complex model was built using all 

environmental variables as fixed effects, including categorical variables for plot microtope 

and year. In all models, categorical plot and site variables were included as nested random 

effects to allow control on variation in sites and plots within their respective sites. 

Additionally, a non-nested categorical year variable was added to the models as plots and 

sites occur in the same way across both years. Since the influence of the extreme summer 

drought of 2018 was of primary interest, the variable Year was kept in all the models as a 

fixed-effect, Drought was excluded, as it is associated with the main sampling period in 

2018. Individual model selection was based on lowest AIC, for a model including Year as 

one of the fixed effects. Another goodness-of-fit parameter used for model selection were 

conditional r-squared values: indicating how much model variance is explained by the 

complete model including both fixed and random effects (Nakagawa & Schielzeth, 2013) 

(function performance from package performance (Lüdecke et al., 2020)). Furthermore, p-

values for fixed effects were used as a guide to model selection: simple models (<3 

predictors) often include a higher number of fixed effects that significantly contribute to 

model variance compared to more complex models. 



 69 

3.2.5.2 Generalised Additive Mixed-Effect Models 

Even though LMEM provides an adequate overview of dominant flux drivers for the 

different PFTs, the nonlinearity of the environmental variables, e.g., seasonal variations 

throughout the year, is not fully captured by this approach. In an attempt to overcome this 

limitation of LMEMs, generalised additive mixed-effects models (GAMMs) were used to 

test interactive effects of changing edaphic and atmospheric conditions. In contrast to the 

LMEM approach, variables were not scaled to allow for direct interpretation of the model 

output and environmental condition’s seasonality (i.e. for temperature and water content) 

and applied smooth terms to the variables to run the GAMMs using the mgcv package 

(Wood, 2017) in R. Model construction was similar to LMEM: complex multi-variate 

models were fitted to the NEE, Reco and GPP fluxes and a stepwise removal of least-

significant effects was chosen for the model selection procedure. The final model was chosen 

based on visual inspection (function gam.check in mgcv) and through model summary 

statistics (i.e., restricted maximum likelihood (REML) and adjusted r-squared values). The 

small number of observations and prominent ‘dominant’ flux drivers (describing more of the 

variance in the flux measurements compared to other effects) resulted in the selection of 

bivariate GAMMs to highlight the most significant covariates of flux variability for 

Sphagnum spp., graminoids and ericoids. To test the interactive effect of the covariates (e.g., 

temperature and water content), an interactive term t2(temperature, water content) was used 

in all models, as univariate models performed poorer when using smooth constructions in 

the GAMMs. In each model, site location, plot and year were used as random effects to allow 

for individual slope estimates across both sites; microtope was left out as both fixed and 

random effects, as it did not significantly improve the model fit criteria either way. All 

models were fitted using the gamm4V function from the mgcViz package (Fasiolo et al., 

2020), as it can handle both the nested and crossed random effects (1|site/plot) + (1|year) 

(Wood, 2019) and allows for greater graphical freedom when plotting the output. Visual 

interpretations of the model output were made using ggplot2 (Wickham et al., 2019) and 



 70 

covariate interactions are presented as fitted effects of NEE, Reco and GPP fluxes (Appendix 

3.5). 

 

 Estimation and comparisons of annual NEE 

3.2.6.1 Modelling GPP and Reco 

The number of flux estimates allowed for modelling hourly GPP and Reco rates across 

the sampling periods of 2018 and 2019. Soil temperature, water table and PAR can be used 

to predict diurnal variability of fluxes (Wilson et al., 2016) and offers an effective way to 

model annual NEE based on flux chamber measurements (Huth et al., 2017, Swenson et al., 

2019). To be able to compare the carbon sequestering functioning to similar blanket bogs 

and peatlands, carbon fluxes were converted to g C-CO2 m
-2 h-1. For this modelling, focus 

was on Sphagnum spp., graminoids and ericoids, which had the highest number of collars. 

Furthermore, to assess both temporal and spatial PFT flux behaviour, field measurements 

were divided based on site and microtope. To allow for appropriate site- and microtope-

specific GPP and Reco estimations, each subset was accompanied by their respective hourly 

average soil temperature (°C), water level (cm) and average PAR (µmol m-2 s-1). Prior 

grouping of flux measurements and averaging of environmental conditions for overall site 

and/or microtope type resulted in an overall decrease in accuracy of the models described 

below. 

For modelling hourly GPP and Reco, a range of variations of empirical non-linear 

regression models, based on work by Swenson et al. (2019), were tested using the 

nls.multstart package (Padfield & Matheson, 2020) in R. Across the three PFTs, two sites 

and two microtope categories (equation 5) best described the variance in the estimated in 

situ GPP fluxes, based on the sum of squares of the residuals and r2
 values: 

𝐺𝑃𝑃 =  − (𝑎 + 𝑐 ∗ sin (
𝐽 + 215

365
∗ 2π)) ∗

PAR

PAR + b
∗ (1 + 𝑇𝑠𝑜𝑖𝑙 ∗ 𝑏) ∗ (1 + 𝑊𝑙𝑒𝑣𝑒𝑙 ∗ 𝑒) 5 

where PAR is the photosynthetic active radiation (µmol m-2 s-1), Tsoil is the soil temperature 

(°C), Wlevel is the water level (cm), which were all measured empirically. In the empirical 
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model, Julian day of the year (J) was used to account for any seasonal variability of plant 

phenology, such as changes in green leaf area (Wilson et al., 2007) and model parameters a, 

b, c, d and e are specific to each PFT-site-microtope combinations (3 PFTs x 2 sites x 2 

microtopes = 12 individual models).  

A similar non-linear regression empirical approach was used to fit measured Reco 

fluxes: 

𝑅𝑒𝑐𝑜 = (𝑎 + 𝑏 ∗ 𝑊𝑙𝑒𝑣𝑒𝑙) ∗ exp (𝑐 ∗ (
1

283.15 − 227.13
−

1

𝑇𝑠𝑜𝑖𝑙 − 46.02
)) 6 

where model parameters a, b and c are unique to a PFT-site-microtope combination and the 

Tsoil and Wlevel are the same as equation 5.  

Using both functions, subsets of the environmental data were used to predict hourly 

GPP and Reco for the months covering the sampling period (April 1st – November 31st) for 

both years to capture the majority of the growing season. Like the in situ flux processing, all 

positive GPP (3.9%) and negative Reco (1.2%) estimates were omitted from the dataset. 

Complete diurnal measurements were not obtained and therefor only daytime fluxes are 

modelled; the daytime (PAR > 25 µmol m-2 s-1) flux estimates, accounting for 53% of the 

modelled GPP and Reco, were used for growing season NEE estimates. In order to obtain a 

confidence range of predicted fluxes, the residual standard error of each model (predicted 

values were converted back to µmol CO2 m
-2 s-1 to allow for direct comparison with the in 

situ measurements) and was used to calculate lower and upper estimates for the fluxes and 

subsequently the cumulative GPP and Reco. 

 

3.2.6.2 Comparing growing season and annual NEE 

The growing season NEE estimates (g C-CO2 m
-2 y-1) were contrasted with results 

from previous work by comparing sites, across a range of peatland types (Appendix 3.6). 

Both flux chamber and eddy covariance (EC) measurements were included to secure a 

comprehensive overview of CO2 balance estimates across boreal and temperate peatlands. 
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These peatland types include (near-)natural blanket bogs; other bogs, such as oligothropic 

and ombrotropic peatland sites that also have not been impacted by any disturbances; a range 

of poor fens; sites with bare peat, as a result of peat harvesting or due to erosion; and 

peatlands, which have undergone some kind of restoration management (e.g., drain-

blocking, re-wetting, etc.) (Swenson et al., 2019). As both Knockfin Heights and Munsary 

are identified as ‘near-natural’ blanket bogs, comparisons with afforested sites (including 

restoring sites after tree-felling), rich-fens and tropical peatlands have been excluded. Mean 

annual water table was used to compare between sites and years, as it reflects annual 

hydrological conditions on a site and microtope scale and can be linked to annual NEE 

estimates (Gažovič et al., 2013, Helfter et al., 2015, Kritzler et al., 2016). 

 

3.3 Results 

 Environmental data 

Cumulative precipitation during the sampling period for Munsary was 508 mm for 

2018 and 676 mm (Jan – Oct) for 2019 and 652 mm for 2018 for Knockfin Heights (no full 

record available for 2019). Average summer air temperature for Northern Scotland (Met 

Office) for 2018 was 13.1 °C compared to 12.8 °C in 2019, with a seasonal mean of daily 

maximum temperatures of 17.0 °C and 16.3 °C for 2018 and 2019 respectively (Appendix 

3.1). Mean annual soil temperatures for 2018 and 2019 (Jan – Oct) were 7.9 and 8.9 °C for 

Munsary and 6.6 and 6.9 °C for Knockfin Heights. Soil and water temperature, water 

content, water level and PAR fluctuations for Munsary and Knockfin Heights follow a 

similar seasonal pattern (Figure 3.4). Soil water content regimes of blanket bog margin and 

centre plots during the drought months are notably different for each microtope (Figure 3.4 

E, F), with higher water contents on the margin sites at Knockfin Heights after the drought 

of 2018. Water levels during the drought period (May 24th till September 17th) are more 

consistent than during the Spring, Autumn and Winter months (Figure 3.4 I, J). 
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Figure 3.4 Environmental data overview for Munsary and Knockfin Heights: daily average 

and range (grey) of soil and water temperature (A,B); monthly cumulative PAR (C,D), daily 

average soil water content for centre and margin plots (E,F), monthly cumulative 

precipitation (G,H) and daily average and range (grey) water level (I,J). Drought period 2018 

(May 24th till September 17th) and same period in 2019 are highlighted shaded in light grey. 

Missing values on Knockfin Heights (D, H) are indicated with deer symbols. 
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Precipitation anomalies show a deviation from the cumulative rates of both sites from 

the monthly climate averages (1981-2010) of Northern Scotland (Met Office) and indicate 

the drought of 2018 across the summer months (Figure 3.5). This is characterised by a 

substantial decrease in precipitation compared to the monthly climate average (38-79% less) 

during the Spring of 2018, followed by a dry Summer (35-83% less) and Autumn (29-76% 

less). 

 

Figure 3.5 Monthly precipitation anomalies for Knockfin Heights, Munsary and Northern 

Scotland compared to the 1981 – 2010 monthly average of Northern Scotland. Drought 

period 2018 (May 24th till September 17th) and same period in 2019 are highlighted shaded 

in grey. Missing data for Knockfin is indicated by deer symbols. 

The impact of reduced precipitation is also reflected in the soil water content and 

water level distributions across both years. Munsary experienced higher soil water 

conditions (medians between 0.59 – 0.61), compared to Knockfin Heights (medians between 

0.54 – 0.57) (Figure 3.6). Microtopes also displayed variability (Figure 3.4 E, F); margin 

sites had higher median soil water contents, but higher distribution of lower water contents 

too. Similarly, water level distributions are skewed towards lower levels during the drier 

year 2018 (Figure 3.6): this decrease can be observed at both sites, with the largest 

differences for centre and margin plots at Knockfin Heights (Table 3.1). 
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Figure 3.6 Frequency distribution and median values of water content and water level for 

April – October in 2018 and 2019 for Munsary (lowland) and Knockfin Heights (upland) 

centre and margin sites. 

Table 3.1 Overall mean annual water table (MAWT) (cm below surface) for Munsary 

(lowland) and Knockfin Heights (upland) centre and margin sites. 

 Munsary Knockfin Heights 

 Centre Margin Overall Centre Margin Overall 

2018 -13.7 ±2.2 -13.6 ±2.1 -13.6 ±1.3 -18.5 ±2.1 -13.8 ±7.0 -16.6 ±2.8 

2019 -11.9 ±2.3 -10.6 ±1.5 -11.1 ±1.1 -12.6 ±1.3 -9.70 ±7.2 -11.4 ±2.5 
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 In situ CO2-flux dynamics 

A total of 557 unique measurements were obtained from the blanket bog study sites 

and GPP flux rates were obtained from the paired NEE and Reco flux estimates (Figure 3.7). 

Both Reco and GPP fluxes show a seasonal pattern throughout both years, with peaks 

occurring in June through August at both sites. 

 

Figure 3.7 NEE, Reco and GPP fluxes for all PFTs and ground cover types measured in 2018 

and 2019. Drought period 2018 (May 24th till September 17th) and same period in 2019 are 

highlighted shaded in grey. 

There was no significant effect of study site and microtope on the variance across the 

fluxes for all PFTs and ground cover types. Only sampling year and PFT / ground cover type 

were used for comparing inter-annual means of the chamber measurements. When looking 

at mean inter-annual flux, there are no significant differences between 2018 and 2019 for 

the majority of the fluxes from differing PFTs and key blanket bog features, except for 



 77 

graminoid GPP (Figure 3.8). For both years, only in situ graminoid measurements, together 

with ericoids in 2019, reflect a net carbon sink (overall negative NEE), compared to all other 

PFTs and ground cover types that were net sources of CO2 (overall positive NEE) in both 

years. Mean NEE for P. schreberi and C. uncialis/impexa increased in 2019 compared to 

2018, due to lower overall GPP and a slight increase in Reco; however, these differences were 

not significant. Increased respiration can be observed in all categories, except for bare peat 

plots and pool measurements. For the bare peat and inundated bare peat collars, vegetation 

coverage (E. angustifolium) – S. cuspidatum for the pools – remained below 5%. Further, no 

more than 5% of the area in the Sphagnum spp. collars was affected by bleaching during the 

summer months at both study sites. 

 

Figure 3.8 Inter-annual mean (±SE) for CO2 fluxes, as; Net ecosystem exchange (NEE); 

Ecosystem respiration (Reco); and Gross primary productivity (GPP) for both years across 

the PFTs and ground cover types. For each flux type, shared letters a, b, c and d are used for 

groups not significantly different (p < 0.05), number represents sample size. 
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Comparisons of Pmax (µmol CO2 m
-2

 s
-1) of dominant PFTs show graminoids to have 

a significantly higher uptake value (-12.84 ±1.93, n=4) for 2019 compared to the drought 

year 2018 (-5.91 ±1.87, n=5) Variability amongst Sphagnum spp. Pmax estimates was high 

(2018: -1.20 ±1.70, n=7; 2019: -1.98 ±1.68, n=8), contrasting graminoid and ericoid 

predictions (2018: -3.99 ±1.86, n=5; 2019: -5.57 ±1.86, n=5) for both years (Figure 3.9). 

Significant effects were found when comparing Pmax means of the different PFTs (F(2, 

17.813) = 5.133, p = 0.017), year (F(1, 9.137) = 28.014, p < 0.001) and combined effect 

(F(2, 9.015) = 9.548, p = 0.006). 

 

Figure 3.9 Average estimated potential maximum photosynthesis (Pmax) ± SE for the three 

main PFTs for both years. Shared letters indicate not significant differences (p < 0.05) 

between and across PFTs and years (Tukey post-hoc test). 

 

 Linear Mixed-Effects Models of CO2-fluxes 

GPP, Reco and NEE fluxes in this study were driven by environmental conditions and this 

relationship differed between the plant functional types. The majority of the best performing 

models with Year included as a fixed effect had a soil temperature component to best explain 

CO2 exchange variability (Table 3.2). Fluxes in the models are generally associated with 

increased soil temperature, or daily soil temperature range in the case for ericoid NEE 

(pseudo r2 = 0.40) and GPP (pseudo r2 = 0.52). Only the graminoid NEE model did not 

include a temperature component, but rather a single PAR covariate to best explain 
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variability of net CO2 exchange (pseudo r2 = 0.32). Daily average water content and water 

content range also contributed to explaining variance among flux estimates for Sphagnum 

spp. (Reco pseudo r2 = 0.59; GPP pseudo r2 = 0.65), with similar, but stronger effects on Reco 

fluxes for graminoids (pseudo r2 = 0.65) and ericoids (pseudo r2 = 0.59). Changes in daily 

mean water level explains graminoid GPP variance, with increasing uptake of CO2 

associated with higher water levels, but variations are predominantly described by soil 

temperature (pseudo r2 = 0.96). As a fixed effect, year was only a significant predictor of 

graminoid NEE and ericoid Reco and GPP fluxes but was kept in all other models to account 

for variability across both sampling campaigns. Additionally, interactions between fixed 

effects have not been found to improve model predictions, but microtope type was used for 

the Sphagnum spp. NEE model, where centre plots appear to be a more important predictor 

than Year for the period of sampling (pseudo r2 = 0.31). None of the other models included 

microtope type as a fixed effect in the best model, for the same reason why site was found 

not to significantly improve model fits for all PFTs and flux types. 

 



 80 

Table 3.2 Parameter estimates for the fixed effects in the linear mixed-effects models of 

NEE, Reco and GPP per PFT and ground cover type. 

Net Ecosystem Exchange Ecosystem Respiration Gross Primary Productivity 

Sphagnum spp. 

r2 =0.31, AIC = 143.39 r2 = 0.59, AIC = 145.30 r2 = 0.65, AIC = 91.78 

Estimate SE t Estimate SE t Estimate SE t 

Intercept -0.13 0.09 -1.39 Intercept 0.75 0.14 5.30* Intercept -0.67 0.20 -3.35 

Templogger 0.19 0.06 3.12** Templogger 0.45 0.06 7.08** Temperature -0.29 0.04 -7.19** 

Wcontentmean -0.16 0.06 -2.87** Wcontentmean -0.19 0.06 -3.30** Wcontentrange -0.11 0.04 -2.93** 

Type: Centre 0.36 0.11 3.34** Year: 2019 0.19 0.12 1.72 Year: 2019 -0.25 0.13 -1.89 

Year: 2019 -0.02 0.12 -0.17         

Graminoids 

r2 = 0.32, AIC = 260.42 r2 = 0.65, AIC = 290.32 r2 = 0.96, AIC = 304.93 

Estimate SE t Estimate SE t Estimate SE t 

Intercept -0.45 0.21 -2.12* Intercept 1.58 0.51 3.11 Intercept -2.34 4.99 -0.47 

PAR -0.27 0.11 -2.37* Temperature 1.09 0.15 7.05** Temperature -1.58 0.15 -10.68** 

Year: 2019 -0.52 0.22 -2.36* Wcontent -0.31 0.15 -2.04* Wlevelmean -0.47 0.14 -3.30** 

    Year: 2019 0.54 0.27 1.98 Year: 2019 -0.66 6.99 -0.10 

Ericoids 

r2 = 0.40, AIC = 232.76 r2 = 0.59, AIC = 256.15 r2 = 0.52, AIC = 228.75 

Estimate SE t Estimate SE t Estimate SE t 

Intercept 0.12 0.24 0.49 Intercept 1.30 0.41 3.20 Intercept -1.34 0.29 -4.71* 

PAR -0.29 0.11 -2.71** Temperature 0.82 0.16 5.19** Temperature -0.90 0.12 -7.42** 

Trangelogger 0.59 0.14 4.25** Wcontentmean -0.40 0.14 -2.94** PAR -0.23 0.11 -2.13* 

Year: 2019 -0.42 0.26 -1.63 Year: 2019 0.69 0.29 2.39* Trangelogger 0.40 0.12 3.30** 

        Year: 2019 -0.71 0.34 -2.10* 

Parameter abbreviations: PAR = empirical in situ PAR measurements, Temperature = empirical in 

situ soil temperature measurements, Trangelogger = daily soil temperature range (loggers), Wcontent 

= empirical in situ water content measurements, Wcontentmean = daily water content average 

(loggers), Wcontentrange = daily water content range (loggers), Wlevelmean = daily water content 

average (loggers). Significance levels for the covariates are indicated by ** p<0.01; * p<0.05 
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 Generalised Additive Mixed Models 

The GAMMs for the three dominant plant functional types (Sphagnum spp., 

graminoids and ericoids) show non-linear interactive behaviour on modelled flux estimates 

for NEE, Reco and GPP. The dominant covariates used in the models are soil temperature, 

mean and range of water content, PAR and average water table depth (Figure 3.10). Since 

NEE fluxes are the product of Reco and GPP, net flux dynamics of the different PFTs can be 

best explained by examining emission and sequestration processes separately. 

Reco increased with higher soil temperatures (> 10 °C) and around an optimum daily 

average of water content ranging between 0.4 – 0.6 m3/m3 for Sphagnum spp. (Figure 3.10, 

B) and 0.35 – 0.55 m3/m3 for graminoids (Figure 3.10, E). This optimal moisture regime is 

not clear in ericoids Reco, but a strong trend towards higher fluxes with drier soil conditions 

can be observed (Figure 3.10, H). For GPP fluxes, the relationships with temperature and 

water availability remain, but the effect of drier conditions is more profound across the PFTs. 

Sequestration rates for Sphagnum spp. generally increase with higher soil temperatures 

(above 12 °C) when high daily fluctuations in water content (above 0.04 m3/ m3
 d

-1) (limited 

to days of high soil temperature and low daily precipitation) contribute to an increase in GPP 

(Figure 3.10, C). In contrast, graminoid GPP was highest during days with shallow water 

levels (above -0.15 cm) and high soil temperatures (above 12 °C) (Figure 3.10, F). Increasing 

water levels promote a rapid increase in graminoid carbon sequestration, but these rates are 

restricted to the warmer seasons, during which also no inundation occurred (daily soil 

temperature above 11 °C). Ericoid GPP was less well defined by the best model’s covariates, 

soil temperature and average water content, showing an ‘activity’ threshold at around a soil 

temperature of 10 °C and predicted fluxes are in the same range as Sphagnum spp., but show 

a much more gradual, less pronounced increase across both axes (Figure 3.10 I). 
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Figure 3.10 Interactive fitted effects of environmental covariates on NEE, Reco and GPP for 

Sphagnum spp. (A, B, C), graminoids (D, E, F) and ericoids (G, H, I). Only fitted flux values 

within the range of in situ environmental measurements are shown. Covariates include PAR 

(in situ or loggers), Soil temperature (in situ or daily range from loggers), Water content 

(daily average or range from loggers) and Water level (daily average). 

Investigation of the modelled NEE fluxes explains CO2 source and sink dynamics 

for the dominant PFTs. Fitted Sphagnum spp. NEE shows a gradual transition from a sink 

on days with soil water content values above 0.45 m3/m3 and soil temperatures between 6 

and 15 °C to a source of CO2 when water availability decreases, and temperatures increase 

(Figure 3.10, A). This gradual behaviour changes to a sudden increase in emission rates for 
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Sphagnum spp. above 15 °C. Graminoids show similar transitions in NEE, but the GAMM 

that explained the flux behaviour the best included average daily PAR and average daily soil 

water content. The majority of modelled NEE show graminoids to be an overall sink, but 

photosynthetic active radiation below ±600 µmol m-2 s-1, together with soil water content 

values below 0.45 m3/m3 highlight an area of increased emissions, where the system 

switched from a sink to a source of CO2 (Figure 3.10, D). A similar trend from a sink to 

source indicated by changes in PAR can be observed for the ericoids, where lower radiation 

values together with high daily changes in soil temperature (±2 °C d-1) shift the vegetation 

towards higher emissions (Figure 3.10, G). Net CO2 uptake for ericoids is restricted to days 

with low variation in soil temperature but remain relatively constant across the range of 

measured PAR; modelled ericoid NEE show a predominant sink across high and low PAR 

values, similar to the average NEE of ericoids across both years (Figure 3.8), measured 

across the measured PAR range at both sites. 
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 Annual NEE estimates 

The predicted GPP and Reco values showed general good linear correlations with the 

measured CO2 fluxes (Figure 3.11), for each of the PFT-site-microtope models (model 

parameters can be found in Appendix 3.3 and 3.4). For GPP R2 values ranged between 0.43 

and 0.91, with an overall x̄rsq of 0.80. Across the PFTs, agreement between predicted and 

measured GPP (µmol CO2 m
-2 s-1) is lowest in the margin plots of Munsary, contrasting 

 
Figure 3.11 Comparison of predicted and measured values of dominant blanket bog PFT 

GPP (top) and Reco (bottom) for each site (rows) across the different plot types according to 

the legend. Included are R2 and residual standard error (RSE) from the individual 24 models. 
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Knockfin Heights where centre estimates are generally more in line with measured fluxes. 

Both highest and lowest R2 values for GPP associated with graminoids, which also have the 

largest range in measured and predicted fluxes and highest RSE (Figure 3.11). GPP model 

RSE’s were consistently lower for the centre fluxes compared to the margins. For Reco the 

R2 are lower than for GPP: ranging between 0.23 and 0.80, with an x̄rsq = 0.55. Predicted 

fluxes at the centre plots for Munsary show lower RSE and higher R2 values, indicated better 

model fits compared to the margins (Figure 3.11). For Knockfin Heights, is only true for 

ericoids, as both Sphagnum spp. and graminoid R2 values are higher at the margins.  

The converted hourly GPP and Reco estimates for each of the 6 blanket bog PFT-site-

microtope combinations were summed to monthly estimates to highlight variability across 

sites and PFTs during the sampling months (April – November 2018 and 2019) (Figure 

3.12). The seasonal trend of increased respiration and productivity during the summer 

months are evident across all PFT-site-microtope variations. Monthly estimates for 

Sphagnum spp. GPP are similar to graminoids and ericoids on Knockfin Heights in April, 

May and November both years. Highest GPP estimated are amongst the ericoids in 2018 and 

the graminoids in 2019. 
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Figure 3.12 Cumulative monthly modelled GPP (A) and Reco (B) for each PFT at both sites 

across 2018 and 2019. Values show average cumulative flux (g C-CO2 m
-2) with error bars 

to show range of cumulative fluxes across margin and centre microtopes. 

This contrast is not visible in Reco where both vascular plant types have similar, 

higher monthly emissions compared to Sphagnum spp. estimates. Cumulative NEE 

estimates PFT-site-microtope combinates show a different distribution of C-CO2 fluxes 

between the two sites, where estimates are much more variable amongst the PFTs and 

microtopes across Knockfin Heights than at Munsary for the growing season in both years 

(Figure 3.13). Ranges between minimum and maximum cumulative NEE across Munsary 

were similar for all three PFTs between 2018 and 2019, but for Knockfin Heights, flux 

estimates ranges doubled in the post-drought year for Sphagnum spp. and graminoids, and 

were lower for ericoids (Table 3.3). 

Table 3.3 Ranges in cumulative predicted NEE across each site for both the drought (2018) 

and post-drought (2019) years using the maximum and minimum NEE (Figure 3.13). 
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Change in ranges quantified as percentage increase or decrease in 2019 compared to the 

NEE ranges in 2018. 

 Munsary Knockfin Heights 

 2018 2019 Change 2018 2019 Change 

Sphagnum spp. 76.8 73.8 -3.9 % 55.2 121.3 119.8 % 

Graminoids 156.3 147.4 -5.7 % 233.6 549.0 135.0 % 

Ericoids 169.4 168.9 -0.3 % 299.9 210.2 -29.9 % 

 

 

Figure 3.13 Cumulative C-CO2 NEE balance (± range between maximum and minimum 

NEE from Reco and GPP estimates) from for each dominant PFT across both sites and blanket 

bog margin and centre microtopes across 2018 and 2019 (April 1st – November 31st). 

These increased ranges on Knockfin Heights for in particular graminoids are the 

result of higher maximum net uptake of CO2 in 2019 compared to the year before on the 

margin plots (-94.8 ±92.5 g C-CO2 m
-2 yr-1 for 2018 and -374.1 ±95.3 g C-CO2 m

-2 yr-1 for 

2019), as well as the centre plots (163.7 ±72.2 g C-CO2 m
-2 yr-1 for 2018 and 5.0 ±74.6 g C-
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CO2 m
-2 yr-1 for 2019) (Figure 3.13). Similarly, at Munsary centre plots, graminoids net CO2 

emissions were lower in 2019 (12.4 ±33.4 g C-CO2 m
-2 yr-1 for 2018 and 3.8 ±33.2 g C-CO2 

m-2 yr-1 for 2019), but the margin estimates show an opposite trend with an increase in net 

CO2 emissions in 2019 (-35.9 ±74.6 g C-CO2 m
-2 yr-1 for 2018 and 42.1 ±73.7 g C-CO2 m

-2 

yr-1 for 2019). This transition to a decrease in CO2 sequestration is also observed in ericoid 

NEE estimates, but only on Knockfin Heights, where both margin (-56.4 ±108.1 g C-CO2 

m-2 yr-1 for 2018 and -19.5 ±105.1 g C-CO2 m
-2 yr-1 for 2019) and centre (-218.9 ±29.3 g C-

CO2 m
-2 yr-1 for 2018 and -27.8 ± 28.0 g C-CO2 m

-2 yr-1 for 2019) plots are more likely to 

be net C-CO2 sinks.  

Switches between overall source and sink behaviour are observed on Knockfin 

Heights, where Sphagnum spp. on the margin plots moved towards a stronger C-CO2 sink 

(2.2 ±25.9 g C-CO2 m
-2 yr-1 for 2018 and -31.7 ±25.4 g C-CO2 m

-2 yr-1 for 2019), but at the 

centre plots the opposite occurred, with higher emission in 2019 (-4.0 ±23.1 g C-CO2 m
-2 yr-

1 for 2018 and 41.2 ±23.0 g C-CO2 m
-2 yr-1 for 2019). Consistent CO2 sources for both years 

are found in the Sphagnum spp. NEE estimates for Munsary, with almost no changes 

between both years across margin (31.4 ±20.5 g C-CO2 m
-2 yr-1 for 2018 and 31.3 ±20.5 g 

C-CO2 m
-2 yr-1 for 2019) and centre plots (76.2 ±11.5 g C-CO2 m

-2 yr-1 for 2018 and 73.2 

±11.5 g C-CO2 m
-2 yr-1 for 2019). Conversely in the ericoids at Munsary, centre plots acted 

as sources (89.8 ±33.0 g C-CO2 m
-2 yr-1 for 2018 and 82.9 ±32.9 g C-CO2 m

-2 yr-1 for 2019) 

and margin plots net sinks for both years (-15.4 ±31.2 g C-CO2 m
-2 yr-1 for 2018 and -21.9 

±31.2 g C-CO2 m
-2 yr-1 for 2019). 
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3.4 Discussion 

 Blanket bog PFTs CO2-fluxes  

The drought of 2018 was unforeseen and therefore this research has been somewhat 

opportunistic, much like other studies in Europe (Hari et al., 2020; Saunders et al., 2021). 

The timing of events means that there are no pre-drought summer fluxes, and therefore it is 

not possible to determine what the flux behaviours were pre-drought, how much they 

changed because of the drought, or whether they have returned to pre-drought levels in 2019. 

Nonetheless, two-year flux datasets reflect short-term CO2 dynamics (Sottocoronola & 

Kiely, 2005, Strack et al., 2016), and provide meaningful insights when upscaled using 

appropriate methods to deal with uncertainties in observations (Gažovič et al., 2013). 

Based on the in situ CO2 measurements, the hypothesis of a significant effect of 

drought conditions on fluxes in 2018 and post-drought year of 2019 cannot be supported for 

the majority of the dominant PFTs and key blanket bog features. Based on the results of 

fluxes, there was no difference in variance between the NEE, Reco and GPP fluxes for any 

PFTs and ground cover types between the drought and post-drought year, except for 

graminoid GPP and NEE (i.e., higher CO2 sequestration in 2019). However, the annual C-

CO2 flux estimates for the dominant vegetation groups do differ between the years, sites and 

microtopes and are likely controlled by the timing, severity and duration of the drought 

(Kross et al., 2014). All PFTs and key blanket bog features were likely strong net CO2 

sources in both the drought year 2018 and the following year of 2019, except ericoids in 

2018 and graminoids NEE in 2019 from the microtope centres in the upland site of Knockfin 

Heights which were strong net CO2 sinks. Net CO2 source behaviour amongst the same 

peatland PFTs was also observed in Sweden during the 2018 drought on an ombrotrophic 

blanket bog (Keane et al., 2020), where emissions recovered in 2019 to pre-drought rates. 

Similar 2018 drought and post-drought carbon fluxes were observed in Ireland (Saunders et 

al., 2021). 
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For non-vegetated sites (bare peat collars), the steady overall net CO2 emissions 

measured are not surprising, and in line with other sites in the UK (Clay et al., 2012; Dixon 

et al., 2014; Gatis et al., 2019). Slightly increased CO2 emissions observed in the inundated 

bare peat collars and floating chamber measurements at both sites in the summer months of 

2019 could be explained by an increase in mineralisation associated with the biogeochemical 

and microbial cascades associated with the “enzymic latch” observed in peatlands following 

drought-rewetting cycles (Fenner & Freeman, 2011). In pools at Munsary, increasing 

mineralisation rates have been associated with high DOC concentrations and correlated with 

higher dissolved CO2 concentrations (Turner et al., 2016), resulting in net CO2 emissions. 

For vegetated sites, although an earlier onset of growing season (associated with higher 

spring temperatures) is not expected to influence cumulative GPP for northern peatlands 

(Kross et al., 2014), it can negatively affect annual NEE, when short, severe drought periods 

in peak growing season increase Reco, but not GPP (Lund et al., 2012). This effect can be 

seen for all three dominant PFTs (Sphagnum spp., ericoids, graminoids) across both sites, 

where Reco estimates are higher in Spring of 2018 (drought year), compared to Spring 2019 

when conditions were wetter. 

Previous studies have found that drought effect is strengthened by topographical 

setting, with Sphagnum species at higher elevations suffering from a stronger negative effect 

on net CO2 exchange during periods of increased temperature (Gerdol & Vicentini, 2011). 

Recovery to pre-drought conditions is possible when drought conditions do not cross lethal 

thresholds (prolonged extreme high temperatures and low precipitation), or when Sphagnum 

bleaching is minimal. Sphagnum hummocks in Italian upland bogs (>> 1000 m.a.s.l.) 

showed signs of irreversible desiccation during a heatwave in 2003, but recovery of 

Sphagnum species in hollows and lawns was reported in the following year (Bragazza, 

2008). However, this study shows the opposite trend, with higher modelled productivity 

during the 2018 drought for Sphagnum spp. at the higher elevations of Knockfin Heights 

compared to Munsary (±250 m difference). Although there was a consistent negative 
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precipitation anomaly for the lowland and upland site compared to the long-term average 

across Northern Scotland (Figure 3.5), Knockfin Heights experienced a smaller anomaly 

towards the end of the sampling period, possibly mitigating some of the early drought 

impacts from the dry Spring months. This difference in precipitation anomaly is in line with 

the east-west gradient of increased rainfall patterns across the region of the Flow Country 

(Lindsay et al., 1988). Importantly, blanket bogs rely on occult precipitations, which can 

contribute up to 20% of their water input (Lapen et al., 2000) It is possible that Knockfin 

Heights experienced more frequent fog and increased dewfall, effectively reducing the site 

water deficit and avoiding Sphagnum spp. “shut down”. 

The drought of 2018 led to surface subsidence at both Munsary and Knockfin 

Heights of between 5-10 cm and 1-2 cm, respectively (Marshall et al., 2019). Lowering of 

the surface following water level drops in the peat are predicted to mitigate part of the 

drought conditions caused by sustaining higher water content in the top peat layers (Price, 

2003) and increasing water available for the blanket bog vegetation (Lapen et al., 2000). The 

potential water deficit mitigation from peat surface subsidence could explain why some of 

the PFTs were still overall CO2 sinks during the 2018 period, as water deficits did not reach 

certain (undefined) thresholds, such as the graminoids at margin plots on Knockfin Heights 

(Figure 3.13). Furthermore, since water level is used for the modelled cumulative GPP and 

Reco estimates, high subsidence rates at Munsary resulting in the peatland surface effectively 

tracking the water table could explain similar annual estimates for both drought and post-

drought years. For Munsary, this would explain NEE estimates for all but the graminoids in 

the margin plots, where annual estimates switch to net CO2 sources. Although Knockfin 

Heights experienced more variable water levels and marginally drier conditions, Munsary 

margin plots experienced more frequent and longer lower soil water contents during 2018 

(Figure 3.4 and 3.6). This supports the initial hypothesis that blanket bog margins are 

expected to show higher variability in CO2 fluxes due to higher environmental variability 

(i.e., water level and subsidence rates) as a result of the 2018 drought. It is possible that the 
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graminoids at margin areas at Munsary, identified as areas of high subsidence rates 

(Alshammari et al., 2018; Marshall et al., 2019), could be showing initial effects (lower GPP, 

higher Reco) of structural alterations of the peat surface (i.e., cracks and bare peat exposure) 

in the post-drought year.  

 

 Relating drought effects on CO2 fluxes to edaphic conditions 

Effects of drought on the fluxes across the PFTs can be ordered by magnitude of the 

effects of increased soil temperatures and changes in water availability. Ericoids showed a 

stronger increase in both CO2 sequestration and respiration rates compared to the Sphagnum 

spp. and graminoids Reco and GPP in the post-drought year. The resilience pattern of ericoids 

> graminoids > Sphagnum spp. is in line with results from other ombrotrophic bog studies 

(Bubier et al., 2003; Goud et al., 2017), showing the ability of vascular plant to balance their 

CO2 fluxes when affected by drier conditions in the top 10 cm of the peat layer. A positive 

effect of increased water availability on Sphagnum spp. GPP and graminoid GPP (dominated 

by Eriophorum spp.) was also found to be in line with their preference for overall wet 

conditions (Van Breemen, 1995; Cooper et al., 2014) and blanket bogs in general (Laine et 

al., 2007). By contrast, increased water availability and higher water levels have also been 

associated with increased Reco in this study and also in an experiment using shallow peat 

cores from a site 10 km west of Knockfin Heights (Hermans et al., 2019) and a rewetting 

experiment on similar PFTs (Kuiper et al., 2014). These changes in water availability at the 

peat surface (and associated increases in oxygen levels) facilitate higher decomposition 

rates, resulting in an overall increase in Reco (Sulman et al., 2010). Exact water level and 

water content optima could not be identified for the three dominant PFTs from the LMEM 

or GAMM outputs. However, for the post-drought year, water availability combined with 

soil temperature was found to limit Sphagnum spp. and graminoid GPP. 

When accounting for different light intensities at Munsary and Knockfin Heights 

during the flux measurements, drought conditions did not have a significant effect on the 
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productivity estimates (Pmax) for Sphagnum spp. and ericoids, but 2018 uptake estimates 

were lower for graminoids (Figure 3.9). Moreover, modelled maximum GAMM GPP 

compared to Pmax estimates (-6.7 against -12.8 µmol CO2 m
-2

 s
-1) indicate that the graminoids 

had not returned to their optimal conditions in 2019 and were still limited in their 

productivity (Strachan et al., 2016). Similarly, both measured and modelled ranges for 

Sphagnum spp. and ericoid GPP in 2019 were still below the Pmax estimates. The general 

lower light saturation point of bryophytes (Marschall & Proctor, 2004) and comparable PAR 

regimes across 2018 and 2019 could explain the consistent maximum productivity estimates. 

The similar range of in situ fluxes and Pmax estimates suggest that the conditions were not 

(yet) limiting Sphagnum spp. productivity, as confirmed by limited Sphagnum bleaching 

observed in the field. Increasing PAR values were also found to significantly relate to 

increased NEE amongst graminoids and ericoids. Although PAR was only a dominant driver 

for ericoid GPP, suggesting ericoid photosynthetic activity was not yet limited by water 

availability. This highlights ericoid shrub drought resilience through their adaptive traits to 

retain moisture and nutrients (Aerts, 1999; Bubier et al., 2003). 

Overall, the response of Sphagnum spp. to reduced water levels during the drought 

might not have been as severe as hypothesised, where a substantial reduction in productivity 

is likely caused by prolonged dry conditions (Strack et al., 2009; Jassey & Signarbieux, 

2019). Their physiology helps bring water through capillarity into their tissue, retaining the 

moisture with specialist hyalite cells (Weston et al., 2015), thus overcoming the lack of 

stomata and root system that would directly control water loss through evaporation like 

vascular plants. The initial effect of reduced water availability and moisture content is 

expected to change photosynthetic assimilation of C by Sphagnum species (Van Breemen, 

1995; Kuiper et al., 2014), but could be compensated at the ecosystem scale by increased 

carbon sequestration by vascular plants (Gavazov et al., 2018). The long-term consequences 

of droughts include the demise of Sphagnum through bleaching, when phenotypic and 
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functional plasticity are unable to cope with increased warming and water deficit during the 

growing season (Jassey & Signarbieux, 2019). 

Ericoids mostly act as a CO2 sink with their contribution to overall peatland NEE 

(Kuiper et al., 2014). However, Munsary centre plots (dominated by C. vulgaris) behaved 

as a positive net CO2 source, which could be explained by plant height related to plant age 

(Dixon et al., 2015). The NEE estimates for a range of C. vulgaris age/height ranges show 

that annual sinks are not to be expected (Laine et al., 2007) and only the Munsary centre 

estimates reflect ericoid shrub ranges quite well. Since there is no evidence of recent 

management that could have influenced the natural ericoid shrub maturation at both sites, a 

potential bias towards plots with established ericoid cover could have excluded the less 

dominant, juvenile C. vulgaris, that could have shifted the estimates closer to a net C-CO2 

sink. 

