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Abstract

Peatlands are wetlands that are found on every continent except Antarctica, covering
around 3% of the global land area and are the largest terrestrial soil organic carbon store.
They are estimated to store around 550 gigatons of carbon (C) which is equivalent to twice
the amount stored in all of the world's forests. In Ireland, peatlands cover almost one-fifth
of the total land area and are recognized as a major C sink that has been depleted but still
represents a key climate mitigation tool. Unfortunately, many of Ireland's peatlands have
been drained and degraded for peat extraction, or converted to forestry and agriculture.
The Irish government has taken steps to protect and restore these peatlands as part of the
national climate mitigation strategy. However, it is vital to understand the impacts of
drainage along with changing climate on carbon and methane dynamics of these
ecosystems and the key drivers of the emissions for effective management. Additionally,
long-term monitoring can aid in assessing vulnerability and resilience of these ecosystems
to climate change. The primary aim of this PhD research was to develop an
interdisciplinary approach to investigate the impact of anthropogenic activities and
climate change on the carbon and methane dynamics of a raised bog ecosystem across a
drainage gradient by combining innovative experimental and observational techniques.

Chapter 4 outlines the carbon dynamics and the key drivers influencing the uptake and
emissions at a near-natural raised bog in Ireland using the Eddy Covariance technique.
The measurement period included two drought years with different hydrological
conditions (2018 and 2021) followed by humid/wetter normal climatic years (2019 and
2020) which provided insight into the response of such ecosystems to climate change. The
reduction in soil moisture below 80% in 2018 was caused by a combination of a lowering

water table for consecutive 109 days and higher temperatures compared to the other very
iii



dry year of 2021. The differing hydrological and climatic conditions between years
resulted in the study area acting as a net source of carbon of 53.5 g C m2in 2018 and a
net sink of -125.2 g C m?, -75.7 g C m? and -49.8 g C m?2 in 2019, 2020 and 2021
respectively. The carbon dynamics in 2018 were primarily driven by ecosystem
respiration however, the system went back to being a carbon sink in the following years
displaying its resilience to drought events. Overall, this study highlights both the
vulnerability and resilience of these ecosystems to climatic variability and emphasizes the
need for long-term monitoring networks to enhance our understanding of the impacts of

these events.

This PhD research also focuses on using closed chamber measurement techniques
(chapter 5) to understand methane dynamics at raised bogs under various management
practices which included near-natural bog, under rehabilitation site, and degraded
peatland. The average annual methane flux was ranging between 1.44 t0 8.89 gCm=2y-1 at
a near-natural bog, -1.1 to 1.55 g Cm-2 y-1 at an under-rehabilitation site, and 0 to 0.53 g C
m-2 y-1 at the degraded site. Furthermore, this study proposes a framework to upscale
these emissions from the chamber to ecosystem scale by testing the applicability of high-
resolution multispectral satellite imagery with machine learning algorithms to provide
fine-scale vegetation maps. These maps were used to upscale chamber-based methane
fluxes at peatland sites across a drainage/management gradient. Our results provide
evidence that upscaling is successful, as long as the dominant vegetation communities are
appropriately mapped. Results from this study highlight the complex spatial
heterogeneity of peatlands and their impact on methane fluxes. This study emphasis the
need to include dominant plant species information in methane budget models and

upscaling approaches. The framework proposed in this study was able to map all the
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ecotopes at the Lullymore (under rehabilitation) and Garryduff (degraded) sites with an
overall validation accuracy above 95% in 2020 and 2021. However, Clara bog (near-
natural) is an extremely challenging and complex site to map due to the heterogeneity of
vegetation at the site, however, this framework was able to map all of the ecotopes present
with an overall validation accuracy above 83%. This approach could be used to upscale

fluxes at other sites and aid in refining site-specific emission factors for these systems.

Chapter 6 highlights the potential of using remote sensing models to estimate Gross
Primary Productivity (GPP) at sites where it is not feasible to install EC towers or conduct
chamber measurements. GPP represents one of the key components of the peatland
carbon cycle, and detailed knowledge of the spatial and temporal extent of GPP under
changing management practices and climate variability is imperative to improve our
predictions of peatland ecology and biogeochemistry. This research assessed the
relationship between remote sensing and ground-based estimates of GPP for a near-
natural peatland in Ireland using Eddy Covariance (EC) techniques and high-resolution
Sentinel 2A satellite imagery. Hybrid models were developed using multiple linear
regression along with six widely used conventional indices and light use efficiency model.
Estimates of GPP using NDVI, EVI, and NDWI2 based hybrid models 2 and 4 performed
well with a significant correlation over 0.89 between modelled GPP and EC-derived GPP.
This study also reports site-specific light use efficiency parameters for both dry and
hydrologically normal years based on the light response curves method (LRC). Overall,
this research demonstrated the potential of combining EC techniques with satellite-
derived models to better understand and monitor key drivers and patterns of GPP for

raised bog ecosystems under different climate scenarios and has also provided light use



efficiency parameters values for variable climatic conditions which can be used to

estimate GPP using LUE models across various scales.