 

 Mean Annual Water Table and global peatland NEE estimates 

Comparing the growing season NEE C-CO2 estimates of the dominant PFTs in this 

study with estimates from other peatland sites show that overall NEE estimates of the 

dominant PFTs this study (-10.2 ± 106.4 g C-CO2 m-2 yr-1) are within the range of the 

dominant net C-CO2 uptake of intact / near-natural blanket bogs (-75.4 ±48.0 g C-CO2 m
-2 

yr-1), more variable estimates for bogs (-21.0 ±91.9 C-CO2 m
-2 yr-1) and fens (-70.3 ±39.0 g 

C-CO2 m-2 yr-1) (Figure 3.14, Appendix 3.6). The majority of the (blanket) bog NEE 

estimates are from EC measurements, covering a larger peatland footprint, whereas CO2 

estimates from chamber-based studies include micro-scale targets. Nonetheless, the multi-

annual estimates from the studies involved line up well and allow for comparisons with 

MAWT variability in northern peatlands (Swenson et al., 2019). 

 



 95 

 

Figure 3.14 Left: Comparison of annual / seasonal NEE estimates plotted against mean 

annual water level for global studies on boreal and temperature peatlands, including bare 

peat sites, (near-)natural blanket bogs, fens and other bogs, drained and restored sites 

(adapted from Swenson et al., 2019, Appendix 3.6) and the modelled estimates from this 

study. Number in brackets in legend signifies data point count for each category in the plot. 

Right: Seasonal NEE estimates for Sphagnum spp., graminoids and ericoids for both sites, 

across margin and centre plots for 2018 and 2019: C-CO2 ranges are left out for simplicity, 

please refer to Figure 3.13. 

MAWT for the upland and lowland site (Table 3.1) fell within range of comparable 

intact / near-natural sites (-9.6 ±8.3 cm), mostly staying above the MAWT of bare peat sites 

(-24.5 ±17.5 cm) and drained / restored sites (-26.0 ± 20.7 cm). Net C-CO2 sink and source 

behaviour related to MAWT is visible in the other peatland types where annual and seasonal 

NEE (g C-CO2 m-2 yr-1) estimates show a general increase in net emission with lower 

MAWT (Figure 3.13). Generally, lower water levels – in these cases linked to peatland type 

and restoration or management history – correspond with higher overall C-CO2 emissions. 

This relationship was estimated to be strong for all vegetated sites and less so for the bare 

peat sites, being overall CO2 sources (Swenson et al., 2019). However, MAWT between the 

drought and post-drought year only explains a minor part of the water deficit differences 

across the plots in this study, and water-stress estimates for PFTs are better reflected in 

observed soil water content relationships (GAMM results).  
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 Upland and lowland blanket bog drought resilience 

The CO2 balance of the PFTs and key blanket bog features in this study provide some 

evidence to support the assumption that all peatlands are sensitive to drought conditions 

(Fenner et al., 2011; Lund et al., 2012). Changes in the long-term functional state (net sink 

versus net source) of blanket bogs is expected to depend on the frequency and duration of 

predicted droughts in Scotland (Grillakis et al., 2019). Over longer periods of time following 

repeated droughts, vascular plant species and Sphagnum spp. that are more resilient to 

warming climate conditions will likely replace species that have similar functional traits, and 

which are unable to cope with the change in environmental conditions (Robroek et al., 2017). 

Shifts from Sphagnum spp. to more resilient bryophyte species during prolonged periods of 

droughts such as Polytrichum (Potvin et al., 2014) or Racomitrium lanuginosum (Lindsay et 

al., 2010) could also be expected. Results from a nutrient treatment experiment suggest that 

bogs are more likely to turn into shrublands than graminoid-dominated grasslands (Kool & 

Hijmans, 2009) if nutrients become available as a result of drought-induced mineralisation 

(Fenner & Freeman, 2011). 

Additional consequences of changing blanket bog vegetation composition due to 

increased productivity during and after drought conditions (i.e., upland graminoids and 

ericoids) are higher biomass and litter loads, especially for drier heathland communities 

(Grau-Andrés et al., 2018). Predicted climate change is expected to make peatland more 

vulnerable to wildfires (Granath et al., 2016), potentially creating significant positive 

feedback on regional climate change when fire frequency increases (Field et al., 2007). The 

drought-induced structural peat surface alterations – i.e., cracks and drier conditions 

resulting from increased erosion due to reduced infiltration capacity of the peat surface (Li 

et al., 2018) – have also been shown to increase peat fire hazard (Davies et al., 2013), 

facilitating prolonged smouldering. Fire severity and associated CO2 emissions from an 

unburnt and burnt site 2 km northwest of Knockfin Heights highlight need for better spatial 

and temporal understanding of wildfire behaviour on blanket bogs (Gray et al., 2021).  
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Together with novel remote sensing techniques and accurate land-cover estimates, 

the flux estimates from the margins and centre plots at the upland and lowland site provide 

a first insight in the blanket bog response characteristics across a range of dominant 

vegetation types during and after an extreme drought. The ability to differentiate between 

PFT and key blanket bog features highlights the unique roles each type have to understand 

the effects of a predicted shift towards drier and warmer summers on carbon fluxes on 

blanket bogs across the United Kingdom. 
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3.5 Conclusion 

This study shows that PFTs and key blanket bog features responded differently 

during and after a drought event in terms of CO2 fluxes. Growing season flux estimates for 

dominant blanket bog PFTs show a drought resilience pattern of ericoids > graminoids > 

Sphagnum spp. at both upland and lowland sites. The relation with water availability and 

their topographic setting would suggest that if drought conditions become more frequent and 

severe, it can be expected that blanket bog vegetation composition will shift towards 

assemblages that can cope with these conditions (i.e., ericoid shrubs). Since these 

hydrological condition changes are expected to become more frequent (Goud et al., 2018), 

it is important to establish baseline studies – to aid monitoring – in order to understand the 

long-term impact of the predicted extreme events such as drought and wildfires on carbon 

fluxes. Upscaling these flux estimates using vegetation as proxies for GHG emissions to 

assess landscape scale drought-responses (Kuiper et al., 2014), post-fire recovery studies 

(Worral et al., 2011) or even national and global climate impact predictions (Van Oijen et 

al., 2014; Chaudharry et al., 2020) should be possible with remote sensing, including 

Unoccupied Aerial Vehicles. However, in order to accurately distinguish between vegetation 

PFTs or even species, these surveys require knowledge on the effect of edaphic conditions 

to the physiognomy and spectral responses of the blanket bog vegetation and key features 

such as water and bare peat. Once accounted for the edaphic and phenospectral variations, 

accurate classification of UAV-derived imagery and elevation models should allow for a 

better understanding of spatial importance of the PFT-specific NEE estimates from this 

study. 
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 At 8:10, a morning hike to Knockfin Heights, November 2018 
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4 Shining a light on blanket bogs; the influence of phenology 

and environmental conditions on classification using 

vegetation indices derived from spectral signatures 

 

4.1 Introduction 

Northern peatlands are important carbon sinks and current predictions show a 

potential shift towards drier conditions, unfavourable for peatland functioning (Gallego-Sala 

et al., 2010; Coll et al., 2014). In the United Kingdom, these estimates for prolonged droughts 

and shifts in rainfall regimes (Chan et al., 2018) are expected to impact the nationally 

dominant, but globally rare, blanket bogs (Gallego-Sala et al., 2010). The expanse of these 

hyperoceanic peatlands is currently expected to diminish worldwide with predicted changes 

in climate (Gallego-Sala et al., 2013). Therefore, in order to protect the current expanse of 

and to contribute towards future restoration goals of blanket bogs and northern peatlands in 

general (Bellamy et al., 2012; Dixon et al., 2014; Leifeld & Menichetti, 2018), it is important 

to increase understanding of their climate response and vegetation functioning (Koehler et 

al., 2011).  

An increase of drier conditions can alter species composition, especially for peatland 

species with similar responses to changing environmental conditions (Robroek et al., 2017). 

Vegetation type and composition are often used as a proxy for peatland condition (Millard 

et al., 2018), estimating GHG fluxes (Peichl et al., 2015; Berger et al., 2018) and monitoring 

vegetation recovery after droughts and wildfires (Grau-Andrés et al., 2018; Gray et al., 

2021). Accurate monitoring of these aspects of overall peatland functioning relies on 

appropriate mapping and survey techniques (Minasny et al., 2019; Moore et al., 2019). The 

usefulness and accuracy of peatland vegetation surveys – including digital mapping 

procedures in a Geographic Information System (GIS) – depend on validation steps, either 

with peers or subsequent fieldwork (Baxendale et al., 2016; Minasny et al., 2019). In turn, 
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these validations steps require incorporating spatial and temporal variability of the target 

area’s vegetation characteristics, as well as other dominant peatland cover types: e.g., bare 

peat or water features. Over the last decades, these cost-intensive methods have been 

accompanied by more cost-effective, automated approaches using remote sensing (RS) 

techniques to cover large areas, often all year round. The data obtained from these RS 

platforms, such as Earth Observation (EO) satellites, but also Unoccupied Aerial Vehicles 

(UAVs) or drones, can be used to classify the different peatland habitats (Arroyo-Mora et 

al., 2018; Lees et al., 2018; Ivanov et al., 2021), provided that the vegetation types or plant 

functional types (PFTs) can be discriminated effectively (Poulin et al., 2002; Manevski et 

al., 2017; Artz et al., 2019). Since peatland vegetation PFTs are known to respond differently 

to drought conditions – as a result of both their functioning (Kuiper et al, 2014) and 

physiological traits (Gavazov et al., 2018) – a shift in vegetation composition can be used as 

a proxy for environmental condition alterations and signposting changes in climatic 

conditions (Dieleman et al., 2015).  

One way to validate blanket bog vegetation composition estimates of an area using 

RS techniques is by using field measurements of hyperspectral data as a proxy for blanket 

bog vegetation type (Harris et al., 2015) or fractional coverage (Schaepman-Strub et al., 

2009). Current applications of hyperspectral data – reflectance, absorption or transmittance 

of the electromagnetic (EM) spectrum – for peatland studies, and vegetation research in 

general, primarily focus on the regions in the EM spectrum used to characterise plant 

surfaces based on for example colour reflectance (Cole et al., 2014; Lussem et al., 2018), 

chlorophyll content (Van Gaalen et al., 2007; Hunt et al., 2012) or moisture conditions 

(Harris et al., 2006; Lees et al., 2019, Lees et al., 2021a). Different parts of the EM spectrum 

can be looked at in detail and the reflectance at certain wavelengths, in the visible light (VIS) 

ranges, but also across near infrared (NIR) and short-wave infrared (SWIR) regions (Figure 

4.1), which can be further defined and used for different purposes through conversion into 

spectral indices. 
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Well-known spectral indices used in vegetation studies include the Normalised 

Difference Vegetation Index (NDVI) (Rouse et al., 1973) and the Photochemical 

Reflectance Index (PRI) (Gamon et al., 1990), mainly as they provide a measure to estimate 

plant structure and photosynthetic efficiency. On Calluna vulgaris-dominated sites, 

associated PRI values are expected to increase with warming trends, as seen across a north-

south gradient in European scrublands (Mänd et al., 2010). This relation of increased PRI 

with higher temperatures is also observed in multi-temporal reflectance measurements of C. 

vulgaris, other shrubs (i.e., Empetrum nigrum, Vaccinium myrtillus) and graminoids 

(Eriophorum vaginatum and Eriophorum angustifolium) (Cole et al., 2014). Other 

approaches, such as camera-image-derived Greenness Index (GI) values (Gillespie et al., 

1987), correlate well with NDVI, showing temporal canopy greenness variability across 

deciduous forests (Brown et al., 2017). 

 

Figure 4.1 Commonly used spectral bands indicating range and wavelengths covering the 

atmospheric transmitted spectral range in this study to cover spectral reflectance of peatland 

vegetation (examples shown for dominant types). 

Other indices which are used to estimate vegetation functioning through water stress 

primarily focus on the measurement of reflectance in the water absorption bands (Sims & 

Gamon, 2003). The reflectance of these narrow-bands in the NIR and SWIR spectral ranges 

and band ratios (PRI and floating Water Band Index; fWBI) have been correlated with 

peatland vegetation functioning through hydrological conditions (Meingast et al., 2014) and 
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carbon fluxes (Van Gaalen et al., 2007; Harris, 2008; Letendre et al., 2008). Particularly for 

a key peatland-builder, Sphagnum species, fWBI has been identified as a useful non-

destructive measurement of water content (Van Gaalen et al., 2007). Indeed, the spectral 

range used for fWBI allows for detecting reflectance deep through the canopy, getting a 

reliable wetness indication through moisture content (Lees et al., 2020) and water table 

combined (Harris et al., 2006). It has also been related to photosynthetic activity across five 

common Sphagnum species in the UK (Harris, 2008), making the index a useful proxy for 

peatland vegetation functioning. Photosynthetic functioning of Sphagnum species has also 

been correlated with the Chlorophyll Index (CI) and the Modified CI (CIm) for GPP and 

NEE fluxes (Letendre et al., 2008), and the Structural Intensity Pigment Index (SIPI) during 

a water limitation experiment (Harris, 2008). 

A comparative study by Erudel et al. (2017) looking at peatland vegetation 

classification accuracy using more than 100 individual spectral indices, highlights the need 

for additional peatland specific assessment of index usefulness in these ecosystems. Index 

selection for assessments rely on the platforms used and their associated available spectral 

bandwidths. Currently, different methods using hyperspectral data have been described for 

peatland research and include remote sensing using satellite- or UAV-derived imagery 

(Poulin et al., 2002; Beyer et al., 2019; McPartland et al., 2019), field-based monitoring 

(Schaepman-Strub et al., 2009) and laboratory studies (Meingast et al., 2014; Lees et al., 

2020). 

Established remote-sensing Earth Observation (EO) satellites, such as the Sentinel 

and Landsat programmes, focus on specific EM bands for their missions (Wang et al., 2017). 

EO satellite sensors have been providing researchers with high-resolution, multi-temporal 

datasets that cover peatlands globally (Poulin et al., 2002; Mehner et al., 2004; Davidson et 

al., 2016, Artz et al., 2019). On peatlands, hyperspectral data has been used in controlled 

studies to investigate near-surface vegetation moisture content dynamics using indices 

predominantly suitable for EO satellites such as Modis, WorldView and Sentinel-2 
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(Meingast et al, 2014; Lees et al., 2020). These include the abovementioned CIm, fWBI, 

NDVI, PRI and SIPI indices, but also the Enhanced Vegetation Index (EVI) (Huete et al., 

1997), the Water Index (WI) (Peñuelas et al., 1997) and the Normalised Difference Water 

Index (NDWI) (Gao, 1996) to assess near-surface moisture content and water-table 

dynamics in northern peatlands. In the UK, satellite imagery is not always available for 

peatland monitoring due to data access restraints or cloud-cover issues (Fuller et al. 2002; 

Poggio et al., 2012). 

The deployment of UAVs has been identified as a promising addition to the toolkit 

for monitoring peatland functioning. Like the range of EO sensors on satellites, UAVs can 

be fitted with a variety of multispectral and hyperspectral cameras and are able to capture 

multi-temporal imagery at varying spatial scales to monitor vegetated areas (Salamí et al., 

2014; Mathews et al., 2015; Müllerová et al., 2016; Assman et al., 2018). However, much 

like EO sensors, standard (UAV) cameras show a high variability bandwidth range 

(Burggraaf et al., 2019). To overcome this issue, a distinctive group of vegetation indices 

(VIs) used in monitoring have been identified for the VIS regions: the VIRGB indices, for 

which only the red, green and blue broad bands are used. Although atmospheric radiation 

can affect VIRGB (Sonnentag et al., 2012), Red Green Blue VI (RGBVI) and the Modified 

Green Red VI (MGRVI) indices are shown to correlate well with (crop) biomass estimates 

(Bendig et al., 2015). Both spectral reflectance values of the RGB bands and digital numbers 

(DN) can be used for the VIRGB and grant opportunities to calculate valuable vegetation 

indices using RGB imagery obtained by stand-alone consumer-grade cameras (Louhaichi et 

al., 2001), webcams (Brown et al., 2017) and UAV-mounted cameras (Lussem et al., 2018). 

Commonly used EO sensor and field spectroradiometer ranges (e.g., SWIR) are not always 

available on low-cost, commercial UAV-platforms, but recent examples of more advanced 

set-ups exist (Assman et al., 2018; Khan et al., 2018; Lopatin et al., 2019). Even though 

some consumer-grade UAVs have platform-dependent camera configurations (i.e., DJI 

UAVs have integrated cameras, with optional additional sensors), their increased use in 
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ecosystem research shows promising results for vegetation monitoring (Ha et al., 2017; 

Beyer et al., 2019). 

Direct comparisons of camera bandwidth applications and limitations with regards 

to peatland monitoring techniques (e.g., species discrimination, moisture condition 

monitoring and image classification) require in-depth knowledge on vegetation reflectance 

and indices variability from the ground. An invaluable part of these validation steps for 

common peatland vegetation types and other surfaces (i.e., bare peat and pools) is the 

acquisition of a spectral library covering the 350-2500 nm range of the EM spectrum (Erudel 

et al., 2017; Arroyo-Mora et al., 2018). These libraries of in-situ field measurements with a 

handheld spectroradiometer enable detailed analysis of reflectance behaviour across the 

majority of VIS, NIR and SWIR wavelengths. Because collating such a spectral library can 

be costly and time consuming, appropriate decisions (e.g., number of different spectral target 

classes, sampling time and location) made prior to data collection potentially increase 

efficiency and accuracy of validation techniques (Boori et al., 2018). 

Hence, spectral index selection – and range of vegetation and other land cover types 

– should rely on an evidence-based approach when collecting in-situ field spectroradiometer 

measurements. With respect to spectral data usage for UAV-derived image classification for 

peatlands – and blanket bogs in particular – there is currently a clear gap in the understanding 

of the restrictions of the widely used camera configurations on UAVs, and their subsequent 

limitations for VI calculations.  

The main aim of this chapter follows the objective (as introduced in Chapter 1) to 

contribute to knowledge on VIs used in blanket bog cover type classification and their 

relation with the environment by identifying optimal combinations of spectral indices 

commonly applied in multispectral UAV-surveys to: 

1) discriminate key blanket bog PFTs (including Sphagnum, graminoids and 

ericoids, together with lichen and other mosses) and features (pools, bare peat) 
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2) determine the accuracy of blanket bog vegetation and ground cover classification 

using optimal spectral indices combinations across a set of clustering and 

classification methods, and 

3) investigate the relationship between classification accuracy and peatland edaphic 

conditions (soil water content and temperature) across the range of PFTs and 

features.  

It is hypothesised that spectral difference will reliably distinguish between key 

blanket bog PFTs and features, with minor uncertainties in the discrimination between 

vegetated targets, due to their profound differences in phenological traits and characteristics. 

Discrimination success is also expected to increase when a larger group of indices is 

available for the classification models. Although the VIRGB are expected to help discriminate 

between key blanket bog PFTs and non-vegetated targets, the inclusion of hyperspectral 

indices in particular (covering the NIR and SWIR ranges) are expected to increase overall 

classification success, due to their purpose-built spectral characterization of vegetated/non-

vegetated/water targets in previous studies. Furthermore, increased soil temperature and 

decreased soil water content are hypothesised to negatively influence the discrimination and 

classification accuracy as a result of physiological responses changing the spectral response 

of the targets in this study (i.e., desiccation of non-vascular Sphagnum spp. and browning of 

vascular plants, such as graminoids), yet providing an estimate of this error, useful for future 

applications.  

  



 107 

4.2 Methods 

 Site and data collection 

Data was collected at an upland and lowland blanket bog site in the Flow Country, 

northern Scotland: respectively Knockfin Heights (58°19’07.7” N, 3°48’22.8” W) and 

Munsary (58°23’49.0” N, 3°20’26.5” W) (Figure 4.2), both described in detail in the sites 

overview (Chapter 2, Section 2.1). For this study, data from both sites were combined into 

one spectral library to capture a broad range of spatial (pheno)spectral variation across the 

area. In order to capture temporal variability of spectral characteristics of key blanket bog 

PFTs and features, but also the edaphic conditions, Munsary was visited on two occasions 

(August 2018 and May 2019). Knockfin Heights was visited once (October 2018), due to 

access restrictions. At each site, plots across contrasting microtopes (margin and centre; 

Lindsay et al., 1988; Minayeva et al., 2017) were visited, and each plot included “targets” 

with end-member spectral signatures (i.e., areas of approximately 30 cm x 30 cm dominated 

by a single PFT from Sphagnum spp., ericoids, graminoids, Cladonia spp., bare peat, open 

water and non-Sphagnum mosses (Pleurozium schreberi)), as well as mixed targets (i.e., 

similar sized areas with mixed PFT communities, such as ericoid shrubs with Sphagnum 

moss cover) to test spectral classification accuracy of non-endmember targets. The dominant 

target type associated with a mixed targets was always >75% coverage to allow for 

comparison with the end-member targets.  

In addition, soil temperature (S-TMB-M002, Onset), volumetric soil water content 

(10-HS S-SMD-M005, Onset) and water level and temperature (U20L-004, HOBO) were 

collected from a continuous logging set-up across 6 plots at both sites to capture the spatial 

and temporal variation of edaphic conditions prior to the spectral signature sampling 

campaigns. 
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Figure 4.2 Top: location of study sites Knockfin Heights and Munsary in the Flow Country, 

northern Scotland. Land cover units are derived from the Carbon and Peatland map (SNH, 

2016) showing features associated with blanket bog and other dominant habitats in the area. 

Bottom: distribution of spectral targets, all subplots share a common scalebar (bottom right), 

except for #10. Grayscale ©2021 Google Maps satellite image for reference. 
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 Field spectroradiometer 

An SVC HR-1024i Field Spectroradiometer (Spectra Vista Corporation) was used to 

measure spectral reflectance across the range of plant functional types and other ground 

cover types. The spectral range of the HR-1024i is between 350 to 2500 nm due to its 

multiple detector array (Table 4.1), which include important spectral bands for assessing 

spectral behaviour of vegetation (Schaepman-Strub et al., 2009).  

 

Table 4.1 Specifications of the SVC HR-1024i Field Spectroradiometer. 

 

Spectral range 

Sampling 

interval 

Spectral resolution 

Visible and Near InfraRed (VNIR) 350 – 1000 nm 1.5 nm 3.5 nm (at 700 nm) 

Short-Wave InfraRed (SWIR-1) 1000 – 1890 nm 3.8 nm 9.5 nm (at 1500 nm) 

Short-Wave InfraRed (SWIR-2) 1890 – 2500 nm 2.5 nm 6.5 nm (at 2100 nm) 

 

The handheld spectroradiometer, mounted on a monopod, was equipped with a 14° 

fore optic lens and together with a nadir height (height above the target) of 1.26 m, to achieve 

a spectral footprint of ±0.09 m2 for each target. The spectroradiometer was connected 

through Bluetooth to a Windows tablet running the SVC HR-1024i PC Data Acquisition 

Software (version 1.17.14). The software allowed to connect to the SVC Wireless External 

Detector Interface (WEDI) ambient light sensor, to keep track of light stability during field 

surveys (Figure 4.3). The Target Photo Acquisition function was used to obtain a snapshot 

of each target area in the field using the SVC’s internal camera. An upgrade of the HR-1024i 

facilitated connecting to a Global Positioning System (GPS) Real-time kinematic (RTK) 

Reach RS+ (Emlid) base station over long range (LoRa) radio using a Reach M+ (Emlid) 

antenna connected to a communication port. The ReachView smartphone application was 

used to configure and review real-time data connectivity between the RTK unit and the 

antenna: GPS positions were automatically logged by the SVC software. This upgrade was 
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only available for the measurements in 2019 and locations for the measurements in 2018 

were determined by using distance and compass bearing to the targets from fixed 

benchmarks set up at known locations at both sites (Marshall et al., 2019). 

 

 

Figure 4.3 Schematic set-up of the SVC HR-1024i Field Spectroradiometer with single fore-

optic lens to acquire measurements from a target area. 

Before and after each series of measurements, a reference measurement was taken 

on a Spectralon reference panel (SRT043, Field Spectroscopy Facility) mounted on a tripod, 

to aid in verification of the ambient light stability during the field measurements. Between 

usage, the calibrated reference panel was covered in its custom-built case to ensure its 

protection against dirt, water and inadvertent touching on the panel’s surface. In the field, 

uniform vegetation (i.e., healthy plant material, excluding litter as much as possible and 

focusing on non-bleached bryophytes) and ground cover endmembers – approximating a 

100% cover of one type – were targeted. To minimise the effect of shading and influence of 

diffuse light reflecting off the operator, the monopod was held out as far as possible, pointing 

in the direction of the sun. The WEDI was also placed away from obstructions that could 
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interfere with the ambient light. The spectroradiometer was aimed at the target using an 

integrated laser-pointer, followed by a spectral reflectance measurement which was visually 

inspected on the SVC software, together with ambient light conditions. During periods of 

constant light conditions, subsequent targets were measured within range of the WEDI. 

When light conditions changed by 20% (either <80% or >120% of the conditions during 

calibration), the spectroradiometer was re-calibrated for the new light conditions. 

Measurements were taken between 1 hour either side of solar noon to capture the largest 

solar angle (SA) that day to minimise shadow effects and ensuring the highest degree of 

available reflectance to be captured by the spectroradiometer. Average SA’s were 40°, 25° 

and 50° for the field campaigns in August 2018, October 2018 and May 2019, respectively 

(NOAA, 2020). To increase overall efficiency in the field during the limited time window 

and to reduce the need for re-calibrations, all measurements were obtained on days with 

clear-sky conditions.  

Metadata for each spectral measurement was logged and included: time, scan code 

(as recorded in the software), type (reference or target), target details (PFT / ground cover), 

coverage of mixed targets (dominant and others) and location with regard to known GPS 

points (only for measurements in 2018). Additionally, three readings for photosynthetic 

active radiation (PAR in µmol m-2 s-1) (MQ-100, apogee instruments, Logan, Utah, USA), 

three soil moisture content measurements (m3/m3) (HH2-Theta Probe, type ML2x; Delta-T 

Devices, Cambridge, UK) and a soil temperature measurement (°C) (HI 955502 Digital 

Thermometer; Hanna Instruments, Bedfordshire, UK) were logged for each spectral target. 

 Data processing 

All spectral signatures were post-processed using the SVC HR-1024i PC Data 

Acquisition Software (version 1.17.14) according to the SVC Field Spectroscopy Guide 

(SVC, 2019). Processing steps included: 1) removal and matching of spectral overlap 

between the sensors, 2) resampling using the white panel reflectance calibration tool and 3) 

resampling all the data to the 350 – 2500 nm range using a 1 nm interval. The resampling 



 112 

step removes any variation from the raw data in spectral intervals initially introduced by the 

array of sensors (Table 4.1). Each spectral signature was exported as a single .sig file, from 

which a custom Python script extracted and collated target GPS coordinates from the 

metadata-header in each file. All subsequent data processing steps were done in RStudio 

(version 1.3.1) using R (version 4.0.2) (R Core Team, 2014). For the spectral data, the base 

package (R Core Team, 2014) and hsdar package (Lehnert et al., 2019) function were used, 

unless stated otherwise. Spatial and environmental metadata from the field were merged with 

their respective spectral signature into a spectral library. A Savitsky-Golay smoothening 

filter (function noiseFiltering) was applied to each individual spectral signature to remove 

noise, followed-up by a masking step to supress noise introduced by the strong atmospheric 

water absorption bands 1350 – 1460 nm and 1790 – 1960 nm(SVC, 2019). 

Band wavelength ranges (Table 4.2) are adopted from recent laboratory studies of 

the spectral reflectance of blanket bog PFT in relation to drought conditions (Lees et al., 

2019; Lees et al, 2021). The selected band wavelength ranges overlap with both consumer-

grade cameras (DJI P4) as well as more advanced multispectral UAV cameras (i.e., DJI P4 

Multispectral, MAIA M2) or hyperspectral cameras for UAVs (i.e., Headwall’s Co-Aligned 

VNIR+SWIR or Raptor’s Owl 1280). Additionally, all 5 band ranges (Red, Green, Blue, 

NIR and SWIR) also overlap with the ranges from commonly used satellites, including 

MODIS, Landsat 8 and Sentinel-2, allowing for upscaling and application of the study’s 

results to EO-satellite outputs.  

The spectral indices (Table 4.3) were calculated using custom code (i.e., to select the 

band ranges for this study) and the built-in vegindex fuction (i.e., for hyperspectral indices) 

and subsequently grouped into Broad-band, VIRGB and hyperspectral indices. Due to unequal 

variances, all index values were first compared between the PFTs and key blanket bog 

features using the Welch’s ANOVA (function grouped_ggbetweenstats from the ggstatsplot 

package (Patil et al., 2020)) to justify the initial grouping of targets based on PFT and key 

blanket bog feature type.  
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Table 4.2 Spectral band ranges used in this study together with ranges (central wavelength 

with bandwidths in brackets) from commonly used UAS cameras and satellite sensors, for 

which specific band numbers are included. Hyperspectral ranges are covered with – , 

indicating continuous range across highest to lowest wavelength captured by the sensor. 

 Band wavelengths: range or central wavelength (bandwidth) 

 Blue Green Red NIR SWIR 

This study 450 – 515 544 – 574 630 – 680 845 – 885 1628 – 1652 

Multispectral UAV      

DJI Phantom 4 1 468 (94) 524 (115) 594 (65) n.a. n.a. 

DJI P4 Multispectral 2 450 (32) 560 (32) 650 (32) 840 (32) n.a. 

MicaSense RedEdge-MX 3 475 (32) 560 (27) 668 (14) 842 (57) n.a. 

MAIA M2 4 490 (65) 560 (35) 665 (30) 865 (20) n.a. 

Parrot Sequoia 5 n.a. 550 (40) 660 (40) 790 (40) n.a. 

Hyperspectral UAV      

Headwall VNIR+SWIR 6 400 – – – 2500 

Raptor Owl 1280 7 n.a. n.a. 600 – 1700 

Satellites      

MODIS 8 B3 

459 – 479 

B4 

545 – 565 

B1 

620 – 670 

B2 

841 – 876 

B6 

1628 – 1652 

Landsat 8 9 B2 

450 – 512 

B3 

525 – 600 

B4 

636 – 673 

B5 

851 – 879 

B6 

1566 – 1651 

Sentinel-2A 10 B2 

492.4 (66) 

B3 

559.8 (36) 

B4 

664.6 (31) 

B8a 

864.7 (21) 

B11 

1613.7 (91) 

Band wavelength ranges are from: 1) Burggraaff et al. (2019); 2) DJI (2020); 3) MicaSense Inc. 

(2020); 4) Sal Engineering (2018); 5) Parrot Drones SAS (2020); 6) Headwall Photonics, Inc. 

(2018); 7) Raptor Photonics Ltd. (2021); MODIS Specifications (NASA, 2021); 9) Landsat – Earth 

Observation Satellites Fact Sheet (U.S. Geological Survey, 2016); and 10) Sentinel Handbook 

(European Space Agency, 2021). 
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Table 4.3 Broad-band and hyperspectral vegetation and moisture indices used in this study. 

Index (full name) 

Equation 
Description Reference 

Broad-band indices 

EVI (Enhanced Vegetation Index) 

2.5  (RNIR – Rred) / (1 + 

RNIR + 6  Rred – 7.5  Rblue) 

Originally the soil and atmosphere resistant vegetation 

index (SARVI2), sensitive to leaf morphology and leaf 

area index (LAI). Linked to chlorophyll, biomass 

Huete et al., 1997 

NDVI (Normalised Vegetation Difference Index) 

(RNIR – Rred) / (RNIR + Rred) 

Difference ratio between red and NIR bands to 

determine target greenness, as these bands are 

differentially reflected by the vegetation’s canopy. 

Associated with biomass, canopy structure, stress 

Rouse et al., 1973; 

Rouse et al., 1974 

VIRGB (broad-band indices using only RGB bands) 

ExG (Excess Green) 

2  Rgreen – (Rred + Rblue) 

Defined as the excess of green reflectance compared to 

red and blue used to contrast vegetation from non-plant 

surfaces, highlighting canopy greenness 

Woebbecke et al., 

1995 

GI (Greenness Index) 

Rgreen / (Rblue + Rgreen + Rred) 

Green Chromatic Coordinate (GCC), originally 

developed for Landsat MSS imagery, but has used on 

UAV-imagery either using RGB reflectance data, or 

digital number images. Linked to canopy greenness 

Gillespie et al., 

1987; Beyer et al., 

2019 

GLI (Green Leaf Index) 

(2  Rgreen – Rred – Rblue) / (2 

 Rgreen + Rred + Rblue) 

Discriminating vegetation and soil/non-living targets by 

ratioing the average of red and blue (chlorophyll 

absorption) with green reflectance: indicating canopy 

greenness 

Louhaichi et al., 

2001 

MGRVI (Modified Green Red Vegetation Index) 

(Rgreen
2 – Rred

2) / (Rgreen
2 + 

Rred
2) 

Developed for UAS to estimate plant biomass through 

plant height by exploiting chlorophyll-related 

reflectance in red and green bands 

Bendig et al., 2015 

NGRVI (Normalised Green Red Vegetation Index) 

(Rgreen – Rred) / (Rgreen + 

Rred) 

Used for estimating vegetation biomass and chlorophyll 

content using Landsat imagery, but sensitive to scale 

and more accurate at leaf scale compared to canopy 

studies 

Tucker, 1979; 

Hunt et al., 2011 

RGBVI (Red Green Blue Vegetation Index) 

(Rgreen
2) – (Rblue  Rred) / 

(Rgreen
2) + (Rblue  Rred) 

Similar to MGRVI, and UAV-derived RGBVI 

estimates correlated well with field spectroradiometer 

signature-derived index values for biomass estimations 

Bendig et al., 2015 

 

VARI (Visible Atmospherically Resistant Index) 

(Rgreen – Rred) / (Rgreen + Rred 

– Rblue) 

Cancel out atmospheric effects by using RGB band-

specific atmospheric influence and wavelengths, found 

to relate to vegetation fractional canopy cover and 

shows similar behaviour with NDVI, with better 

performances in denser vegetation coverage 

Gitelson et al., 

2002 
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Table 4.3 continued. 

Index (full name) 

Equation 
Description Reference 

Hyperspectral indices 

CIm (Modified Chlorophyll Index) 

(R750 – R705) / (R750 + R705 – 

2  R445) 

Developed to improve original chlorophyll index (CI) 

(using reflectance in red edge region of the light 

spectrum) estimates by compensating for high leaf 

reflectance 

Gitelson & 

Merzlyak, 1994; 

Sims & Gamon, 

2002 

fWBI980 and fWBI1200 (floating Water Band Index) 

R920 / min(R960 – 1000) 

R920 / min(R1150 – 1200) 

Used to indicate near-surface / canopy wetness across a 

wide range of moisture conditions using reflectance in 

the water band wavelength range around 980 or 1200 

nm 

Peñuelas et al., 

1993; Harris et al., 

2006 

PRI (Photochemical Reflectance Index 

(R531 – R570) / (R531 + R570) 

Wavelength reflectance associated with the xanthophyll 

pigment cycle, react to changes in the green reflectance 

used to determine photosynthetic efficiency / stress of 

vegetation through chlorophyll content 

Gamon et al., 

1990; Gamon et 

al., 1992; 

Peñuelas et al., 

1995b 

NDWI (Normalised Water Difference Index) 

(R860 – R1240) / (R860 + 

R1240) 

Linked to vegetation liquid water using reflectance of 

two NIR wavelengths centred around 860 and 1240 nm 
Gao, 1996 

SIPI (Structural Intensity Pigment Index) 

(R800 – R445) / (R800 – R680) 

Ratio between reflectance between blue-red domain 

bands associated with chlorophyll a and carotenoid 

concentrations are compared to a stable reference band, 

indicative of plant stress 

Peñuelas et al., 

1995a 

WI (Water Index) 

R900 / R970 Simple ratio strongly related to plant water content 
Peñuelas et al., 

1997 

Rxxx refers to reflectance with subscript indicating wavelength in nanometres or broad-band regions 

 

Peatland PFT phenology can show increased variation during the growing season 

(Cole et al., 2014), which can be captured using spectral indices. For example, the Red Edge 

Position (REP) (Guyot and Baret, 1988) (𝑟𝑒 = 𝑚𝑎𝑥
𝑑𝑅

𝑑
 ), relates to chlorophyll content and 

vegetation senescence while the Cellulose Absorption Index (CAI) (Nagler et al., 2003) 

(0.5(𝑅2000 + 𝑅2200) − 𝑅2100) can help monitor cellulose structure using SWIR range. 

Therefore, to account for changes in peatland vegetation phenology (i.e., changes in spectral 

reflectance as a result of senescence and altering physiology over time) between the 
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sampling campaigns, the REP and CAI were calculated using the same vegindex functions 

as stated above for all the PFTs (graminoids, ericoids and Sphagnum spp.). Subsequently, 

the two phenospectral parameters were not used for the spectral discriminatory analyses in 

order to function as an independent control when interpretating the effect of edaphic 

conditions on classification accuracy (see Section 4.2.5). After confirming that REP and CAI 

variances were equal across the sampling period (Levene’s test), a one-way ANOVA was 

used to test the effect of the sampling date on the phenospectral characteristics across the 

three most dominant peatland PFTs in this study (graminoids, ericoids and Sphagnum spp.). 

 

 Spectral discriminatory analyses  

Four data clustering methods were applied and compared for their ability to 

discriminate and accurately classify dominant PFTs and key blanket bog features. The 

methodological approach is modified from Mercier et al. (2011) and uses two statistical 

methods (linear discriminant analysis: LDA and quadratic discriminant analysis: QDA) and 

two machine learning methods (random forest: RF and neural networks: NN) to cluster 

targets using distinct combination of VIs. 

Discriminant analyses group together individual measurements by maximising the 

standard deviation between groups and minimising its variance within groups based on their 

multivariate data: VIs values for each target. Direct comparison of classification accuracy 

amongst all indices was ensured by standardization of the indices, assigning the same 

statistical weight in the discriminatory models. LDA and QDA are widely used methods to 

discriminate between vegetation types using phenological characteristics (Kim et al., 2009), 

environmental preferences (González & Rochefort, 2019) and spectral properties (Davidson 

et al., 2016). The main difference between the linear approach compared to the quadratic 

function, is that QDA requires removal of any multivariate homoscedasticity (Seber, 1984). 

Functions lda and qda were used from the MASS package (Ripley et al., 2021). 
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Random forest ensemble learning methods for classification have been applied to 

discriminate and classify vegetation cover using hyperspectral data on peatland (Beyer et al., 

2019). Discrimination using a RF procedure relies on minimising the classification error 

through a multitude of decision trees. After initial checks to determine when the model error 

becomes constant for our dataset, the number of trees was set to 200, an intermediate value 

between 500 as used in Mercier et al. (2011) and 64-128 as recommended by Oshiro et al. 

(2012). Each tree contains branches, defining recursive conditions applied to the variables 

for grouping a training set of the input data; using the indices values, target classes are 

discriminated. Every branch node is assigned a random subset of predictors (indices) used 

to maximise discriminatory power of the predictors (Breiman, 2001). The recursive branch 

extension will stop when further discrimination of the predictors does not yield better 

homogeneity across the categories of the input data (Mercier et al., 2011). Subsequently, the 

remaining target indices not used for training the tree are then classified using the tree. Final 

RF models are a merged decision scheme of the ‘best performing’ trees in a forest of 

randomly chosen predictors (Breiman, 2001) and used for the target classification accuracy 

calculation of the indices. The randomForest function, from the identically title package 

(Breitman et al., 2018) was used to run all RF models. 

Similar to RF, the NN models require a maximum iteration setting to allow for 

discrimination power optimisation (i.e., decreasing model error) of the index combination. 

Although set at a maximum of 1000 iterations, the NN model stops when reaching its 

maximum discrimination power, increasing overall calculation speed. To prevent over-

fitting, the number of NN hidden neurons in a model – operators connecting input and output 

data – is optimised to increase computational efficiency and is based on size of the training 

data and the number of indices in each unique combination (Hagan et al., 2014) (Eq. 1). As 

a result, the minimal number of hidden neurons was 2 (including all indices) up to 10 for the 

Broad-band indices group for the same amount of training samples in each group. All NN 

models were run using the nnet function from the similarly named package (Ripley, 2021). 
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𝑁𝑜. ℎ𝑖𝑑𝑑𝑒𝑛 𝑛𝑒𝑢𝑟𝑜𝑛𝑠 =
𝑁𝑜. 𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑠𝑎𝑚𝑝𝑙𝑒𝑠

(𝑆𝑐𝑎𝑙𝑖𝑛𝑔 𝑓𝑎𝑐𝑡𝑜𝑟 (2) × (𝑁𝑜. 𝑖𝑛𝑑𝑖𝑐𝑒𝑠 +  𝑁𝑜. 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠 (1))
 1 

 

For all the models, each individual combination of indices was tested using 75% of 

the input data (i.e., indices values) for training, and 25% for classification. This procedure 

was iterated 15 times to avoid sampling effects across the LDA, QDA, RF and NN models. 

To allow for adequate training and test datasets for the cross validation in each of the 

discriminatory and classification analyses, only indices calculated from Sphagnum spp., 

ericoids, graminoids and bare peat spectra are used. Automated accuracy calculations from 

the contingency tables (i.e., classification type versus actual target type) during the iteration 

were calculated using the built-in R functions from the stats package (R Core Team, 2014), 

stored and used for calculation of mean classification accuracy for each target type and 

overall maximum classification accuracy. Classification accuracies for the total of 83,197 

LDA, QDA, RF and NN models were computed and the occurrence of each individual VI 

in the best-performing model (overall and for each target type) was counted and plotted 

together with their respective overall mean and maximal accuracies, using ggplot2 

(Wickham et al., 2020). Subsequent final model selection for each VI group and combination 

of groups was based on inspection of mean maximal accuracy and maximal accuracy 

amongst the LDA, QDA, RF and NN models. 

  

 Blanket bog spectra classification and accuracy 

For each VI group, the best performing model – with the highest overall mean 

maximum accuracy – was used to discriminate and subsequently classify the entire spectral 

dataset for the four dominant targets. In order to assess the individual classification output 

for every of the VI group combinations, the classification result was compared to the target 

type input. This comparison allows for identifying if misclassified targets have a tendency 

to occur in each other’s original target type as result of ‘spectral confusion’: e.g., which type 
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is most represented in misclassified Sphagnum spp. targets? Additionally, the same models 

are used to assess the target classification accuracy for VI data from the mixed targets. 

Classification accuracy for the best performing index combinations within the VI groups 

were summarised using the stats package and plotted using ggplot2. 

The nature of the spectral data obtained in the field also allows for assessing the role 

setting, timing and edaphic conditions on the accuracy of the models. The binomial 

classification output for the endmember targets – correct and incorrect – was used to assess 

the effect of sampling day, soil water content and soil temperature on the accuracy 

probability of each dominant blanket bog target. Generalised linear models (GLMs), using 

the glm function from stats package, were utilised to estimate the significance of the effects. 

First, the effect of sampling day was assessed for each target type by looking at the 

differences in distribution of the probabilities between the dates (i.e., correct classification 

~ sampling day). For the edaphic variables, similar approaches were used, but both included 

target type as a variable as well: correct classification ~ soil water content : target type and 

~ soil temperature : target type. Since the response variable is either a correct or false 

classification, the GLMs apply a binomial error distribution and logit link in the models. For 

the sampling day GLM only a chi-squared test output (anova function, stats package) was 

required to inspect the categorical effect on the distributions. For the edaphic GLMs, the 

output included a probability curve output dependent on the (continuous) covariates in the 

models. The interaction term ensures that the covariate’s effect is quantified for each 

individual target type (bare peat, graminoids, ericoids and Sphagnum spp.), allowing for 

comparisons between the effect on classification accuracy probabilities. Summary statistics 

(coefficient p-values) were extracted from the GLMs to visualise and interpret the 

probability curve of the individual edaphic variable effect using base and ggplot2 functions. 

Finally, the interaction effect of soil temperature and water content on the 

classification accuracy was determined for each target using a Generalised Linear Mixed 

Model (GLMM) from the glmer function from the lme4 package (Bates et al., 2015). 
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Summary statistics and overall model fit parameters from a Wald type II χ²-test (Anova 

function from car package, Fox et al., 2020) were calculated to determine which targets are 

more affected by blanket bog soil condition changes and how they influence classification 

accuracy using VIs from spectral data. 
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4.3 Results 

 Conditions prior to sampling 

The edaphic condition varied during the 30 days prior to each field visit (Munsary in 

August 2018 and May 2019, and Knockfin Heights in October 2018) (Figure 4.4), with 

colder and wetter conditions in Spring 2019 compared to warmer and drier conditions in 

both early and late Summer 2018. In particular, soil water content range was lower for the 

period before May 2019 and clustered at around a higher value (±0.61) compared to wide 

ranges in the 2018 periods. 

 

Figure 4.4 Density ridgeline plots displaying data distribution of edaphic conditions (soil 

temperature, soil water content and water level) across a 30-day period prior to sampling 

days. For each variable, the range of values is shown on the bottom x-axis, with the densities 

plotted for each sampling date (31st August 2018, 10th October 2018 and 14th May 2019). 

 Spectral signatures 

A total of 128 spectral signatures were measured during the field visits, covering all 

dominant plant functional types found at the target areas (Table 4.4). The majority of the 

signatures are endmember targets (for examples, see Appendix 4.3), and a selection of mixed 

targets was obtained for additional classification accuracy testing.  
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Table 4.4 Target type, collection date, number of measurements and total number of total 

mixed and endmember spectral signatures. 

Target type 

Measurements No. Observations 

August 

2018 

October 

2018 

May 

2019 

Mixed target Endmember 

Sphagnum spp. 10 11 8 5 24 

Graminoids 11 11 7 4 25 

Ericoids 13 8 7 8 21 

P. schreberi - 3 3 2 4 

Cladonia spp. - 3 - 1 2 

Water 1 4 2 4 3 

Bare peat 8 11 6 13 12 

 

Overall, there were significant differences found between targeted PFTs and key 

blanket bog features across all Broad-band, VIRGB and hyperspectral indices, except for WI 

(Appendix 4.1). These comparisons only included end-member measurements, apart from 

the P. schreberi, Cladonia spp. and water plots, for which mixed targets (dominant type 

coverage >75%) were also included to enable a larger sample size to allow for comparisons. 

The variance of VIs amongst the targets increased with sample size, although the water 

targets are likely to show greater variance due to the presence of vegetation and/or bare peat, 

introducing overlap mainly in the Broad-band and VIRGB indices. Consequently, only bare 

peat, graminoids, ericoids and Sphagnum spp. endmember targets were used for the 

discrimination and validation steps, as only these allowed for robust training and 

classification steps. 
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Phenospectral characteristics were not significantly different between sampling dates 

for ericoids and Sphagnum spp. However, for graminoids, REP estimates were lower in 

August 2018 than on the other dates, while CAI were higher in May 2019 compared to the 

other sampling occasions (Figure 4.5). Dry conditions (low measured soil water content) are 

primarily associated with the ericoid targets in May 2019, whereas the wettest soil conditions 

were measured in October 2018 across the sites. 

 

Figure 4.5 Dominant blanket bog PFT phenospectral characteristics for the Red Edge 

Position (REP) and Cellulose Absorption Index (CAI) between the three sampling dates. 

Soil water content of the targets is displayed to indicate edaphic conditions at time of 

sampling. 
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 Discrimination and validation 

Mean maximum discrimination and classification estimates across all model types 

and each target type per indices group shows much lower discrimination accuracies for 

Broad-band indices and VIRGB (Figure 4.6). For the hyperspectral indices, mean maximum 

accuracy ranges improve compared to the Broad-band and VIRGB groups. Between the four 

dominant targets, differences occur, where the ranges of mean maximum accuracy for VIs 

are wider for bare peat in the VIRGB group, compared to the other target types. Differences 

between index mean maximum accuracy within the VI groups are not significant 

(differences between targets are addressed in Section 4.3.4), but index usage – i.e., VI 

occurrence in best performing models – does differ amongst target types. 

Clear examples of these difference in VI occurrences (i.e., importance of the index 

within the VI-group) appear in the combined BB and VIRGB group, where ExG occurs the 

most in the best performing models for overall accuracy, something not reflected amongst 

the individual target types. When ExG is available only through the individual Broad-band 

group, its usage increases in, for example, discriminating graminoids and Sphagnum spp., 

but not so much for the other two targets. Other preferential indices include the NDVI 

(combined Broad-band and VIRGB), EVI and PRI (both in Broad-band, VIRGB and 

hyperspectral indices) for ericoids. PRI, along with CIm and the wetness-indicator fWBI1200, 

also shows up as a preferred index for graminoids and Sphagnum spp. discrimination, as 

well as for bare peat targets and overall model accuracy. 

The results of overall best-performing models show that the highest maximal 

accuracy per index group combinations were achieved in the LDA and QDA models (Table 

4.5). An exception is the Broad-band group, where the NN model performed best using both 

VIs. Although there are some similarities between the LDA, QDA, RF and NN models, the 

number of indices used to achieve the overall mean maximal and highest maximal accuracy 

varies across the identified best-performing models. An illustrative example is that only 4 

out of the 9 available indices were required in the Broad-band + VIRGB group to achieve the 
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overall highest mean maximal accuracy using QDA. Similarly, 4 indices (out of 16) were 

sufficient to achieve a 100% maximal accuracy in the LDA model for group with all 

available indices in this study. Apart from the Broad-band group, highest maximal accuracy 

was achieved with only a selection of the available indices in the index group combinations 

(Table 4.5).  

Table 4.5 Best index combinations for overall (Sphagnum spp., ericoids, graminoids and 

bare peat) maximal mean and maximal classification accuracy for any number of indices 

used in the models from the VI groups. Model selected for further classification steps are 

highlight in bold. Number of indices used in best-performing models indicated in brackets 

when not all available indices are included in best performing models. 

Group combination Endmember classification accuracy for each model 
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 Mean maximal accuracy % Maximal accuracy % 

LDA QDA RF NN LDA QDA RF NN 

+   2 39 36 43 55 39 42 (1) 43 55 

 +  7 54 82 (3) 49 60 (5) 75 82 (3) 55 (2) 60 (5) 

  + 7 100 (5)  92 79 87 100 (5) 100 (2) 82 (3) 94 (4) 

+ +  9 50 82 (4) 44 55 (7) 72 (3) 89 (3) 55 (6) 64 (4) 

+  + 9 89 85 78 (8) 89 100 (2) 100 (5) 82 (4) 95 (6) 

 + + 14 93 - 78 87 100 (4) - 86 (5) 99 (8) 

+ + + 16 96 (15) - 82 (15) 84 100 (4) - 87 (7) 98 (7) 
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 Blanket bog target classification 

Final classification of the 82 endmember and 30 mixed targets using best overall 

models for each VI group combination (Table 4.5), based on their maximal accuracy for 

discriminating the 4 dominant types show that overall accuracy was higher for endmember 

targets, compared to mixed targets (Figure 4.7). Looking at classification accuracy for 

individual endmember target types (Sphagnum spp., ericoids, graminoids and bare peat), the 

ericoids have a predominantly high classification accuracy (mean of 83.6%), compared to 

the other endmembers (graminoids 73.1%, bare peat 65.6% and Sphagnum spp. 59.3%).  

 

Figure 4.7 Index combinations for highest overall classification accuracy for the best 

performing model per indices group combination. For each PFT and ground cover type, 

percentages of correct (classification accuracy) and incorrect classified targets are displayed, 

further divided into the misclassified units (with accompanying proportions) presented by 

their appropriate colour. Mixed target types are grouped by dominant target type. Note that 

values are rounded to nearest integer, which can result in total classification accuracies less 

than 100%. 
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For mixed targets, the classification accuracies were lower, but more than half of the 

mixed graminoid targets were still classified correctly overall (mean accuracy 64.3%). 

Average classification accuracy was lower for mixed ericoids (36.1%), Sphagnum spp. 

(34.3%) and in particular bare peat (19.7%).  

Classification accuracy probabilities were predominantly consistent across the 

sampling period (Figure 4.8). Especially across the model output for ericoid targets, the 

effect of sampling day did not appear to affect overall classification accuracy probabilities. 

Although this pattern of a lack of effect across the model can also be observed for the other 

two PFTs, some exceptions are to be noted, including for the bare peat targets. These include 

significant differences between classification probabilities for graminoid targets in the 

hyperspectral indices only group model and the Sphagnum spp. targets in the combined 

Broad-band + hyperspectral indices group. For these two exemptions, the lowest 

classification probabilities were observed for the sampled targets in August 2018. Bare peat 

classification probabilities were significantly different in the Broad-band and 

BB+VIRGB+HYP models for the targets in May 2019 and in October 2018 across the Broad-

band + hyperspectral model output.  
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Figure 4.8 Effect of sampling day (chi-squared p-values indicate significance) on the 

classification probability for every VI group combination per dominant target type. Dashed 

lines and percentages denote average classification accuracy across the entire sampling 

period and symbols indicate classification outcome in the best-performing models. 
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 Role of soil conditions on classification accuracy  

The effect of soil temperature and water content on the correct classification of the 

four dominant blanket bog targets is quantified using the GLM outputs: results are plotted 

for every VI group combination (rows) and target type (columns) (Figure 4.9 and 4.10). The 

effects of soil water content are shown as a probability line through the classified targets, 

which are coloured based on their predicted target type (e.g., bare peat, graminoids, ericoids 

or Sphagnum spp.). The classification outputs from the models (Figure 4.7) are also included 

to compare overall accuracies with the probability plots. For most combinations of indices, 

soil water content did not impact the classification accuracies significantly and did not 

change the classification outcomes (Figure 4.9). However, when using only VIRGB, the 

results suggest that the probabilities of a correct classification increased significantly with 

soil water content for bare peat and ericoids. The only other significant effect is observed in 

the Broad-band and hyperspectral group, where the probability of a correct bare peat 

classification – which is already the lowest overall (17%) – decreases with soil water content. 

In contrast to the predominantly lack of an effect of water content on the 

classification accuracies, they were generally more affected by changes in soil temperature 

(Figure 4.10). Negatively affected probabilities with increased soil temperature are observed 

in the hyperspectral VI group (bare peat, graminoids and Sphagnum spp.), the combined 

Broad-band + hyperspectral indices groups (BB+HYP) (all four target types) and the final 

best performing model from all available VIs (bare peat and graminoids). Similar to the soil 

water content output, soil temperature did not affect classification probabilities in the Broad-

band, Broad-band + VIRGB and VIRGB + hyperspectral indices groups. 
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Figure 4.9 Effect of soil water content (p-values indicate significance) on the classification 

probability for every VI group combination per dominant target type. Dashed lines and 

percentages denote classification accuracy and symbols indicate classification outcome in 

the best-performing model. Shaded area represents the 95% confidence interval across the 

GLMs. 
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Figure 4.10 Effect of soil water content (p-values indicate significance) on the classification 

probability for every VI group combination per dominant target type. Dashed lines and 

percentages denote classification accuracy and symbols indicate classification outcome in 

the best-performing model. Shaded area represents the 95% confidence interval across the 

GLMs. 
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Moreover, the GLMM results (Appendix 4.2) on the combined effect of soil 

temperature and water content on the classification probability show no major deviations 

from the univariate GLMs results. The GLMM results highlight that the VIRGB probabilities 

are still affected in the interaction model (X2 (4, N = 82) = 12.95, p = 0.012) for bare peat 

and ericoids in the combined Broad-band + hyperspectral indices group (X2 (4, N = 82) = 

16.11, p = 0.003) for bare peat, accompanied by Sphagnum spp. and graminoids. Similarly, 

an interaction effect with soil water content and temperature shows the same significant 

effects in the hyperspectral group (X2 (4, N = 82) = 8.74, p = 0.068) for graminoids. The 

main difference is observed in the final model, where soil temperature (as a combined effect 

with soil water content) is not significantly affecting classification probabilities anymore (X2 

(4, N = 82) = 3.93, p = 0.416) for bare peat and graminoids (Figure 4.10). 
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4.4 Discussion 

 Opportunities of spectral vegetation indices on peatlands 

Spectral indices derived from remote sensing (i.e., Earth Observation satellites or 

UAVs) are widely used in peatland research, for example in classification and mapping 

purposes (e.g., Sonnentag et al., 2007; Harris & Bryant, 2009, Erudel et al., 2017) and for 

estimation of water content or gross primary productivity (Meingast et al., 2014; Banskota 

et al. 2016). However, in this study, the focus was on the interoperability of indices available 

for consumer-grade and high-end UAV-camera configurations. The introduced limitations 

of non-matching bands and spectral ranges of these sensors strengthen the need to interpret 

and utilise the comparisons and classification accuracies of the selected VIs with care and 

these results can only be used as an indication, especially when spectral ranges do not match 

those from this study. Regardless, the application of hyperspectral camera sensors will 

increase the adjustability of VIS, NIR and SWIR band ranges, enabling comparisons 

between sensors and upscaling through the different RS method resolutions (Arroyo-Mora 

et al., 2018; Minansy et al., 2019) and more accurately discriminate between PFTs 

(Kattenborn et al. 2019). 

The climate in northern Scotland is renowned for its low-frequency pattern of clear-

sky conditions, therefore only allowing a few windows of opportunity for this field-based 

study. The timing of the three sampling campaigns in Summer and Autumn of 2018 and 

Spring 2019 resulted in obtaining spectra across a range of solar and atmospheric conditions, 

as well as edaphic soil conditions. Although studies show that solar zenith angle affects 

spectral reflectance and indices (Brown et al., 2017), the range of observed angles are closer 

to the ideal range of SA (45°) than ‘high sun’ conditions (Middleton, 1991). Furthermore, 

the range of spectral information allows for a comparison that enhances the applicability of 

the discriminatory and classification outcome to other (comparable) sites across the growing 

season, for example as seen in the spectral differences between C. vulgaris and Cladonia 

spp. at an open dryland site (Neumann et al., 2016). 
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Although the obtained spectral library allowed for comparing a set of dominant 

blanket bog cover types, for some target types (water, P. schreberi, Cladonia spp.), the 

sample size was too small to include them in the final discrimination and classification 

models. Nonetheless, water targets are still expected to differentiate from blanket bog PFTs, 

as a result of their dissimilarities in VI-ranges (Appendix 4.2). Contrastingly, the P. 

schreberi and Cladonia spp. targets show a lot of overlap in VIs, although significantly 

different ranges do occur across all VI groups, suggesting that a larger sample size would be 

required to support correct classification when included in similar studies. 

Final classification results from all best-performing models within VI groups are 

lower compared to the accuracy from the initial model outputs from the model comparisons. 

This is not entirely unexpected, as it is likely a result of the cross-validation steps for each 

of the LDA, QDA, RF and NN models: occasionally the training dataset (3/4 of the data) 

was suitable to perfectly predict the remaining sample dataset: a common observation 

increasing k-fold cross-validation steps (Kohavi, 1995) and random sub-sampling (Roberts 

et al., 2017). So overall, ‘expected’ accuracies across all classes give a robust, yet probably 

optimistic, prediction of classification outcomes using specific VI groups. 

 

 Classification accuracy amongst vegetation indices 

The results confirm the first two hypotheses that spectral difference will reliably 

distinguish between key blanket bog PFTs and features, and more so when hyperspectral 

indices are included. Indeed, this study showed highest overall classification accuracy 

ranging between 55% (when only using Broad-band VIs) to 100% (when including 

hyperspectral indices). These ranges of classification accuracies for the dominant PFTs align 

with previous research that utilised VIs to discriminate between peatland PFTs – including 

low model fits for Sphagnum spp. (Räsänen et al., 2019a) – and those linking spectral 

characteristics with plant phenology and environmental conditions, despite the VIs not being 

peatland-specific (Erudel et al., 2017).  
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Overall, the variation in average classification accuracy between PFT groups 

(ericoids (83%), graminoids (73%) and Sphagnum spp. (59%)) is most likely explained by 

the differences in species associated with each PFT target. Ericoid shrub targets were 

exclusively made up of C. vulgaris, whereas the graminoids targets consisted of a mix of E. 

angustifolioum, E. vaginatum and Trichophorum germanicum L. across the sites. Similarly, 

the Sphagnum target had variable species composition at both sites, including Sphagnum 

capillifolium, Sphagnum cuspidatum, Sphagnum papillosum and Sphagnum medium. They 

have been grouped as a PFT for more general (large scale) classification steps successfully 

in the past (Baxendale et al., 2016; Erudel et al., 2017); however, species-specific spectral 

libraries will increase discriminatory and classification accuracies given that the spectral 

characteristics of individual species are known to differ (i.e., Vogelmann & Moss, 1993; 

Pang et al., 2020; Lees et al., 2021b). 

The discrimination potential of the best-performing VI-groups show that some 

dominant blanket bog PFTs were more easily separated. For example, in the Broad-band 

group, classification accuracy was low for Sphagnum spp. (29%), compared to ericoid 

targets (95%). Relating to the VIs in the group, NDVI in particular has been identified as a 

poor estimator of Sphagnum spp. greenness and biomass (Bubier et al., 1997), and normally 

yield low overall values due to the low reflectance in the associated red and NIR bands 

(Vogelmann & Moss, 1993). However, in this case, overlap in NDVI and EVI ranges 

(Appendix 4.1) is likely causing the Sphagnum spp. endmember targets to be classified as 

graminoids (58%). Similarly, ericoids showed predominantly higher NDVI and EVI values, 

likely related to generally high aboveground biomass amongst shrubs and specific leaf 

characteristics, compared to other vascular plants (Huete et al., 1997; Atkinson & Treitz, 

2013; Räsänen et al., 2019b). Similarly, in the VIRGB group, VARI and NGRVI – both 

contributing to accurate discrimination between bare peat, ericoids and graminoids – have 

also shown to correlate well with dry matter estimates in an experimental grassland plot 
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(Lussem et al., 2018), identifying their potential ability to distinguish between biomass 

differences in the blanket bog targets as well. 

Although not present in any of the final models, the hyperspectral VI PRI was the 

most abundant VI for ericoid discrimination and classification across all models. This is 

likely related to the increased reflectance of red and blue spectral regions (used for the PRI), 

associated with the purple flowers of the ericoid-shrubs (Mänd et al., 2018), which would 

have been in bloom during the August survey. Though, without PRI, the predictive power 

of the combined VIs the Hyperspectral group was enough to yield a 100% classification 

accuracy amongst the ericoid endmember targets. One VI that showed up in every VIRGB 

group model is ExG, indicating that the green band is an important discriminatory variable 

across the target types. Moreover, all other VIRGB (except VARI and NGRVI) are excluded 

from the best-performing models, which could relate to observed abilities of ExG to 

distinguish plant from non-plant surfaces (Woebbecke et al., 2995) and to cope better with 

changing illumination compared to for example GI (Sonnentag et al., 2012), aiding 

discrimination amongst targets in various conditions. 

VIs focusing on biochemical vegetation characteristics such as chlorophyll content 

(CIm and SIPI) and water status (fWBI, NDWI and WI) also contribute to higher 

classification accuracies across Sphagnum spp., ericoids and bare peat. However, increased 

ericoid shrub cover has shown to result in a distorted spectral signal, as moisture content in 

underlying Sphagnum mosses can influence fWBI in areas with multiple vegetation layers 

(Meingast et al., 2014). This could explain the reduced accuracy for the Sphagnum spp. and 

ericoid mixed targets in models that include fWBI980 and fWBI1200 indices. 

 

 Effect of soil condition on classification accuracy 

The phenospectral characteristics (REP and CAI) of ericoids and Sphagnum spp. 

show limited change across the sampling dates. For these species, phenology or senescence 

were not pre-dominant drivers in the spectral response of the targets sampled in this study. 
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Similarly, the results – an overall absence of dominant effects across the sampling dates and 

edaphic conditions – allow rejecting the initial hypothesis that there would be a strong effect 

on classification success across all dominant PFTs. 

However, the classification accuracy probability for graminoids was significantly 

lower during August 2018 (compared to October 2018 and May 2019), but only for the 

Hyperspectral group model. The range of values of the VIs in the model (CIm, fWBI1200, 

NDWI, SIPI and WI) are only different for CIm (Appendix 4.1) and graminoids are, based 

on the other 4 VIs, similar to the ericoids, which lines up with the predictions in the final 

classifications. The five hyperspectral VIs are associated with chlorophyll content and water 

stress indicators, which line up with the observed browning of some graminoids species. 

This is further supported by the lower REP values observed for graminoids in August 2018 

and aligns with previous observations for graminoids in northern England (Cole et al., 2014). 

Decreasing REP has been related to changes decreasing chlorophyll content (Filella & 

Peñuelas, 1994), for example as a result of water stress (Harris et al., 2005). Additionally, 

chlorophyll content is known to be generally lower at the start of the growing season across 

peatlands (Kalacska et al., 2015; Moore & Bubier, 2020).  

Graminoids are also the only PFT for which CAI is affected by sampling date, with 

higher values measured in May 2019. Since CAI relates to plant litter coverage (Nagler et 

al., 2003), the higher values in May could be explained by the increased post-winter coverage 

of graminoid litter. Contrastingly, during the two sampling days in 2018, it is likely that 

graminoid coverage was still in a healthy, growing state, as supported by the overall net C-

CO2 sink behaviour observed throughout the year (as shown in Chapter 3). 

A sampling date effect can be observed in relation to Sphagnum spp. classification 

accuracy probability in the Broad-band + Hyperspectral indices group, which decreased in 

August 2018. In this case, both VIs (NDWI and WI) from the best-performing model are 

associated with target moisture conditions, in particular of Sphagnum spp. (Letendre et al., 

2008). The dry and warm conditions likely altered the water content of the target, regardless 
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of phenospectral characteristics such as REP and CAI, as these did not change across the 

sampling period.  

Applied spectral and remote sensing research has shown that changes in soil 

conditions are generally reflected in the vegetation, including water content (Easterday et 

al., 2019), temperature (Song et al., 2015) and potentially introduce soil background noise 

to the spectral reflectance across peatland targets (O’Connell et al., 2010). In this study, the 

range of soil temperature and soil water content in the upper peat layer was used to estimate 

their effects on classification accuracy of the dominant blanket bog PFTs and bare peat. Soil 

water content was not found to affect the classification accuracy of Sphagnum spp. in this 

group which is most likely due to water content being measured in the underlying peat, 

instead of at the vegetation itself. However, as temperature increased so did the likelihood 

of misclassifying Sphagnum spp. as graminoids: heat is likely driving a decrease in plant 

water content and NDWI (Lees et al., 2021b), resulting in an increase of spectral confusion 

(overlap of VI ranges) of both targets (Appendix 4.1). Furthermore, occasional (partial) 

bleaching of Sphagnum spp. and browning of graminoids (i.e., T. germanicum) (Appendix 

4.3) observed in the field are also expected to contribute to these increased spectral 

similarities between the PFTs. Because of these changes in phenospectral characteristics, 

graminoid litter and moss litter can also be treated as separate classes when classifying 

peatland cover, as shown by Middleton et al. (2012). Both vascular plant PFTs (graminoid 

and ericoids) are known for their biomass and litter production on blanket bogs (Forrest & 

Smith, 1975), and increased litter proportions of spectral targets due to browning or 

senescence can significantly alter reflectance across the visible and NIR spectrum (Asner, 

1998). 

 

 Implications for applications 

Overall, the VIs derived from the spectral reflectance of the blanket bog targets in 

this study show valuable insights for monitoring campaigns with aerial imagery (e.g., UAV-
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derived) during the growing season, even when only RGB are available. This study shows 

that the probability of correct classification on dominant blanket bog cover types decreases 

with dryer conditions. Classification models using data from UAV-sensors – those able to 

capture the water bands and the red edge region – would likely yield more stable 

classification accuracies in drier conditions. Similarly, including a NIR band (i.e., to allow 

Broad-band group VIs calculation) would likely result in more constant accuracy probability 

for the bare peat and ericoids targets across soil water conditions.  

Although a minimal effect was observed in the overall model outputs, spectral 

changes as a result of phenology and senescence associated with the seasons are to be taken 

into account when choosing sites and targets, but also the (UAV-)sensors and their 

restrictions on the available VIs. Additionally, when utilising spectral data for classification 

and change analysis of targets over time (i.e., to monitor post-fire vegetation recovery, see 

Chapter 6), it is recommended to obtain the data at the same time of year, to negate any 

(pheno)spectral changes throughout the year as observed for the dominant blanket bog PFTs. 

Recently, hyperspectral sensors have become more affordable and easier to deploy (i.e., on 

a UAV platform), probably overtaking commonly-used multi-spectral sensors over time as 

these are still often limited in band ranges or highly optimised for only certain applications 

(e.g., crop monitoring). With that perspective in mind, the possibilities of VIs and high-end 

UAVs for blanket bog vegetation and key feature classification increase, especially when 

combined with edaphic condition monitoring. Applications could involve using VIs 

correlated to chlorophyll content to assess Sphagnum spp. recovery as a results of restoration 

efforts (Konings et al., 2018) or map changes in phenology across vascular plants (Cole et 

al., 2014; Räsänen et al., 2020). 
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4.5 Conclusion 

This study shows that dominant PFTs and key blanket bog features can be accurately 

discriminated from one another and classified with the use of spectral (vegetation) indices. 

The outputs of the exhaustive index combination models suggest that it is possible to obtain 

high overall classification accuracy. Accurate discrimination between dominant PFTs and 

bare peat depends on the clustering and classification model used, in this case highest overall 

(mean) maximal accuracy was obtained using LDA, followed by QDA, NN and RF models. 

Using the best-performing combinations of VIs, final model accuracy for each of the four 

dominant blanket bog target types showed that across the sites and sampling period, vascular 

plants such as ericoids and graminoids are more likely to be correctly classified compared 

to Sphagnum spp. and bare peat targets. Even though soil water content and soil temperature 

have a limited effect on the likelihood of misclassification (spectral confusion), their effect 

on plant phenology and senescence can be observed in the predicted target classes, especially 

for graminoids.  

This proof-of-concept study underlines that temporal range, sample size and broad 

range environmental conditions can help obtain representative (pheno)spectral data for 

vegetation types of interest, enabling robust discriminatory and classification results. Correct 

classification of key PFTs and blanket bog features (i.e., bare peat and pools) from high-

resolution UAV-imagery will allow for a better understanding of spatial variability of 

peatland functioning across larger areas in detail, which will be explored in Chapter 5 and 

6. Subsequently, the relationships between peatland cover types, variations in edaphic 

conditions, and associated emission and sequestration rates of carbon can be utilised to 

obtain increasingly accurate GHG budget estimates. For methods utilising low-cost, 

commercial sensors, a next step will be to examine the limitations and advantages of VIRGB 

for the classification of blanket bog cover types, particularly applying the (UAV-)imagery 

derived estimates to upscale GHG flux estimates. 
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5 Peatland cover classification using bog standard UAVs to 

estimate upland and low-lying blanket bog NEE 

 

5.1 Introduction 

The role of peatlands as a climate change mitigation strategy is currently often 

underestimated (Leifield & Menichetti, 2018; Loisel et al., 2021). Because of their global 

importance to carbon storage, peatlands are used as a primary argument to protect (near-

)natural sites and restore degraded sites (e.g., due to drainage for agriculture, forestry, and 

peat extraction), especially since they are overlooked in current Earth system models 

(Limpens et al., 2008; Loisel et al., 2021). As a result of anthropogenic pressures CO2 

emissions from peatlands have increased since the industrial period and are estimated to 

account for approximately 3.5% of total anthropogenic GHG emissions around the world 

(IPCC, 2013). Increased land-use change, and associated degradation of peatlands – 

including altered conditions as a result of drainage (Evans & Warburton, 2010; Minayeva et 

al., 2017; Goud et al., 2018) – has caused accelerated oxidisation and release of the carbon 

stored in the peat, shifting their behaviour from net GHG sink to source (Blodau et al., 2004; 

Evans et al., 2017; Hermans et al., 2019; Leifeld et al., 2019). In the UK, the most recent 

peatland emission inventory suggests that GHG emissions from degraded peatlands (23,100 

kt CO2-e yr-1) are enough to switch the entire UK Land Use, Land Use Change and Forestry 

(LULUCF) estimate from an overall sink to source (Evans et al., 2017). Even though this 

inventory is more detailed than the IPCC estimates, the emission factors are based on a 

limited set of nation-wide empirical studies and the uncertainty in the inter-regional 

variations has yet to be accounted for (Evans et al., 2017). 

As well as land-use change, current climate predictions for Europe expect shifts to 

drier and warmer summers (Chan et al., 2018; Chan et al., 2020). Prolonged hot and dry 

conditions can affect peatland functioning, by accelerating decomposition rates of peat, 
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lowering the resilience to drought, and increasing wildfire risks (Turetsky et al., 2015; Lunt 

et al., 2019; Harris et al., 2020). These changes are also predicted to reduce the current 

bioclimatic space of northern bogs (Chaudhary et al., 2020) and blanket bogs in particular 

(Clark et al., 2010; Gallego-Sala & Prentice, 2013). However, these models do not 

specifically address what will happen to the carbon stored in blanket bogs once they are 

exposed to higher and drier conditions.  

To better understand the fate of carbon under global climate change, there is a clear 

and pressing need for increased empirical measurements from peatlands under the full 

spectrum of land management and under a range of climate and landscape settings (Loisel 

et al., 2021). Empirical measurements cannot currently be deployed at the scales needed and 

remain limited because they are either costly and not spatially replicated (e.g., EC towers 

(Davis et al., 2010; Hill et al., 2017)) or require a high level of skills and are time-intensive 

(e.g., chamber-based measurements). An alternative approach to improve the range of GHG 

estimates across spatial and condition ranges of peatlands is to use proxies instead of in situ 

measurements. For example, Couwenberg et al. (2011) developed a method based on 

vegetation as proxies to determine Greenhouse gas Emission Site Types (GESTs) as a means 

to upscale GHG estimates from a plot to landscape scale by multiplying CO2-equivalent 

fluxes associated with a GEST with the area covered by that GEST within a given peatland. 

While useful, this approach was developed primarily for highly degraded temperate 

peatlands, and not blanket bogs. Furthermore, it was not designed to predict GHG during 

extreme events, such as drought. Previous research shows that when taking into account 

changes in hydrological and peat surface dynamics during and after drought conditions 

(Chapter 3, section 3.4.2; Marshall et al., 2021), CO2 fluxes in blanket bog systems appear 

to be driven by (micro-)topographic setting and overall water availability, instead of only 

plant functional type (PFT) cover. In other words, to upscale GHG emissions from small-

scale empirical dataset and identify resilient GHG sink areas for blanket bog, proxies might 

need to include topographic, hydrological as well as GEST-like vegetation communities. 
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To obtain such landscape scale proxies, remote sensing (RS) surveys have 

traditionally been used, as they provide high spatial coverage for peatland monitoring (Fuller 

et al., 2002; Poulin et al., 2002; Mehner et al., 2004; O’Connell et al., 2014; Connolly, 2018; 

Artz et al., 2019). Lees et al. (2018) identified that although satellite-based RS methods can 

help estimate peatland cover and GHG fluxes, as well as environmental conditions (i.e., 

temperature and water content), data acquisition can be limited through cloud-cover 

(especially in Scotland), resolution issues (omission of detailed microtopography) and the 

extensive validation procedures required. Especially when trying to utilise proxies from RS-

derived data, it must be acknowledged that the spatial and temporal variability of 

environmental conditions that exist in peatlands highly affect modelling accuracies of GHG 

fluxes (Letendre et al., 2008; Gažovič et al., 2013) and possibly only accurately cover GHG 

dynamics for a designated area, for example EC-tower footprints (Lees et al., 2020b; Junttila 

et al., 2021). 

Recently, the use of unoccupied aerial vehicles (UAVs) has tried to fill in the gap 

between traditional mapping in the field and satellite- or airborne photography-based land 

cover classification. Since UAVs can be used to obtain high resolution (centimetre pixel 

size) imagery, very accurate land surface coverage estimates can be achieved (Mathews et 

al., 2015; Müllerová et al., 2016; Ivanov et al., 2021). Similar to RS satellites, a wide range 

of UAV platforms able to capture spectral characteristics from target areas exist and these 

can be equipped with instruments ranging from standard red-green-blue (RGB) cameras to 

multi- and hyperspectral sensors, all with their respective increasing costs. However, UAVs 

provide a cost-effective solution for the collection of high-resolution data in comparison 

with airborne surveys.  

Due to their relatively small size and accessible usability, UAVs have proven to 

allow for detailed image acquisition across a variety of ecosystems and terrains (Salamí et 

al., 2014). Especially consumer-grade UAVs – often equipped with ordinary, high-

resolution (20 – 48 MP) cameras and batteries that allow for 20 to 30-minute flight times – 
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are increasingly used by conservation organisations for routine monitoring (López & 

Mulero-Pázmány, 2019). In particular, their application in remote or challenging areas or in 

changeable weather, both typical of blanket bog landscapes, can be favoured over the 

deployment of high-end UAVs. 

The main aim of this chapter – in line with objectives 3 and 4 outlined in Chapter 1 

– is to understand the advantages and limitations of consumer-grade UAVs for the purpose 

of GHG emission estimation in blanket bogs. In detail, the objectives of this chapter include: 

1) to identify best-performing RGB-derived Vegetation Indices (VIs) and Land 

Surface Parameters (LSPs) for the classification of peatland PFT and key blanket bog 

features (i.e., pools and bare peat) using commonly-used RS classification methods such as 

maximum likelihood estimations and random forest models; 

2) to classify upland and low-lying blanket bog margin and centre microtope plots 

(see Chapter 2 for details) to obtain cover type maps and qualitatively assess the effect of 

spatial resolution on percentage coverage; 

 3) to derive cumulative annual C-CO2 Net Ecosystem Exchange (NEE) estimates 

“by proxy” for plots at contrasting topographic sites for a drought year (2018) and a post-

drought year (2019); and 

 4) to compare these NEE estimates with estimates derived from UK specific near-

natural blanket bog emission factors from Evans et al. (2017).  

It is hypothesised that dominant peatland PFTs and key blanket bog features can be 

classified with high confidence as a result of differences in their spectral characteristics. The 

use of VI derived from RGB band data is also hypothesised to be less accurate, compared to 

models that also include the topography-specific LSPs. Furthermore, it is hypothesised that 

any decrease in spatial resolution would result in less accurate results and underestimations 

of certain cover types, including Sphagnum spp. given their lower position within multi-

layered peatland vegetation canopy structure. Finally, plot-scale NEE estimates based on the 

classified UAV-derived blanket bog maps are predicted to be affected by changes in spatial 
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resolution as spatially dominant cover types could potentially drive annual estimates towards 

increased over- or underestimated NEE, especially when those cover types are associated 

with high net source or sink behaviour. Differences in final NEE estimates from the upland 

and low-lying blanket bog sites are expected to be driven by the PFT-linked estimates from 

2018 and post-drought year in 2019 from Chapter 3. Finally, it is anticipated that the near-

natural sites NEE estimates will predict a source of C-CO2 during droughts, in contrast with 

the “static” overall net-sink behaviour expected from using emission factors by Evans et al. 

(2017). 
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5.2 Methods 

 Study sites 

An upland and low-lying site were selected for this study as two topographically 

contrasting ‘end member’ blanket bog habitats. Both research sites are located in the Flow 

Country peatlands, spanning across the counties of Sutherland and Caithness in northern 

Scotland (Chapter 2, section 2.1). The upland site at Knockfin Heights (58°19’07.7” N, 

3°48’22.8” W) is part of the largest continuous upland plateau (340-440 m.a.s.l.) in the Flow 

Country. The low-lying site Munsary (58°23’49.0” N, 3°20’26.5” W) sits at ~100 m.a.s.l 

and is located 30 km to the east of Knockfin Heights. The sites were chosen based on their 

distinct difference in topographical setting and extensive vegetation surveys and monitoring 

campaigns (Smart, 1982; Richard Lindsay, personal communication; Hancock et al., 2018a) 

that provide a record for past and current species occurrences at both sites. 

Although Knockfin Heights is part of the Forsinard Flows National Nature Reserve, 

no active restoration management (i.e., drain blocking) has been applied by the Royal 

Society for the Protection of Birds (RSPB). The site is characterised by blanket bog and wet 

heath showing signs of active erosion in places (Hancock et al., 2018a). Dominant ericoid 

shrub species include Calluna vulgaris L. and Erica tetralix L., with a graminoid cover 

mostly consisting of Eriophorum angustifolium L., Trichophorum germanicum L. and Carex 

panicea L.. Mosses include Sphagnum capillifolium, Sphagnum cuspidatum and 

Racomitrium lanuginosum. Peat hags (areas of bare peat overhanging on the side of gullies) 

and dry pools have been colonised by E. angustifolium in places.  

The low-lying site of Munsary is part of the Shielton Peatlands Site of Special 

Scientific Interest (SSSI) designated for its blanket bog habitat and breeding birds. The area 

is characterised by an extensive pool system in the centre (Smart, 1982) (Figure 5.1). 

Sphagnum species include Sphagnum papillosum, S. medium, S. austinii and S. capillifolium, 

while other bryophytes include Polytrichum commune and Racomitrium lanuginosum. For 
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vascular species, C. vulgaris, E. tetralix, E. angustifolium and E. vaginatum are abundant, 

together with T. germanicum and Narthecium ossifragum. 

In 2017, replicated plots (approximately 100 by 100 metres) located in the centre and 

margins of both sites were chosen as part of a study using Interferometric SAR (InSAR) to 

characterise the seasonal and inter-annual patterns of blanket bog surface oscillations 

(Marshall et al., 2019; Marshall et al., 2021). The same plots were used to position the collars 

used for collecting CO2 flux data from dominant plant functional types and are also used in 

this chapter (Figure 5.1). To optimise efficiency with the UAV in the field and limit 

subsequent data processing steps, one single plot (M-C2) was chosen to cover the original 

two centre plots at Munsary (see Chapter 2, section 2.1.1 and Chapter 3, section 3.2.1). 