Finally, this thesis emphases the importance of long-term measurements and monitoring
at peatland sites across drainage gradients to better understand the impact of land use
change and climate variability on carbon and methane dynamics. This information will
enhance conservation, rehabilitation, and restoration activities and strategies and, will
help to increase the carbon storage potential of these ecosystems. Additionally, this
research shows the successful integration of innovative remote sensing and machine
learning techniques with field measurements which could aid in refining tier 2 and tier 3

level emission factors for peatland systems in Ireland.
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Chapter 1: Introduction

1.1 Peatlands

Peatlands are an integral part of the global carbon (C) cycle as they act as a significant
store of soil organic carbon (Gorham, 1991). These ecosystems only cover 3% of the global
land area and are estimated to store around 30% of global soil organic carbon (Blodau,
2002; Gorham, 1991; Scharlemann et al., 2014). Worldwide peatlands are under threat
from extensive drainage due to anthropogenic activities such as peat harvesting,
agriculture, and forestry releasing around 2-3 Gt CO: per year (Parish et al, 2008). A
recent expert assessment by Loisel et al. (2021) implies that in the future (2020 through
2100) the global peatlands may switch from being a C sink to a C source. Furthermore,
climate change is acting as a catalyst for anthropogenic activities by contributing to the C
emissions (Bu et al,, 2011; Wilson et al., 2013). The carbon dynamics of peatlands are
governed by the hydrological conditions, predominantly the water table depth (WTD)
closer to the peat surface is one of the crucial drivers to maintaining the carbon sink
function of these systems (Evans et al. 2021). Several studies (Aslan-Sungur et al., 2016;
Baldocchi et al.,, 2018; Marcisz et al., 2020) highlight the importance to enhance our
understanding of the impacts of climate change on the carbon and greenhouse gases
(GHG) of these sensitive ecosystems. This research refers to interannual variation in
climate characterized by elevated summer temperatures and precipitation deficits which
can alter the hydrological condition of these systems influencing the C and GHG exchange
as drought throughout the thesis. Peatlands are an important source of atmospheric CHs

and contribute around 20-40% of the total global CH4 emissions ( Zhang et al., 2020).



Quantification of these emissions is crucial to better understand the impacts of these
systems on the climatic feedback loop and to devise suitable mitigation strategies with a
focus on the rehabilitation of these systems and their return to a net cooling state.
Around 50% of peatlands in Europe are under degraded conditions to an extent that there
is no substantial active peat formation occurring (Tanneberger et al., 2017). Peatlands
cover around 20% of the land area in Ireland and over 95% of these have been degraded
by draining for peat extraction, agriculture, and forestry (Connolly & Holden, 2009; Fluet-
Chouinard et al,, 2023; Minasny et al., 2019). Proper management of degraded peatlands
and conservation of near-natural peatlands is vital to halt their contribution to the
atmospheric CO2 and reduce CH4 release into the atmosphere. Emission reduction from
degraded peatlands followed by regaining the C store function of these ecosystems
conservation, rehabilitation, and restoration is increasingly recognized as an important
strategy to tackle climate change (Evans et al., 2016; Leifeld & Menichetti, 2018; Renou-
Wilson, 2018). However, with the increase in global initiatives for effective peatland
management, there is a necessity to understand how drainage and rehabilitation alter
these ecosystems and their C and greenhouse gas (GHG) balances (Baird et al., 2019;
Dooling, 2014). Rewetting of peatlands is becoming very popular as an effective starting
point for rehabilitation of degraded peatlands by reducing their contribution to
atmospheric CO2 however the impact of rewetting on CH4 dynamics is poorly understood.
There is a need to study CH4 dynamics across various stages of peatland which includes
degraded, under rehabilitation, and near-natural peatlands.

This PhD focuses on raised bog ecosystems which are unique ecosystems with the
potential to store more carbon than blanket bogs, fens, and turloughs. The main aim of this

research is to assess the impact of climate change and management practices on C and
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GHG dynamics of these ecosystems and investigate the key drivers of the emissions.
Additionally, this research integrated field measurements with remote sensing techniques
to understand the spatio-temporal extent of the emissions and ways to upscale field

measurements.

1.2 Project information

This research was funded by the Trinity College Dublin, Provost’s PhD Scholarship awards,
and the Environmental Protection Agency of Ireland 2014-2020 programme of research

as part of the SmartBog project (project ref: 2018-CCRP-LS.2).

1.3 Thesis objectives

The primary aim of this PhD project is to develop an interdisciplinary approach to assess
the impact of climatic variability and anthropogenic activities on C/GHG fluxes and upscale
emissions at the ecosystem scale for raised bog ecosystems.

Objective 1:

Quantify the carbon fluxes of a near-natural bog during drought and normal climatic years
and investigate the key environmental and ecological drivers of the emissions.
Rationale: For effective management and policy recommendations, it is vital to
understand the carbon dynamics of a near-natural raised bog as it represents a baseline
scenario to evaluate the impact of rehabilitation across raised bogs. Additionally, long-
term studies of ecosystem carbon dioxide (CO2) exchange improve our understanding of
the links between climate and the C cycle. We should continue to develop such an
understanding of all major terrestrial ecosystems to resolve current uncertainties in C
cycling and the global C budget. In recent times, there are numerous studies available that
assess the C/GHG dynamics of peatlands however very limited long-term studies are

available for raised bogs and little is known about the vulnerability and resilience of raised
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bogs to climatic events. Furthermore, most studies focus on the growing season dynamics
due to logistical issues which can increase uncertainties in the estimation of annual carbon
budgets at the site level. These knowledge gaps were addressed as a part of this objective
with continuous long-term measurements of net ecosystem carbon exchange. This
research measured CO2 fluxes using the eddy covariance (EC) technique at a near-natural
bog over four years. The study duration comprised two drought and two humid/wetter
years allowing for an analysis of the impact of these short climatic events on C dynamics.
Along with CO2 measurements, various meteorological and environmental parameters
were also measured which provided insights into the key drivers of CO2 uptake and
release. The equipment used in this research and the methodology used are briefly
explained in Chapter 3. This objective is addressed in detail in a manuscript format in
Chapter 4 of this thesis.