 

 

Figure 5.1 Margin and centre plot distribution at Knockfin Heights and Munsary. UAV-

flights extended around the mapped 150 by 150-metre plots (except for M-C2) by around 25 

metres. 
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 UAV-imagery 

A consumer-grade UAV, the DJI Phantom 4 Advanced, was flown over all 11 plots 

during clear sky and low wind conditions in 2019 on May 15th at Munsary and June 7th at 

Knockfin Heights (details in Appendix 5.1). Detailed flight plan and data acquisition steps 

are described in Chapter 2 (see section 2.2). All images were collected within 2 hours to 

make sure light conditions were comparable between flights, increasing the comparability 

in reflectance behaviour across the plots. The UAV was equipped with a 20-megapixel 

camera (FC6310), able to obtain RGB imagery across their associated spectral wavelength 

ranges (red: 594 ±65 nm, green: 524 ±115 nm and blue: 468 ±94 nm) (Burggraaf et al., 

2019).  

To allow for image comparison, each flight plan was set to have the UAV fly at 60 

m above the surface, enabling a final image resolution of 2.0 cm. A total of 331 and 292 8-

bit JPEG images were obtained at Munsary and Knockfin Heights respectively. The three-

band RGB images contain the spectral reflectance of scene – in this case part of the target 

plots – in a digital number (DN) format ranging from 0 to 255.  

For each of the flights, an individual 2cm resolution orthomosaic and digital surface 

model (DSM) was created using the opensource software package OpenDroneMap (ODM, 

2020). Details on the Structure-from-Motion (SfM) technique to convert UAV-images to 

orthomosaics, including processing settings, are included in Chapter 2 (see Section 2.2). 

Even though the DJI P4 has on-board GPS for flight planning and subsequent geo-tagging 

of obtained imagery, additional ground control points (GCPs) were utilised to increase the 

confidence in accuracy of both the orthomosaic and digital surface model (DSM) at all the 

plots (Assman et al., 2018). For both sites features with known GPS locations were included: 

the (semi-)permanent benchmarks used for the peatland subsidence study (Marshall et al., 

2021) and the collars and loggers used for the CO2 flux measurements (see Chapter 3). Using 

the ODM GCP Editor Pro interface, the individual GCPs were identified in the images before 
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being processed into final orthomosaics. For Munsary, 60 GCPs were identified 291 times 

and at Knockfin Heights, 61 GCPs selected 277 times in the imagery.  

The steps described in the subsequent method sections were all performed using the 

opensource language R version 4.0.2 (R Core Team, 2014) in RStudio (version 1.3) to ensure 

reproducibility and transparency of the techniques applied for image processing, RGB and 

VIs and LSP calculations, as well as the classification steps and subsequent statistical 

analyses. Additional output control and final map production were done in QGIS version 

3.14 (QGIS Development Team, 2020). 

 

5.2.2.1 Image processing 

UAV-image acquisition and processing steps were followed by manually checking 

each of the RGB-orthomosaic and DSM (GeoTIFF files) for quality issues (i.e., edge-effects 

and artifacts in the data) and subsequently clipped to a uniform 150 by 150 m extent. This 

ensured that any errors on the edges of the plots, resulting from low data density in the 

original point clouds due to reduced image overlap, were excluded. An additional 5 m buffer 

for the DSM was kept, minimising edge-effects in subsequent LSP calculations. 

Additionally, the 2 cm resolution DSMs were down-sampled to 10 cm resolution GeoTIFFs 

to reduce the requirements on computational needs to handle large files, while still retaining 

a high-resolution DSM of each plot. 

A custom R script was written and used to allow for parallel processing of the large 

2 cm pixel-size rasters. This was achieved by utilising all 8 logical cores (threads) from a 

2.6 GHz Quad-Core Intel Core i7 on a MacBook Pro (2016). Each orthomosaic GeoTIFF 

was tiled to 50 x 50 m subsets using the landmap package (Hengl, 2021), and subsequently 

processed in parallel with the snowfall package (Knaus et al., 2009) and the parallel package 

(R Core Team, 2014). 
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5.2.2.2 RGB and vegetation indices 

The DN values from the RGB orthomosaics were used to calculate 7 commonly used 

RGB vegetation indices (VIRGB) (Table 5.1), the same VIRGB used in Chapter 4 (see section 

4.2.3). All RGB band calculations were done using the raster (Hijmans et al., 2020), rgdal 

(Bivand et al., 2021) and sf (Pebesma, 2021) R packages and subsequent data quality checks 

were achieved with the rasterVis package (Perpiñan, 2021). DN-values of the individual red, 

green and blue bands were also included as 3 separate variables (RGB in Table 5.3). 
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Table 5.1 RGB-derived vegetation indices 
Index (full name) 

Equation 
Description Reference 

ExG (Excess Green) 

2  Rgreen – (Rred + 

Rblue) 

Canopy greenness estimator, defined as the excess 

of green reflectance compared to red and blue used 

to contrast vegetation from non-plant surfaces 

Woebbecke et 

al., 1995 

GI (Greenness Index) 

Rgreen / (Rblue + Rgreen + 

Rred) 

Related to canopy greenness, originally developed 

for Landsat MSS imagery, but has used on UAV-

imagery either using RGB reflectance data, or 

digital number images 

Gillespie et al., 

1987; Beyer et 

al., 2019 

GLI (Green Leaf Index) 

(2  Rgreen – Rred – 

Rblue) / (2  Rgreen + 

Rred + Rblue) 

Discriminating vegetation and soil/non-living 

targets (canopy greenness) by ratioing the average 

of red and blue (chlorophyll absorption) with green 

reflectance 

Louhaichi et al., 

2001 

MGRVI (Modified Green Red Vegetation Index) 

(Rgreen
2 – Rred

2) / 

(Rgreen
2 + Rred

2) 

Developed for UAS to estimate plant biomass 

through plant height by exploiting chlorophyll-

related reflectance in red and green bands 

Bendig et al., 

2015 

NGRVI (Normalised Green Red Vegetation Index) 

(Rgreen – Rred) / (Rgreen 

+ Rred) 

Used for estimating vegetation biomass and 

chlorophyll content using Landsat imagery, but 

sensitive to scale and more accurate at leaf scale 

compared to canopy studies 

Tucker, 1979; 

Hunt et al., 2011 

RGBVI (Red Green Blue Vegetation Index) 

(Rgreen
2) – (Rblue  

Rred) / (Rgreen
2) + (Rblue 

 Rred) 

Related to biomass and similar to MGRVI, and 

UAS-derived RGBVI estimates. Correlates well 

with field spectroradiometer signature-derived 

index values 

Bendig et al., 

2015 

VARI (Visible Atmospherically Resistant Index) 

(Rgreen – Rred) / (Rgreen 

+ Rred – Rblue) 

Cancel out atmospheric effects by using RGB 

band-specific atmospheric influence and 

wavelengths, found to relate to vegetation 

fractional (canopy) cover and shows similar 

behaviour with NDVI, with better performances in 

denser vegetation coverage 

Gitelson et al., 

2002 

Rx refers to reflectance (DN) with subscript indicating the band (Red, Green or Blue)
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5.2.2.3 Land-Surface Parameters 

In addition to the VIRGB and RGB layers, different geomorphometric and topo-

hydrological parameters were calculated from the 10 cm resolution DSMs with the 5-metre 

buffer. A total of 18 Land-Surface Parameters (LSPs) were calculated (Table 5.2) and 

included to investigate the relative importance of surface morphology – i.e., surface 

including vegetation canopy structure – in predictive modelling of key blanket bog 

vegetation and features. 

All LSPs were obtained using the Rsagacmd package (Pawley, 2020) utilising the 

System for Automated Geoscientific Analyses (SAGA) (Conrad et al., 2015). Geographic 

Information System (GIS) software suite and all original parameter sources can be found in 

the online guides. Unless otherwise stated, all LSPs were calculated using the default settings 

in SAGA. After calculations, the 5-metre buffer was removed from all LSP layers (GeoTIFF 

files) to ensure proper alignment with the orthomosaic and derived VIRGB layers for each 

plot.
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Table 5.2 Land-Surface Parameters using 10 cm UAV-derived DSM. *details on variable, 

ignored or not applicable moving windows, please refer to Conrad et al. (2015) 

LSP (full name) 

Moving window (px) / 

search radius (m) 

Description Reference 

AS (Aspect) 

3 x 3 px 
Slope face direction in degrees (range: north 0°, east 90°, 

south 180° and west 270°) 

Travis et al., 

1975 

CI (Convergence index 

3 x 3 px 
Average direction of slope of adjacent slopes in degrees  

(range: -90 to 90 °) 

Köthe & 

Lehmeier, 1996 

DAH (Diurnal Anisotropic Heat) 

3 x 3 px 
Soil surface heating index based on slope and aspect  

(range: -1 to 1) 

Böhner & 

Antonić, 2009 

MF (Morphometric Features) 

5 x 5 px 

Classification of similar areas into peaks, ridges, passes, 

channels, pits and planes based on multi-scale least-squares 

fit of slope, aspect and curvature (6 classes) 

Wood, 2009 

MRVBF (Multiresolution Index of Valley Bottom Flatness) 

variable * 
Index of topographic flat low-lying areas based on the slope 

and elevation percentile (‘valley bottom’ >> 1.0) 

Gallant & 

Dowling, 2003 

SL (Slope) 

3 x 3 px Inclination of terrain surface in degrees (range: 0 to 90°) 
Travis et al., 

1975 

SVD (Sky View Distance)  

ignored *  

Viewing distance in pixel hemisphere to first obstruction, 

i.e., distance to higher pixel in 8 directions (range: 0.1 to 

360.6 m) 

Böhner & 

Antonić, 2009 

TO (Topographic Openness) 

0.5 / 2.5 m 
Highlighting dominance of pixel location in degrees: higher 

values indicate more exposed areas (range: 0 to 99.5 °) 

Yokoyama et 

al., 2002 

TRI (Terrain Ruggedness Index) 

0.1 / 0.5 m 

Quantifies topographic heterogeneity with the sum of 

elevation changes in moving window around pixel (range: 0 

to 0.8 m). 

Riley et al., 

1999 

TSC (Terrain Surface Convexity) 

5 x 5 px 
Percentage of convex (upward) cells within the moving 

window (range: 0 to 100 %) 

Conrad et al., 

2015 

TWI (Topographic Water Index) 

n.a. 

Relating topographic structure (slope) to flow patterns and 

(soil) moisture storage using SAGA wetness index  

(range: -2.9 to 7.4) 

Böhner et al., 

2001 

VD (Valley Depth) 

n.a. 
Height below neighbouring ridgelines (based on inverted 

DSM) (range: 0 to 1.9 m) 

Böhner & 

Selige, 2006 

VRM (Vector Ruggedness Measure) 

0.5 / 2.5 m 
Index of combined slope and aspect, highlighting surface 

flatness (range: 0 (flat) to 1 (most rugged). 

Conrad et al., 

2015 

WEI (Wind Exposure Index) 

10.0 / 50.0 m 
Index of average wind effect from 24 directions around a 

pixel, with shadowed < 1 < exposed (range: 0.8 to 1.2). 

Böhner & 

Antonić, 2009 
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 Classification 

5.2.3.1 Training dataset 

After visual inspection of the orthomosaics, training datasets were created using both 

manually identified target points and a minimum of 500 random points at each site. The 

random points were created using the Random Points Inside Polygons function in QGIS and 

subsequently manually assigned one of the classes. Additionally, all NEE C-CO2 flux 

measurement locations (Chapter 3) and spectral reflectance targets (Chapter 4) were also 

included in the training datasets. The training point dataset included approximately 10,000 

points covering the 5 dominant blanket bog cover types at both sites: bare peat, water, 

Sphagnum spp., graminoids and ericoids. Shadow was added as a 6th class to the training 

dataset, to reduce misclassification of shaded and obscured features (i.e., southern slopes of 

erosion gullies) and increase overall accuracy for the other classes (Milas et al., 2017). Since 

the training and test point datasets only represent one pixel (spatial resolution of 2 by 2 cm), 

an additional buffer (radius 5 cm) was created around each point to capture more pixels 

surrounding the initial target area; effectively increasing the sample size for each dominant 

blanket bog cover type.  

Spatial autocorrelation of the training targets was assessed by the calculation of Local 

Moran’s I for each sample point, using a range of search radii (0.5, 1, 5, 10, 25, 50 and 100 

metres) for identifying nearest neighbours used in the localmoran function (spdep package 

Bivand, 2019). Significant spatial autocorrelation was identified for points up to 10 m apart 

(Appendix 5.5), indicating that there is some non-randomness in the training data (e.g., 

sample clusters), but spatial structures across a range of scales are expected in peatlands 

(Andersen et al., 2011). 
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5.2.3.2 Random forest recursive feature elimination 

For each study site, the same workflow was followed to obtain the key blanket bog 

vegetation and features predictive models (Figure 5.2). After all training data was extracted 

from the plot layers (28 variables in total) at one site (step 1) and exported to a database (step 

2) a random forest recursive feature elimination (RF-RFE) process was used to assess which 

of the 28 predictor variables (10 RGB and vegetation indices and 18 LSPs) are most 

important in accurately classifying the 6 dominant classes in the UAV-imagery (shadow, 

bare peat, water, Sphagnum spp., graminoids and ericoids) for a RF model (step 3). A series 

of six-class RF-RFE models were set up to systematically cover the different groups of 

variable types (LSPs and RGB and vegetation indices) and assess the relative importance of 

these variables in the sample point training datasets; 3 different groups of variables were 

used (Table 5.3). 

 

Table 5.3 Predictor variable groups used in RF-RFE models. 

Variable group Number of variables Random feature count 

LSPs + RGB and vegetation indices 28 4, 8, 12, 16, 20, 24, 28 

RGB and vegetation indices 10 2, 4, 6, 8, 10 

Vegetation indices 7 1, 3, 5, 7 

 



 158 

 

Figure 5.2 Random forest model selection workflow diagram. Each step is provided with 

additional detail in the text. 
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To ease the computational demands – whilst retaining a high range of possible 

variable combinations – each group was assigned different feature count ranges (i.e., number 

of random variables included in each six-class model) depending on the variable-group size. 

An LSPs-only group was omitted from the workflow, as the first variable group already 

yielded the top variables to all be LSPs variables for both Knockfin Heights (CI, AS, WEI 

50m and TSC) and Munsary (CI, WEI 50m, DAH, AS and TRI 5m) (Appendix 5.6 and 5.7). 

For each variable group, the variables with the highest relative importance for 

accurate classification of all six classes were identified using a backwards selection in the 

RF-RFE algorithm with the rfeControl and rfe functions from the caret package (Kuhn, 

2019). To assess effectiveness of the RF-RFE models and to mitigate overfitting on a subset 

of the data, a 10-fold cross-validation procedure was implemented: randomly splitting up 

the data into 2/3 for training and 1/3 for validation. Furthermore, the increasing random 

feature count (random selection of variables used in the RF-models) was applied to identify 

the top variables and investigate optimal predictor count for high overall classification 

accuracies. 

 

5.2.3.3 Optimal random forest model selection 

The output from each RF-RFE was then used to select the best-performing variables 

for six-class random forest models (Figure 5.2, step 4). Identical to the RF-RFE models, to 

validate the RF models, a 10-fold cross-validation step was used to randomly split up the 

dataset into a training (2/3 of total) and a validation (1/3 of total) dataset. A fixed seed value 

was defined at this stage to allow for replicating processing steps in R. To overcome the 

negative effect of unbalanced datasets that affect RF models and to overcome the need for 

adding class weights, an up-sampling procedure was automatically applied to the minority 

classes (e.g., shadow training points) using the trainControl function, caret package. All RF 

models were fitted and checked using the train and confusionMatrix functions from caret. 
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For each model, overall accuracy, kappa values and obtain out-of-bag (OOB) estimate of 

error rates from the 10-fold cross-validation procedure were extracted. 

Visual inspection of the variable importance within each RF model was assessed for 

each class using the varImp function (caret), allowing for identification of the most 

important variables among the models for discussion and model optimization in follow-up 

steps (Chen et al., 2020). For each site another ‘best of RFs’ model was assessed using the 

variable importance observations from output of the RF-RFE models as well as manual 

visual inspection of the classified sample plots (section 5.2.3.4) at both Knockfin Heights 

and Munsary (Figure 5.2, step 5). 

 

5.2.3.4 Sample plot RF and ML classification 

The six-class RF models were applied to a RasterStack in R (package raster, 

Hijmans, 2020) containing all the necessary 2 cm resolution rasters for each plot that relate 

to the variables in the models. Prior to classification of the entire site, a sample plot was 

selected within a representative plot to provide a necessary optimisation step in the 

workflow. Classification of a full 150 by 150-metre plot could take between 2 and 4 hours 

of computational time, but the use of the sample plot allowed to check the outcome of the 

models after less than 15 minutes. For Knockfin Heights, this was a 50 by 50-metre sample 

of plot K-C2 and at Munsary, an equal-sized sample plot was obtained from plot M-C2. The 

sample plot and associated RasterStacks (section 5.2.3.5) were classified in parallel using 

the clusterR function from the raster package and exported as a GeoTIFF for subsequent 

plot classifications steps in QGIS. 

An additional maximum likelihood classifier (ML) model using a Naive Bayes 

discrimination method was applied on the training dataset (Figure 5.2, step 4). Traditionally, 

ML classifiers are robust and can be implemented with relative ease, although skewed or 

non-normal data distributions per class can make them perform less good than models such 

as RFs (Feng et al., 2015; Fernandez-Gallego et al., 2020), because of this, only the Red, 
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Green and Blue variables were used in the ML models. For each of the sample plots at 

Knockfin Heights and Munsary a separate ML-model was fitted on the same 10-fold cross-

validation method randomly selecting 2/3 training and 1/3 validation data, as described for 

the RF models, but applying the naivebayes package functions (Majka, 2020) in the caret 

classification script (section 5.2.3.2). 

 

5.2.3.5 Final classification and error-removal 

After the inspection of the ML and 5 RF model outputs on the sample site, a final 

six-class RF model was chosen based on overall classification accuracy and manual 

inspection of the sample plot output (section 5.2.3.4) (Figure 5.2, step 5). The selected 

variables in this final model would utilise the ‘best of RFs’ model predictors and the Blue 

parameter, based on the manual inspection of variable importance across the RF-RFEs 

(Appendix 5.6 and 5.7).  

Each entire plot was classified using the designated model for either the upland 

(Knockfin Heights) or low-lying (Munsary) final RF model. All output rasters were imported 

in QGIS and checked for errors. Water reflection noise from the original UAV-imagery – 

present in the VIs and LSPs – was removed by clumping together adjacent classified water 

areas (Figure 5.3). This was achieved by identifying all non-water areas (i.e., excluding peat 

pools) from the r.clump function output, part of the GRASS GIS toolbox (Neteler et al., 

2012) (step 1). The resulting binary ‘water / no-water’ raster was then multiplied by 10 (step 

2) and merged with the original six-class classified layer using the raster calculator (step 3). 

The resulting multi-class raster was converted back using SAGA’s Reclassify Values 

(Range) function (Conrad et al., 2015) (step 4) to obtain final six-class classified rasters for 

all 11 plots. To estimate the effect of the water reflection noise for coverage estimates, a 

corrected and non-corrected (without error removal) version was created for each plot. 

 



 162 

 

Figure 5.3 Illustrative example of noise removal from water features in the final classified 

cover maps. 

 

 Comparison of cover type estimates 

The final blanket bog vegetation and key feature coverage maps were used to 

compute a series of statistical analyses to compare the sites, examine the final RF model 

accuracy and investigate the effect pixel size on beta diversity (multivariate dispersion of 

cover type estimates) of sites and plot types. 

Examination of the RF model accuracy (i.e., the effect of cover type misclassification 

on the percental coverage estimates) was achieved by utilising classification errors from the 

confusion matrices to estimate under- and overestimation for each of the six classes. For 

each plot, producer accuracy (e.g., percentage of Sphagnum identified as a different class) 

was used to obtain a “classification error”-adjusted. Additionally, this examination was done 

on the coverage estimates prior and after the error-removal step: the non-corrected and 

corrected coverages. quantified by looking at changes in coverage across the plots and 

reported.  
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After this, only the corrected maps were used to compare the final results from both 

sites. Part of the methods included acknowledging that the sampling design of this study was 

a classic example of pseudo-replication: comparing between topographic location (i.e., 

upland versus low-lying blanket bogs) is limited by the fact that only one site of each 

category was sampled. Similar to the training dataset, a degree of spatial autocorrelation 

between the plots is expected and has to be accounted for when interpreting the results from 

any comparisons and upscaling any results to larger contexts, in particular with regards to 

plot cover type estimates (i.e., distinguishing between margin and centre plots). Therefore, 

comparison of cover estimates, including composition comparisons vegetation cover only, 

was achieved by providing average (± standard deviation) coverages of the centre and 

margin plots across sites, within sites and between sites. 

 Thirdly, to investigate the effect of pixel size on blanket bog cover type composition, 

a series of aggregation steps was applied on the final classified cover maps. Using the 

aggregate function from the raster package, final plot cover map resolution (0.02 m) was 

reduced increasing pixel sizes (0.2, 0.5, 1.0, 2.0, 5.0, 10.0, 25.0, 30.0 and 50.0 metres) and 

the modal cover unit was used as the new value for each pixel. These ranges cover the spatial 

resolution of UAVs in general (Müllerová et al., 2016) and satellites currently in orbit and 

used for RS studies on northern peatlands (Lees et al., 2018): including Sentinel-2 (10 – 60 

m) and Landsat 7 and 8 (30 m) as well as the commercial Worldview satellites (0.3 – 0.5 m) 

and SPOT 6 and 7 (1.5 – 6.0 m). Owing to the size of the largest pixels (50 m), multiple 

training data points would fall within individual pixels. To classify resampled data layers 

would require a new training and validation dataset for each pixel size. Compared to 

aggregating the input data (i.e., orthomosaic VIs and LSPs), aggregation of the final 

classified plot maps requires far less computational time and allows for assessing the effect 

of spatial data resolution on cover estimates. Therefore, the classified results were 

aggregated by taking the modal value of the resampled classified pixels.  



 164 

In order to evaluate the effect of the pixel size on blanket bog cover composition, all 

percentage cover estimates from the aggregated plots were standardized using a Hellinger 

transformation (decostand function from vegan (Dixon, 2003)) to give less weight to 

dominant cover types, which helps provide more meaningful comparisons between the 

individual plots (Legendre & Gallagher, 2001). Subsequently, Euclidean distance matrices 

were calculated on the transformed percentage cover data for all plots in each aggregated 

pixel size group (vegdist function from vegan). Distances between all individual plots were 

stored and combined to visualise the effect of pixel size on overall similarities (i.e., 

Euclidean distances). Additionally, to support the visual inspection of pixel size effect on 

blanket bog cover composition, the Shannon diversity index was calculated for each of the 

plots. On peatlands, the Shannon index is predominantly used for vegetation species 

diversity and richness estimates on peatlands (Goud et al., 2018), but it has shown to help 

compare land-cover types change over time and diversity between sites, for example as a 

revegetation monitoring parameter in disturbed environments (Nagendra, 2002; Martínez-

Ruiz & Fernández-Santos, 2005). 

 

 Upscaling cumulative annual C-CO2 NEE  

 Cumulative annual NEE estimates (t C-CO2 yr-1) were obtained by multiplying the 

predicted coverage of the six-class blanket bog vegetation and key features with annual NEE 

estimates for marginal and centre plots at each site (section 3.3.5). Both upper and lower 

NEE estimates were used where available. For bare peat and water, average NEE C-CO2 for 

2018 and 2019 across plot type was used (margin and centre plot type provided standard 

error ranges), as no significant temporal variation between sites was observed and the limited 

sample size did not allow for reliable model fitting (section 3.2.3). Hence, the inclusion of 

all NEE estimates for bare peat and water targets (including floating chamber estimates) was 

chosen to obtain a more reliable estimate utilising a larger sample size to minimise standard 

errors from the fluxes that were not significantly affected by study site (section 3.3.2). For 
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the model-based annual NEE, the residual standard error (RSE) was included to indicate 

uncertainty of the estimates. Similarly, the standard errors of the mean were included for the 

annual means (i.e., for bare peat and water cover types). The same parameters (i.e., number 

of hours of fluxes predicted for day-time fluxes only) used for the Sphagnum spp., 

graminoids and ericoids NEE models (section 3.2.6.1) were used to convert average µmol 

CO2 m
2 s-1 to cumulative g C-CO2 m

2 yr-1 estimates for bare peat and water classes.  

 Apart from estimating cumulative annual NEE averaged across the plot types (t C-

CO2 ha-1 yr-1) for the final high-resolution (2 cm) cover type estimates, the same emission 

factors for the peatland PFTs and key blanket bog features were also applied to the 

aggregated percentage cover estimates across the plots. Furthermore, to examine the effect 

of underestimating Sphagnum spp. in the final high-resolution cover type estimates, the 

percentage coverage was artificially increased to cover between 10 and 100 % of the total 

vegetation cover. The total coverage of vegetation would in these cases exceed 100% 

coverage, reflecting the multi-layered blanket bog vegetation structure. 
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5.3 Results 

 UAV-derived orthomosaics and training dataset 

The UAV-SfM derived imagery yielded 2 cm resolution orthomosaics for all plots 

at the upland site of Knockfin Heights (Figure 5.4) and the low-lying Munsary site (Figure 

5.5). Average solar elevation angles (SA) during the flights were 36.1° at Knockfin Heights 

and 41.5° at Munsary (NOAA, 2020). The training dataset consisted of 184,467 and 189,258 

unique values for Knockfin Heights and Munsary respectively (Table 5.4, Figure 5.6). 

Overall distribution the 7 RGB-derived VIs and 18 DSM-derived variable values across the 

six key blanket bog vegetation and cover types differs between the two sites (Appendix 5.4). 

Indicated for each site is the 50 by 50-metre sample plot that allowed for comparison 

classification output from the ML- and RF-models utilising the different VIs and LSPs (see 

Appendices 5.2 and 5.3 for an example of the sample plot at Knockfin Heights). 

 

Table 5.4 Number of targets (pixel total) for the dominant blanket bog cover types across all 

six plots at each study site. In both the cross-validation RF-RFE models as well as the ML- 

and RF-models, 2/3 was used for training and 1/3 for estimating model accuracy. 

 Bare peat Water Sphagnum 

spp. 

Graminoids Ericoids Shadow 

Knockfin Heights 1,695 

(32,712) 

1700 

(32,230) 

1550 

(29,985) 

2050 

(39,655) 

2250 

(43,462) 

110 

(1,960) 

Munsary 1450 

(28,030) 

1500 

(28,059) 

2200 

(42,540) 

2100 

(40,515) 

2450 

(47,276) 

150 

(2,838) 
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Figure 5.4 UAV-derived orthomosaics at Knockfin Heights with locations of ground control 

points, loggers (soil moisture, temperature and water level) and C-CO2 flux chamber collars. 
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Figure 5.5 UAV-derived orthomosaics at Munsary with locations of ground control points, 

loggers (soil moisture, temperature and water level) and C-CO2 flux chamber collars. 
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Figure 5.6 Training and validation point distribution across the centre (-C) and margin (-M) 

plots at Knockfin Heights and Munsary. 
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 Predictor selection random forest models 

 The 10-fold cross validated RF-RFE model outputs provided sets of best-performing 

predictor variables for both sites. For the training data on Knockfin Heights, these included 

WEI 50m, TSC, CI and AS when including all 28 predictor variables in the RF-RFE 

algorithm (accuracy 98%, kappa 0.98) (Appendix 5.6). For the RGB and vegetation indices, 

it was Red, Blue, NGRVI and MGRVI (accuracy 75%, kappa 0.69) and the variables ExG, 

NGRVI, RGBV MGRVI, VARI, GI and GLI produced the best RF-RFE model when only 

including vegetation indices group (accuracy 74%, kappa = 0.68). The RF-RFE model 

outputs on the training dataset at Munsary (Appendix 5.7) show that the best-performing 

predictor variables included WEI 50m, CI, DAH, AS, TRI 5m, SVD, TRI and TSC across 

all 28 predictor variables (accuracy 98%, kappa 0.97), VARI, Blue, NGRVI, MGRVI, 

RGBVI Red, Green and GLI for the RGB and vegetation indices (accuracy 78% and kappa 

0.73) and ExG, NGRVI, MGRVI, VARI and GLI when only including the vegetation indices 

group (accuracy 77%, kappa 0.71). 

 Using the relative importance of each of the abovementioned models, two other RF 

models were tested, first the best of RFs, which including the top predictor across all six 

cover types in the LSPs + RGB + VI, RGB+VI and VI RF-RFE models, which included 

WEI 50m, Red and ExG for Knockfin Heights and WEI 50m, VARI and ExG for Munsary. 

The final model included the best of RFs predictors, but also the Blue band at each site as a 

result of improved overall classification results (section 5.3.3). 

 

 Classification comparison and final RF model 

 Confusion matrices were produced from the ML- and RF-models using training 

dataset at each site from which balanced accuracies were extracted, accounting for any 

differences in cover type training dataset size after the up-sampling steps (section 5.2.3.3). 

Overall, the RF-models outperformed the ML-classifier models at both sites, likely 

explained by the fact that only the cover type variation from the RGB bands was used to 
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train the ML-models. The RF-model accuracies are similar, but not equal to the best-

performing RF-RFE accuracies due to the 10-fold cross validation steps of the latter 

(Appendices 5.6 and 5.7). Overall, the results show that the ML-model has overall lower 

accuracies for the vegetation cover types compared to the RF-models (Figure 5.7). Notably 

low ML-model accuracies for Sphagnum spp. (54.7% and 77.7%) were obtained compared 

to the lowest best of RFs accuracy (85.9%) at Knockfin Heights and the VI RF output at 

Munsary (92.3%). Across the RF models, both sites show variable classification accuracies 

depending on the LSP variables, RGB and/or vegetation indices used in the models. 

Especially the LSPs + RGB + VI models show the highest overall accuracies at 97.9% and 

98.4% for Knockfin Heights and Munsary, whereas the final model accuracies are 87.0% 

and 91.3%. Confusion matrices are included for the final model from each site, with out-of-

bag (OOB) errors obtained from the cross validation and up-sampling steps (Table 5.5). 

 

 

Figure 5.7 Balanced accuracies (%) per cover type and site for the 5 RF models used for 

sample site classification. 
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 The models also produced classified rasters of the sample plots at each site, allowing 

for visual comparisons between model outputs at Knockfin Heights (Figure 5.8) and 

Munsary (Figure 5.9). A contrasting difference between model accuracy and classification 

result can be observed for the ML-output (A) and the best of LSPs + RGB +VI maps (B) for 

both sites: where a higher overall accuracy in the latter model results in less detailed cover 

type classifications compared to the ML classifications. 

Table 5.5 Confusion matrices for the random forest classification of validation dataset (1/3 

of total training points) using the final model at Knockfin Heights and Munsary. 

Knockfin Heights Actual   

  Shadow Bare Water 
Sphagnum 

spp. 
Graminoids Ericoids Total 

User 

accuracy 

(%) 

P
re

d
ic

te
d
 

Shadow 584 7 39 0 0 33 663 88.1 

Bare 7 10062 439 3 150 104 10765 93.5 

Water 43 432 9528 96 294 446 10839 87.9 

Sphagnum  0 7 111 8837 704 160 9819 90.0 

Graminoids 1 154 321 820 10719 1325 13340 80.4 

Ericoids 17 231 294 229 1338 12404 14513 85.5 

 Total 652 10893 10732 9985 13205 14472   

Producer 

accuracy (%) 
89.6 92.4 88.8 88.5 81.2 85.7   

Overall accuracy: 87.0%, kappa = 0.84, OOB-error: 7.43% 

Munsary Actual   

  Shadow Bare Water 
Sphagnum 

spp. 
Graminoids Ericoids Total 

User 

accuracy 

(%) 

P
re

d
ic

te
d
 

Shadow 770 5 50 0 10 117 952 80.9 

Bare 1 8625 96 51 157 411 9341 92.3 

Water 95 102 8902 45 28 413 9585 92.9 

Sphagnum  0 24 17 13289 477 215 14022 94.8 

Graminoids 2 194 93 553 12092 741 13675 88.4 

Ericoids 77 383 185 227 727 13845 15444 89.6 

 Total 945 9333 9343 14165 13491 15742   

Producer 

accuracy (%) 
81.5 92.4 95.3 93.8 89.6 87.9   

Overall accuracy: 91.3%, kappa: 0.89, OOB-error: 4.80% 
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Figure 5.8 Maps showing 

(A) sample plot RGB 

orthomosaic at Knockfin 

Heights, cover type map 

classified using (B) RGB 

ML-model and RF-models 

using selected variable 

predictors from (C) best of 

LSPs + RGB + VI, (D) best 

of RGB + VI, (E) best of VI, 

and (F) best of RFs. The final 

model classification is also 

included (G). 
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Figure 5.9 Maps showing (A) 

sample plot RGB orthomosaic 

at Munsary, cover type map 

classified using (B) RGB ML-

model and RF-models using 

selected variable predictors 

from (C) best of LSPs + RGB 

+ VI, (D) best of RGB + VI, 

(E) best of VI, and (F) best of 

RFs. The final model 

classification is also included 

(G). 
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 Although the ML-classified sample plots (Figure 5.8 and 5.9 B) did show a high 

degree of similarity with the final RF-model outputs in the sample plots at both sites, the 

overall accuracies never exceeded the lowest accuracies among classes (Figure 5.7). The 

exception was for shadow training/validation points, which performed the best in both ML-

models, but did not exceed the same class accuracies in both final RF-models. Models with 

the highest overall accuracies and kappa values (Figure 5.8 and 5.9 C) – based entirely on 

LSP predictor variables at both sites – do not reflect the observed blanket bog cover observed 

in the RGB orthomosaics (Figure 5.8 and 5.9 A). By contrast, models that use the predictive 

power of RGB and/or vegetation indices produce much lower classification accuracies 

(ranging between 74.0 and 78.5%) and appear to overestimate vegetation cover on Knockfin 

Heights (Figure 5.8 D and E) or water features at Munsary (Figure 5.9 D and E).  

 The combination of the three best-performing predictor variables shows an 

intermediate classification result in the sample plots, with a more realistic representation of 

the bare peat hags for Knockfin Heights (Figure 5.8 F) and the ericoid-dominated higher 

surface morphology (i.e., dwarf shrubs on hummocks) in Munsary (Figure 5.9 F). However, 

at both sites, pool systems belonging to the water class are misclassified as either graminoids 

(Knockfin Heights) or bare peat (Munsary). The final RF model maps (Figure 5.8 and 5.9 

G) provide the most truthful estimate of the sample plot coverage, even though the predictive 

power on the training dataset is limited at 87.0% for Knockfin Heights and 91.3% for 

Munsary. Producer and user accuracies from the final RF model output confusion matrices 

shows that these provides the best predictive power across the cover types in the training 

datasets (Table 5.5), in line with the overall balanced accuracies (Figure 5.7) and 

observations from the classified sample plots. 
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 Blanket bog cover estimates 

The final RF model output for each site, followed by the error-removal step, resulted 

in key blanket bog vegetation and feature coverage maps for the 6 plots at Knockfin Heights 

(Figure 5.10) and the 5 plots at Munsary (Figure 5.11). Differences in cover type estimates 

between the non-corrected and corrected final estimates show that there was an increase of 

water cover estimates due to the removal of water-glare noise. For Knockfin Heights in 

particular, there was an average increase of 2.13% for the centre plots and 0.95% for the 

margins, and across both plot types at Munsary, water coverage increased by 0.70% 

(Appendix 5.8A). No-data features were included in the classifications (white) and 

accounted for in subsequent cumulative NEE C-CO2 calculations, but left out of the coverage 

estimates due to their low values (maximum “no-data” for plot K-C4 with 0.22%). When 

adjusting cover type estimates using the RF model confusion matrices, primarily graminoid 

cover estimates increase, with a maximum average increase of 7.60% (±0.75) coverage 

margin sites at Knockfin Heights (Appendix 5.8B). Sphagnum spp. cover estimates are 

negatively affected by this adjustment, removing up to 3.65% (±0.09) at the same upland 

margin plots. Similarly, when applying the RF confusion matrix adjustment to the non-

corrected cover type estimates, largest changes are observed at the Knockfin Heights margin 

plots with increased graminoid cover (7.84% ±0.97) and a decrease in Sphagnum spp. 

(3.55% ±0.02): a trend observed across all plot types and sites (Appendix 5.8C). Generally, 

the RF adjustments lower estimates across all cover types to increase overall graminoid 

cover. 
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Figure 5.10 Final classified plots at Knockfin Heights, showing the spatial distribution of 6 

key blanket bog plant functional types and features, including shadow features. 
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Figure 5.11 Final classified plots at Munsary, showing the spatial distribution of 6 key 

blanket bog plant functional types and features, including shadow features. 
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Figure 5.12 Coverage distribution (% of total) of classified blanket bog plant functional types 

and key features, including shadows. Centre and margin plot types are highlighted with 

different border lines. 

The classified plots depict the observed on-site heterogeneous character of both sites, with 

the peat hag system in the centre plots at Knockfin Heights (K-C1, K-C2, K-C3 and K-C4) 

and the central pool systems of Munsary (M-C1 and M-C2). Graminoid and ericoid cover 

make up the majority of the vegetation cover across sites and plot types, with values ranging 

between 37.9 - 57.7 % and 19.9 - 37.3 % respectively (Figure 5.12). Overall, some 

differences can be observed in dominant blanket bog cover type coverage, more importantly 

between plot types (Table 5.6). When comparing means of percentage cover across sites  

(i.e., grouping all margin and centre plots together), centre plots generally have higher water 

and lower ericoid cover estimates compared to the opposite low water and high ericoid 

coverages at the margin plots (Table 5.6A). This difference in ericoid cover persists when 
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accounting for vegetation cover only, although differences are smaller between plot types. 

The other cover types show no apparent differences in coverage between the plot types 

across both sites, including when only accounting for vegetation coverage.  

Table 5.6 Average coverage (% ±standard deviation) of blanket bog cover types A) across 

sites, B) within sites and C) between sites. Blanket bog PFT only comparisons are reported 

in brackets. 

 
Sphagnum 

spp. 
Graminoids Ericoids Bare peat Water Shadow 

A) Across sites      

   Centre 
4.1 ±2.4  

(5.3 ±2.8) 

47.8 ±5.5  

(62.3 ±2.4) 

24.8 ±2.8  

(32.4 ±1.8) 
8.8 ±2.4 13.9 ±10.1 0.5 ±0.3 

   Margin 
4.2 ±0.7 

(4.7 ±0.9) 

52.7 ±5.9  

(59.4 ±7.0) 

31.9 ±6.8  

(35.9 ±7.1) 
5.5 ±4.4 5.5 ±6.2 0.2 ±0.1 

B) Within sites      

Knockfin Heights       

   Centre 
2.6 ±0.3 

(3.5 ±0.7) 

47.5 ±6.9  

(63.4 ±2.3) 

24.7 ±3.5  

(33.1 ±1.8) 
8.4 ±2.6 16.1 ±11.7 0.7 ±0.2 

   Margin 
4.1 ±0.4 

(4.7 ±0.9) 

55.8 ±1.7  

(64.3 ±7.3) 

27.3 ±9.4  

(31.0 ±8.2) 
1.5 ±0.2 11.0 ±7.1 0.3 ±0.2 

Munsary       

   Centre 
7.1 ±0.3  

(8.8 ±0.04) 

48.5 ±2.4  

(60.2 ±0.2) 

24.9 ±1.5  

(31.0 ±0.2) 
9.7 ±2.3 9.5 ±6.5 0.2 ±0.1 

   Margin 
4.2 ±1.0  

(4.7 ±1.2) 

50.6 ±7.2  

(56.2 ±5.7) 

35.0 ±3.5  

(39.1 ±5.3) 
8.2 ±3.6 1.9 ±1.2 0.1 ±0.1 

C) Between sites      

Knockfin Heights 
3.1 ±0.8  

(3.9 ±0.9) 

50.2 ±6.9  

(63.7 ±3.8) 

25.6 ±5.1  

(32.4 ±4.1) 
6.1 ±4.1 14.4 ±10.0 0.5 ±5.1 

Munsary 
5.4 ±1.7  

(6.3 ±2.4) 

49.8 ±5.3  

(57.8 ±4.6) 

31.0 ±6.1  

(35.9 ±5.8) 
8.8 ±2.9 4.9 ±5.4 0.2 ±0.1 
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When looking at differences within sites, the observed differences described above 

across the sites, still apply to variations within Munsary and Knockfin Heights (Table 5.6B). 

The notable exception is for Sphagnum spp., for which the sites show opposite results with 

regards to plot type: Knockfin Heights shows slightly lower coverages at centre plots 

compared to margin plots, whereas Munsary generally has higher Sphagnum spp. coverage 

in the centre plots. This observation becomes more evident when looking at vegetation 

coverage only, with the highest cover estimates for Sphagnum spp. observed across centre 

plots at Munsary (8.8% ±0.04). 

The comparisons between sites reveals that selected plots at Knockfin Heights have 

a higher water cover, compared to the sampled plots at Munsary. Other cover estimates are 

not significantly different, apart from a higher graminoid cover at the upland site when 

comparing vegetation-only averages with low-lying plots at Munsary (Table 5.6C). 

 

 Pixel resolution effect on blanket bog cover composition 

The results from the classified pixel aggregation steps show an overall increase in 

graminoid cover across the plot types at each site with increasing pixel size (Figure 5.13). 

This increase happens at the expense of less dominant cover types, primarily shadow 

features, bare peat and Sphagnum spp. and to a lesser extent water and ericoid cover. Up to 

two or five-metre resolution, some of the cover type composition is retained in the 

aggregated plot estimates, at for example the centre plots at both sites. However, for the 

margin plots, increased graminoid and ericoid (or water, K-M2) cover already overwrites 

any less-dominant features at aggregated pixel resolutions beyond 0.2-metre. 
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Figure 5.13 Percentage coverage of blanket bog PFT and key features in original (0.02 m) 

resolution and aggregated cover estimates from increasing pixel sizes for Knockfin Heights 

and Munsary margin (-M) and centre (-C) plots. 

The predominant exclusion of low coverage classes such as Sphagnum spp., water 

and bare peat in the plots at pixel sizes over 5 metres compared to the original 0.02 m 

resolution (Figure 5.13) is also visible in decreasing Shannon Index (SI) values and the 

Hellinger distances between plots (Figure 5.14). A decrease in Shannon Index values is 

associated with coarser resolutions, indicating a loss of cover type diversity across the sites. 

Contrastingly, for the Hellinger distances, distance ranges increase to both higher degrees of 

similarity (towards 0) and dissimilarity (closer to 1) between plots with increased pixel size. 
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Figure 5.14 Shannon Index (left) results from aggregation steps showing changes in cover 

type diversity for the pixel resolutions across both sites. Hellinger distances (right) across 

all unique paired plots from both Knockfin Heights and Munsary. 

 

 Upland and low-lying blanket bog NEE estimates 

Cumulative annual NEE estimates from the margin and centre plots Knockfin 

Heights and Munsary during 2018 and 2019 (Table 5.7) provided the peatland PFT and key 

blanket CO2 fluxes to estimate plot-scale fluxes using the final 0.02-metre resolution cover 

maps (Figure 5.8 and 5.9). The predicted annual NEE (g C-CO2 m2
 yr-1) for the three 

dominant blanket bog PFTs (Sphagnum spp., graminoids and ericoids) are derived from the 

flux-chamber measurements Reco and GPP models described in Chapter 3 (section 3.3.5), 

whereas the bare peat and water estimates show annual averages across the sites.  
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Table 5.7 Cumulative annual NEE (g C-CO2 m
2 yr-1) and ranges (from model RSE for PFTs 

and mean SE for bare peat and water) for dominant PFTs and key blanket bog features at 

both sites for margin and centre plots in 2018 and 2019.  

Site Knockfin Heights (upland blanket bog) 

Year 2018 2019 

Plot type Margin Centre Margin Centre 

Sphagnum spp. 2.2 ±25.9 -4.0 ±23.1 -31.7 ±25.4 41.2 ±23.0 

Graminoids -94.8 ±92.5 163.7 ±72.2 -374.1 ±95.3 5.0 ±74.6 

Ericoids -56.4 ±108.1 -218.9 ±29.3 -19.5 ±105.1 -27.8 ±28.0 
 Munsary (low-lying blanket bog) 

Sphagnum spp. 31.4 ±20.5 76.2 ±11.5 31.3 ±20.5 73.2 ±11.5 

Graminoids -35.9 ±74.6 12.4 ±33.4 42.1 ±73.7 3.8 ±33.2 

Ericoids -15.4 ±31.2 89.8 ±33.0 -21.9 ±31.2 82.9 ±32.9 

 Both sites 

Bare peat 15.3 ±18.4 -0.4 ±4.4 

Water -6.2 ±5.1 -33.6 ±33.9 

 

The total predicted annual NEE estimates (t C-CO2 yr-1) across both sites show at the 

margins, the maximum flux range in 2019 was roughly 1.5 times greater than during the 

drought year in 2018 (8.53 compared to 5.42 t C-CO2 yr-1 respectively) because of the high 

net uptake of the margin plots at Knockfin Heights (Table 5.8). In contrast, predicted NEE 

estimates at the centre plots have similar ranges: 2.48 t C-CO2 yr-1 in 2018 and 2.59 t C-CO2 

yr-1 in 2019. 

All margin plots were predicted to behave as moderate C-CO2 sinks, while centre 

plots were predicted to behave predominantly as sources across both sites in 2018. Following 

the drought year, the margin plots at Knockfin Heights were stronger predicted C-CO2 sinks 

in 2019 (-4.81 ±2.04 and -5.04 ±1.86 t C-CO2 yr-1), in contrast to the increased emissions 

from the Munsary margin plots (between 0.25 ±1.03 to 0.42 ±1.21 t C-CO2 yr-1). For the 

centre plots in 2019, while the Munsary plots are predicted to continues to behave as C-CO2 

source (0.49 ±0.66 to 0.61±0.64 t C-CO2 yr-1), the Knockfin Heights plots show a shift from 

source to sink of C-CO2 (-0.13 ±1.14 and -0.31 ±1.03 t C-CO2 yr-1), 
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Table 5.8 Predicted cumulative NEE (t C-CO2 yr-1 ±SD) for 2018 and 2019 from the 

classified plots at Knockfin Heights and Munsary, split up by plot type (margin and centre). 

Plot M-C2* estimates show the predicted NEE estimates when accounted for the larger area 

(60,000 m2
 compared to 22,500 m2

 of all the other plots). Ranges are derived across all the 

plots from both sites and show difference between maximum predicted NEE (NEE-SD) and 

minimum predicted NEE (NEE+SD). 

 Plot type Margin  Centre 

 Year 2018 2019  2018 2019 

Knockfin Heights      
 K-M1 -1.60 ±1.99 -4.81 ±2.04 K-C1 0.36 ±1.01 -0.21 ±1.10 
 K-M2 -1.49 ±1.74 -5.04 ±1.86 K-C2 0.71 ±1.12 -0.13 ±1.14 
    K-C3 0.67 ±1.05 -0.16 ±1.11 
    K-C4 0.39 ±0.82 -0.31 ±1.03 

Munsary      

 M-M1 -0.52 ±1.23 0.42 ±1.21 M-C1 0.82 ±0.64 0.61 ±0.64 
 M-M2 -0.50 ±1.15 0.30 ±1.14 M-C2* 0.74 ±0.60 0.49 ±0.66 
 M-M3 -0.40 ±1.07 0.25 ±1.03    

Range       

 Maximum 4.30 8.53  2.48 2.59 

 Minimum 1.72 2.06  1.07 0.75 

 

 

Figure 5.15 Predicted average annual NEE estimates (t C-CO2 ha-1 yr-1 ±SD) for the plots at 

Knockfin Heights and Munsary in 2018 and 2019. Shaded area indicates emission factor 

range for modified eroded bogs and near-natural bogs in the UK (Evans et al., 2017). 
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 Normalised per area unit (hectare), all annual NEE estimate ranges overlap with the 

modified eroded bog emission factors (0.2 t C-CO2 ha-1
 yr-1 (95% confidence interval from 

-0.1 to 0.6) (Evans et al., 2017), apart from the margin plots at Knockfin Heights in 2019, 

which completely overlapped, or were higher than, the C-CO2 emission factor range of near 

natural bogs (-1.0 t C-CO2 ha-1
 yr-1, 95% confidence interval from -1.4 to -0.5) (Evans et al., 

2017) (Figure 5.15).  

The combined annual NEE estimates (t C-CO2 ha-1 yr-1) averaged across plot types 

for both Knockfin Heights and Munsary show the same patterns: only the margin plots at 

the upland blanket bog site were a predominant sink in both 2018 and 2019, with an NEE of 

-0.67 ±0.83 and -2.20 ±0.87 t C-CO2 ha-1 yr-1 respectively (Table 5.9). Contrastingly, the 

NEE estimates across the upland centre plots indicate principal C-CO2 source (or minor sink) 

behaviour with 0.24 ±0.45 and -0.09 ±0.49 t C-CO2 ha-1 yr-1 in 2018 and 2019 respectively. 

For the low-lying blanket bog site Munsary, all NEE estimates indicate that the plots were 

on average general C-CO2 sources: ranging between 0.14 ±0.50 to 0.34 ±0.27 t C-CO2 ha-1 

yr-1 between margin and centre plots across the years (Table 5.9). The exception includes 

the margin plots in 2018 (-0.21 ±0.51 t C-CO2 ha-1 yr-1), which is similar to the centre plot 

estimates at Knockfin Heights in 2019 (-0.09 ±0.49). 

 

Table 5.9 Predicted average annual NEE estimates (t C-CO2 ha-1 yr-1
 ± standard deviation) 

from classified plots across plot types and sites Knockfin Heights and Munsary in 2018 and 

2019. 

Site Upland blanket bog (Knockfin Heights) 

Plot type Margin Centre 

Year 2018 2019 2018 2019 

 -0.68 ±0.83 -2.20 ±0.87 0.24 ±0.45 -0.09 ±0.49 

Site Low-lying blanket bog (Munsary) 

 -0.21 ±0.51 0.14 ±0.50 0.34 ±0.27 0.23 ±0.29 
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 Sphagnum underestimation effects 

The results from the Sphagnum spp. underestimation-correction scenarios show a 

general increase in annual NEE emissions at both sites (Figure 5.16), associated with the 

net-source flux estimates of the PFT in both years (Table 5.7). The two exceptions are found 

across Knockfin Heights, where emissions decrease at the margins in 2019 (up to -2.50 ±1.11 

t C-CO2 ha-1 yr-1) and slightly in the centre plots in 2018 (0.20 ±-0.67 t C-CO2 ha-1 yr-1), 

once again linked to their overall net-sink flux estimates for those years in these plots (Table 

5.7). No apparent changes with regards to overlapping NEE estimates with near natural bog 

estimates and modified eroded bogs emission factors from Evans et al. (2017) are observed. 

 

Figure 5.16 Predicted average annual NEE estimates (t C-CO2 ha-1 yr-1 ±SD) from classified 

plots across plot types and sites Knockfin Heights and Munsary in 2018 and 2019 with 

adjusted percentage cover estimates for Sphagnum spp. ranging from 10 – 100 % of 

vegetation cover. Shaded area indicates emission factor range for modified eroded bogs 

(orange) and near-natural bogs (green) in the UK (Evans et al., 2017). 

However, two site  plot type combinations show shifts in average predicted NEE 

estimates with regards to overall sink to source behaviour. For the centre plots at Knockfin 

Heights in 2019, this change from minor sink to source occurs between 20 and 30% 
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Sphagnum spp. cover (up to 0.31 ±0.71 t C-CO2 ha-1 yr-1 at 100% coverage). At Munsary, 

this occurs at the margin plots between the 70 – 80% Sphagnum spp. cover scenario in 2018 

(up to 0.09 ±0.71 t C-CO2 ha-1 yr-1 at 100% coverage). The only plots for which the upper 

and lower NEE estimates change, are the centre plots at Munsary in 2019, which without 

increase Sphagnum spp. and up to 20% coverage were still a potential minor NEE sink based 

on the annual flux estimates at these sites (0.24 ±0.29 t C-CO2 ha-1 yr-1). This potential for 

slight overall C-CO2 sink behaviour is observed across all the site-plot type combinations, 

except the centre plots at Munsary in 2018. 

 

 Impact of resolution on flux estimates 

Pixel aggregation results on average annual NEE estimates show different patterns 

with regards to sink-source behaviour changes across the sites and plot types (Figure 5.17). 

The effect of different percentage coverages on overall NEE is most evident at Knockfin 

Heights: a stronger C-CO2 uptake at the margins in 2019 and increased overall emission in 

the centres in 2018. Similar to the NEE estimates and the effect of increase Sphagnum spp. 

cover above, the stronger sink and source behaviour observed, are linked to the annual flux 

estimates of graminoids (Table 5.7): the increasingly dominant PFT across the plots with 

increasing pixel sizes (Figure 5.13). Since the increase in graminoid cover is dominant across 

all plots, the observed changes in NEE with increasing pixel sizes can be related back to the 

annual fluxes in both years. Comparing the predicted NEE estimates from the aggregated 

pixel coverages with the UK emission factors (Evans et al., 2017) shows that 50-m resolution 

upland margin plots estimates at Knockfin Heights almost reach the average emission factor 

for near-natural bogs in 2018 (-0.95 ±0.93 t C-CO2 ha-1
 yr-1) and overestimates the range at 

50-m resolution in 2019 (-3.74 ±0.95 t C-CO2 ha-1
 yr-1). Overall, the C-CO2 estimates (Table 

5.9) suggest that on average, predicted NEE estimates during a drought and post-drought 

year agreed more with the “modified eroded bog” emission factors than the “near-natural” 

ones (Evans et al., 2017), regardless of the spatial resolution. 
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Figure 5.17 Predicted average annual NEE estimates (t C-CO2 ha-1 yr-1 ±SD) from classified 

plots across plot types and sites Knockfin Heights and Munsary in 2018 and 2019 with 

aggregated pixel estimates, increasing the spatial resolution from the original 0.02-metre 

pixel size to 50 metres. Shaded area indicates emission factor range for modified eroded 

bogs (orange) and near-natural bogs (green) in the UK (Evans et al., 2017). 
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5.4 Discussion 

 Predictor variables and classification accuracy 

The training and validation datasets constructed from manually identified targets in 

UAV-SfM imagery, aided by extensive field knowledge, allowed for assessing their 

predictive power for accurate classification of all six dominant blanket bog cover types 

(including shadow features). The UAV-imagery only provided spectral data in compressed 

JPEG images in the visible light spectrum, leaving out potentially valuable near-infrared 

(NIR) and short-wave infrared (SWIR) wavelengths used for classification of blanket bog 

cover types utilising combinations of other broad-band and hyperspectral VI (see Chapter 

4). Furthermore, since the DJI Phantom 4 Advanced only allowed for JPEG acquisition 

during a planned flight fit for the SfM method, improved reflectance characteristics from a 

scene – for example when spectral characteristics overlap a lot in the visual spectrum – are 

advised and can be obtained with multi- and hyperspectral sensors (Parry et al., 2015; 

Kattenborn et al., 2019). 

Although the training dataset was created with care (i.e., based on expert-knowledge 

from the field visits) and efforts were made to ensure low spatial autocorrelation (Appendix 

5.5) and a high degree of topographic variability across the sites (Figure 5.6), the number of 

pixels classified in the final maps (712,500,000) exceed the total number of training samples 

(373,725), potentially only capturing part of the total variance. However, the applied random 

forest models and maximum likelihood classifier have proven to be robust enough in 

obtaining accurate land-cover classification estimates with limited training samples 

(Rodriguez-Galiano et al., 2012; Scholefield et al., 2019). Furthermore, since the models 

were able to discriminate – to a high degree (Table 5.5) – between the six classes, and 

therefore the training dataset for both sites appears to be sufficient (Foody, 2009). 

The selected land cover types are primarily based on dominant PFTs and key blanket 

bog features such as water and bare peat. The inclusion of shadow as a classification unit 

proved to be effective with regards to increased overall accuracy of upscaled NEE estimates, 
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as these features would likely be classified as closely related units (water and ericoids from 

the confusion matrices (Table 5.5)), incorrectly increasing their coverage. Especially when 

conditions are not optimal (i.e., low sun angles) or when peatland surface morphology is 

highly variable, the inclusion of a shadow unit could be beneficial in other studies, especially 

when only using RGB data (Milas et al., 2017).  

 As stated above, the RGB and derived VI provided sufficient predictive power to 

classify the dominant peatland PFTs and key blanket bog features, including shadows. The 

classification results from best-performing models based on RGB and derived VI data 

resulted in high overall accuracies: 87.0 % and 91.3 % for Knockfin Heights and Munsary 

respectively, comparable with results from other peatland studies such as at the Northern 

Pennines, UK: with 82 % using 0.5 m resolution colour infra-red imagery (Parry et al., 2015) 

and between 50-100 % at 0.04 m for blanket bog cover types using RGB and topographic 

information (Scholefield et al., 2019). In addition to spectral information, the addition of 

topographic variation – the Wind Exposure Index identified as most important LSP predictor 

variable in the random forest models at both sites – resulted in increased overall accuracy 

compared to the best of RGB +VI and best of VI models. This increase in accuracy 

associated with the predictive power of topographic variation has been observed in other 

studies dealing with land-cover classification (Goodbody et al., 2018; Beyer et al., 2019; 

Harris & Baird, 2019; Scholefield et al., 2019), highlighting the importance of the inclusion 

of elevation(-derived) parameter in classification of blanket bog cover. 

 

 Upland and low-lying blanket bog cover estimates 

Traditionally, optical-based aerial surveys, including UAVs as well as rough visual 

estimates of cover, are known to capture the “top canopy cover” and result in potential 

limitations with respect to upscaling, especially with regards to underestimating lower plant 

coverage, such as Sphagnum spp., herbaceous species and other mosses (Parry et al., 2015; 

Baxendale et al., 2016). For example, the highest observed coverages of ‘lower plants’ in 
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this study were observed for Sphagnum spp. across centre plots at Munsary (6.9 – 7.3 %), 

which is nearly an order of magnitude lower than field-based Sphagnum spp. estimates of 

total cover (>50 %) across the site (Alshammari et al., 2020). For the upland plots at 

Knockfin Heights, the overall distribution of blanket bog cover estimates is in line with fine-

scale vegetation top cover surveys obtained in 2005 (Hancock et al., 2018a), where 

Sphagnum spp. was less than 10 % and ‘all higher plants’, including graminoid cover, were 

dominant across the sampling sites.  

The decrease in Shannon Index species richness with coarser spatial resolutions - 

omitting all non-dominant classes in pixel sizes at pixel sizes over 5m – was not as clear for 

the Hellinger distance results, even though it is a helpful metric to detect similarities between 

species or land-cover estimates (Wilson, 2011). In the case of blanket bog cover type 

estimates, the higher count of zero observations with decreasing spatial resolution is likely 

causing the broader similarity range. Based only on the aggregated cover type estimates in 

this study, it is difficult to determine if high (sub-metre) or low (> 10 metre) spatial resolution 

are suitable meaningful applications of distance matrices. One solution to overcome this 

limitation – mainly based on limited sample size of both plot types (margins and centres) 

and site types (upland versus low-lying blanket bog) across the spatial resolutions – would 

be to increase cover of a wider range of blanket bog sites across the Flow Country. Such an 

increase in sample size would also remove the pseudo-replication constraints hindering 

comparative statistics. Subsequently, additional spatial parameters (e.g., longitude, latitude 

and altitude) could be included in the Hellinger distance dissimilarity matrices to account 

for landscape variability (Legendre et al., 2005). In theory, such parameters derived from 

cover estimates can also be used to monitor restoration efforts (Poulin et al., 2013), 

especially when the number of cover types (i.e., individual species) can be increased.  
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 Detailed blanket bog emission factors 

UAV-derived blanket bog compositions, including non-vegetated units, were 

affected by the aggregation steps to simulate coarser spatial estimates, such as obtained from 

aerial photography (exceeding the UAV-flight heights) and satellite imagery, in the range of 

1 to 50 metres (Lees et al., 2018). The main resulting effect was an exclusion of low cover 

classes, including ericoid cover being overtaking by graminoid dominance. This last change 

specifically had a noticeable effect on predicted NEE estimates across the sites. Although 

graminoids were considered minor C-CO2 sources with regards to annual predicted NEE at 

the centre plots at Munsary in both years, the overall effect of increased graminoid cover 

estimates actually lowered average cumulative predicted NEE across these plots. This is 

because graminoid emissions were about an order of magnitude lower than the ericoids (3.8 

and 12.4 g C-CO2 m
2 yr-1 in 2018 and 2019 for graminoids versus 82.9 and 89.8 g C-CO2 

m2 yr-1 respectively for ericoids). This highlights the sensitivity of predicted NEE estimates 

derived from less detailed cover maps for these dominant C-CO2 emitters during drought. 

In this study, the overall predicted NEE behaviour stayed constant at both sites, 

especially when taking into account the upper and lower C-CO2 estimates (Figure 5.14). 

With proxy-estimate approaches (e.g., Greenhouse gas Emission Site Types (GESTs)) a 

range of NEE can used to upscale fluxes across a larger area. Yet, uncertainties remain 

(Couwenberg et al., 2011), especially with regards to extreme drought events such as 2018. 

Interestingly, when simulating increased Sphagnum spp. cover, little changed in the overall 

cumulative annual NEE behaviour across the sites. As explained by the modelled annual 

NEE, the increased total emissions were expected, due to the estimated overall net C-CO2 

source Sphagnum spp. behaviour. This can be related back to increased stress and partial 

bleaching as a result of drought conditions in 2018, still affecting the PFT’s CO2 fluxes in 

2019 (section 3.4.2). Similarly, the contrasting annual NEE estimates of Sphagnum spp. 

from margins and centre plots at Knockfin Heights determine the predicted C-CO2 NEE 

trends at both plot types when increasing the cover beyond the original estimates (less than 
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4.4% coverage). These examples show the need for inclusion and improvement of inter-

annual variability within GESTs and/or LULUCF units (Evans et al., 2017). Thus, focus 

should be on increasing both the spatial coverage and sampling frequency to increase model 

accuracies and decrease upscaling uncertainties in GHG flux estimates, especially in extreme 

events to help improve future climate predictions. 

This study only looked at predicted NEE (C-CO2) fluxes and did not cover CH4 

emissions, which are associated with some PFTs such as graminoids (Greenup et al., 2000) 

and are strongly related to water table position (Evans et al., 2021). A similar upscaling 

would however be realistically achievable if CH4 fluxes could be measured at the plot-scale. 

Levy et al. (2012) has shown that especially in the Flow County, CH4 fluxes are among the 

highest predicted across the UK, but, also with the largest uncertainties (Van Oijen et al., 

2017), highlighting the need for more detailed surveys and GHG estimates in the area. 

Furthermore, increased erosion and mineralization of bare peat have also been linked to 

increased aquatic carbon fluxes (e.g., DOC, POC and DOM) (Evans et al., 2010), but 

including these in full C budgets might be more difficult with upscaling from UAVs and 

proxy-based approaches. However, detailed mapping of erosion features with UAV-SfM 

have allowed for estimating loss of carbon through erosion on degraded sites (Li et al., 2019; 

Scholefield et al., 2019). 

The upscaled chamber-derived NEE flux estimates from the blanket bog cover maps 

provide a good example of how UAVs can be used as an effective ‘intermediate’ stage 

between ground-based (EC flux towers) and airborne or RS (satellite cover and GHG proxy-

based) estimates. Furthermore, UAV-derived cover type maps, such as provided in this 

study, could also assist linking GHG flux estimates from EC systems to changes in fractional 

coverage across blanket bogs. Subsequently, sites with a high degree of similarity to EC sites 

could be classified using the same UAV and potentially training data, to upscale GHG fluxes 

to larger areas than the EC system footprint. Additionally, when limited to chamber-based 

GHG flux measurements, this study shows that UAVs can enable valuable and flexible 
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opportunities to derive realistic predictions of site-scale NEE (including remote upland sites 

such as Knockfin Heights), provided there are some empirical data of environmental 

conditions across the range of (micro)topography. When actual PFT-derived emissions are 

unavailable, other peatland cover types related to GHG fluxes can be used, such as 

hummock-lawn-hollow models (Becker et al., 2008; Wu et al., 2011; Ivanov et al., 2021) or 

a combination of vegetation and surface topography units, as hypothesised by Palace et al. 

(2018). 

 

 Bog standard, new standard? 

The results compared to current emission factors associated with LULUCF estimates 

in the UK (Evans et al., 2017) show that blanket bog sites classified to be in ‘near-natural’ 

condition could shift toward emission factors associated with eroding blanket bogs during 

and after droughts. This underlines the acknowledged paucity of empirical datasets from 

which to derive country-specific emission factors for peatlands, and the consequence of 

using these estimates used in national peatland GHG emission reporting. In particular, results 

in this study provide a stark reminder that the effects of extreme events such as severe 

droughts (Saunders et al., 2021) and wildfires on the carbon balance are yet to be fully 

accounted for, despite being already felt (Loisel et al., 20201. 

 Going forward, more detailed GHG estimates generally, but also specifically during 

extreme droughts (see Chapter 3) and better cover maps of blanket bogs and peatland types 

in general will continue to be needed. Although it is recognised that UAVs are not suitable 

for global assessment, they can provide invaluable detail of peatland heterogeneity and 

variation through detailed case studies (Knoth et al., 2013; Jeziorska, 2019; Korpela et al., 

2020; Kelly et al., 2021). Moreover, even standard RGB imagery (i.e., from consumer-grade 

UAVs, aerial platforms or digital cameras in the field) can still provide valuable habitat 

classifications across peatlands for obtaining vegetation coverage and change metrics 

(Baxendale et al., 2016; Hancock et al., 2018a; Palace et al., 2018; Bhatnager et al., 2020), 
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estimating carbon losses through erosion (Li et al., 2019; Scholefield et al., 2019), monitor 

surface motion (Nijp et al., 2019) and upscaling carbon fluxes through land cover proxies 

(Ivanov et al., 2021). The results from this study also underline the potential of relatively 

inexpensive UAVs to produce sub-metre resolution datasets that can be classified with 

opensource software (i.e., OpenDroneMap) on inexpensive and non-specialist computers 

that meet the computational requirements to run the software (e.g., 8GB RAM, sufficient 

storage, etc.). 

The added value of high-end multi- and hyperspectral sensors (across UAVs, 

airborne and satellite RS methods) are acknowledged for peatland mapping and monitoring. 

These techniques have successfully been deployed to assess for example changing moisture 

conditions on plant phenology, productivity and vegetation cover (Schaepman-Strub et al. 

2009; Cole et al., 2014; Beyer et al., 2019), but also for mapping belowground carbon stocks 

(Lopatin et al., 2019). Additionally, the use of LiDAR for peatland habitat mapping has 

shown promising results (Korpela et al., 2020). Similarly, EO satellites, with their 

increasingly high spatial and temporal resolution remain invaluable tools in peatland RS 

studies (Lees et al., 2018). However, optical satellite imagery comparable to UAV-imagery 

resolutions is not freely available, and commercial EO satellite datasets require minimum 

order area and associated prices (Sozzi et al., 2018). Especially for detailed surveys – i.e., to 

assess effects of restoration or the recovery of peatlands after fire (see Chapter 6) – UAVs 

are now considered an important asset in the monitoring toolbox. 

To emphasize, UAVs can be used to validate other RS peatland mapping and 

monitoring tools, such as non-optical techniques like (In)SAR for surface motion detection 

(Alshamarri et al., 2018; Millard & Richardson, 2018; Tampuu et al., 2020). Similarly, 

White et al. (2020) has shown that the combined application of UAV-imagery and satellite 

SAR data (C-band RADARSAT-2) can aid in discriminating between peatland restoration 

phases. In particular across the wider study area in the Flow Country, these InSAR-derived 

surface motion dynamics have been linked to peatland condition (Alshammari et al., 2020). 



 197 

Future work on the synergy and co-validation of UAVs and satellite-based approaches across 

larger areas could explore linking dominant cover types – and changes over time – with 

peatland condition, GHG fluxes and carbon budgets as a whole. This also includes the 

potential of UAVs to monitor the impact of wildfires and subsequent revegetation or 

restoration of affected peatlands (Simpson et al., 2016; De Roos et al., 2018; Talucci et al., 

2020). By utilising data from UAV-deployments in the same season over consecutive years 

– to account for changes in (pheno)spectral behaviour and (soil) conditions on the bog 

throughout the year (see Chapter 4) – high-resolution change analysis outputs are available 

(see Chapter 6) to monitor peatland functioning in detail. 
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5.5 Conclusion 

Classification of vegetation using remote sensing techniques typically relies on the 

use of multi-spectral imagery derived from high-end sensors. This study has demonstrated 

that vegetation indices and topographic parameters derived from 3-band (RGB) UAV-

imagery captured using consumer-grade equipment can be used to identify and classify 

peatland PFTs and key blanket bog features with over 85 % accuracy. For both margin and 

centre plots at the upland and low-lying blanket bog sites, overall high classification 

accuracies were obtained using an extensive training dataset and comparison of a selection 

of random forest models. Once classified, the imagery was used for subsequent upscaling of 

C-CO2 NEE estimates during the drought year of 2018 and a post-drought year 2019 and 

showed that the majority of the plots were predicted to behave as net sources of CO2. 

Degrading the spatial resolution of the imagery indicates that where the pixel size is >5 m, 

low coverage classes such as Sphagnum spp., water and bare peat are excluded, therefore 

highlighting potential issues with freely available satellite imagery for such predictions of 

GHG estimates. This is especially relevant considering that current emission factors for UK 

blanket bogs are limited in their empirical basis, and subsequently fail to include a wider 

range of (micro)topographic variation and the heterogenous blanket bog vegetation covers. 

Moreover, carbon emission estimates are currently not ideal in the context of climate change, 

as the direct and indirect effects of droughts, increased temperature and occurrence of 

wildfires on the GHG balanced are not included. 

Overall, it is expected that any potential limitations associated with the methods (i.e., 

obtaining a training dataset and lower classification accuracies compared to high-end 

applications or the limited discriminatory power of RGB-imagery) do not outweigh the 

advantages. These also include pricing and deployment capabilities of consumer-grade 

UAVs, along with open-source processing tools and established classification methods that 

are freely available for everyone, including researchers, land managers and decision makers. 

However, the demonstrated approaches in this chapter that achieve high accuracy are often 
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only applicable to individual scenes or data captures, thereby requiring reanalysis for 

application elsewhere to enable comparisons and further exploration of consumer-grade 

UAVs for detailed blanket bog condition monitoring, such as recovery after wildfires: this 

will be explored in Chapter 6. 
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Ready for deployment across the Uair, August 2020 
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6 Burning questions: using UAVs to assess fire severity and 

vegetation recovery on a blanket bog 

 

6.1 Introduction 

The carbon storage function and biodiversity of peatlands are currently under threat 

from climate change, which is expected to reduce the current extent of suitable conditions 

to sustain and support northern bog ecosystems (Chaudhary et al., 2020), in particular the 

globally rare blanket bogs (Clark et al., 2010; Gallego-Sala & Prentice, 2013). However, as 

well as progressive change in climate space, it is expected that northern peatlands will have 

to experience increased drier and warmer climates, which leads to drier peatland conditions 

(Laine et al., 1996; Harris et al., 2020) and subsequent increased vulnerability to wildfires 

(De Groot et al., 2013; Kettridge et al., 2015; Lukenbach et al., 2016).  

Recently, wildfires across northern peatlands have increased in their spatial 

occurrence and frequency (Nelson et al., 2021; Veraverbeke et al., 2021), even in permafrost 

peatlands in Russia and North America (Wieder et al., 2009; De Groot et al., 2013; Gibson 

et al., 2018). In the UK, where 95 % of the wildfires are human induced, 2019 saw a record 

number of wildfires in the European Forest Fire Information System (EFFIS) (JRC, 2020). 

It is predicted that the number of days where fire risk is extreme due to drought and wind 

conditions will continue to increase as a result of climate change, making large and severe 

wildfires more likely to occur more frequently (Arnell et al., 2021; Belcher et al., 2021). 

Wildfires have a significant effect on northern peatland functioning, as they have the 

potential to reset and influence plant successions (Turetsky et al., 2015). Overall resilience 

of peatland vegetation to fire has mostly been assessed by examining cover type assemblages 

prior to and after fire events by, for example, examining peat cores for charcoal and 

macrofossil changes (Magnan et al., 2011; Sillasoo et al., 2011), applying mineralogical 

analyses on fire site cores (Sherwood et al., 2013; Ingram et al., 2019) or by obtaining 
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vegetation cover type estimates through extensive field campaigns (Benscoter et al., 2005; 

Gibson et al., 2018; Morison et al., 2021).  

In these types of studies, Sphagnum spp. are often used as a key indicator for fire 

severity, due to their unique ability to retain water and influence their immediate 

surroundings (Clymo, 1963), which limits combustion and increases peatland wildfire 

resilience (Shetler et al., 2008). Studies have found that hummock-forming species tend to 

reduce burning vulnerability due to their water-holding capacity during drought (Benscoter 

et al., 2011; Blier-Langeau & Rochefort, 2016), compared to low-lying Sphagnum spp. in 

hollows and lawns, which form looser colonies (Rydin, 1993). Post-fire Sphagnum spp. 

recovery (i.e., reestablishment or growth) towards pre-fire conditions has been observed to 

range from relatively short timescales of 6 months (Morison et al., 2021) or 2 years 

(Benscoter, 2006) up to one or two decades (Zoltai et al., 1998; Clarke et al., 2015). 

Peatland vascular plants, such as graminoids and ericoid shrubs, compete with 

Sphagnum spp. during post-fire recovery, which can result in different post-fire vegetation 

assemblages (Benscoter et al., 2005, Gibson et al. 2018). However, cyclic behaviour where 

post-fire peatland vegetation cover converged back to pre-fire communities have also been 

observed on ombrotrophic bogs in Sweden (Sillasoo et al., 2011) and Canada (Magnan et 

al., 2011) and (sub)alpine bogs in Australia (Clarke et al., 2015). In the UK, ericoid shrubs 

Calluna vulgaris provides high ‘fuel’ loads during peatland fires (Davies & Legg, 2011; 

Grau-Andrés et al., 2018), but are also among the first colonising species after a fire (Sillasoo 

et al., 2011), creating positive feedbacks by providing more fuel and make the system more 

susceptible to a subsequent fire event. Although evidence from long-term records suggest 

high resilience of peatland vegetation to wildfires, less is known about the short-term 

impacts or the impacts of increased wildfires frequency and severity (Nelson et al., 2021; 

Veraverbeke et al., 2021).  

Traditionally, post-fire quadrant or transect surveys have been used to determine fire 

severity through depth of burn (DOB) measurements and vegetation or charring estimates in 
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detail on site (Lukenbach et al., 2016; Granath et al., 2021). To complement and upscale 

field data, Earth Observation (EO) satellites have been used to monitor these events, both 

prior and after peatland wildfires (Fraser et al., 2017; Skakun et al., 2021). Aerial surveys, 

or Remote Sensing (RS) in general, have shown to allow detailed observations in northern 

peatlands (Mehner et al., 2004; Connolly & Holden, 2017; Clutterbuck et al., 2018), which 

provides insights in the effect of climate change and wildfire impacts across the landscape 

(Sirin et al., 2018). However, detailed studies show EO RS platforms can have limitations 

with regards to the fire extent estimates, including historically overestimating Canadian 

wildfires by approximately 11 % each year between 1950 and 2018 (Skakun et al., 2021). 

Furthermore, the spatial ground sampling resolution of freely available satellite imagery is 

limited (up to 10-meter resolution with Sentinel-2) (Lees et al., 2018) and are unable to 

capture complex peatland cover mosaics at a detailed scale (see Chapter 5), which is required 

to understand complex fire effects related to peat properties, microtopography and 

vegetation (Nelson et al., 2021). 

Unoccupied aerial vehicles (UAVs) have shown potential to bridge between detail 

walk-over surveys and satellite imagery by providing very-high resolution images and 

derived cover maps (Mathews, 2015; Müllerová et al., 2016; De Roos et al., 2018). UAVs 

can be used to estimate peatland functioning through for example estimating carbon stocks 

or upscaling GHG fluxes based on peatland vegetation cover type (Chapter 5; Lehmann et 

al, 2016; Lopatin et al., 2019) or microtopography (Ivanov et al., 2021). The ease-of-use 

associated with consumer-grade UAVs make them ideal platforms for routine monitoring 

with limited costs (Jiménez López & Mulero-Pázmány, 2019), which is useful for post-fire 

recovery studies on peatlands worldwide (Simpson et al., 2016; Fraser et al., 2017).  

The unpredictable and ephemeral nature of natural hazards like wildfires make them 

difficult to study and currently the effects of wildfires on the functioning and resilience of 

near-natural peatlands are based on limited evidence. In the UK, for example, most studies 

on the recovery of peatlands after fire are predominantly linked to sites with prescribed 
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burning histories instead of wildfires, like on managed grouse moors (Clement & Touffet, 

1990; Grau-Andrés et al., 2017; Noble et al., 2018; Marrs et al., 2019; Whitehead et al., 

2021). Addressing the data shortage has recently been identified as a crucial step towards a 

better understanding of C emissions from wildfires in northern biomes including peatlands 

(Veraverbeke et al., 2021). Combined with better predictions on the risks through improved 

fire danger modelling (Arnell et al., 2021), understanding the impact of these extreme events 

can also inform stakeholders about best landscape management strategies and practices to 

reduce fire risk and increase resilience (Granath et al., 2016; Andersen et al., 2021).  

In 2019, a large and severe wildfire impacted >60 km2 of blanket bog under a range 

of conditions (i.e., cut for fuel, drained, afforested, near natural and undergoing restoration) 

in a well-studied area of the Flow Country, Scotland, providing a unique opportunity to 

gather data on short-term wildfire effects. This chapter took advantage of the opportunity to 

deploy consumer-grade UAV platform, with the main aim to understand their advantages 

and limitations of for the estimation of wildfire severity impact and subsequent recovery of 

vegetation, building on the successful blanket bog cover type classification achieved in 

Chapter 5. 

In line with the introduced objectives of this entire study, this chapter aims to develop 

a workflow to monitor fire impact and post-wildfire vegetation recovery using high-

resolution consumer-grade UAV-derived classified land-cover maps. Specifically, the 

specific objectives of this chapter are: 

1) to train random forest models to predict peatland PFT and key land surface features 

on a burnt and unaffected blanket bog (i.e., pools and burnt surface) using RGB Vegetation 

Indices (VIRGB) and a Land Surface Parameter (LSP) derived from consumer-grade UAV-

imagery; 

2) to qualitatively assess the effect of spatial resolution on percentage coverage 

estimates on classified blanket bog transects over burnt and unaffected areas across a 

topographic and hydrological gradient; 
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 3) to compare classified burnt and unaffected blanket bog cover maps from 2019 (3 

months after a fire event) and 2020 (15 months post-fire) to estimate vegetation recovery 

rates; and  

4) to assess whether fire severity and post-fire vegetation recovery is linked to 

variations in hydrological and topographical setting. 

 

It is hypothesised that dominant peatland PFTs and key features can be classified 

with high accuracies, due to their distinctive spectral characteristics and topographic setting. 

Utilising VIRGB together with a LSP (i.e., a surface model variable highlighting topographic 

highs (“hummocks”) or lows (“hollows”)) is expected to improve overall classification 

accuracy and truthful representation of cover type distribution. Furthermore, it is 

hypothesised that decreasing spatial resolution will result in overestimating dominant classes 

and underestimating minority classes, such as burnt surface in the fire extent and Sphagnum 

spp. in the unaffected areas respectively. Finally, post-fire land-cover change rates derived 

from the 2-year monitoring period are expected to show a decrease in burnt surface 

estimates, as vascular plant cover (graminoid and ericoid PFTs combined) is expected to 

recover. Key blanket bog species such as Sphagnum spp. are also expected to show signs of 

recovery, but only in certain areas where fire severity was limited and minimal bleaching 

was observed: most likely around areas with higher water availability, such as pool systems 

and hollows. By including both net changes across the transects, but also quantifying rates 

of change and potential trajectories of recovery of vegetation, this chapter will contribute to 

process-based knowledge on post-fire blanket bog recovery.  
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6.2 Methods 

 Study site 

The research site is located in the Flow Country peatlands, in northern Scotland (see 

section 2.1). The site is part of the Peatlands of Caithness and Sutherland Special Area of 

Conservation (SAC) and is also designated as a Site of Special Scientific Interest (SSSI), 

Special Protection Area (SPA) and Ramsar. From the 12th until the 20th of May, the area was 

affected by the largest wildfire recorded in the UK in 2019 (see Chapter 2, Figure 2.6 for 

full extent). With circa 60 km2 the fire covered multiple estates and near-natural, drained 

and post-afforestation restoration sites (Andersen et al., 2021) (Figure 6.1). 

The study area for this chapter is at the southern edge of the fire and is part of the 

RSPB’s Forsinard Flows National Nature Reserve (NNR). It is known locally as the Uair 

(58°25’33.0” N, 3°59’49.0” W, 170 m.a.s.l.) and is characterised by blanket bog vegetation 

dominated by bryophytes (Sphagnum capillifolium, S. austinii, S. papillosum, S. medium, S. 

cuspidatum, Racomitrium lanuginosum), graminoids (Eriophorum angustifolium, E. 

vaginatum, Tricophorum germanicum, Molinia caerulea) and ericoid shrubs (Erica tetralix, 

Calluna vulgaris). The area also includes well developed pool systems. 