Objective 2:

Develop a methodology to upscale methane fluxes by integrating chamber measurements
with remote sensing data and machine learning techniques.

Rationale: Upscaling is a key focus in ecology, as many studies are conducted at the field
or farm scale, but the information required by stakeholders and policymakers is often
needed at an ecosystem, regional or national scale. Remote sensing has the potential to act
as a link between the various scales and can also act as a useful monitoring tool for large
areas over longer timescales. This PhD developed a methodology using high-resolution
PlanetScope imagery (3 m) with a Random Forest algorithm to upscale chamber methane
fluxes. This approach was successfully implemented at raised bog sites across drainage
gradient. The sites were selected in such a way that they covered a broad spectrum of the

various stages of bog condition and management practices which included near natural, a
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former industrial extraction site, and an under-rehabilitation site. The satellite data and
methodology used in this research are explained in Chapter 3 and this objective is
addressed in detail in a manuscript submitted to Nature scientific reports which is
currently under review and can be found in Chapter 5.

Objective 3:

To develop hybrid models for Gross Primary Productivity (GPP) estimation using satellite
data and Light Use Efficiency approach for raised bog ecosystems. Additionally, site-
specific light use efficiency parameters will be provided for dry and wet years.
Rationale: Satellite data and remote sensing techniques and associated models are
gaining a lot of attention as a means to estimate carbon fluxes, particularly where the site
of interest is inaccessible for direct measurements and where they are of benefit for
inclusion in National carbon accounting inventories. However, the use of spectral indices
which were developed for a homogeneous system such as grassland, cropland, and
forestry can bring in a lot of uncertainty in GPP estimation as raised bogs are
heterogeneous ecosystems. Moreover, the spectral reflectance of raised bogs is different
than other ecosystems and the presence of hummock and hollows structure makes it even
more challenging to use a single index for GPP estimation. This study proposes hybrid
models which are a combination of spectral indices extracted from Sentinel-2 satellite data
and can be used to estimate GPP using a light-use efficiency model. These estimates were
then validated against EC-derived GPP data collected at a near-natural raised bog (Chapter
4). While exploring literature on Light Use efficiency models, this research found that very
limited information is available on light use efficiency parameters (LUE) for dry and wet
years at the site scale for raised bog ecosystems. To address this knowledge gap, this

research provides LUE parameter values derived from field measurements at a near-
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natural raised bog in Ireland. The details of the methodology and data used in this study
are explained in Chapter 3 and the objectives are addressed in detail in a manuscript that
is published in a special issue on carbon stocks and remote sensing in MDPI and can be

found in Chapter 6.

1.4 Thesis organization

This thesis consists of seven chapters. Chapter 1 provides an overview of carbon and
methane emissions from peatlands along with the thesis objectives and organization.
Chapter 2 summarizes the background knowledge on carbon and methane emissions with
a focus on the current extent and status of raised bogs in Ireland. It also underlines the
initiatives and policies implemented by the Irish Government to reduce the C emission
from degraded peatlands and to enhance the C potential of these ecosystems through
conservation and rehabilitation. Chapter 3 describes the methodological approaches used
in the research chapters (4, 5, and 6), and explains their respective data and experimental
setups. Chapter 4 explores the application of the EC technique in quantifying CO2
emissions from a near-natural raised bog during drought and normal climatic years.
Chapter 5 investigates how to upscale chamber-based methane measurements from sites
across a drainage gradient with the help of high-resolution satellite data and machine
learning algorithms. Chapter 6 evaluates how to estimate GPP using satellite data and the
light-use efficiency model. It also highlights the need for raised bogs ecosystem scale
indices and has developed new hybrid models that can be used exclusively to estimate GPP
from raised bogs. Additionally, light use efficiency parameters for drought and
humid/wetter years were provided for a near-natural raised bog. Chapter 7 synthesizes
and discusses the key findings outlined in Chapters 4, 5, and 6 and also illustrates the key

knowledge gaps and the areas of research which require further exploration. This chapter
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also outlines the applicability of the work presented in this thesis to enhance the

quantification and upscaling of carbon and methane emissions in space and time from

raised bogs.
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Chapter 2: Literature review

2.1 Peatland as Carbon Store

2.1.1 Background

Peatlands are the largest natural terrestrial carbon store holding between 113 and 612 Pg
(Peta gram=1015 g, or equivalent to Gigatonne) of C on 3% of the global land area
(Gorham, 1991; Limpens et al., 2008; Thom et al., 2018). In their natural state, peatland
functions as a long-term carbon sink with the rate of plant production generally exceeding
the rate of organic matter decomposition (Frolking et al., 2011). Peatlands are not only
carbon-dense landscapes but they also play important roles in the provision of water
resources and represent an important component of global biodiversity (Biancalani &
Avagyan, 2014; Bullock et al,, 2012). Even though natural peatlands are large carbon
stores, they can still emit a considerable amount of methane (CH4) and carbon dioxide
(CO2) into the atmosphere (Renou-Wilson et al., 2019; Vitt, 2008; Warmenbol & Smith,
2018). However, the amount of carbon sequestered by these ecosystems through
rehabilitation outweighs the CO2 and CH4 emissions when we look at longer timescales
such as decades (Bain et al,, 2011).