Across the area, three transects covering the southernmost extent of the fire scar and 

part of the unburnt were chosen to capture hydrological and topographical gradients. The 

westernmost transect (TL) covers the lower and wetter part, whereas the easternmost transect 

(TR) covers the higher and drier area. The middle transect (TM) is situated in the middle, 

representing a transitional area. The extent of the transects cover a burnt area of about 1,000 

by 150-meter, with an additional unburnt part in the south of around 100 by 150-metres 

(Figure 6.1). 
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Figure 6.1 Transects across the southern end of the Strathy fire extent (visible on ©2021 

Google Maps Satellite image for reference) across the site at the Uair. UAV-flights mapped 

the entire footprint (about 150 by 1,100-metre) of each transect, of which approximately 10-

15 % covered the unaffected area at the southern margin of the transects. Adjacent to the site 

in the east, evidence of forest-to-bog restoration can be observed. 
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 Ancillary data  

Vegetation surveys undertaken as part of a separate project between autumn 2019 

and spring 2021 beyond the transects across the wider Strathy fire extent – provided 

contextual ground-based empirical data of vegetation cover (burn and unburnt), fire effects 

on vegetation and depth-of-burn (DOB) (Andersen et al., 2021). Within the transects, 

additional walk-over surveys were done after the UAV flights for additional field 

observations. Peat depths were also measured using a peat probe in August 2019 across a 

regular 100-meter grid covering the entire transects from north to south (Appendix 6.2).  

 

 UAV-imagery 

The site was visited 3 months after the fire on the 20th of August 2019 and again 15 

months post fire on August 14th, 2020, and all transects were surveyed on both occasions to 

capture fire effects on vegetation and initial recovery. Details on the flight planning, 

deployment and image-processing steps are described in Chapter 2 (see section 2.2). A 

consumer-grade UAV (DJI Phantom 4 Advanced) equipped with a 20-megapixel camera 

(FC6310 sensor) was used to collect high-resolution RGB images (red: 594 ±65nm, green: 

524 ±115 and blue: 468 ±94nm) (Burggraaf et al., 2019). All flights were flown at 80 metres 

above the terrain, to obtain images at around 0.05 m ground sampling distance (GSD) and 

within 1-1.5 hours to minimise changing ground and atmospheric conditions between flights 

(see details in Appendix 6.1). Light conditions were similar in both years, with uniform 

overcast skies and average solar elevation angles (SA) of 41.6° and 43.3° in 2019 and 2020 

respectively (NOAA, 2021). 

All steps described in the subsequent method sections were performed using the 

opensource language R (version 4.0.2) in RStudio (R Core Team, 2014) and are identical to 

the processing steps used for the blanket bog cover maps in Chapter 5, unless stated 

otherwise. Similarly, all final maps were produced in QGIS version 3.14 (QGIS 

Development Team, 2020). Together with the UAV-derived elevation models and classified 
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blanket bog cover maps, comparisons between the transects were made using visual 

inspection and summary statistics in QGIS and R, including plots made with ggplot2 

(Wickham et al., 2019). 

 

6.2.3.1 Orthomosaic and DSM processing 

Visual assessment of the output RGB-orthomosaics and DSMs (0.05 m resolution 

GeoTIFF files) was undertaken in QGIS to identify potential problems with image quality 

and also the accuracy of alignment between 2019 and 2020 surveys. The onboard GPS was 

used for spatial image-alignment (orthorectification), as well as ‘digital’ GCPs (latitude and 

longitude) derived from identified features in the orthomosaic from 2019, subsequently used 

to improve overlap of the 2020 imagery (see section 2.2.3). The orthomosaics and DSMs 

were clipped to a consistent area of 1,100 m x 150 m which included a 5 m buffer for LSP-

calculations but excluded edges of the datasets where error can be introduced during 

processing as a result of reduced image coverage.  

A custom R script (see section 5.2.2.1) was adapted to process all raster data. As a 

result of spatial alignment, all 2019 and 2020 rasters were stacked and run as one dataset to 

improve computational efficiency. Each individual band from the RGB data were tiled to 50 

x 50 m subsets using the landmap package (Hengl, 2021), and subsequently processed in 

parallel with the snowfall package (Knaus et al., 2009) and the parallel package (R Core 

Team, 2014). Parallel processing was achieved using all 8 logical cores (threads) on a 2.6 

GHz Quad-Core Intel Core i7 on a MacBook Pro (2016). 
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6.2.3.2 VIRGB and LSPs 

Given the high classification accuracy results (ranging between 87 - 91 %) from 

upland and low-lying blanket bog cover estimates across comparable unburnt study sites at 

Knockfin Heights (5 km southeast of the Uair) and Munsary (30 km to the east), the same 

VIRGB and LSP were used for the classification in this study. This drastically decreased the 

processing time required for the application of a ‘best-performing variable’ analysis on the 

transects’ training dataset (Chapter 5, section 5.2.3.3). Additional background and references 

on the RGB-derived vegetation indices (VIRGB) and Land-Surface Parameters (LSPs) can be 

found in the related sections (Chapter 5, sections 5.2.2.2 and 5.2.2.3). 

With the digital numbers (DN-values) from the high-resolution RGB-orthomosaics, 

2 VIRGB were calculated: the excess green index (ExG) and the visible atmospherically 

resistant index (VARI). Together with the Red and Blue bands of the RGB-orthomosaics, 

these two VIRGB provided the spectral information used in the subsequent classification 

steps. The only LSP used was the wind exposure index (WEI), calculated with a 5 m radius 

to capture the microtopographic surface variation across the transects. These five variables 

were included in all models due to their high predictive modelling potential of key blanket 

bog vegetation and features (Chapter 5). 
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Table 6.1 Predictor variables derived from the UAV-imagery (RGB-orthomosaic) and 

digital surface model (DSM) used for training the random forest models. 

Predictor variables Description Reference 

UAV-imagery VIRGB   

Red and Blue Reflectance visible light in red and blue 

bands from the RGB imagery 

- 

ExG 

Excess Green index 

Canopy greenness estimator derived from 

RGB imagery:  

2  Rgreen – (Rred + Rblue) 

Woebbecke et al., 

1995 

VARI 

Visible Atmospherically 

Resistant Index 

Canopy fractional cover estimator from 

RGB bands: 

(Rgreen – Rred) / (Rgreen + Rred – Rblue) 

Gitelson et al., 

2002 

UAV-DSM LSP   

WEI 

Wind Exposure Index 

Index of average wind effect from 24 

directions (5m radius) around a pixel, with 

shadowed < 1 < exposed 

Böhner & Antonić, 

2009 

Rx refers to reflectance (DN) with subscript indicating the band (Red, Green or Blue) 

 

 Classification 

6.2.4.1 Training targets – fire extent and unaffected area 

Using the 2019 and 2020 RGB-orthomosaics, training points were manually 

identified and classified across the transects (Table 6.2) using QGIS. The training points – 

also used for validating the models – cover 7 dominant land cover types across the fire extent 

and unaffected areas at the site, including: burnt area, water, Sphagnum spp., bleached 

Sphagnum spp., vascular plants, Racomitrium spp. and lichen. 
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Table 6.2 Dominant blanket bog cover types across the fire extent and unaffected areas. 

Indicated are the cover type subsets used for random forest training and classification. 

Cover 

type: 

Burnt area Water 

Sphagnum spp. 

Vascular plants R. lanuginosum Lichen 

Unaffected Bleached 

Fire extent    ✓ ✓ ✓ ✓ ✓   

Unaffected area ✓ ✓  ✓ ✓ ✓ 

 

To ensure the quality of the manual identification of training points from the imagery, 

6 post-fire walk-over surveys were conducted in August 2019, August 2020 and April 2021. 

Using identified features in the field and the aerial imagery, all classes were checked and 

determined with confidence. The burnt area class includes all observable evidence of 

burning in across the transects and includes charred/burnt vegetation (i.e., vascular plants 

and mosses: Sphagnum spp. and R. lanuginosum) and surficial-burnt peat. Water features 

include the range of pools found in both the fire extent and unaffected areas, as well as the 

inundated hollows.  

The UAV-derived imagery and walk-over surveys enabled the identification and 

classification of Sphagnum spp. present in the area, which were either classified as 

‘unaffected’ (referred to as ‘Sphagnum spp.’) or bleached Sphagnum spp., for mosses 

showing signs of desiccation across the hummock, hollow and lawns. Similarly, vascular 

plants were identified across the transects and included both ericoids – C. vulgaris and E. 

tetralix – and graminoid plant functional types (including herbs and rushes), such as E. 

vaginatum, E. angustifolium, T. cespitosum, M. caerulea, N. ossifragum, Hypnum 

jutlandicum, Potentill erecta and Juncus spp. around the streams. 

The unaffected areas also contain R. lanuginosum hummocks and were included as 

a separate class as an estimator of blanket bog development (Tallis, 1995). Similar to the R. 

lanuginosum class, lichen (Cladionia spp.) was a dominant cover type for the unaffected 
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area but absent from the fire extent and therefore important to include in the overall cover 

type estimates comparison. 

Using the delineated fire extent and unaffected areas at the Uair plots (Figure 6.1), 

the overall classification accuracy was improved by manually grouping the cover type 

classes to associate them with the two different area types across the transects (Table 6.1). 

Increased overall classification accuracy was achieved by utilising two separate random 

forest (RF) models that would only include units present in each area. However, for cover 

types present in both areas (i.e., vascular plants), VIRGB and LSP ranges associated with 

features in the fire extent and unaffected area were included as these cover types would – in 

theory – not be influenced by their position (i.e., in the fire extent or unaffected area). 

Therefore, a wide range of observed spectral and topographic variation was retained to 

increase the overall predictive and discriminatory power of the classification models. 

Since part of the objective was to estimate changes between the 2019 and 2020 

survey, the use of points was preferred over polygons to identify ‘non-changing’ training 

targets in both datasets. This would decrease the number of points to be identified, as for 

example, a burnt area point was the same in 2019 and 2020, consequently representing an 

endmember class at that location for both years. To increase the sample size for each 

dominant cover type, a circular buffer of 0.05 m was used around each point to capture more 

pixels surrounding the initial target area. Visual inspection of points across the 2019 and 

2020 RGB-orthomosaics ensured that a classified class remained the same in both years, 

decreasing the occurrence of overlapping classes in the obtained training dataset and 

improving the quality of the training and validation targets, which was especially important 

for the closely-related unaffected and bleached Sphagnum spp. classes. 
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6.2.4.2 Random forest training and classification 

The RF model training and classification procedure was identical to the workflow 

described in Chapter 5 (see section 5.2.3), which includes randomly selected training targets 

(2/3 for training, 1/3 for validation) and using a 10-fold cross validation to test the RF 

models. To minimise the computational requirements to obtain reasonable blanket bog cover 

type estimates across the transects, the input variables (Red, Blue, ExG, VARI and WEI) are 

predetermined based on their discriminatory and predictive power, as demonstrated in the 

previous chapter. Hence, no RF Recursive Feature Elimination script was utilised, and 

designated sample sites (as demonstrated in section 5.2.3.4) were not used to speed up the 

processing time. 

All calculations were done using functions in R (R Core Team, 2014), which 

included using 500 trees in each RF model, estimating accuracies, kappa-values and out-of-

bag (OOB) error estimates, using 10-fold cross validation, and controlling skewed training 

data distributions using the up-sampling method with the train, trainControl and 

confusionMatrix functions from the caret package (Kuhn, 2019). 

 For the fire extent and the unaffected area (both across all three transects) an 

individual RF model was constructed to accommodate the different set of blanket bog cover 

type classes (Table 6.2). A total of 6 RF models were used to check and compare the 

predictive power of the input variables in 2019 and 2020 separately (4 RF models: fire extent 

2019 and 2020, unaffected area 2019 and 2020) using the model’s accuracy estimates. The 

final models used for the classification of the transects used the combined training datasets 

(2 RF models: fire extent 2019 + 2020 and unaffected area 2019 + 2020). This was to allow 

the model to include a wider range of spectral and topographic variation, whilst decreasing 

the amount of processing time. Furthermore, overall accuracy (as shown in section 6.3.2) 

also postulates similar classification outputs across single-year and multi-year RF models, 

favouring a more simplistic approach when dealing with large datasets. 
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6.2.4.3 Final cover type estimates 

Both parts of the transects were classified using the designated model for either the 

fire extent and unaffected area RF model in R and exported to QGIS for visual inspection 

and error assessment. Water reflection noise from the UAV-imagery was negligible during 

both sampling occasions. Hence, the only error-removal procedure applied to the classified 

data included reclassifying pixels in the 2020 data that changed from water in 2019 to burnt 

area in 2020. Since these areas were clearly inundated or part of a pool system in 2019, it is 

unlikely that these would be a true burnt area class in the following year. To increase the 

detail and remove any obvious errors in the burnt area estimates, all water to burnt area 

pixels were reclassified as a new bare peat class (Figure 6.2). The bare peat class was added 

by extracting and reclassifying the erroneous pixels using the raster package (Hijmans, 

2020) in R. 

 

Figure 6.2 Illustrative example of the reclassification of burnt area in part of the fire extent 

in TL (~70 by 70 m) in 2020, that were classified as water pixels in the 2019 cover maps. 

 Blanket bog cover type estimates and the effect of pixel size 

Final blanket bog cover estimates were plotted in QGIS and loaded into R to compute 

absolute and percentage coverages of all the classes across the transects in 2019 and 2020. 

To investigate the effect of increasing pixel size on the cover type composition, a series of 
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aggregation steps was applied on the final classified data (identical to the methods described 

in section 5.2.4). The original cover map resolution (0.05 m) was reduced to increasing pixel 

sizes (0.25, 0.5, 1.0, 2.5, 5.0, 10.0, 25.0 and 50.0 m) and the modal cover unit was assigned 

as the value for each aggregated pixel using the aggregate function from the raster package 

in R. As discussed in Chapter 5, this procedure allowed for an efficient way to compare the 

results from this study with potential for other RS techniques/sensors to derive land cover 

maps, without the need for additional training and validation steps. Additionally, as pointed 

out, these ranges coincide with the spatial resolution of UAVs (Müllerová et al., 2016) and 

currently operational RS satellites used in studies on northern peatlands (Lees et al., 2018), 

including Sentinel-2 (10 – 60 m) and Landsat 7 (30 m) and commercial satellites such as 

SPOT 6 and 7 (1.5 – 6.0 m) and Worldview (0.3 – 0.5 m) (Clutterbuck et al., 2018). 

 

 Post-fire change analysis 

To estimate the post-fire recovery of blanket bog vegetation types across the 

transects, the final 0.05-m resolution classified maps from 2019 and 2020 were first 

compared using transition matrices and Markov chains. At each transect, the fire extent and 

unaffected areas were treated as separate regions to calculate the post-fire changes. 

Furthermore, water and bare peat were excluded, to reduce the amount of noise in the 

predicted cover estimates later on. The transition matrices summarise the number of pixels 

associated with each ‘class transition’ pair in the data between 2019 and 2020 (e.g., burnt-

to-burnt no change occurred or burnt-to-vascular plants for changing pixels). From the total 

amount of pixels per class in 2019, a percentage change for each transition was calculated 

for the sites in 2020. 

From each of the three fire extent transition matrices, a unique Markov chain (MC) 

was created using the markovchain package (Spedicato, 2017). Similar to the transition 

matrices, each MC is a model that describes the probability of how a feature (i.e., classified 

pixel) can change into any other class ‘over time’, depending on the class of the current 
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classified pixel and its transition probability relation with other classes. In the context of this 

study for example, the proportion of burnt area pixels that did not change between 2019 and 

2020 is used as the probability in the MC to predict the number of burnt area pixels left in 

the following model iteration (i.e., 2021, 2022, etc.). Likewise, the proportion of burnt area 

in 2019 that changed to any of the three vegetation classes in the fire extent part of the 

transects in 2020 (Sphagnum spp., bleached Sphagnum spp. and vascular plants), is used for 

the probabilities of changing burnt area pixels in MC. Finally, each vegetation class also 

has their own associated ‘no change’ probabilities and ‘change into another vegetation class’ 

(i.e., Sphagnum spp. in 2019 to vascular plants in 2020). Each MC combines all these 

interlinked probabilities into a single chain that can be used to predict new cover estimates 

(no. pixels) for each iteration. 

The transition matrices can be interpreted as a model for which burnt area coverages 

decrease exponentially for each iteration, converging to 0 % coverage over time. With 50 % 

decrease each year, coverages will fall under 5 % after 5 iterations (years). For the final post-

fire recovery estimates, the transition matrix estimates will therefore be used as a ‘lower 

bound’ of burnt peat coverage. The MCs used in this study are strictly irreducible and 

aperiodic, meaning that they will eventually reach an equilibrium. Compared to the transition 

matrix output, the MC final distribution is not expected to converge to 0 and thus can be 

used as an ‘upper bound’ of burnt area coverage. Theoretically it is possible to update the 

burnt-to-burnt probability in the MCs for each iteration, but this would affect the other 

probabilities as well, introducing unknown errors at each iteration.  

To estimate post-fire rate of change – regeneration of the blanket bog vegetation 

cover – at each transect, the class coverages from the final 2020 maps were used as the input 

for the transition matrices and MC derived from the 2019-2020 changes, after which each 

new yearly coverage estimate was used for the next iteration. Since the lower bound of the 

transition matrix effectively reduced burnt area coverage to <5 % in 5 years, blanket bog 

cover predictions were calculated until 2025, 5 years after the 2020 UAV-image capture. 
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 Microtopographic hollow index for fire severity and recovery assessments  

Quantitative characteristics related to peatland microtopography were used to 

examine the relationship between both fire severity and post-fire vegetation recovery and 

hydrological and topographical setting. Based on comparative research by Graham et al. 

(2020) on variability of surface roughness and elevation across multiple peatland plots 

(about 10 x 10 m), two additional Land Surface Parameters were calculated from the UAV-

derived 0.05 m DSMs. Only the DSMs obtained 3-months post-fire were used to capture the 

microtopographic variation closest to the fire in 2019. These included new layers for slope 

(Travis et al., 1975) and concavity (Conrad et al., 2015), the latter calculated using a 

Laplacian filter to detect ‘edges’ by assigning positive (concave) or negative (convex) values 

to the DSM using the default parameter settings from SAGA and the Rsagacmd package 

(Pawley, 2021). 

Instead of using the elevation data to obtain a ‘hollow’ index from the DSMs 

(Graham et al., 2020), the already calculated Wind Exposure Index (WEI) was used as a 

proxy for ‘hummock’- and ‘hollow’-likeness. This was to account for the effect the peatland 

surface elevation ranges that overwrite the microtopographic variations associated with 

peatland hummock, lawn and hollow structures. Utilising the WEI instead offered the 

opportunity to utilise spatial relationships (i.e., higher pixel values indicate more ‘exposed’ 

(micro)topographic highs) for the hummock-hollow distribution estimates. 

A sigmoidal weighting function was applied to each of the three 0.05-m resolution 

rasters (WEI, slope and concavity) to emphasise – in this case – hollow-likeness from the 

LSPs. Sigmoidal functions were based on Graham et al. (2020), including the parameters 

associated with each function. For details on the sigmoidal functions, overall procedure, and 

parametrisation, please refer to the supplemental material by Graham et al. (2020). The 

sigmoidal functions were applied to all three transects to obtain a ‘hollow-likeness’ index 

(hollow index) prediction for all pixels at 0.05-m resolution. 
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The quantitative hollow index output was classified based on the interquartile data 

ranges of each transect instead of a manually identified class threshold (Graham et al., 2020). 

With over 2  108 individual pixel values from sigmoidal function, classification of the data 

reduced computational requirements whilst still allowing for inspection of the output data in 

a meaningful way. For example, the quartile classes ranged from ‘least hollow-like’, ‘less 

hollow-like’, ‘more hollow-like’ to ‘most-hollow-like’, indicating to what extent a single 

pixel is associated with a ‘model hollow’. A Majority filter (Conrad et al., 2015) was applied 

to the classified hollow-index maps to remove noise from the dataset by reclassifying a pixel 

if it is surrounded by a majority of pixels with a different and potentially opposite class (e.g., 

individual most-hollow-like pixels surrounded by least hollow-like pixels). 

Examination of the link between hollow-index class distribution and fire severity was 

achieved by overlaying the classified output with the 2019 final cover type maps. For each 

burnt area pixel, the associated class was extracted and used to obtain distributions of 

hollow-index values for all three transects. Any increased burning in high fire-risk hollows 

(Benscoter et al., 2011; Blier-Langeau & Rochefort, 2016) should show up as a higher 

occurrence of Most hollow-like classes and vice-versa.  

Any influence of the hollow-index on post fire recovery was examined by using the 

raster calculator to obtain new pixel values for change using the 2019 and 2020 final cover 

maps. For all class-to-class possibilities, a single unique value was assigned. Only the pixels 

that were burnt area in 2019 were used for the fire recovery estimates and included for 

example pixels with no change from burnt area pixel class in 2019 to 2020, or changes from 

burnt area to water, or Sphagnum spp., vascular plants, etc. Like the fire severity 

distributions, hollow-index class distributions were obtained for the fire recovery classes and 

plotted for comparison amongst the transects.  
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6.3 Results 

 UAV-imagery, DSMs, and peat depths 

 The UAV-SfM derived imagery obtained in 2019 and 2020 yielded 0.05 m resolution 

RGB-orthomosaics for all the transects. The UAV-SfM derived DSMs in 2019 and 2020 

showed no major differences in elevation between the flights across the transects (Table 6.3). 

TR had the largest range in elevation (±28 m), due to its position on a ridge, sloping to the 

west. Ranges in elevation across TM and TL are related to the streams present in the area 

and general downward slope north. These topographic differences are also reflected in the 

peat depths across the site, which ranged from the deepest estimates (5.79 m) in the middle 

transect to shallow peat (0.23) m at the right transect close to Dyke to in the east. Overall, 

peat depth increased with lower elevations from east to west, with TL having a consistently 

thick peat deposit (3.30 ±0.78 m), compared to the thinner peat (2.97 ± 1.81 m) especially 

in the northern region of TM (Appendix 6.2). 

Table 6.3 UAV-SfM derived elevation ranges (m.a.s.l. from the digital surface models) and 

peat depth ranges obtained during a peat probing campaign. 

DSM elevation (m.a.s.l.) 

 TL TM TR 

Year: 2019 2020 2019 2020 2019 2020 

Average 165.14 165.24 169.53 169.30 186.85 186.86 

Standard deviation 4.04 3.54 1.94 2.57 6.65 6.84 

Maximum 175.43 173.14 180.32 182.48 200.37 201.64 

Minimum 157.93 157.08 164.31 165.03 172.05 172.01 

Peat depth (m below surface) 

Average 3.30 2.97 0.65 

Standard deviation 0.78 1.81 0.41 

Maximum 5.23 5.79 1.50 

Minimum 2.05 0.25 0.23 
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Figure 6.3 Training and validation point distribution across the transects at the Uair. The 

2019 RGB-orthomosaics (70 % transparency) provide the background layer for spatial 

reference, with the classification extents for the fire extent delineated in black. 
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 Random forest models: training and classification 

 The RGB-orthomosaics were, together with the walk-over surveys, used to obtain 

the training targets for the RF training and classification. The training dataset consisted of 

32,770 unique pixels (sampled within the 0.05 m radius around 6500 targets) across all three 

transects (Table 6.4, Figure 6.3). 

 

Table 6.4 Number of total targets (training and validation) covering dominant blanket bog 

cover types across the fire extent and unaffected areas. The cover type subsets are indicated 

in the top row. In all the RF-models, 2/3 was used for training and 1/3 for estimating model 

accuracy. 

Cover 

type: 
Burnt area Water 

Sphagnum spp. 
Vascular plants R. lanuginosum Lichen 

Unaffected Bleached 

# 
1000 

(4979) 

1000 

(5575) 

1250 

(6054) 

1000 

(4826) 

1250 

(6337) 

500 

(2613) 

500 

(2387) 

 

 Summary statistics from the confusion matrices for the separate 2019 and 2020 RF 

models across the fire extent and unaffected area of all the transects show overall high 

accuracies ranging between 87.4 and 89.8 %, with out-of-bag (OOB) errors ranging between 

5.2 and 9.3 % (Table 6.5). Generally, both the accuracy and kappa statistic were lower for 

the unaffected area models in 2019 and 2020, although OOB errors were lower compared 

to the fire extent RF models in both years. 

 

Table 6.5 Year-specific random forest models accuracy and kappa values for the fire extent 

and unaffected area subsets. OOB-errors are derived from the 10-fold cross validation 

procedures. 

  
Accuracy kappa OOB-error 

2019 Fire extent 88.9 % 0.86 9.3 % 

 
Unaffected area 87.6 % 0.84 7.2 % 

2020 Fire extent 89.8 % 0.87 7.2 % 

 
Unaffected area 87.4 % 0.84 5.2 % 
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 Compared to the year-specific RF model outputs, the combined 2019-2020 training 

and validation RF model accuracies showed very similar results, with overall accuracies of 

88.4 and 86 % for the fire extent and unaffected area models respectively (Table 6.6). RF 

model kappa (0.85 and 0.82) and OOB-errors (8.9 and 6.6 %) were also in the same range 

as the estimates from the four year-specific model (Table 6.5). Highest user accuracy 

(probability that a given category is properly represented by the model) in both models is 

obtained for the water class (fire extent 96.6 % and unaffected area 99.6 %), followed by 

Sphagnum spp. (including bleached Sphagnum spp. in the fire extent RF model) and 

vascular plants. User accuracy for the burnt area class was high (87.0 %) in the fire extent 

RF model compared to the unaffected area classes lichen and R. lanuginosum, with 71.7 and 

73.7 % user accuracies, respectively.  

 This lowered accuracy for lichen and R. lanuginosum is related to spectral confusion 

between these classes (103 lichen pixels were classified as R. lanuginosum and 163 the other 

way around). Since both classes have the lowest number (500 each) of training samples and 

were sampled across a smaller area in the transects (Figure 6.3), a higher number of 

misclassified pixels directly affects user accuracies, even with up-sampling steps applied in 

the RF models. In contrast, the Sphagnum spp. and bleached Sphagnum spp. classes in the 

fire extent RF models have 1250 and 1000 training samples (Table 6.4). Furthermore, 

although both Sphagnum spp. class training points were sampled across a larger area 

(capturing more of the spatial distribution), field observations did show high degrees of 

overlap in the unaffected and bleached moss cover, leading to some degree of spectral 

confusion. However, this observation only accounts for 4.4 and 3.7 % of the validation points 

for Sphagnum spp. and bleached Sphagnum, respectively (Table 6.6).  
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Table 6.6 Confusion matrices for the random forest classification of the validation (1/3 of 

total training points) using the final models for the fire extent (top) and unaffected area 

(bottom) training data subsets. Producer accuracy corresponds with the proportion of 

properly classified targets, whereas user accuracy indicates the proportion of the correct 

class of the total number of targets claimed to be classified correctly. 

Fire extent Actual   

 

 
Burnt 

area 
Water 

Sphagnum 

spp. 

Bleached 

Sphagnum 

spp. 

Vascular 

plants 
Total 

User 

accuracy 

(%) 

C
la

ss
if

ie
d
 

Burnt area 1524 85 64 33 45 1751 87.0 

Water 59 1765 0 2 1 1827 96.6 

Sphagnum spp. 28 0 1621 59 166 1874 86.5 

Bleached 

Sphagnum spp. 
20 2 88 1444 75 1629 88.6 

Vascular plants 27 4 242 69 1823 2165 84.2 

 Total 1658 1856 2015 1607 2110   

Producer accuracy (%) 91.9 95.1 80.4 89.9 86.4   

Overall accuracy: 88.4 %, kappa = 0.85, OOB-error: 8.9% 

 

Unaffected area Actual   

 

 Water Lichen 
Sphagnum 

spp. 

Vascular 

plants 

R. 

lanuginosum 
Total 

User 

accuracy 

(%) 

C
la

ss
if

ie
d
 

Water 1850 3 3 1 0 1857 99.6 

Lichen 4 638 20 65 163 890 71.7 

Sphagnum spp. 0 7 1697 169 26 1899 89.4 

Vascular plants 1 43 251 1803 63 2161 83.4 

R. lanuginosum 1 103 44 72 618 838 73.7 

 Total 1856 794 2015 2110 870   

Producer accuracy (%) 99.7 80.4 84.2 85.5 71.0   

Overall accuracy: 86.4 %, kappa = 0.82, OOB-error: 6.6% 
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 Classified blanket bog across fire extent and unaffected areas 

The final RF model outputs for the combined classified fire extent and unaffected 

area part of the transects, followed by burnt-to-water adjustment to a bare peat class step 

for the 2020 cover map, resulted in post-fire blanket bog vegetation and feature coverage 

map for the site in 2019 (Figure 6.4) and 2020 (Figure 6.5). A total of 50.62 ha was classified 

at a 0.05-m resolution, of which 89.2 % (45.14 ha) was part of fire extent and the remaining 

10.8 % (5.48 ha) accounted for the unaffected area. 

The classified transects in 2019 show the spatial distribution of blanket bog cover 

types 3 months after the fire in May of that year, including the extent of the fire. The 

dominant vascular plants cover around the stream (Meur Ghual) crossing TL and TM is 

noticeable. Also, the pool systems in these transects – not present in TR – at the site show 

up in the final classification across both the southern half of the fire extent and in the 

unaffected area (Figure 6.4). The classified unaffected area parts depict the heterogenous 

character of the blanket bog cover in the area, with lichen being a dominant top-cover class 

completely missing from the fire extent. 

One year later in 2020, the most notable change in the overall pattern of cover type 

distribution is the decrease of burnt area coverage (Figure 6.5). Especially in TL, the mix of 

cover types has shifted from burnt area-dominated to a mix of unaffected and bleached 

Sphagnum spp. in the areas not associated with the vascular plant cover around the stream. 

Also, a small proportion of the cover in this transect was previously classified as pools and 

inundated hollows in 2019, which are now classified as bare peat (2.4 %) (Figure 6.6). 
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Figure 6.4 Final classified transects at the Uair for 2019, showing the spatial distribution of 

the 7 key post-fire blanket bog cover types, including burnt area and water extent, as well as 

dominant vegetation cover. 
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Figure 6.5 Final classified transects at the Uair for 2020, showing the spatial distribution of 

the 8 key post-fire blanket bog cover types, including burnt area, water extent and bare peat, 

as well as dominant vegetation cover. 
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Figure 6.6 Coverage distribution (% of total) of classified blanket bog cover types across the 

fire extent (top) and unaffected area (bottom) parts of the three transects (vertical right axis) 

for both 2019 and 2020 (vertical left axis). 

 

Table 6.7 Total cover estimates for the classified fire extent and unaffected area across the 

transects for 2019 and 2020. Absolute total change in ha and % compared to the initial 

classified cover in 2019 are given, including the proportion of the changed area compared 

to the total area of the fire extent and unaffected area, and entire site (in brackets). 

 Class 2019 (ha) 2020 (ha) 
Absolute 

change (ha) 

Change 

(%) 

Proportion of 

total area (%) 

F
ir

e 
ex

te
n
t 

Burnt area 18.16 12.09 -6.08 -33.4 44.3 (40.5) 

Water 1.27 0.49 -0.77 -61.0 5.6 (5.2) 

Sphagnum spp. 5.60 5.77 0.17 3.0 1.2 (1.1) 

Bleached Sphagnum spp. 5.12 7.47 2.35 46.0 17.2 (15.7) 

Vascular plants 14.98 18.73 3.74 25.0 27.3 (25.0) 

Bare peat 0.00 0.59 0.59 - 4.3 (3.9) 

U
n
a
ff

ec
te

d
 a

re
a
 

Water 0.41 0.14 -0.27 -66.0 21.2 (1.8) 

Sphagnum spp. 1.46 1.14 -0.32 -21.8 24.7 (2.1) 

Vascular plants 2.45 2.73 0.29 11.7 22.1 (1.9) 

Lichen 1.00 1.30 0.30 30.1 23.4 (2.0) 

R. lanuginosum 0.16 0.11 -0.05 -33.6 4.2 (0.4) 

Bare peat 0.00 0.06 0.06 - 4.5 (0.4) 
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Percentage coverage estimates of the classified maps highlight the most profound 

changes in cover type distributions between the post-fire years in the fire extent parts of the 

transects (Figure 6.6). Looking at absolute changes across the site, total burnt peat cover 

decreased by 33.4 %, accounting for 44.3 % of the total change occurred in the fire extent 

part of the transects (Table 6.7). Classified Water cover in 2020 also dropped, roughly 

equally across both area types: -61 and -66 % respectively. All other class covers increased 

their absolute coverage in 2020, with the exception of R. lanuginosum (33.6 %), although 

this only accounted for 4.2 % of the total change in the unaffected area. 

Contrasting the lower burnt area estimates in the fire extent, are the increased cover 

of vegetation types, from vascular plants > bleached Sphagnum spp. > Sphagnum spp., 

which could indicate a slow recovery of Sphagnum spp. in the years after the fire, for which 

additional results are presented in section 6.3.5. 

Although minor, some changes are observed in vegetation cover in the unaffected 

area across the transects. Overall, the coverage ranges for the vascular plants fall within in 

the observed estimates for blanket bog top cover of graminoids and ericoids combined across 

margin and centre sites for both upland and low-lying sites across the Flow Country (Chapter 

5, Table 5.6). However, top cover estimates from the unaffected area Sphagnum spp. cover 

at the Uair are around an order of magnitude higher (16.2 – 29.6 %) compared to the near-

natural sites of Knockfin Heights and Munsary (2.6 – 7.1 %). However, overall, cover type 

estimates fall within the range of vegetation survey estimates (total cover, compared to top 

cover derived from the UAV-imagery) across unaffected plots and within the Strathy fire 

extent (Table 6.8). Especially when considering average Sphagnum spp. coverages include 

both ‘dead’ and healthy moss cover, which is comparable to a combined bleached and 

unaffected Sphagnum spp. class estimate. Total Sphagnum spp. cover in the fire extent 

ranged from 21.9 to 25.8 % in 2019 and from 26.9 to 31.2 % in 2020 (Figure 6.6). 

  



 230 

Table 6.8 Average proportion (%) of blanket bog plant functional types across plots from 

the vegetation surveys post-fire (autumn 2019 – spring 2020). Estimates are obtained from 

117 1 x 1 m quadrats within the vicinity of the study area, including both areas within the 

fire extent (n = 59) and unaffected areas (n = 58). 

 

Burnt 

area 

Water 

Sphagnum 

spp. 

Vascular plants 

(graminoids + ericoids) 

Dead 

vegetation 

Lichen Algae 

Other 

mosses 

Bare 

peat 

Fire extent 29.8 2.5 23.7 27.3 (20.7 + 6.6) 2.4 7.2 4.9 2.5 1.4 

Unaffected 

area 

- 1.0 12.9 34.9 (18.9 + 16.0) 19.1 13.2 1.3 12.6 1.5 

 

 Impact of resolution on fire extent estimates 

 The pixel aggregation results show that a decrease in resolution (i.e., larger pixel 

sizes) tends to reduce cover estimates of less dominant cover types across both the fire extent 

and unaffected areas (Figure 6.7). This leads to the “disappearance” of classes including 

water (pixel size > 10 m), bare peat (>10 m) and R. lanuginosum (> 2.5 m).  

 The largest effect of increased pixel sizes on relative fire-severity and post-fire 

recovery estimates was observed for 50-m pixel sizes. Fire-severity in 2019 was 

overestimated by an average of 116.0 ±27.1 % higher burnt area estimates across all sites 

compared to the original 0.05-m resolution (TL: 146 %, TM: 105 % and TR: 95 %). For the 

predicted cover estimates in 2020, average overestimate of burnt area was 13 ±31 % using 

the 50-metre estimates (TL: 33 %, TM: 27 % and TR: -23 %). 

 Apparent vascular plant cover increased with larger pixel size across the entire site 

and increases in dominance in the unaffected area beyond the original 0.05-m resolution 

(Figure 6.7). Similar as previously, in 2019 the burnt area estimates increase with larger 

pixels, outweighing the coverage of other classes such as Sphagnum spp. and bleached 

Sphagnum spp. Interestingly, in 2019 in the fire extent increasing pixel size leads to burnt 

area dominance overwriting the bleached Sphagnum spp. (and unaffected Sphagnum spp.) 

cover, but vascular plants cover remains constant. In 2020, this pattern is not observed, and 
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vascular plants do become the dominant cover type, at the expense of predominantly 

Sphagnum spp. and bleached Sphagnum spp., indicating a ‘greening effect’ across the fire 

extent that affects modal values in increasing pixel sizes. Other notable changes include the 

increase in Sphagnum spp. at the expense of bleached Sphagnum spp. across the fire extent 

with increase in pixel size. 

 

Figure 6.7 Average percentage coverage of classified blanket bog cover types across the fire 

extent (left) and unaffected area (right) parts of the three transects. Cover estimates are given 

for pixel sizes range from the original (0.05 m) resolution to aggregated modal pixel values 

up to 50 m. 

 Post-fire recovery 

The transition matrices from the fire extent part of the transects show a high degree 

of similarity in their class-to-class change probability (Table 6.9). The majority of the burnt 

area pixels remained the same (probabilities of 0.50-0.52). For pixels, class change from 

burnt area to a vegetation cover was between 0.29-0.30 for vascular plants, 0.10-0.17 for 

bleached Sphagnum spp. and 0.04-0.08 for Sphagnum spp. classes.  

The probability of no change was highest for each of the three vegetation cover 

classes across the transects, except for a higher probability for the bleached Sphagnum spp. 

to change into vascular plants in the middle transect (0.35 versus 0.33 for no change) and 

into Sphagnum spp. in the right transect (0.38 versus 0.22 for no change) (Table 6.9). 
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Table 6.9 Transformation matrices for the fire extent classes across the individual transects 

(minus the water and bare peat classes) between 2019 and 2020. The same probabilities are 

used for the Markov chains to predict post-fire blanket bog cover revegetation rates. Highest 

probabilities are indicated in bold. 

 Burnt area Sphagnum spp. 
Bleached 

Sphagnum spp. 
Vascular plants 

Transect left     

Burnt area 0.50 0.08 0.13 0.29 

Sphagnum spp. 0.06 0.42 0.21 0.31 

Bleached Sphagnum spp. 0.18 0.12 0.40 0.30 

Vascular plants 0.06 0.18 0.10 0.66 

Transect middle     

Burnt area 0.52 0.08 0.10 0.30 

Sphagnum spp. 0.08 0.40 0.14 0.38 

Bleached Sphagnum spp. 0.16 0.16 0.33 0.35 

Vascular plants 0.10 0.15 0.07 0.68 

Transect right     

Burnt area 0.50 0.04 0.17 0.29 

Sphagnum spp. 0.13 0.22 0.27 0.38 

Bleached Sphagnum spp. 0.19 0.07 0.45 0.29 

Vascular plants 0.14 0.07 0.17 0.62 

 

The results of the applied transformation matrices and Markov chain (MC) show 

predicted change trajectories for each transect between 2021-2025 (Figure 6.8). The upper 

estimates for vegetation recovery trajectories represent the ‘simple’ transformation matrix 

calculations for which no interaction between the vegetation classes was included. For 

example, for every transect this would mean only the probabilities in the rows linked to burnt 

area were used to calculate the new pixel distribution for burnt area pixel count each year 

(Table 6.9). This shows the maximum potential increase in vegetation cover and the ‘lower 

estimate’ for burnt area over time. 
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The lower estimates for vegetation recovery trajectories take into account the full 

Markov chain interactions, which also include change probabilities between vegetation 

classes as well as the burnt area transitions. Since some vegetation classes have a probability 

associated with changing to burnt area based on the 2019-2020 transformation matrices 

(Table 6.9), the resulting burnt area over time can be used to describe an upper estimate. 

 

Figure 6.8 Possible vegetation recovery trajectories for 2021-2025, based on transformation 

matrix and Markov chain predictions derived from 2019-2020 change estimates for each 

transect. 

 Only the predicted lower estimates for burnt area ever read coverages below 5 % in 

beyond 2024 and the upper estimates range between 15 and 23 % in 2025 (Figure 6.8). The 

predictions also reveal that after 2-3 years, vascular plant cover (from burnt area pixels) 

could be in the same range of cover estimates from the unaffected area (41.6 – 56.1 %) 

(Figure 6.8). After 5 years, TR and TL are predicted to have the same range of coverages as 

the unaffected area, whereas upper estimates for vascular plant cover in TM, potentially 

exceed this range in 2025 (51.4 – 61.6 %). 

 Sphagnum spp. and bleached Sphagnum spp. cover are also predicted to follow net 

positive recovery trajectories, but these vary amongst the transects (Figure 6.8). Both 
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Sphagnum spp. classes overlap in the post-fire cover predictions in TL and TM, but this is 

not observed for TR, where bleached Sphagnum spp. cover rapidly become a dominant cover 

type. Top-cover ranges from the unaffected area (16.2 – 29.6 %), which most of the 

combined Sphagnum spp. estimates reach within 2 years as well. 