The recent Global Peatlands Initiative assessment report (UNEP, 2022), highlighted the
distribution of global peatlands (Figure 2.1) with the largest areas in Asia (33%) followed
by North America (32%), Latin America, and the Caribbean (13%), Europe (12%), Africa
(8%) and, Oceania and Sub-Antarctic Islands (2%). However, natural peatlands are being

destroyed at a rate of 4,000 km?/year globally (Parish et al. 2008).
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Figure 2. 1 World map showing the distribution of peatlands across the globe (UNEP,
2022)

Europe has over 59 million hectares of peatlands with a higher density in the northern
lowlands, highlands, and coastal areas (Figure 2.2 inset). The largest peatland systems in
Europe are in northwest Russia and the smallest peatlands are in the highlands and the

steppe zone (UNEP, 2022).
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Figure 2. 2 Europe map showing peatland area (%) and degraded peatland area(%)
(Joosten et al.,, 2017)

Almost 50% of the European peatland area is degraded(Figure 2.2), making Europe the
second largest greenhouse gas emitter from drained peatlands of around 600 Mt CO2
equivalent per year (UNEP, 2022). Drainage for agriculture is one of the main reasons for
peatland degradation in Europe (UNEP, 2022) and western Europe has already lost over
90% of its natural peatland area over the last 300 years (Fluet-Chouinard et al., 2023;
Joosten & Clarke, 2002). The development of sustainable management plans for both
near-natural and degraded bogs through rehabilitation, restoration, and conservation
programs is of prime importance to reduce/halt GHG emissions and revive the carbon
sequestration capacity of these ecosystems (Kiely et al., 2018; NPWS, 2014; Oertel et al,,

2016). For effective management and mitigation strategies, it is vital to understand the
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impact of climatic change and associated variability on the carbon and GHG dynamics of
peatlands and the major drivers of the emissions (Kiely et al., 2018). Current estimates of
global peatland cover contain large uncertainties as the capacities of peatlands to store
soil carbon and to provide water and other ecosystem services are poorly constrained

(Jurasinski et al., 2020; Limpens et al., 2008).

2.1.2 Carbon and methane dynamics in peatlands

Peatlands in their natural state can act as a long-term carbon store by accumulating more
carbon dioxide than they emit and releasing considerable amounts of methane as a by-
product of the anaerobic decomposition of organic material as shown in Figure (2.3a).
Drainage of peatlands and lowering of the water table upset the C accumulation process
by exposing the anoxic peat layer to the atmosphere, which leads to a vast increase in the

rate of COz being released into the atmosphere as illustrated in Figure (2.3b).
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Figure 2. 3 Carbon dynamics in an intact peatland: (a) high water table (b) low water table

The management of peatlands is sensitive to anthropogenic perturbations as the net
annual C and GHG budget varies spatially and temporally (Petrescu et al., 2015; Renou-
Wilson et al,, 2019b; Renou-Wilson & Wilson, 2018). The global warming potential (GWP)

of bogs at various stages of degradation and rehabilitation in comparison to near-natural
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systems has been shown by Bain et al., (2011) in Figure 2.4. The emissions savings that
can be achieved through peatland rehabilitation are significant as when re-wetted the
emissions of CO2 can be significantly reduced. As the vegetation starts to recolonize over

time, these systems the peatland can revert to having a net cooling effect on the

atmosphere.
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Figure 2. 4 Global Warming Potential (GWP) of UK peat bogs under natural, drained, and
rewetted state (Bain etal.,, 2011)

Another aspect of rehabilitation and restoration is to manage methane emissions from
Peatlands (Giinther et al., 2020). The methane dynamics of peatlands are complex and
poorly understood, but the production, uptake, and emission of methane are mostly
governed by the hydrological conditions of the peatland. Methane production by
anaerobic microbial respiration of organic matter in peatlands occurs predominantly
inside the saturated soils and in the water bodies (Lai, 2009). Variations in precipitation,
temperature, and water table levels can alter the uptake/release of methane (Abdalla et
al,, 2016). Climatic events driven by higher temperatures and lower water tables can lead

to increased production of methane, while higher precipitation and higher water tables
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can lead to increased consumption. The management of methane emissions from

peatlands is critical during the restoration phase for mitigating climate change.

2.1.3 Peatland in the Irish context

Peatlands in Ireland cover around 21% of the national land area and are estimated to store
between 53% to 75% of the total soil C stock (1064 -1503 Gt of C) (Renou-Wilson et al.,
2019; Tomlinson, 2005; Wilson & Miiller, 2013). Irish peatlands consist of Fens, Blanket
bogs, and Raised bogs, and around 95% of these ecosystems are degraded since 18th

century as shown in Figure 2.5 (Fluet-Chouinard et al., 2023).
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Figure 2. 5 Global heterogeneous wetland loss since 1700 (Fluet-Chouinard et al., 2023)

Fens and bogs mostly differ based on their source of water, the majority of bogs are fed by
precipitation (ombrotrophic) while fens are nourished by both precipitation and
groundwater (NPWS, 2014; Renou-Wilson, 2018). Raised and blanket bogs are
distinguished by their topography, age, and climatic conditions (Fossitt, 2000; Hammond,

1981; Tomlinson, 2005). However, most of the Irish peatlands have been drained and are
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impacted by peat cutting (industrial and turbary), land-use change (conversion to

grassland or afforestation), grazing, or fire to one extent or another. As per the Irish

Peatland Conservation Council (IPCC) peatland site database (Table 2.1), it was estimated

that only 10% of the original raised bog, 23% of fen, and 28% of the original blanket bog

are deemed suitable for conservation.

Table 2. 1 Peatland type, original area, and its area of conversation importance (IPCC,

2009)
Republic of Area of Proportion of
Peatland Type Ireland Conservation original area N““?ber of

Original area (ha) Importance (ha) remaining (%) sites

Fen 92,508 20,912 23 375

Raised Bog 308,742 31,756 10 196
Blanket Bog 774,367 216,599 28 194
Total 1,175,617 269,267 23 736

Intact or near-natural raised bogs cover a small area but can store more carbon than

blanket bogs and fens and as such are of significant importance for global carbon

budgeting (Renou et al., 2006; Tomlinson, 2005). Figure 2.6 shows the extent of raised and

blanket bogs in Ireland with study locations of the research undertaken in this thesis in

green circles.
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Figure 2. 6 Map of Ireland showing the distribution of raised and blanket bogs (Connolly
etal. 2009). Green circles indicate the approximate location of the study sites in this thesis.

Each peatland is unique in its geographical location, peat composition, hydrology,
topography, age, type, and degree of natural disturbances and land use change. If

peatlands are to be used for mitigation of climate change and to offset emissions from
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other sectors, then an improved understanding of peatland C/GHG dynamics is vital. It is
necessary to better understand the fluxes of C and GHG in and out of each peatland system,
related both to climatic variability and management practices. Then the contribution of
these ecosystems to atmospheric cooling or warming can be determined. Ireland is
required to submit an inventory of GHG emissions to the European Commission and the
United Nations Framework Convention on Climate Change (UNFCCC) each year. This
requires accurate knowledge of ecosystem emissions, including peatlands which are
important sources or sinks of C and CH4. Knowledge of C fluxes could also be valuable for
designing a protocol on effective management practices which can further inform the

policy framework.

2.1.4 Policy framework

Several recent policy developments directly contribute to the conservation and
sustainable management of peatlands in Ireland. The European Union Climate and Energy
legislation for 2021-2030 proposes that Ireland reduce its GHG emissions by 30% by
2030, relative to a 2005 baseline and 5.6% of this can be achieved via offsetting emissions
by sequestering C into vegetation and soils (Lanigan et al., 2018). The National Parks and
Wildlife Service (NPWS) published an updated national peatland strategy in 2017 (Mackin
etal.,, 2017) that includes a restoration framework designed to address the requirements
of the EU Habitats Directive and EU Biodiversity Strategy, and the Water Framework
Directive which is designed to protect the wetland and water systems that support
groundwater dependent ecosystems. Through this process, the NPWS has designated
peatland areas as Special Areas of Conservation (SAC) or National Heritage Areas(NHA)
(NPWS, 2014) as a part of the EU-Life environmental program and is actively
rehabilitating degraded peatlands and encouraging public support for these initiatives
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through the raised bog community engagement scheme. The current designated raised
bog network consists of 53 raised bog SACs and 75 raised bog NHAs covering an area of
17,995 ha (Fernandez et al., 2014; Mackin et al,, 2017; NPWS, 2014). It is considered
necessary to protect SACs under the EU Habitats Directive as they contain habitats and
species that are rare and threatened on a European scale. SACs are also referred to as
Natura 2000 sites or European sites in legislative terms. The conservation of wetland and
peatland ecosystems also has direct relevance to some of the United Nations Sustainable
Development Goals(SDGs) (Wilson et al., 2015). The role of peatlands in climate mitigation
is of greater importance to the national Climate Change Bill and international climate
policy, as an example to report emissions under the Kyoto protocol addressing the 1.5°C
temperature target. Policymakers are now recognizing the value of peatlands as carbon
stores and peatland restoration is becoming accepted as a way of reducing national carbon
emissions(Hiraishi et al., 2014; Thom et al., 2018; Warmenbol & Smith, 2018). The EU
2030 climate and energy framework emphasizes that forests, agricultural land, and
wetlands, will play a central role in realizing the Paris Agreement. Under this framework,
from 2021, all EU member states need to report on the emissions and removals of
greenhouse gases from wetlands(Hiraishi et al., 2014; Warmenbol & Smith, 2018). Other
global initiatives on peatlands include the UN Framework Convention on Climate Change
(UNFCCC), the International Union for the Conservation of Nature (IUCN), and the
establishment of the Global Peatlands Initiative (GPI). The government of Ireland and a
former commercial peat extraction company (Bord na Moéna) has also set an ambitious
target of regenerating 33,000 hectares of Peatlands over five years as a part of the

Peatland Climate Action Scheme (PCAS) funded by the government of Ireland.
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2.2 Measurements of carbon and methane dynamics
2.2.1 Background

Measurements of C and GHG fluxes are essential to understand site scale emissions and
carbon budget which are crucial for effective management and Tier-2 emission factors
recommendations. The most commonly used techniques to measure land-atmosphere
carbon and GHG emission from soils and ecosystems are chambers and micro-

meteorological techniques (Nugent et al,, 2018; Oertel et al., 2016; Rowson et al., 2013).