 

 Microtopography fire severity and vegetation recovery 

In general, the distribution of fire damage and PFTs across the four proxy “micro-

topographic” categories is fairly homogeneous within and amongst the transects. Based on 

the hollow-index class distributions across classified fire extent parts of the transects in 2019, 

burnt area pixels occur proportionally marginally more in most hollow-like areas (28 to 31 

%; Figure 6.9). Water pixels are also generally associated with these most hollow-like pixels, 

although for TR, water is equally found in least hollow-like class (both 28 %). Finally, there 

is a higher percentage of bleached Sphagnum spp. associated with least hollow-like pixels 

(29 – 34 %) compared to the most hollow-like area (14 – 24 %) for all transects. 

 

Figure 6.9 Distribution of hollow-index results indicating associated hollow-likeness class 

dominance across the fire extent classes across the classified transects (TL, TM and TR) of 

2019. 
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 The distributions of fire-recovery change classes from 2019 to 2020 show what the 

proportion of burnt area changed to for each hollow-index classes across the transects’ fire 

extent (Figure 6.10). Again, the three transects and four classes of hollow-likeness behave 

similarly in general. Post-fire recovery of vegetation cover is slightly less prominent on 

pixels classes as least hollow-like compared to most hollow-like. All three transects show 

that the proportion of ‘no change in burnt area’ decreases with a higher likelihood of hollow-

likeness. Differences in proportion of vegetation cover class (e.g., increased bleached 

Sphagnum spp. and decreased Sphagnum spp. across TR compared to increasing coverages 

for both classes at TL and TM) are in line with the observations from the final cover maps 

from 2019 and 2020 (Figure 6.6). 

 

 

Figure 6.10 Distribution of change classes (burnt area in 2019 changed to one of the five 

fire extent classes in 2020) indicating associated fire recovery class dominance across the 

hollow index classes for each of the three transects.  
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6.4 Discussion 

 Mapping post-fire blanket bog cover with UAVs 

This study has shown that consumer-grade UAVs fitted with standard RGB cameras 

are a valuable tool in post-fire monitoring to document fire severity and vegetation recovery. 

Similar to the results from unaffected, near-natural blanket bogs (see Chapter 5), the open-

source data processing of DJI Phantom 4’s JPEG imagery proved to be successful for 

obtaining high-resolution orthomosaics and DSMs across kilometre-scales. 

As hypothesised, the predictive power of the VIRGB and WEI variables in the training 

and validation datasets resulted in overall high classification accuracies of final blanket bog 

cover type estimates across the transects at the southernmost extent of the wildfire from 2019 

(88.4 %) and unaffected areas (86.4 %). Although classes differed between studies, the 

observed accuracies in this chapter fall within range of other UAV-derived estimates, 

including RGB-derived maps of burnt forests in Chile (86 – 94 %) (Fassnacht et al., 2021) 

and eroding blanket bogs (50 – 100 %) (Scholefield et al., 2019) and near-natural blanket 

bog sites in the Flow Country using the same UAV platform (Chapter 5). 

The manually delineated fire extent and unaffected area have aided in the overall 

truthful classification of the blanket bog cover types across the transects. For example, burnt 

area was not a valid class in the unaffected area by enabling the final RF models to only 

used the classes that are known to be present in the area. For future applications, additional 

steps could be taken to improve RF models by considering spatial, hierarchical or 

phylogenetic grouping of training data for the cross-validation steps (Robert et al., 2017). 

Although the overall patterns and changes in vegetation cover in this study provided an 

important baseline estimate for continuous fire severity and post-fire recovery monitoring, 

any detail on actual species coverage is lost due to grouping of PFTs (i.e., grouped vascular 

plants and one Sphagnum spp. class). However, species-specific classification fell beyond 

the scope of this study and top cover estimates from post-fire blanket bog PFTs and cover 
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types provided sufficient evidence for initial examination of post-fire recovery across the 

site. 

With regards to the unaffected area two observations with regards to lichen and R. 

lanuginosum cover are important to consider. First includes the omission of both classes in 

the fire extent, as there was no unburnt evidence of these classes found in the walk-over 

surveys, indicating a near complete combustion of both cover types, which take longer to re-

establish (Benscoter & Vitt, 2008). Secondly, relative lower accuracy of both classes in the 

unaffected area can be explained by the observed occurrence of lichen on top of R. 

lanuginosum, which could have overlapped in the classified training data (Table 6.6). 

Considering that lichen can also cover other underlying vegetation, top cover estimates for 

vascular plants and Sphagnum spp. in the unaffected area are likely to be an underestimation 

where lichen is abundant, like the Sphagnum spp. coverage observed on other near-natural 

bogs in the area (see Chapter 5). 

 

 Immediate effects of fire on blanket bog PFTs as revealed by UAVs 

The character and rate of recovery of vegetation after fire is known to be related to 

peatland type and its (moisture) conditions, fire severity, and the species present (i.e., around 

the burnt area, or in the seedbank or root layer) (Zoltai et al. 1998; Lukenbach et al., 2016). 

For example, in a treed fen in Canada, increased depth of burnt (DOB) correlated with higher 

reestablishment rates of non-Sphagnum spp. mosses and a decrease in lower vascular plant 

cover, 6-month post-fire (Morison et al., 2021). Although DOB was not measured across the 

transects at the Uair site, fire severity (% burnt area) was lowest across TR, which also had 

shallow peat depths and lacked developed pool systems, which would resemble a more 

marginal site (Lindsay et al., 1988) compared to the other two transects. Post-fire recovery 

was also lowest for TR, which could be explained by its topographic setting on the ridge. 

Similar observations were made for peatland areas disconnected from groundwater flow 

which showed lower Sphagnum spp. recolonisation compared to areas more prone to 
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flooding (Lukenbach et al., 2017). Possibly, the plot orientation (i.e., a higher topographic 

setting following the easternmost boarder of the fire extent compared to the other two 

transects) prohibits from drawing any conclusions based on ‘marginal’ or ‘central’ blanket 

bog types across the site, as differences between the transects might not only be driven by 

water conditions and/or peat depth (Lukenbach et al, 2015; Hokanson et al., 2016), but could 

also be related to differences in vegetation structure prior to the fire as well as fire behaviour 

itself.  

The low cover of R. lanuginosum hummocks observed across the unaffected part 

across the higher elevated part of the site (TR) compared to the other transect – indicative of 

different peatland succession stage (Tallis, 1995) – along with observations indicating the 

fire concentrated around hummocks, could be an indication of potential higher resilience to 

fire across TR. This could also explain the high cover of bleached Sphagnum spp. at the 

transect, which is known to retain moisture, preventing its surroundings by decreasing 

combustion potential (Shetler et al., 2008).  

 Across the fire extent, the lack of C. vulgaris shrub cover and lichen – either 

completely burnt or only charred stems remaining – can be explained by their high fuel load 

and ignition potential for low moisture contents (Davies & Legg, 2011; Grau-Andrés et al., 

2017). Although the predicted water coverage across the transects would indicate overall 

wetter conditions compared to 2020, this was likely the result of heavy rainfall observed in 

the area two weeks prior to the UAV survey in August 2019. 

For estimating fire severity, aggregation of the UAV-derived predicted cover maps 

affected the actual estimates for burnt area almost equally amongst transects. Three months 

post-fire, lower-lying transects (TL and TM) showed a more ‘clustered’ pattern of burnt 

area pixels, whereas the distinctly higher TR had a more scattered burning pattern (Figure 

6.4), which was also still visible a year after the first survey (Figure 6.5). This peatland cover 

heterogeneity determines how the cover estimates in the aggregation steps start to converge 

to dominant classes, similar to the observation on nearby near-natural bogs (Chapter 5, 
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section 5.3.5). Although the aggregation were obtained post-classification, it is expected that 

increased pixel size would average out variations in the VIRGB and the WEI, even though 

aggregation of the input data could potentially reduce background reflectance effects 

(Talucci et al., 2020), potentially affecting cover type classification (Chapter 4). Future 

comparisons of spatial ranges linked to EO satellite RS methods, airborne platforms and 

UAVs (e.g., Simpson et al., 2016; Fraser et al., 2017) are expected to improve post-fire 

monitoring methods across these platforms (Szpakowski & Jensen, 2019). EO satellites have 

already improved peatland wildfire extent estimates (Skakun et al., 2021) and UAV-based 

approaches are believed to add even more detail in the future. 

 

 Blanket bog post-fire recovery 

The high-resolution land cover type estimates across the fire extent part of the blanket 

bog transects confirmed the hypothesis that vascular plants would be the dominant cover 

type to re-establish and spread across the burnt area pixels from 2019. This result is in line 

with existing knowledge that fire increases the occurence and biomass of graminoid species 

like Molinia caerulea (Brys et al., 2005; Jacquemyn et al., 2005) and that shrub species like 

C. vulgaris and Erica tetralix can regenerate from seeds after low-intensity wildfire (Kayll 

& Gimingham, 1965; Zoltai et al., 1998). It is also worth noting the high relative increase of 

bleached Sphagnum spp. cover, which could be a post-drought and post-fire legacy effect 

on Sphagnum spp. health across the site (Lees et al., 2019; Noble et al., 2019; Moore et al., 

2021). This observation was verified with observation of substantial collapse and burnt 

Sphagnum spp. hummocks (mainly S. capillifolium) in the field.  

Although these changes are evident for the fire extent areas, some changes also 

occurred in vegetation cover in the unaffected area across the transects. While some small 

inter-annual variabilities are possible, it might also indicate that classification errors from 

the RF models could have influenced the overall change estimates. For example, an apparent 

decrease in Sphagnum spp. (-21.8 %) was observed in the unaffected area (Table 6.7), which 
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could relate to misclassified lichen leading to apparent increased cover for that PFT. This 

may be explained by changes in reflectance of Sphagnum spp., potentially associated with 

bleaching (Lees et al. 2020). Although this particular example only accounts for a small part 

of the error recorded in the RF model (Table 6.6), it could have larger implications when 

upscaling to larger areas or applying the classification models to other sites. 

Long-term recovery of the sites of the Uair are difficult to extrapolate from a 2-year 

dataset. Nevertheless, the predicted trajectories did show potential recovery of vascular 

plants cover estimates similar to the unaffected area coverages and as observed in other 

long-term post-fire recovery studies (Benscoter & Vitt, 2008; Clarke et al., 2015). The ability 

of tussock-forming graminoids (i.e., E. vaginatum) to ‘sacrifice’ most of its biomass to 

protect its inner core and root system has been proposed to increase the overall resilience to 

fire associated with vascular plants cover (Blier-Langdeau & Rochefort, 2016). Together 

with ericoids (i.e., C. vulgaris), the observed vascular plant recovery to pre-fire conditions 

could reflect the blanket bog’s overall resilience to low severity wildfires. As observed in 

the cyclic behaviour in relation to fire with recovery of peatland cover types over time as 

observed on for example a Swedish raised bog (Sillasoo et al., 2011). This observation of 

general high resilience is supported by the preserved evidence of wildfires in the paleorecord 

of the wider area (Cross Lochs, 5 km southeast of the Uair) (Charman, 1992) – noting 

however that unlike in boreal forest systems, UK wildfires are for the most part lit by people, 

either accidentally or deliberately.  

Recovery trajectories such as the ones presented in this chapter should be interpreted 

with caution and additional cover type estimates in coming years, are expected to improve 

our understanding of post-fire recovery trajectories. With additional high-end computational 

resources (i.e., cloud-computing services), the Markov chain models can be improved by the 

addition of a spatial component. As showed in this chapter, these models could be used to 

monitor changes across larger areas and longer time periods as well as using EO satellite 

data (Magnússon et al., 2021), including post-fire trajectories on peatlands. However, the 
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aggregation results highlight the increased error with coarser resolution of classified post-

fire blanket bogs, which should be considered for fire severity and recovery studies, 

including fire risk assessments (Sirin et al., 2018). 

Due to the opportunistic sampling strategy and limiting flight-time window (i.e., few 

days without excessing wind and/or rain during the growing season, often on short notice), 

pre-flight planning was limited and hence no ground control points (GCPs) were included. 

This has shown to influence overall DSM quality, as identified using commercial Agisoft 

Photoscan software (Lovitt et al., 2017; De Roos et al., 2018), which subsequently could 

affect the hollow index estimates. Furthermore, high-resolution (0.05 m) DSM-SfM derived 

elevation models, where very small variations on the surface – which also includes 

vegetation canopy – might be too fine-scaled for microtopographic variations observed 

across peatland, typically ranging between 1 and 10 metres (Moore et al., 2019). 

Furthermore, comparisons between plot size and surface variations from DSMs have shown 

that microtopographic ranges are very scale dependent on peatlands (Graham et al., 2020). 

The DSMs were not considered a valuable predictor of microtopography across large scales 

(~50 ha) on blanket bogs due to the high (>25 metres) elevation variations across the 

transects, which is over 2 orders of magnitude greater than variation amongst hummocks 

globally (Diamond et al., 2021). 

Nonetheless, the hollow index results did provide insights in the preferential recovery 

of burnt area to a vegetation class associated with the most hollow-like pixels. This is in line 

with recovery trajectories on other peatlands, where water availability in surface hollows 

was related to increased vegetation recovery (Benscoter et al., 2005; Lukenbach et al., 2015). 

Different recovery trajectories resulting from microtopographic preference of vegetation 

species are to be expected. For example, other studies have noted that when hummocks are 

severely degraded, they can change into hollows, facilitating colonisation of other Sphagnum 

spp. that prefer wetter conditions (Nungesser, 2003; Benscoter et al., 2005; Benscoter, 2006). 
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Even though the DSM-derived WEI LSP provided a suitable proxy to estimate 

hollow-likeness across (together with slope and concavity), further research on scale-

dependency of the input data (Graham et al., 2020), microtopographic classification 

accuracy (Ivanov et al., 2020) and exploration of other LSPs or moving-windows analysis 

to cope with sloped and undulating peatland cover would help improve explain what the 

limitations and advantages of UAV-SfM derived DSMs in this field. 

 

 Implications of study 

It is important to note that the results presented in this chapter only capture part of a 

wider area (>60 km2) affected by the wildfire, thus does not give a complete overview of the 

fire severity and post-fire recovery in the area. Any estimates obtained through upscaling 

these results should be done in conjunction with some ground truthing data – through for 

example the vegetation surveys (Andersen et al., 2021) – to increase the accuracy and ensure 

validation of subsequently obtained UAV-imagery across the site. 

The presented UAV-derived cover maps also provide other future applications on 

burnt peatlands, such as detailed mapping of erosion features to estimating loss of carbon on 

degraded sites (Li et al., 2019; Scholefield et al., 2019). Degradation through significantly 

changes in soil properties have also been associated with wildfire on peatlands, with 

increased water repellency and increased bulk density in the upper peat layers (Sherwood et 

al., 2013; Kettridge et al., 2014), which again, has been linked to increased loss of carbon 

through erosion and aquatic fluxes (Brown et al., 2015; Li et al., 2018). During and post-

fire, the burning and smouldering, oxidation and erosion of the peat vegetation and 

(sub)surface can add up to the large amounts of carbon losses (Turetsky et al., 2011; Davies 

et al., 2013; Turetsky et al., 2015). However, the trajectories of GHG post wildfire are still 

uncertain. Some studies have measured immediate reduction in post-fire carbon 

sequestration through vegetation (Morison et al., 2020; Artz et al., 2021; Morison et al., 

2021), and one study has observed reductions in methane emissions after burning on 
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peatlands (Davidson et al., 2019). However, another study in north Scotland found the 

opposite effect, with higher CH4 fluxes post-fire (Gray et al., 2021). To improve our 

understanding of GHG impacts of wildfire, a combination of small-scale measurements 

(e.g., chamber-based fluxes) and UAVs-based PFT classification could be used to derive 

GHG-by-proxy emissions from post-fire site, similar to what was achieved in Chapters 3 

and 5 of this thesis. 

Not only are wildfires expected to increase in their spatial occurrence and frequency 

across northern peatlands because of changing climate (Nelson et al., 2021; Veraverbeke et 

al., 2021), but there is also evidence from large wildfires on Canadian peatlands that indicate 

increasing wildfire extents associated with higher fire return intervals (Wieder et al., 2009). 

It is therefore required to monitor the impacts of fire with highly detailed cover estimates 

and enabling to gather evidence on the factors that contribute to post-fire recovery of 

peatlands. Understanding the underlying mechanisms that drive the spatial extent and 

severity of wildfires on peatland is important to help inform landowners, managers and 

policymakers about the risks and potential habitat and carbon losses associated with these 

extreme events (Andersen et al., 2021).  
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6.5 Conclusion 

Estimating fire severity and monitoring of vegetation recovery after wildfires is 

crucial to understand the impact of these events with regards to their predicted increased 

frequency and spatial occurrence. This study has demonstrated that vegetation indices and 

topographic parameters derived from consumer-grade 3-band (RGB) UAV-imagery can 

help identify and classify blanket bog cover types in both unaffected and burnt areas with 

over 86 and 88 % accuracy, respectively. For both 3 and 15-months post-fire datasets, overall 

high classification accuracies were achieved with two random forest models: one for the 

unaffected area and one for the fire extent. Three months after the 2019 wildfire, around 50 

% of the grounds from the survey area were impacted by fire, classed either as burnt area 

(~40 %) or bleached Sphagnum spp. (~10 %). One year later, the burnt area class only 

represented ~26 % of the fire extent survey area, but bleached Sphagnum spp. had increased 

to ~16 % potentially indicating a fire-legacy effect across the site. Most of the recovery in 

vegetation cover was associated with increased cover of vascular plants. Predicted long-

term recovery trajectories indicate that within 2-3 years, vegetation cover among the burnt 

area could be back to blanket bog top cover compositions as estimated in the unaffected area. 

However, the range of vegetation age will be lower as a result of the ‘reset’ after the fire. 

The wildfire affected all micro-topography evenly, but vegetation showed slightly higher 

rates of recovery in the most hollow-like areas across the study site.  

Aggregation of the final cover type maps underlined the added value of high-

resolution (sub-metre) imagery, as burnt area was systematically overestimated across the 

study site with increased pixel size. This is especially relevant for fire severity assessments, 

which, when relying on RS data with ground sampling resolutions beyond 5-metre pixel 

sizes, could overestimate burn severity, but also post-fire revegetation rates and 

subsequently recovery of peatland functioning in general. Overall, the proof of concept 

presented in this chapter demonstrates the feasibility of the rapid deployment and processing 

of consumer-grade UAVs and obtained imagery with open-source processing tools as a low-
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cost solution for assessing the impact of an extreme event such as a wildfire on globally rare 

blanket bogs. 
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Recovery of the Uair, August 2020 

 

 

  



 247 

7 Conclusions and future work 

7.1 Summary of research 

This thesis initially aimed to explore the use of UAVs to better understand and 

support conservation of blanket bogs. However, climate change became a new focus when 

serendipitously, the chosen study sites were impacted, first by a drought and subsequently 

by a wildfire. The thesis therefore evolved by combining the use of ground-based empirical 

data and UAV-derived cover type estimates provide evidence for a better understanding on 

the effects of changing climate on blanket bogs.  

The introduction and study site background chapters (Chapters 1 & 2) summarised 

and provided context for the condition and functioning of blanket bogs across the Flow 

County, Scotland. They also provided background on how climate change affects peatland 

resilience and function and methods by which this can be assessed including field-based and 

remote sensing techniques, including the deployment of UAVs. 

Chapter 3 documented the immediate effect of drought conditions on blanket bog 

PFTs functioning through CO2 flux measurements across different microtopographic and 

landscape settings, using a newly developed data-recording solution for an established gas-

analyser system (Sterk et al., 2019, Appendix 7). Diverging NEE estimates were observed 

across centre and margin areas within two blanket bogs, with highest variability across the 

upland site where signs of active erosion were visible. The largest drop in soil water content 

was seen in margin plots, while water levels were lower in the centre plots in 2018 compared 

to 2019. Differences between ranges of predicted annual NEE in 2018 and 2019 were small 

for the low-lying site at Munsary, but highest for Sphagnum spp. and graminoids at Knockfin 

Heights, which were both likely moisture-limited during the drought. Ericoid shrubs showed 

the highest drought resilience, followed by graminoids (which were still limited in GPP in 

2019) and Sphagnum spp.. Extreme drought, as observed in 2018, is predicted to become 

more frequent and severe, and this chapter indicates that this could trigger future changes in 
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vegetation composition, for example if drought recurrence was faster than species recovery. 

Thus, leading to transition towards drought-resilient species. 

The use of spectral data for vegetation indices-based classification of blanket bog 

cover types was detailed in Chapter 4, as an important intermediate step prior to upscaling 

ground-based GHG flux to landscape scale. An exhaustive comparison across four different 

discrimination and classification methods (LDA, QDA, RF and NN), showed overall high 

classification accuracies across dominant blanket bog PFTs and bare peat, with limiting 

effects of soil water content and temperature. Although VIs from the NIR and SWIR ranges 

could improve some of the classification accuracies (up to 100 %), combined VIRGB also 

showed high overall accuracies (82 %), highlighting the potential of these VI that can be 

obtained through low-cost, commercial sensors, currently available on consumer-grade 

UAVs. 

In Chapter 5, the classification of peatland PFT and key blanket bog feature cover 

types using RGB-imagery derived from a ‘bog standard’ UAV and open-source processing 

was explored and yielded high accuracies (>85 %). The classified cover maps (0.02 m) 

allowed for the estimation C-CO2 NEE across the plots at low-lying and upland blanket bog 

plots at Munsary and Knockfin Heights, respectively. During the drought, most of the 

studied area was estimated to be net source of C-CO2. By contrast, if UK-specific emission 

factors developed for the IPCC associated with near-natural blanket bogs in Scotland had 

been applied in these areas, this would have led to overestimates of the C-CO2 uptake across 

the majority of margin and centre plots during and after the drought year of 2018. 

Interestingly, the study showed that upland margin sites were the exception, due to high net 

carbon uptake associated with the graminoid cover across these plots. This chapter also 

demonstrated that degrading spatial resolution disproportionately impacts low cover classes 

(i.e., Sphagnum spp., bare peat and water). This means that they were excluded beyond 5 m 

pixel resolution, a resolution often not reached by EO satellites. In turn, changing the spatial 

resolution also influenced the character of NEE: the predominant sink or source of CO2 
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behaviour is generally amplified by lower spatial resolution and the underestimation of 

Sphagnum spp. in the lower canopy structures. Understanding this effect is important to 

consider when solely relying on EO satellite-derived classified peatland cover to generate 

GHG emission estimates. 

For Chapter 6, the workflow was applied to high-resolution UAV-imagery from an 

area of burnt blanket bog to assess fire severity and post-fire recovery 3 and 15 months after 

the largest wildfire event in the UK in 2019. The classified cover type maps (0.05 m) showed 

that the burnt area covered about 40 % of the surveyed sites, with an additional 10 % of 

bleached Sphagnum spp. cover. In the subsequent year of 2020, recovery of vegetation had 

reduced the burnt area to about 26 %, but post-fire conditions had a lasting effect on 

Sphagnum spp., as bleached cover increased to roughly 16 % of the total fire extent. Cover 

type distributions with degrading spatial resolution show that burnt area in the first survey 

could be overestimated by EO satellites, as could subsequent post-fire recovery rate. 

Vegetation recovery trajectories based on upper and lower estimates from transformation 

matrices and Markov chains predict a recovery to blanket bog vegetation cover associated 

in the unburnt part of the site, within 2 or 3 years after the fire – except for plant functional 

types such as lichen, which were completely consumed during the fire. Although the wildfire 

affected the microtopography across the sites evenly, there was a better recovery of vascular 

plant and Sphagnum spp. in the most hollow-like structures across the blanket bog sites. 

The rest of this final chapter will now further consider the implications, limitations 

and advantages of ground-based empirical data and UAV-derived cover type estimates for 

monitoring peatland condition in response to two climate extremes (drought and wildfires) 

across spatial and temporal scales. First, the outputs from the thesis will be set in the context 

of the need for better emissions factors associated with UK blanket bogs, to ensure temporal 

and spatial variability of these carbon flux estimates are included for future policy and 

climate change modelling. Following this, the importance of improved peatland cover type 

maps will be contrasted with some of the restrictions and benefits of consumer-grade UAVs 



 250 

that have been experienced during the PhD. The subsequent section addresses the 

uncertainties in blanket bog responses to drought and fire and their relationship to 

(micro)topographic and cover type variations as well as surface motion dynamics. The final 

section will give an overview of the current and predicted challenges that are associated with 

the Flow Country, providing an impression of past and ongoing research efforts to protect 

the blanket bogs in the area. 
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7.2 Blanket bogs for ‘wetter or worse’ 

Currently, the emission factors ascribed to near-natural blanket bog functioning in 

the UK (and used for IPCC reporting) do not reflect carbon fluxes observed during a severe 

drought year and post-drought annual estimates as presented in this study. Although the 

results in this study are spatially and temporally limited, the limitations associated with the 

emission factors is acknowledged as a problem. However, the magnitude of these errors in 

estimates is unknown and current estimates fail to capture the net carbon sink, or more likely, 

source behaviour linked to these extreme drought conditions.  

Recent blanket bog cover type estimates across the Flow Country (Bradley et al., 

personal communication), suggest that shrub-dominated marginal sites – associated with 

drainage and erosion – make up over half (51.7 %) of a 980 km2 study area in the Flow 

Country, whereas Sphagnum-dominated centre sites represent about a quarter (27.3 %) of 

the area, with the remaining in either a degraded state (12.8 %) or undefined (8.4 %). These 

estimates provide the opportunity to obtain a rough figure of annual NEE for the drought 

and post-drought years of 2018 and 2019 across the entire Flow Country (~2000 km2), using 

average emission factors associated with upland and low-lying margin and centre plots 

(based on the results from Chapters 3 and 5). These can then be compared to emissions 

derived from the UK specific emission factors. 

In the drought year of 2018, annual carbon uptake across the Flow Country using 

current emission factors for near-natural bogs would be ~0.15 Mt C-CO2 yr-1, or five times 

the emission estimates based on this study of ~0.03 Mt C-CO2 yr-1. For the post drought year 

of 2019, although less profound, carbon sequestration rates were likely still overestimated 

by a factor of 1.5 using UK estimates (~0.15 Mt C-CO2 yr-1) as compared with estimates 

based on empirical measurements from this study (~0.10 Mt C-CO2 yr-1) (Figure 7.1). 
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Figure 7.1 Carbon uptake estimates (megatons (Mt) C-CO2 yr-1) for the Flow Country, with 

cover type coverage derived from Bradley et al. (personal communication) based on the 

average annual NEE estimates for near-natural blanket bog margins (2018: -0.45 ±0.67 and 

2019: -1.03 ±0.69 Mt C-CO2 ha-1 yr-1) and centre sites (2018: 0.29 ±0.36 and 0.07 ±0.39 Mt 

C-CO2 ha-1 yr-1) from this study and the near-natural bog emission factor from Evans et al. 

(2017) (-1.0 (95 % CI: -1.4 to -0.5) Mt C-CO2 ha-1 yr-1). Estimates are without (green) and 

with (orange) predicted emissions from degraded sites, with annual fluxes from this study 

associated with bare peat estimates (averaged for 2018 and 2019: 0.07 ±0.11 Mt C-CO2 ha-

1 yr-1) and the emissions factors for modified eroded bog from Evans et al. (2017) (0.2 (95 

% CI -0.1 to 0.6) Mt C-CO2 ha-1 yr-1). 

It is important that national and global GHG emission estimates and models, 

including the UK’s LULUCF, incorporate reliable and variable estimates to also capture 

fluxes linked to drought and fire events, as well as ongoing and improved estimates of carbon 

flux trajectories from for example water bodies linked to wetlands (Pelletier et al., 2015; 

Dean et al., 2019; Lindroth & Tranvik, 2021) and drained and re-wetted peatlands (Premrov 

et al., 2021). Restoration of peatlands, by increasing water table, is expected to help buffer 
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1 % of global anthropogenic emissions (Evans et al., 2021), whilst if water table levels 

continue to drop – due to drainage or drought – peatlands are expected to have a net global 

warming effect by 2100, even under low-emission scenarios (Huang et al., 2021). 

The effect of the drought of 2018 captured by this study was also observed on a raised 

bog in Ireland (Saunders et al., 2021), where increased Reco and limited GPP due to limited 

precipitation and increased temperatures across the growing season resulted in a net C loss 

of 53 g C m-2. This is also in line with results from Swedish fens in the same year (Rinne et 

al., 2020). Northern peatlands are sensitive to (extreme) changes in water table and soil water 

availability in general (Strack et al., 2008), due to (prolonged) droughts or drainage, which 

can influence vegetation communities (Goud et al., 2008; Strack et al., 2009, Minayeva et 

al., 2017), the long-term carbon storage (Vitt et al., 2000; Blodau et al., 2004) and GHG 

emissions (Dinsmore et al., 2009; Dixon et al., 2014; Hermans et al., 2019), shifting them 

from estimated carbon sinks to sources of carbon through vegetation and microbial 

respiration, as well as oxidation and erosion of the peat. And while in 2019, both the Irish 

bog and sites from this study acted as a predominant net carbon sink again – highlighting 

the systems vulnerability and resilience – more frequent successive droughts as predicted by 

climate change could lead to irreversible thresholds switching systems from long-term sink 

to long-term sources of C.  

This is even more important when considering increased carbon emissions associated 

to wildfires through burning and smouldering (Davies et al., 2013; Turetsky et al., 2015). 

Although these can be considered short-term, they are far from insignificant and their effects 

can also persist beyond the fire itself. Some studies have observed lower CH4 emissions on 

burnt blanket bog sites compared to unburnt plots in the UK (Gray et al., 2021), similar to 

estimates from a treed fen in Canada (Davidson et al., 2019). Similarly, other northern 

peatland studies, such as on a poor fen in Alberta, Canada, show that wildfires can have a 

lasting effect on increased CO2 respiration rates and lower productivity emissions 2-3 years 

post-fire (Morison et al., 2020). These changes are mainly due to alterations of the peat as a 
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result of lowered moisture conditions and increased oxidation (Waddington & Price, 2000; 

Sherwood et al., 2013). 

It is therefore essential, especially in areas with limited empirical evidence and 

baseline studies, to support the application of the variety of GHG measurement methods 

available (e.g., flux chambers and EC towers) to better understand and estimate impact of 

the predicted extreme events such as drought on carbon fluxes. These estimates are 

particularly important to measure peatland functioning across small-scales (Holden, 2005), 

assess landscape scale drought-responses (Kuiper et al., 2014), study post-fire recovery 

(Worral et al., 2011) and to improve national and global climate impact predictions (Van 

Oijen et al., 2014; Webster et al., 2018; Chaudharry et al., 2020). However, as shown in the 

UAV chapters 5 and 6, when these estimates rely on detailed peatland cover maps for 

upscaling, accurate distinction between different PFTs and peatland features has to be 

achieved.  
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7.3 Prioritising perfect peatland pixels  

This study has highlighted that consumer-grade UAVs, due to their ease of use and 

generally low-costs, along with the use of open-source flight planning and data-processing 

software, can be deployed to obtain robust peatland cover type estimates across near-natural 

and burnt blanket bog sites. Defining clear workflows and setting up flexible and accessible 

methods is challenging, given the diversity of peatland habitats and the myriad remote 

sensing platforms and techniques available (Jeziorska, 2019). 

This study acknowledged the advantages of RS satellites for EO study on peatlands, 

as they generally have multi-year archives, constantly monitor along their orbits, and can 

cover large areas in one scene. With increasing spatial resolution available through 

commercial satellites, the future of peatland cover monitoring is an exciting and interesting 

field, especially when combined with UAV-derived imagery and DSMs. For example, a 

recent example of this combination, enabled mapping erosion and monitoring post-fire 

recovery (Clutterbuck et al., 2018). Although increasing image resolution can be achieved 

across an increasing number of EO satellite platforms, such as Pleiades and GeoEye (both 

0.5 m) or KOMPSAT (0.55-0.7 m) – along with other airborne platforms that can achieve 

sub-metre ground sampling distances – they do come at a cost: between $500 and $2850 for 

a minimum order of 0.5 m resolution satellite data (Sozzi et al., 2018). Currently, the most 

affordable and flexible way to acquire highly detailed, centimetre-scale, imagery from 

peatlands on demand are UAVs. The DJI Phantom 4 Advanced used in this study only had 

the single purchase cost (~$1200) and thanks to the use of open-source software, no 

additional costs associated with it directly, as the processing was done on a personal laptop. 

Notwithstanding these benefits, some limitations (or ideas for future work) include 

assessing how the UAV-derived blanket bog cover estimates – including the results from the 

pixel aggregation steps – compare with classified images from satellite optical sensors (and 

active sensors such as InSAR). However, for this study, comparison of these spatially 

different datasets was not part of the project’s aim and could be used in the future to upscale 
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UAV-derived peatland cover type and condition, or validate satellite-derived estimates 

(Thomson et al., 2021). In any case, the latter would require field data from areas to validate 

the peatland vegetation cover, including key blanket bog features such as pools, hags and 

bare peat. A minimum requirement is that some of the background spectral characteristics 

of targets in the area is known and their relationship to ground conditions (as shown in 

Chapter 4), which allows multiscale observation of peatland function and upscaling to the 

landscape scale (Chadwick et al., 2020). 

Nonetheless, the classification results in this study are promising and show the 

potential for using peatland cover types to upscale GHG fluxes, such as CO2 and CH4 (Harris 

& Dash, 2011; Davidson et al., 2017; Peltola et al., 2019; Ivanov et al., 2021; Räsänen et al., 

2021). Other applications include monitoring of natural revegetation (Crowe et al., 2008) 

and restoration management practices (Scholefield et al., 2019), which in theory could use 

vegetation as proxies for below-ground processes (Andersen et al., 2013). On heavily 

degraded blanket bogs– where the hummock, lawn and hollow model does not apply 

anymore – subdivisions related to on bare peat coverage and slope angles (i.e., peat banks, 

hags and ridges) can be used as proxies instead of vegetation. Together with derived systems 

based on overall condition related to disturbances among vegetation, carbon stock potential 

and hydrology (Connolly & Holden, 2013), these cover maps can help inform policy and 

landowners with prioritising management or monitoring campaigns to capture a wide range 

of blanket bog condition. 

The UAV-derived maps provided highly detailed cover estimates, and although there 

was some spatial-autocorrelation in the training and validation data, this will likely cause 

more issues when trying to classify blanket bog cover types observed beyond the range 

observed across the sites (Ploton et al., 2020). Apart from spatial-autocorrelation, spectral 

confusion of cover types is an issue that all RS methods deal with, but UAVs provide 

opportunity to obtain higher resolution data, when flight conditions allow, thus being able 
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to capture plant phenological effects related to seasonal changes (Müllerova et al., 2016), 

such as bleaching of Sphagnum or accumulation of litter. 

Another interesting side-by-side comparison would be to look at the results from the 

applied open-source software with commercial solutions. Comparative studies have shown 

that low-cost UAV platforms and open-source processing systems are becoming reliable 

alternatives to commercial solutions (Groos et al., 2019; Stöcker et al., 2019; Vacca, 2019). 

Although this was not feasible in this study due to time constraints and licensing issues, it is 

expected that ongoing improvements from both developer types are likely to help develop 

better and streamlined workflows for users. 

Similarly, the deployment of and comparison with other (consumer-grade) UAVs, or 

those fitted with or linked to RTK, could help determine the limitations and advantages 

across these platforms on sometimes remote peatlands with difficult terrain. This is one of 

the reasons, along with access issues and a global pandemic, that the use of conventional 

ground control points (GCPs) was omitted. Considering the objectives and aims of the UAV 

chapters, the added value of GCPs was not further explored, but is expected to be more of 

relevance when relying on high-resolution DSMs to, for example, estimate surface dynamics 

over time (Li et al., 2019). 

Considering the objectives and aims for this study (in particular Chapters 5 and 6) 

have been approached with a potential user in mind, in this case land-managers such as the 

RSPB or Plantlife, to be able to follow and replicate a workflow that requires some expert 

knowledge input, but overall minimal manual adjustments to convert UAV-imagery to 

blanket bog cover type estimates. The overall proof-of-concept has the potential to help set 

up affordable (citizen-)science vegetation plot mapping initiatives to improve and expand 

global open-access vegetation plot databases such as sPlotOpen (Sabatini et al., 2021) or 

establish monitoring projects across Scottish peatlands and other landcovers, as has been 

done for Irish habitats with iHabiMap (Cruz et al., 2019). 
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7.4 Droning about peatland response to drought and fire 

Although carbon emissions during the 2018 drought has been a common theme 

throughout the previous chapters, the impact of the fire on the carbon budget has been 

excluded. A thorough analysis, with reliable GHG estimates from these near-natural blanket 

bogs prior to and post-fire, would be very informative. As shown, current LULUCF 

estimates in Scotland already show a net source, and including the drought of 2018 is likely 

increasing this effect. Cumulatively over the timespan of this research, even more carbon 

would likely be emitted if the emissions from the wildfire in 2019 were to be included. 

Furthermore, the shrinking climate space for blanket bogs (Clark et al. 2010; Gallego-Sala 

& Prentice, 2013) has also not yet been linked to changes in carbon fluxes. 

Inbuilt peatland resilience is likely to be sufficient to mitigate against low frequency, 

low impact drought and fire events. However, the prognosis that these extremes will become 

more frequent and severe with future climatic change, could limit the ability of Scottish 

blanket bogs to ‘bounce back’. By combining the methods presented in this thesis with those 

used to obtain satellite radar-based peat surface motion data it should be possible to quantify 

how InSAR-derived surface motion is linked to either high resolution vegetation cover or 

microtopographic perspective, which is currently assessed qualitatively (Bradley et al., 

personal communication). This combination would mean that a holistic measure of drought 

and fire impact could be determined with peatland surface motion providing insight into the 

hydromechanical impact, UAVs used to provide high resolution context and information 

about the impact on vegetation communities and additional GHG measurements providing 

insight into the impact on gas fluxes and carbon balance. 

This should also provide information on the tipping points beyond which natural 

peatland resilience mechanisms fail. One of the feedback mechanisms involves peatland 

surface motion (bog breathing), a dynamic behaviour associated with near-natural systems, 

which responds to buffer the effects of drought conditions and fire events (Marshall et al., 

2019; Andersen et al., 2021). Drought related drops in the peatland surface as a result of 
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tracking the water table, could negate some of the reduction in water availability for 

vegetation caused by drought (as discussed in Chapter 3). This mechanism could, together 

with the self-regulating water availability capabilities of some peatland vegetation (Nijp et 

al., 2017), reduce some of the drought impact on gross primary productivity. However, this 

process is associated with a degree of irreversible compaction meaning that at high drought 

frequency or extreme drought intensity the feedback may be more complex (Nelson et al., 

2021) or weaken over time. This reduction in natural resilience behaviour is not currently 

included in carbon emission projections and models, which could lead to an underestimation 

of drought related reductions in future global peatland cover. 

Including these estimates at the macrotope level first would be an improvement over 

national scales, but even more detailed microtopographic classifications (i.e., Ivanov et al., 

2021) can help understand the spatial variability of peatland surface response to droughts 

and fires and determine whether these remain constant factors in the landscape, or switch 

from predominantly wet to drier parts of the upper peat layer (Baird et al., 2016). Especially 

in uplands that have high water-table fluctuations in the upper peatland layers and are 

disconnected from regional groundwater flow are expected to be more vulnerable to fire 

after drought (Hokanson et al., 2016). When recovery trajectories after these events are 

disturbed by recurring droughts and fires, it is likely that peatland degradation will continue 

where peatlands are less resilient (i.e., the drier marginal areas) and lose their ecosystem 

functioning potential. As a consequence of not applying restoration management (e.g., 

rewetting, installing peat dams in erosion channels, drain blocking) and encouraging 

vegetation establishment, more carbon and suitable blanket bog habitat conditions could be 

lost in the future (e.g., Fewings, 2014; Parry et al., 2014; Gaffney et al., 2018; Hancock et 

al., 2018b, Leifeld & Menichetti, 2018; Pravia et al., 2019; Swenson et al., 2019; Gaffney et 

al., 2020; Humpenöder et al., 2020). 

Blanket bog, and peatland systems in general, have specific biodiversity and some 

species, such as Sphagnum spp. can adapt and display higher resistance to environmental 
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change and will diversify if needed, in contrast to vascular plant cover diversity (Laine et al. 

(2021). This is also linked to different recovery trajectories resulting from microtopographic 

preference of vegetation species, for example after fire, severely degraded hummocks can 

collapse and change into hollows, facilitating colonisation of other Sphagnum spp. that 

prefer wetter conditions (Benscoter et al., 2005; Benscoter, 2006). Of course, changes in 

vegetation and associated GHG fluxes are only part of the impacts of these events and are 

not limited to the near-natural systems from this study. For fire events in particular, a wide 

assessment of UK fires is needed to improve the predicted impacts of future events (Arnell 

et al., 2021). 