2.2.2 Eddy covariance method

Eddy Covariance (EC) is one of the most widely used micro-meteorological techniques to
measure the turbulent flux between the vegetation canopy and atmosphere by assessing
the covariance between changes in vertical wind velocity and the mixing ratio of the gas
scalar of interest (Baldocchi, 2003; Burba & Anderson, 2008; Rowson et al., 2013).

This technique has been used over the past two decades to measure the turbulent
exchange of CO2, H20, energy, and other GHGs from a variety of ecosystem types
(Baldocchi, 2003; Dondini et al., 2016; Morin et al., 2017; Pago et al., 2006; Poyda et al,,
2017; Wang et al, 2010) Two fast-response instruments are necessary for EC
measurements: a 3D sonic anemometer and a gas analyzer, both operating at high
frequency (~10Hz) to cover the full range of the turbulent motion of gas concentrations,
for example, CO2, CHs, H20, and N20 (Kiely et al., 2018). The EC technique provides higher
temporal resolution of measurement fluxes when compared to chamber measurement
(Eugster, 2012). The EC method can measure continuously without disturbing the
environment and can cover a larger area (250-3000m radius around flux towers) by
capturing seasonal and inter-annual variability (Baldocchi, 2003). The disadvantage of the

EC method is that this method requires a flat and homogeneous area (Myklebust et al,,
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2008; Poyda et al,, 2017). Several studies (Chaichana et al., 2018; Poyda et al., 2017;
Webster et al., 2018) compared GHG fluxes measured using the closed chamber technique
and EC methods and demonstrated that the closed chamber fluxes were larger than those
from the EC method (Myklebust et al., 2008; Poyda et al., 2017).

However, the EC footprint is often heterogeneous due to changing wind speed and
direction, vegetation height, various land use patterns, and different management
activities (Barba et al, 2018). It is therefore important to consider the ecosystem
heterogeneity while selecting a measurement site. In practice, however, sites are often
located in remote and spatial heterogeneous regions and are thus may be susceptible to
various measurement errors (Baldocchi, 2003, 2014, 2018). Footprint models can actas a
guiding tool while selecting a site and the exact location for a tower to ensure optimum
data capture and can be used as a post-processing quality control tool for identifying and
removing flux measurements influenced by heterogeneities in the footprint (Jarvi et al,,
2018; Moffat et al, 2007; Novick et al, 2013). Understanding the spatial
representativeness of site measurements is required for landscape-scale integration and
interpretation of carbon flux measurements. While an individual site might be considered
representative of the ecosystem where its located, it would be difficult to translate the
information to another location which might differ with vegetation composition, climate,
and stages of disturbance (Barba et al., 2018; Chen et al,, 2009).

Over the past number of years, a community of practice has evolved in the EC flux
community and has led to the development of a globally coordinated network of sites
(FLUXNET) of individual sites that measure the exchange of carbon dioxide, water vapor,
and energy between the biosphere and the atmosphere (Baldocchi, 2003). FLUXNET

consists of over 750 sites worldwide that are independently operated by regional
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networks. Upscaling of fluxes to regional and global scales requires an understanding and
quantification of the spatial representativeness of the global network of flux sites. At the
European level, the Integrated Carbon Observation System (ICOS) provides standardized
and open data from more than 130 measurement stations across 12 European countries.
These stations measure greenhouse gas concentrations in the atmosphere and carbon
fluxes between the atmosphere, and the land surface. These types of networks provide
qualitative and quantitative flux data at a global scale which can be useful for upscaling
from ecosystem to regional and global scales. It can also form the basis for the validation
of soil-vegetation transfer models and biogeochemical cycling models (Rebmann et al,,

2018).

2.2.3 Chamber measurements

The chamber technique measures gas fluxes by capturing an increase in gas
concentrations inside a closed chamber over a specified duration depending on the type
of analytical techniques used (GC or in-line analyzer) and the gas species of interest. This
method is easily applied to various ecosystems and can capture the spatial variability of a
site and assess low levels of fluxes (Baird et al., 2019; Laine et al., 2006; Rowson et al.,
2013).

Chamber measurements can be either dynamic or static. The air within a dynamic
chamber’s headspace is exchanged at a high rate (>1-2 times the volume of the chamber
per minute). Static chambers are cheaper and can be easily deployed in multiple numbers
over a given land area (Jensen et al.,, 1996; Windham-Myers et al., 2018). In absence of an
inlet gas, static chambers can detect lower flux measurements as compared to dynamic
chambers (Davidson et al., 2002; Pirk et al., 2016). Static chambers are not advisable at

locations where emissions are expected to be high as the flux reduction induced by a
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concentration gradient build-up will be significant unless they are measured over a very
short period (Veber et al., 2018). Dynamic chambers are suitable for such locations due to
the inflow and outflow of sweep gas. The chamber technique is not a continuous
measurement like the EC measurements except for the auto chamber set-up which is
quasi-continuous and the area the chamber covers is smaller as compared to the EC flux
footprint (Baird et al.,, 2019; Pumpanen et al., 2004). These measurements are useful to
get insight into the site-specific heterogeneity and can be beneficial along with the EC
tower measurement for upscaling across various scales (Baird et al., 2019; Morin et al,,
2017; Rowson et al., 2013). Raised bogs are often comprised of heterogeneous vegetation
areas known as ecotopes which exhibit significant variability in flux rates (Crushell, 2008;
Vitt, 2008). Understanding how fluxes vary between and among ecotopes is important
when considering the uncertainties associated while deriving a total carbon/GHG budget
for these ecosystems (Lee et al., 2017). In most cases, manual chamber data are gathered
based on a sampling schedule, typically on a monthly, fortnightly, or biweekly basis
(Webster et al., 2018). The high-magnitude flux events/peaks (hot-moments) and diurnal
dynamics are rarely captured by chamber techniques due to their lower temporal
resolution (Barba et al., 2018; Morin et al,, 2017). In many studies, chamber fluxes have
been up-scaled to the site level (Chaichana et al., 2018; Jensen et al,, 1996; Kiely et al,,
2018; Rowson et al.,, 2013; Veber et al,, 2018). However, point measurements cannot
effectively sample the full spatial variation and at the same time, they cannot capture the
full intra and inter-daily variations that occur within a site (Chaichana et al., 2018;
Myklebust et al,, 2008; Poyda et al., 2017). As a result, several studies have shown
limitations of using point measurements to represent site scale flux estimations (Desai et