Furthermore, structural and chemical alterations to the peat as a result of drought and 

fire have not been considered in this study. However, it can be expected that water repellency 

or hydrophobicity at near-surface increases, due to persistent dry conditions or burning 

(Kettridge et al., 2014; Moore et al., 2017), inhibiting recovery. Additionally, post-fire 

carbon fate has to be considered as well, as some of the peat and vegetation biomass ends 

up as pyrogenic carbon, which due to its resistance to decomposition, play an often-

overlooked role in peat carbon fluxes (Preston & Schmidt, 2006; Clay & Worral; 2011; 

Ackley et al., 2021). 

In 2018, the UK methodology for reporting emissions from LULUCF was updated 

to include peatlands, and this inclusion switched the whole sector from a sink to a source. 

An important take away from reflecting on the data and results from this thesis is that this is 

still possibly overestimating the contribution of peatlands to carbon sequestration. Indeed, 

by largely ignoring the potential effects of climate change on those emissions and using 

estimates based on the limited available empirical datasets, there is a risk of underestimating 

the amount of work required to reach the legally binding targets of reaching net zero by 

2040. Importantly, globally, there is a risk that by ignoring potential emissions from 

peatlands associated with droughts and fire, we underestimate the challenge to maintain 

global temperature increases below 1.5 degrees, too. 
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7.5 The future of the Flow Country 

The Flow Country contains a wide range of blanket bog habitat conditions, ranging 

from near-natural sites, extensively modified or degraded areas, as well as restored 

peatlands. Apart from the conservation designations, which only cover a third of the total 

blanket bog extent, parts of the Flow Country are no longer described as near-natural blanket 

bog peatlands. In particular marginal areas, in closest proximity to human activity, condition 

classes associated with erosion, peat extraction, burning and afforestation, but also wind 

farm locations and crofting, are highest (Artz et al., 2014). 

Although the same report shows all three blanket bogs from this study are in 

favourable conditions according to their latest assessment from between 2002 and 2007, 

increased predicted frequency and severity of fire and droughts are likely going to affect the 

state of these areas. Even though in 2001, the Royal Society of the Protection of Birds 

(RSPB), Scottish Natural Heritage (SNH), Plantlife and the Forestry Commission joined 

forces to set up peatland remediation projects and to further protect near-natural peatlands 

in Scotland (Littlewood, 2010; SNH, 2015), there is still a lot of work to do to integrate 

monitoring of ecosystem services and biodiversity across peatlands in the UK (Hughes et 

al., 2016; Andersen et al., 2019). 

Initiatives like the Flow Country Research Hub from 2012, along with an application 

for a UNESCO World Heritage Site status nomination by the Peatlands Partnership, have a 

positive effect on the promotion of the current and future challenges in the region. It is the 

marginal blanket bog sites in the region that require our attention, as these show signs of 

deteriorating conditions, i.e., increased peatland surface subsidence (Alshammari et al., 

2020; Marshall et al., 2021), and these observations persist across the burnt area (Andersen 

et al., 2021).  

The upland site of Knockfin Heights and low-lying blanket bog Munsary, together 

with the Uair site studied for this project have demonstrated the variability associated with 
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these habitats. While apart from the fire extent, most of the visited plots showed typical 

blanket bog cover type assemblages, some differences are worth noting in the context of the 

wider Flow Country blanket bog condition estimates. Despite the favourable condition 

assigned to the uplands of Knockfin Heights, the site had overall lower coverage of 

Sphagnum spp. and a higher degree of bare peat coverage than was to be expected for a 

healthy peat bog habitat, also beyond the extent of the plots in chapter 5 (Hancock et al., 

2018a). The extent and development of bare peat occurrence at the upland site is driven by 

active erosion, which as mostly confined to a network of drainage channels in the centre 

plots. For the low-lying plots in Munsary, this cover type was more likely to be associated 

with fluctuations in water tables, which affect peat pools and expose underlying peat.  

From a blanket bog function point of view following Large et al. (2021), the erosional 

features might indicate that the upland Knockfin Heights plateau is approaching the 

landscape’s capacity to store peat, leading to an increase in erosive losses from the peatland. 

In contrast, the absence of (ongoing) erosion comparable to Knockfin Heights at Munsary 

and the Uair, could be indicative of overall preservation of peat since the onset of peat 

accumulation. However, the sites are different in landscape setting as well and can be limited 

accordingly (e.g., topographic barriers such as rivers). Furthermore, the historic pressures 

from past burning, drainage and deer grazing would have decreased landscape limits too, 

processes that occurred across the entire Flow Country.  

Nonetheless, the continued carbon sequestration at the sites (i.e., Knockfin Heights 

and Munsary) was driven by the different response of PFTs and key blanket bog features to 

drought conditions in terms of plant productivity and respiration rates. During the growing 

season, flux estimates for dominant blanket bog PFTs show a drought resilience pattern of 

ericoids > graminoids > Sphagnum spp. at both sites. It is expected that blanket bog 

vegetation composition will alter over time when changes in hydrological conditions become 

more frequent (Goud et al., 2018). Similarly, as observed at the Uair, vascular plant recovery 

is expected to compete with Sphagnum spp. cover, at least in the short term, but increased 
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burning frequency and severity, along with the associated drier conditions, could 

significantly change the character of the blanket bog habitat towards predominant (wet) 

heathlands. 

Globally, peatlands are under pressure and human intervention has been shown to 

limit the provision of their climate regulation functions (Joosten et al., 2016; Loisel et al., 

2021). Across the UK, it has been known for a while that intensive land-use and management 

can have substantial economic impacts as well when blanket bog habitats degrade and affect 

water quality, loss of adjacent agricultural land as well as a decrease in intrinsic recreational 

value (Tallis, 1998). Current efforts should focus on ensuring that the deterioration of 

degraded blanket bogs is as at minimum slowed, and in favourable areas that their associated 

ecosystem functions are protected or improved where possible for future generations. With 

the expertise and commitment of peatland scientists and land managers alike, the ongoing 

and future projects in the Flow Country are expected to contribute more to our understanding 

of peatland condition in the region and other global blanket bogs, and consequently support 

their future protection.  
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Fieldwork in between hailstorms on Knockfin Heights, April 2018 (photo by Chris Marshall) 
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Appendices 

Appendix 3.1 Seasonal and annual mean of daily minimum, maximum and mean air 

temperature (°C) for Northern Scotland based on the regional series updated in January 2020 

that use the HadUK-Grid dataset at 1 km resolution (Met Office, 2020) 

 Temperature (°C) Winter Spring Summer Autumn Annual 

2018 Minimum -0.4 2.7 9.3 5.0 4.3 

 Maximum 4.8 10.0 17.0 10.9 10.8 

 Mean 2.1 6.3 13.1 7.9 7.5 

2019 Minimum 1.1 3.2 9.6 4.3 4.5 

 Maximum 6.7 10.4 16.3 10.1 10.9 

 Mean 3.3 6.7 12.8 7.1 7.6 

 

Appendix 3.2 Dominant blanket bog plant species and ground cover types at site microtopes. 

Total number of collars is indicated between brackets. 

 Sphagnum spp. 

(14) 

Graminoids (12) Ericoids (12) Mosses & lichen (6) Other features (16) 

Munsary 

margin  

 

S. capillifolium,  

S. cuspidatum, 

S. papillosum 

E. angustifollium,  

E. vaginatum,  

Molinia caerula 

C. vulgaris,  

Empetrum 

nigrum,  

Vaccinium 

oxycoccos 

P. schreberi,  

C. uncialis / 

impexa 

Bare peat,  

inundated 

hollows 

Munsary  

centre 

 

S. cuspidatum,  

S. medium, 

S. fuscum 

E. angustifollium,  

E. vaginatum,  

T. germanicum, 

C. vulgaris,  

E. tetralix 

P. commune,  

C. uncialis / 

impexa 

Extensive pool 

system 

Knockfin 

Heights 

margin 

 

S. capillifolium, 

S. papillosum, 

S. cuspidatum 

E. angustifollium, 

E. vaginatum 

 

C. vulgaris, 

E. tetralix 

R. lanuginosum,  

C. uncialis / 

impexa 

Bare peat with 

pools 

Knockfin 

Heights centre 

 

S. capillifolium, 

S. papillosum 

S. tenellum,  

S. fuscum 

E. angustifollium,  

C. panicea 

C. vulgaris,  

E. tetralix 

C. uncialis / 

impexa 

Severe peat 

erosion: gullies 

and bare peat 
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Appendix 3.3 GPP model parameters and standard errors equation 5, with statistical 

significance indicated. MT = microtope; S = Sphagnum spp., G = graminoids, E = ericoids, 

KH = Knockfin Heights, MP = Munsary Peatlands, M = margin and C = centre. 

PFT Site MT a b c d e 

S KH M -1.80E-02 ±4E-02 3.09E-01 ±4E-01 -9.38E-03 ±1E-02 -3.49E-01 ±5E-01 4.33E-02 ±1E-02** 

S KH C 3.06E-05 ±5E-05 -2.72E+01 ±2E+01 6.18E-05 ±5E-05 -1.35E-01 ±2E-02** 2.73E+01 ±2E+01 

S MP M -2.80E-06 ±2E-06 2.82E+03 ±4E+03 -2.23E-06 ±1E-06** -2.82E+03 ±4E+03 5.48E-03 ±1E-02 

S MP C -5.44E-06 ±5E-06 4.70E+02 ±4E+02 -2.93E-06 ±2E-06 -4.70E+02 ±4E+02* 2.66E-03 ±1E-02 

G KH M 3.54E-01 ±3E-01 8.51E-01 ±1E-01** -1.15E+00 ±3E-01** -1.78E-01 ±2E-02** 4.78E-02 ±5E-03** 

G KH C -2.80E-05 ±1E-05** 1.45E+03 ±1E+03 -4.51E-05 ±2E-05** -1.45E+03 ±1E+03 3.64E-02 ±6E-03** 

G MP M -7.89E-06 ±2E-05 2.54E+02 ±4E+02 -1.44E-05 ±3E-05 -2.57E-01 ±2E-01 -2.54E+02 ±4E+02 

G MP C -3.65E-05 ±3E-05 3.84E+02 ±3E+02 -1.66E-05 ±1E-05 -3.84E+02 ±3E+02 1.97E-02 ±6E-03** 

E KH M -1.69E-01 ±6E-02** 1.49E-02 ±8E-02 9.80E-02 ±7E-02 -9.09E-02 ±5E-02 -1.15E-02 ±1E-02 

E KH C -6.67E-02 ±4E-02* -9.37E-02 ±5E-02* 2.05E-01 ±9E-02** -1.86E-01 ±1E-02** 1.21E-01 ±2E-02** 

E MP M -2.30E-05 ±3E-05 3.09E+02 ±3E+02 -2.17E-05 ±1E-05 -3.09E+02 ±3E+02 1.15E-02 ±1E-02 

E MP C -4.94E-06 ±6E-06 1.43E+03 ±2E+03 -7.83E-06 ±5E-06 -1.43E+03 ±2E+03 9.77E-03 ±1E-02 

* parameters significant at p < 0.10; ** parameter significant at p < 0.05 

 

Appendix 3.4 Reco model parameters and standard errors for equation 6. S = Sphagnum spp., 

G = graminoids, E = ericoids, KH = Knockfin Heights, MP = Munsary Peatlands, M = 

margin and C = centre. 

PFT Site Microtope a b c 

S KH M 7.3 ±1.06** 6.52E-04 ±3.04E-04** -14.88 ±2.17** 

S KH C 9.78 ±1.69** 8.25E-04 ±4.37E-04* -19.95 ±3.46** 

S MP M 5.5 ±1.68** 1.45E-04 ±4.50E-04 -11.22 ±3.44** 

S MP C 7.6 ±0.84** 1.68E-04 ±2.60E-04 -15.51 ±1.73** 

G KH M 13.54 ±4.81** 2.75E-03 ±1.30E-03* -27.56 ±9.84** 

G KH C 18.18 ±3.79** 6.57E-04 ±1.15E-03 -37.09 ±7.75** 

G MP M 18.8 ±4.41** 1.91E-04 ±1.18E-03 -38.39 ±9.02** 

G MP C 12.97 ±1.85** 1.50E-03 ±5.77E-04** -26.49 ±3.79** 

E KH M 20.2 ±8.27** 2.29E-03 ±2.16E-03 -41.2 ±16.92** 

E KH C 9.13 ±1.53** 2.91E-04 ±4.22E-04 -18.64 ±3.13** 

E MP M 10.34 ±1.98** 5.00E-04 ±4.95E-04 -21.11 ±4.04** 

E MP C 13.72 ±2.47** 4.77E-04 ±6.78E-04 -28.01 ±5.04** 

* parameters significant at p < 0.10; ** parameter significant at p < 0.05  
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Appendix 4.1 Welch’s ANOVA output for each individual index. Results showing 

significance of pairwise comparisons, adjusted p-values. 
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Appendix 4.2 Results of generalized linear mixed models (GLMM) showing the effect of 

soil temperature and soil water content on accurate classification probability for each target. 

VI group model Variable Estimate SE z value P = (>|z|) 

Broad-band: X2 (4, N = 82) = 12.86, p = 0.011 

Intercept 0.892 0.950 0.939 0.348 

Bare peat:Soil temperature:Water content -0.0004 0.001 -0.297 0.766 

Graminoids:Soil temperature:Water content -0.001 0.001 -0.668 0.504 

Ericoids:Soil temperature:Water content 0.002 0.002 1.041 0.298 

Sphagnum:Soil temperature:Water content -0.002 0.001 -1.638 0.101 

VIRGB: X2 (4, N = 82) = 12.95, p = 0.012 

Intercept -0.972 0.917 -1.060 0.289 

Bare peat:Soil temperature:Water content 0.003 0.001 2.052 0.040 

Graminoids:Soil temperature:Water content 0.002 0.001 1.716 0.086 

Ericoids:Soil temperature:Water content 0.004 0.002 2.047 0.041 

Sphagnum:Soil temperature:Water content 0.0004 0.001 0.292 0.770 

Hyperspectral: X2 (4, N = 82) = 8.74, p = 0.068 

Intercept 5.118 1.851 2.766 0.006 

Bare peat:Soil temperature:Water content -0.003 0.002 -1.170 0.242 

Graminoids:Soil temperature:Water content -0.006 0.002 -2.531 0.011 

Ericoids:Soil temperature:Water content 0.059 8.599 0.007 0.995 

Sphagnum:Soil temperature:Water content -0.004 0.002 -1.840 0.066 

Broad-band + VIRGB: X2 (4, N = 82) = 6.99, p = 0.136 

Intercept 0.374 1.027 0.365 0.715 

Bare peat:Soil temperature:Water content -0.00001 0.001 -0.008 0.994 

Graminoids:Soil temperature:Water content 0.002 0.002 1.007 0.314 

Ericoids:Soil temperature:Water content 0.004 0.003 1.394 0.163 

Sphagnum:Soil temperature:Water content -0.00006 0.001 -0.042 0.967 

Broad-band + Hyperspectral: X2 (4, N = 82) = 16.11, p = 0.003 

Intercept 4.071 1.338 3.042 0.002 

Bare peat:Soil temperature:Water content -0.007 0.002 -3.634 <0.001 

Graminoids:Soil temperature:Water content -0.004 0.002 -2.336 0.019 

Ericoids:Soil temperature:Water content -0.003 0.002 -1.507 0.132 

Sphagnum:Soil temperature:Water content -0.004 0.002 -2.431 0.015 

VIRGB + Hyperspectral: X2 (4, N = 82) = 8.74, p = 0.068 

Intercept 0.004 1.138 0.004 0.997 

Bare peat:Soil temperature:Water content 0.003 0.002 1.549 0.121 

Graminoids:Soil temperature:Water content 0.004 0.002 1.910 0.056 

Ericoids:Soil temperature:Water content 0.0004 0.002 0.200 0.842 

Sphagnum:Soil temperature:Water content 0.0005 0.001 0.375 0.708 
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Appendix 4.2 continued 

Broad-band + VIRGB + Hyperspectral: X2 (4, N = 82) = 3.93, p = 0.416 

Intercept 0.933 0.988 0.945 0.345 

Bare peat:Soil temperature:Water content -0.0009 0.001 -0.676 0.499 

Graminoids:Soil temperature:Water content 0.0002 0.001 0.132 0.895 

Ericoids:Soil temperature:Water content 0.001 0.002 0.563 0.573 

Sphagnum:Soil temperature:Water content 0.0008 0.001 0.536 0.592 

 

 

Appendix 4.3 Examples of end-member targets from Munsary, including target code, soil 

water content (%) and soil temperature (°C). 

Sphagnum spp. 

 

MG_S6 70.5 % / 8.0 °C 

 

MG_S3 100 % / 9.7°C 

 

MG_S7 100 % / 7.7°C 

Graminoids 

 

ME_C3 35.1 % / 9.6°C 

 

MG_C5 59.1 % / 8.2°C 

 

MG_C6 64.6 % / 7.0°C 

Ericoids 

 

MG_E6 19.7 % / 11.2°C 

 

MG_E4 22.9 % / 12.0°C 

 

MF_E1 72.5 % / 10.5°C 

Bare peat / 

water 

 

MG_B2 100 % / 10.1 °C 

 

MG_B3 100 % / 10.0 °C 

 

ME_W1 100 % / 11.7 °C 
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Appendix 5.1 DJI Phantom 4 Advanced flight details – Chapter 5 

Plot 
Elevation 

(m.a.s.l.) 
Time Duration Images 

GCPs 

(installed / identified) 

Munsary – 14-05-2019 

M-C1 104.0 11:59 08m 38s 49 9 / 64 

M-C2 105.6 11:00 14m 09s 132 22 / 115 

M-M1 105.1 12:24 09m 55s 50 8 / 31 

M-M2 104.0 11:40 06m 24s 50 9 / 44 

M-M3  107.1 10:10 07m 05s 50 9 / 37 

Knockfin Heights – 07-06-2019 

K-M1 + K-C1 353.7 10:56 14m 20s 50 + 48 8 / 37 + 9 / 58 

K-C2 + K-C4 368.5 11:38 12m 56s 48 + 49 9 / 79 + 7 / 47 

K-C3 + K-M2 365.2 12:21 11m 47s 50 + 47 8 / 40 + 4 / 16 
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Appendix 5.2 RGB bands and VI examples (Knockfin Heights sample plot). 

 

Appendix 5.3 Land Surface Parameters examples (Knockfin Heights sample plot). 
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Appendix 5.4 Overall distribution of Knockfin Heights (left) and Munsary (right) training 

target variable values – RGB, VI and LSPs – for each of the six dominant blanket bog PFTs 

and key features. Each graph highlight cover type distribution (i.e., dominance) across the 

range of variable values (note differences in x-axis scales). 
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Appendix 5.5 Local Moran's I spatial autocorrelation output for the training datasets. 

 

At both sites, for each training sample point, the Local Moran’s I statistic (spatial correlation 

coefficient) and associated Z-value (significance indicator > |1.96|) were obtained for all 30 

variables (12 RGB and vegetation indices and 18 LSPs) for neighbouring points identified 

to be in the region with a set radius, e.g., the Euclidean distance between neighbouring points 

was set at an upper bound of 0.5, 1.0, 5.0, 10.0, 25.0, 50.0 and 100.0 metres. The number of 

points with significant Z-values for each variable were saved for each variable and radius 

combination, summarised and converted to percentage (mean and standard deviation) of 

total training points per variable-type (LSPs or RGB and vegetation indices) and is plotted 

following the left y-axis. Similarly, the actual Local Moran’s I coefficients of the 

significantly spatially autocorrelated training points was stored for each variable and radius 

combination and also summarised for plotting (mean and standard deviation) per variable 

type, following the right y-axis. 
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Appendix 5.6 Knockfin Heights six-class RF-RFE model outputs.  

Knockfin Heights RGB, vegetation indices and LSPs (28 variables) 

Variables Accuracy Kappa Accuracy SD Kappa SD Selected 

4 98.8 % 0.985 0.16 % 0.002 * 

8 98.4 % 0.980 0.11 % 0.001 
 

12 98.7 % 0.984 0.07 % 0.001 
 

16 98.5 % 0.981 0.34 % 0.004 
 

20 98.3 % 0.978 0.21 % 0.003 
 

24 98.1 % 0.977 0.15 % 0.002 
 

28 97.6 % 0.970 0.15 % 0.002 
 

Top 4 variables: WEI 50m, TSC, CI and AS 

 

Knockfin Heights RGB and vegetation indices (10 variables) 

Variables Accuracy Kappa Accuracy SD Kappa SD Selected 

2 64.6 % 0.555 2.94 % 0.037 
 

4 75.8 % 0.697 0.26 % 0.003 * 

6 75.6 % 0.695 0.35 % 0.004 
 

8 75.7 % 0.696 0.34 % 0.004 
 

10 75.5 % 0.694 0.39 % 0.005 
 

Top 4 variables: Red, Blue, NGRVI and MGRVI 

 

Knockfin Heights vegetation indices (7 variables) 

Variables Accuracy Kappa Accuracy SD KappaSD Selected 

1 48.4 % 0.348 0.27 % 0.004  

3 74.1 % 0.675 5.63 % 0.071  

5 74.6 % 0.683 0.43 % 0.005  

7 74.8 % 0.685 0.44 % 0.005 * 

Top 7 variables: ExG, NGRVI, RGBVI, MGRVI, VARI, GI and GLI 
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Appendix 5.7 Munsary six-class RF-RFE model outputs. 

Munsary RGB, vegetation indices and LSPs (28 variables) 

Variables Accuracy Kappa Accuracy SD KappaSD Selected 

4 98.8 % 0.985 0.09 % 0.001 
 

8 99.1 % 0.989 0.08 % 0.001 * 

12 98.9 % 0.986 0.22 % 0.003 
 

18 98.4 % 0.979 0.25 % 0.003 
 

20 98.0 % 0.977 0.21 % 0.003 
 

24 98.4 % 0.980 0.10 % 0.001 
 

28 98.1 % 0.976 0.11 % 0.001 
 

Top 8 variables: WEI 50m, CI, DAH, AS, TRI 5m, SVD, TRI 1m and TSC 

 

Munsary RGB and vegetation indices (10 variables) 

Variables Accuracy Kappa Accuracy SD Kappa SD Selected 

2 72.7 % 0.657 0.21 % 0.003 
 

4 78.5 % 0.730 0.18 % 0.002 
 

6 79.6 % 0.744 0.16 % 0.002 
 

8 79.7 % 0.745 0.18 % 0.002 * 

10 79.5 % 0.743 0.17 % 0.002 
 

Top 8 variables: VARI, Blue, NGRVI, MGRVI, RGBVI, Red, Green and GLI 

 

Munsary vegetation indices (7 variables) 

Variables Accuracy Kappa Accuracy SD Kappa SD Selected 

1 52.5 % 0.395 0.30 %  0.004  

3 71.7 % 0.644 0.32 % 0.004  

5 78.8 % 0.734 0.17 % 0.002  

7 78.8 % 0.735 0.15 % 0.002 * 

Top 7 variables: ExG, NGRVI, MGRVI, VARI and GLI 
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Appendix 5.8 Differences in coverage for blanket bog cover types between final cover maps 

(Figure 5.9 and 5.10) and A) the non-corrected coverage estimates (i.e., without applying 

the error-removal step); B) the adjusted final coverage estimates based on the RF model 

output confusion matrix for each site; and C) the adjusted non-corrected coverage estimates 

(i.e., without applying the error-removal step, but with adjusting for RF model output). For 

example, a difference of -2.13 % in table A indicates that the coverage in the non-corrected 

estimate was 2.13 % lower compared to the adjusted estimates. 

Site Sphagnum spp. Graminoids Ericoids Bare peat Water Shadow 

A) Difference final and without error-removal 

Knockfin Heights      

   Centre 0.16 ±0.20 0.56 ±0.57 0.52 ±0.54 0.84 ±0.88 -2.13 ±2.19 0.05 ±0.03 

   Margin 0.09 ±0.12 0.28 ±0.27 0.25 ±0.19 0.28 ±0.32 -0.95 ±0.93 0.05 ±0.02 

Munsary       

   Centre 0.04 ±0.03 0.02 ±0.02 0.45 ±0.36 0.15 ±0.13 -0.70 ±0.56 0.04 ±0.02 

   Margin 0.00 ±0.01 0.00 ±0.00 0.05 ±0.09 0.00 ±0.01 -0.07 ±0.10 0.01 ±0.01 

B) Difference final and RF adjusted 

Knockfin Heights      

   Centre 3.36 ±0.18 -5.84 ±1.88 2.36 ±0.71 1.75 ±1.21 -1.70 ±3.58 0.06 ±0.07 

   Margin 3.65 ±0.09 -7.60 ±0.75 2.33 ±1.98 1.65 ±0.41 -0.12 ±1.79 0.09 ±0.05 

Munsary       

   Centre 2.09 ±0.05 -3.96 ±0.21 1.40 ±0.52 0.82 ±0.30 -0.57 ±1.03 0.21 ±0.05 

   Margin 2.40 ±0.25 -3.92 ±1.04 -0.32 ±0.55 0.99 ±0.32 0.66 ±0.16 0.18 ±0.02 

C) Difference final and RF adjusted without error-removal 

Knockfin Heights      

   Centre 3.19 ±0.38 -6.30 ±1.43 1.94 ±0.39 1.04 ±0.48 0.11 ±1.73 0.02 ±0.06 

   Margin 3.55 ±0.02 -7.84 ±0.97 2.12 ±1.82 1.42 ±0.14 0.69 ±1.00 0.05 ±0.04 

Munsary       

   Centre 2.05 ±0.09 -4.00 ±0.18 1.01 ±0.21 0.68 ±0.18 0.07 ±0.51 0.18 ±0.03 

   Margin 2.39 ±0.25 -3.92 ±1.04 -0.36 ±0.58 0.99 ±0.31 0.73 ±0.08 0.18 ±0.02 
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Appendix 6.1 DJI Phantom 4 Advanced flight details – Chapter 6 

Plot Elevation 

(m.a.s.l.) 

Date Time Duration Images 

Transect Left 80.0 20-08-2019 12:32 11m 32s 163 

 80.0 14-08-2020 12:31 11m 53s 152 

Transect Middle 80.0 20-08-2019 12:00 11m 35s 174 

 80.0 14-08-2020 12:13 11m 38s 152 

Transect Right 80.0 20-08-2019 11:16 11m 29s 148 

 80.0 14-08-2020 11:49 11m 43s 146 

 

Appendix 6.2 Peat probing depths across the study area. 
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Appendix 7 Sterk et al., 2019 as published in Journal of Environmental Quality 

 

Capturing gas fluxes on your phone: Development of an iOS and Android-

based data logging set-up for EGM-4 Environmental Gas Monitoring 

Systems 

Henk Pieter Sterk,* Environmental Research Institute, North Highland College, University 

of the Highlands and Islands, Thurso, Caithness, KW14 7JD, UK, henk-

pieter.sterk@uhi.ac.uk  

Iain Detrey, Environmental Research Institute, North Highland College, University of the 

Highlands and Islands, Thurso, Caithness, KW14 7JD, UK 

Chris Marshall, Geohazards and Earth Processes Research Group, Faculty of Engineering, 

University of Nottingham, Nottingham, UK 

Neil R. Cowie, RSPB Centre for Conservation Science, Edinburgh, EH12 9DH, UK 

Richard Payne, Environment and Geography, University of York, Heslington, York, YO10 

5DD, UK 

Jason McIlvenny, Environmental Research Institute, North Highland College, University of 

the Highlands and Islands, Thurso, Caithness, KW14 7JD, UK 

Roxane Andersen, Environmental Research Institute, North Highland College, University 

of the Highlands and Islands, Thurso, Caithness, KW14 7JD, UK 

Abbreviations: EGM, environmental gas monitor; GHG, greenhouse gas; IRGA, infrared 

gas analyser; ppm, parts per million 

 

Abstract 

Mobile devices have become increasingly important for field monitoring to improve 

data capture efficiency, increase storage capacity and replace heavy equipment. This paper 

introduces a quick and straightforward protocol to capture greenhouse gas (GHG) emission 

rates on mobile devices. We developed our set-up on the widely used infrared gas analyser 

(IRGA) EGM-4 by PP Systems. This IRGA has a limited internal storage capacity and 

mailto:henk-pieter.sterk@uhi.ac.uk
mailto:henk-pieter.sterk@uhi.ac.uk
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requires an external device such as a laptop to conduct even modest field sampling. 

Furthermore, when raw data storage is required, carbon dioxide concentration resolution is 

reduced by the internal EGM-4 software settings, making the equipment less suitable for 

high frequency measurements. Our protocol lets the user bring either an iOS or Android 

mobile device in to the field to connect to the EGM-4’s data-stream. For both platforms, a 

mobile console application was used to read, log and share flux data. The raw data can be 

processed in either Python, R or Matlab using the provided scripts that give the user 

flexibility to amend further post-processing steps in order to obtain GHG fluxes. We 

demonstrate the flexible applicability of mobile devices for field recording and show that a 

cost-effective solution can enhance the operational life of superseded field equipment, whilst 

also increasing the quality of the captured data. 

 

Introduction 

Mobile devices have had a predominantly positive effect on field-based surveys due 

to their ability to produce, store and back-up large datasets which would otherwise be 

difficult to handle. It is now common for scientists to take their own mobile device into the 

field with them and create applications for environmental monitoring (Berger-Tal and 

Lahoz-Monfort, 2018), sharing and merging the data across digital platforms (Marvin et al., 

2016). These handheld devices have considerable computing power and a range of sensors 

that have the potential to be exploited for scientific purposes (Teacher et al., 2013). The 

number of innovative solutions that take advantage of the abilities of mobile devices is 

increasing, examples include the provision of real-time GPS-data provided by a smartphone 

(Lwin and Murayama, 2011), control of unmanned aerial vehicles (UAVs) by a smartphone 

app (Dixit et al., 2013), mobile device-based rice leaf colour measurement systems to 

estimate nitrogen levels in crops (Intaravanne and Sumriddetchkajorn, 2012) and apps 

developed to record and help identify species during ecological surveys, such as eBird 

(Wood et al., 2011). 
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One common task in ecology and biogeochemistry is recording greenhouse gas 

(GHG) flux rates. While some modern gas analysers have the built-in ability to output data 

to online servers and mobile devices, this is not the case for legacy devices currently in 

regular field use. We focus on the PP Systems EGM-4 infrared gas analyser (IRGA) (PP 

Systems, 2009) which, while no longer in production, has been widely used and is still the 

most common measurement instrument for measuring soil CO2 fluxes in field ecological 

laboratories. The EGM-4 has been a highly popular instrument because it is relatively robust 

and relatively cheap. However, it offers no built-in option of downloading to mobile devices 

and the software has a number of significant limitations. The EGM-4 has limited storage 

capacity and when using the default settings, the internal logging software is incapable of 

using sub-minute time intervals for automated concentration logging. Due to these 

limitations, the equipment is not suitable for short measurement series, which are essential 

when there is build-up of gases inside measurement chambers (Lai et al., 2012). When 

chamber deployment is set for a short period, a higher number of data points available for 

regression functions is highly recommended (Kutzbach et al., 2007).  

The EGM-4 is capable of detecting CO2 concentration in the air at a part per million 

(ppm) level ranging from 0 to 1,000 ppm or even up to 100,000 ppm. Even though the 

instrument is able to store up to 1,250 individual records, the EGM-4 operator has only two, 

mutually exclusive, options when using it as a Standalone CO2 IRGA: manual internal 

storage with a key press or that the actual CO2 ppm measurements are automatically stored 

at a fixed interval rate (between 1 and 720 minutes). To overcome the inability to store 

measurements under the one-minute interval, manual recording of CO2 ppm output values 

on a logging sheet has been a common practice, although mostly at 15 second intervals 

(Munir et al., 2015; Nwaishi et al., 2016). Alternatively, the EGM-4 can be used in a Closed 

System Soil Respiration mode, allowing it to store CO2 ppm values at a 4.8 second interval, 

but limiting storage to a maximum of 80 minutes of data, which is frequently insufficient for 

field monitoring. This is a particular problem as GHG projects often include several 
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measurements per sampling occasion, e.g. to capture the effect of solar radiation on fluxes 

throughout the day (e.g. Munir et al., 2015; Nwaishi et al., 2016; Green et al., 2018), and 

thus require sufficient storage capacity. The operator can alternatively bring a laptop in the 

field to have the EGM-4 dump or log its data straight to a hard drive, but this unfavourably 

increases the total weight of the set-up and potentially decreases the available time in the 

field due to laptop battery limitations. Even though the current standalone CO2 IRGA set-up 

is capable of having its internal memory emptied throughout the sampling period, this still 

requires another mobile device, capable of being connected to the EGM-4, to be taken into 

the field.  

In this paper, we provide the information to capture the serial output from an EGM-

4 and list the required cables and serial connections settings for the console applications to 

connect the EGM-4 to an iOS or Android device. Basic scripts, which for maximum 

flexibility are presented in each of Python, R and Matlab, are presented to run initial post-

processing of CO2-flux data and add metadata to the output files. The aim is to provide the 

scientific community with a cost-effective, lightweight mobile solution for a widely-used 

gas analyser to increase its operational lifespan and simultaneously increase its data output 

quality.  
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Materials and Methods 

Here we describe our proposed solution (Fig. 1) to the issues identified above, and 

the steps needed to connect the EGM-4 to a compatible smartphone or tablet. We state the 

hardware requirements, followed by a detailed workflow on both iOS and Android based 

mobile devices and conclude with a single post-processing scripts section. In this case, we 

assumed that the reader would be familiar with the set up for the standalone CO2 IRGA 

setting according to the EGM-4 Operator’s Manual. The same familiarisation process applies 

to the mobile devices used. Even though the output files at the end of the protocol are 

generally small, we recommend a minimum of 4 GB of available storage on the mobile 

device.  

 

Figure 1. EGM-4 to mobile device diagram, including handheld and application 

requirements, sharing options and post-processing choices. 

 

The EGM-4 is equipped with a 9-pin digital serial communication port set to the 

international RS-232 communication standard. The port’s purpose is to dump data from the 

EGM-4’s internal memory to a PC or laptop running the PP-systems Windows® based 

software program Transfer. The RS-232 port is also capable of streaming data produced by 

the EGM-4 if the machine is put in its record mode (1REC in the main display). Due to 

different connection ports on iOS and Android devices, each require a different adapter cable 

for the mobile-to-EGM-4 connection. Detailed walkthroughs on set-up, logging and 
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exporting data from the EGM-4 using either iOS or Android mobile devices can be found in 

the Supplementary Material.  

 

Hardware and application for iOS devices 

To set up a connection between the EGM-4 and a mobile iOS device, the Get Console 

application from the Apple App Store is required, along with the Redpark Lightning Console 

Cable (L2-RJ45V-A). This adapter cable connects an ethernet plug (wired per Cisco console 

port specifications) and an Apple iOS device with a Lightning port (introduced for iPhones, 

iPads and iPods in 2012). The connection also requires another DB9-Adapter to connect the 

ethernet plug to the RS-232 9-pin port of the EGM-4. For older iOS device models with a 

30-pin port, another Redpark Serial Cable (C2-DB9V) can be used to connect the device to 

the RS-232 port, however these devices are unlikely to be able to run the required iOS 

version. The minimal iOS version compatible with the Get Console (version 2.48) 

application is iOS 8.4 or higher and the application can be found in the Apple App Store. 

After installation, system settings have to be altered based on the operation manual for the 

EGM-4 to log the output from the gas analyser (see the Supplementary Material).  

 

Hardware and application for Android devices 

To augment the application possibilities, mobile devices using the Android operating 

system with a micro-USB can be used as well. There are a variety of micro-USB to RS-232 

cables on the market, in this paper the StarTech.com Micro USB to RS232 DB9 Serial 

Adapter Cable for Android with USB Charging - M/M was used. Similar to the iOS set-up, 

an application has to be downloaded in order to read the serial output from the EGM-4. The 

adapter cable is equipped with a FTDI USB UART chip support, required to interpret the 

serial signal from the EGM-4. The free FTDI AOA HyperTerm (version 1.0) was used from 

the Google Play store to run on Android (version 3.2 or higher) and is designed to deal with 
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the adapter’s output signal. After installation, signal detection settings have to be adjusted 

to receive and log the EGM-4 data stream. 

 

Post-processing in Python, R or Matlab 

Logged files are stored as .txt files, each line consisting of a string of 61 characters 

without spaces (Supplementary Material: Example Dataset). The range of values (e.g. Plot 

No. range 0-99 and Rec No. range 0-9999) can influence the number of digits used for a 

record. The solution provided does not require manual or automated alteration of Plot No. 

or Rec No. values as this option isn’t used during data collection. After the log files are 

transferred to a desktop (i.e. shared as an email attachment) they are processed into the 

format (Fig. 2, Step 3) stated in the EGM-4 operational manual (PP Systems). 

 

Figure 2. Data processing, raw output data from Get Console and FTDI AOA HyperTerm 

applications in text-file (.txt) format to comma-separated values (.csv) files.  

 

The text-read and export to csv-file steps are shared in Python, R and Matlab in the 

Supplementary Material. Each script has been tested on a set of over 500 log files stored 

together in a user-defined directory. The scripts can handle individual folders containing the 

saved log files and will iterate over the files to process each log file individually. Using the 
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EGM-4 in the standalone IRGA setting can result in calibration “zero checks” being logged: 

creating gaps in the record. In all scripts this problem is accounted for by including an 

additional column (‘Sec’) to include the seconds since the start of the record and 

subsequently removing the zero check lines from the log. Furthermore, the scripts include 

code to extract filenames into the dataset for additional metadata (column ‘File’) and for the 

output file to be named after the input file. For all scripts, user-defined directories (for input 

and output location) have to be assigned accordingly. 

 

Results and Discussion 

All post-processing steps in Python, R and Matlab are all based on the same structure: 

data import, data clean up and data export to a csv-file. In theory, all data processing can be 

done manually for each file, but the advantage of the scripts is their ability to process as 

many files as workstation’s memory can handle. The supplemented scripts can be changed 

and augmented to meet specific needs from the user. Additional data output from the 

standalone CO2 IRGA setting of the EGM-4 can be stored through the described logging set-

up: when probes are added to the EGM-4, the RS-232 port will also stream this data in 

columns A to G (Fig. 2) according to the probe type (EGM-4 operational manual, PP 

Systems). Depending on the usage of the data, these columns can be included or omitted in 

further data processing steps. 

High frequency flux data is very valuable to calculate rates with a range of regression 

analysis techniques and software packages. Short chamber deployment times require more 

data points in order to determine whether a linear regression underestimates actual fluxes, 

and non-linear regression models should be used (Kutzbach et al., 2007). Additionally, the 

high-resolution concentration data allows for precise study of non-linear – or curvilinear – 

behaviour of the fluxes (Pirk et al., 2016): essential to properly quantifying the net gaseous 

carbon balance. When using standard PP Systems chambers (e.g. SRC-1 or CPY-4) in the 

Closed System Soil Respiration mode, the output resolution is limited to 4.8 seconds when 
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a full dataset is saved, i.e. no rates calculated using the PP Systems algorithm are stored 

internally. With this default set-up, the internal storage is capable of recording 80 minutes’ 

worth of continuous data, ready for regression analyses later (EGM-4 Operator’s Manual, 

PP Systems). The operator can alternatively bring a laptop in the field to have the EGM-4 

dump or log its data straight to a hard drive, but this unfavourably increases the total weight 

of the set-up and potentially decreases the available time in the field due to laptop battery 

limitations. The proposed mobile-to-EGM-4 connection removes this data storage barrier, 

especially if data is transferred to data repositories through email during a field sampling 

campaign. Battery life will thus be the only limiting factor remaining for both the EGM-4 

and mobile device used for logging. 

New generation gas analysers are capable of recording gas changes at a second 

resolution (EGM-5, Operation manual, PP Systems) and give the operator more data storage 

and processing power in the field. These new devices require large investments and are 

frequently unavailable. Furthermore, in theory all gas analysers with a RS-232 port, 

including older PP Systems models (e.g. SBA-1, WMA-1, EGM-3), should be able to use 

the above method, with changes to the mobile application settings with reference to the 

device operation manual, something outside the scope of this paper. 

In conclusion, our study provides an example of how readily-available connectors 

combined with simple post-processing can improve the practicality and data quality of the 

EGM-4 infrared gas analysers. The usage of mobile devices in science is increasingly 

important, as they allow replacement of additional heavy field equipment to record data, 

quick data sharing, allowing for uploading of raw data enhanced with metadata into the cloud 

enabling operators to begin data processing remotely whilst in the field. 
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Supplementary Material 

The first part of the supplementary material includes the mobile application settings 

for mobile devices running on either iOS or Android. The second part contains solutions to 

common errors that can occur during operation. The third part includes the data processing 

scripts to be used in respectively Python, R or Matlab. Each script has been tested and is 

provided with explanations for all sections help the user select and change the code for their 

own use (e.g. to change directory names). The fourth and final part is an example dataset (in 

txt-format) of the EGM-4 output captured with either iOS or Android set-up. It allows the 

user to test the scripts and examine the script’s output. 

Supplementary material is available at: https://doi.org/10.2134/jeq2019.04.0163  
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