al,, 2015; Wagle et al., 2015; Xiao et al., 2011; Yuan et al., 2015). However, it is useful to
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understand local C/GHG dynamics in the dominant vegetation communities. It is
recommended to combine chamber measurements with the EC site-level observations
wherever possible as it can mitigate the limitation associated with using either method on
its own (Barba et al., 2018; Forbrich et al.,, 2011).

2.2.4 Remote sensing

Remote sensing and satellite data are gaining a lot of attention in the field of peatlands as
they are being extensively used to understand the extent and status of peatlands globally
(UNEP, 2022). Several studies highlighted the use of high-resolution satellite data to
survey ecological and hydrological characteristics of peatlands such as water levels,
vegetation cover, and soil types (Lees etal., 2018). One of the most important applications
of remote sensing to peatlands is monitoring the effects of climate change and change
detection over time. Peatlands are highly sensitive to changing environmental conditions,
and their health can be monitored over time by making use of remote sensing data
(Czapiewski & Szuminska, 2022; Harris & Bryant, 2009; Rastogi et al., 2018). This data can
be used to determine the extent of changes in water levels, vegetation cover, and soil
composition. By monitoring changes in these parameters, researchers can determine the
extent to which climate change is affecting the local environment (Cole et al., 2014; Lees
etal, 2018). Remote sensing can also be used to identify areas where peatland restoration
might be needed and also to identify hotspots of emissions. Reliable and long-term
monitoring is a crucial part of any rehabilitation and restoration strategy. To determine
the success of restoration progress, monitoring needs to be continued over several years
or even decades to assess the full implications of the management scheme (Lees et al,,
2020). The selected monitoring method needs to be cross-validated with the ground

measurements.
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Remote sensing techniques are also emerging as a new approach to both the estimate and
upscale C/GHG dynamics of many ecosystems including peatlands, especially for remote
sites (Chen et al., 2009; Hilker et al., 2008; Lees et al., 2018). More recent methodologies
have included the use of vegetation communities as a proxy for carbon fluxes (Bhatnagar
et al, 2018; Couwenberg et al., 2011), but this also requires detailed knowledge of the
vegetation species coverage of a site, which can be heterogenous and challenging to
identify from the satellite data across peatland areas. Many peatland ecosystems are
located in remote areas making it challenging and difficult to access for measurements and
detailed vegetation surveys (Schubert et al, 2008). The vegetation communities at
peatlands are often changing due to the variability in hydrology which also makes it
difficult to assess composition and track change. The satellite data with high spatial and
temporal resolution can be used as a potential cost-effective tool for large-scale
monitoring with limited site access/visits (Minasny etal., 2019). The details on the spatial
and temporal resolution of different satellite data are provided in Table 2.3. Remote
sensing has been successfully used to estimate water content, vegetation composition, and
extent and rates of photosynthesis across peatland landscapes (Gatis et al., 2019; Kross et
al., 2016; Minasny et al., 2019). There are several models which can be used to estimate
photosynthesis from remote sensing data with the limitation that they were developed for
ecosystems other than peatlands (Gatis et al., 2019; Gilabert et al.,, 2017). Vegetation
Indices are simple and effective algorithms for the quantitative and qualitative evaluations
of vegetation cover, vigor, and growth dynamics (Joiner et al., 2018; Lees et al.,, 2018; Xiao
et al.,, 2019), which often use remotely sensed data as inputs.

Satellites such as MODIS and Sentinel have been used in many studies of terrestrial carbon

fluxes over various ecosystems (Connolly & Holden, 2017; Peng et al., 2018; Vanikiotis et
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al., 2018). Many of the satellite datasets are now freely available covering large areas at a
frequency between one to sixteen days (Connolly & Holden, 2011; Minasny et al., 2019;
Peng et al,, 2018; Ruiz, 2019). Table 2.2 summarises the satellite dataset with resolution

and duration.

Table 2. 2 Most commonly used satellite datasets for carbon flux estimation

. Temporal .
Satellite Spatla_ll resolutio Operated Opeljatlonal Remark
resolution by since
n (days)
Landsat 7 30m 16 USGS/NASA 1999 Band 8 at 15m
resolution
Landsat 8 30m 16 USGS/NASA 2013 Band 8 at 15m
resolution
Terraand 1 55 500m, 1999 (Terra);
Aqua 1km 1-2 NASA 2002 (Aqua)
(MODIS) q
Worldview-1 0.5m 2 DigitalGlobe 2007 Commercial
Worldview-2 | 0.3m-2m 1 DigitalGlobe 2009 Commerecial
C ial
Worldview-3 | 0.3m - 3.7m 1 DigitalGlobe 2014 ommercia
Viand IR
Sentinel-2 10m, 20m, 5 ESA 2017 band at 10m
60m i
resolution
Sentinel-3A | 300m - 1km 1-4 EUMETSAT 2016
PanetScope 3m-4.7m 1 ESA 2020 Planetlab

The integration of field measurements and satellite datasets would be extremely helpful
in upscaling carbon and GHG fluxes at various levels which will lead to effective
management and monitoring of peatland ecosystems (Chen et al., 2009; Hilker et al., 2008;
Leesetal, 2018; Wuetal, 2011). Figure 2.7 summarises the various spatial scales at which
carbon flux estimation can be extended. It provides a guideline for upscaling from point
scale (chamber measurement), ecosystem scale (EC tower) followed by regional (aerial

and satellite imagery), and national scale (Satellite imagery).
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Satellite imagery
Resolution of 1 m? to
1 km?

Aerial photography
(planes and drones)
Resolution of 2 cm? to
1m?

Eddy covariance tower
Footprint of 200 m? to
1km?

Flux chamber
Footprint of 10 to 20
cm?

[

Can detect mesoscale
features and landscape
scale ecosystem type

Can detect
microtopographic
features and dominant
vegetation types

Can measure fluxes from
mesoscale to landscape
scale features

Can measure fluxes from
microtopographic
features or single

vegetation species

Figure 2. 7 Spatial scales of carbon flux measurements (Lees

etal, 2018)
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Chapter 3: Materials and Methods

3.1 Study Sites

Peatlands sites were selected to show various stages of degradation starting with a near-
natural raised bog with no to minimal impact of drainage followed by former industrial
peat extraction (cutaway) site which is being rehabilitated over a decade. This study also
focuses on a former industrial peat extraction site where peat extraction ceased recently
and the location of all the sites were shown in Figure 3.1. The C flux was measured using
the EC technique (Chapter 4) at the near-natural bog (Clara bog) and CH4 flux (Chapter 5)
using closed chambers at the near-natural raised bog, cutaway sites: under rehabilitation
(Lullymore), and degraded (Garryduff) as illustrated in Figure 3.1(a-c). A novel approach
is explored to estimate GPP at Clara bog using a remote sensing approach and Light Use

Efficiency model (Chapter 6).
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Figure 3. 1 A map of Ireland showing the study sites; (a) Clara bog (near-natural) (b)
Lullymore (rehabilitation through re-wetting) (c) Garryduff (Industrial extraction)

3.1.1 Clara Bog

Clarabogis an ombrotrophic raised boglocated in County Offaly in the midlands of Ireland
(53°19 N, 7°36 W). It is one of the largest remaining relatively intact raised bogs in
Western Europe (Crushell et al., 2008). The site covers an area of approximately 440 ha
and has been designated as a special area of conservation (SAC) under the European Union
Habitats Directive (Council of the European Communities, 1992). It has an Atlantic
temperate climate with an average annual rainfall of 883 mm and an average annual
temperature of 9.6°C (Hammond, 1981; Schaff & Streefkerk, 2011). The site is bisected by

aroad into two halves Clara East (206 ha) and Clara West (234 ha), and this study focuses
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on the western part of the bog which will be addressed as Clara bog in this thesis and is
shown in Figure 3.1a and Figure 3.2. Despite being described as a near-natural bog, the
site is significantly influenced by the underlying hydrology and has been subjected to
continued subsidence of 4-6 mm/year over a decade which is attributed to drainage of
the regional groundwater table surrounding the bog and the hydrogeological complexity
of the bog itself (Regan et al., 2020). This has resulted in a change in the ecological
composition of the bog by gradually losing nearly 40% of the active raised bog (ARB) area
since 1991 (Regan et al., 2019).

While there is considerable variation in the distribution and diversity of vegetation on
raised bogs, the vegetation succession can be grouped into an “ecotope” classification and
mapping scheme (van der Schaaf, 2002). Ecotopes are vegetation communities with
similar characteristics in water table depth, fluctuation in the water table, and
hydrochemistry (Schaff and Streefkerk, 2011). The ecotopes can be used to classify the
ecological quality of habitat areas and also represent a hydro-sequence from dry to
permanently saturated zones. Several ecotopes have been classified for raised bogs and a
full description is available in Schouten (van der Schaaf, 2002). The differentiation in the
ecotope is driven by the hydrological characteristics of the site and is broadly based on the
percentage of Sphagnum spp. cover and the presence of micro-topographical features and

the ecotopes used in this study are summarised in Table 3.1.
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Table 3. 1 Vegetation communities associated with the major ecotopes at Clara Bog (Regan

etal. 2020)
Ecotope Abiotic characteristics Biotic characteristics
Marginal No hummocks and hollows Few or no peat-forming plant
communities
Acrotelm is usually absent or poorly developed | Vegetation = dominated by
(<0.05m) Calluna vulgaris and
Trichophorum cespitosum
Sub- Some differentiation between hummocks and | Hollows dominated by
marginal hollows Narthecium ossifragum and
Hollows inundated during a small fraction of | Sphagnum tenellum
the year
Acrotelm absent or thin (< 0.05 m)
Sub-central | A micro-topography of hummocks, hollows, | Lawns dominated by

and lawns, but no pools

Lawns are dominant

Acrotelm depth variable from 0.10 m to locally
well-developed 0.40m

Sphagnum magellanicum

Central A micro-topography of hummocks, hollows, | Pools, and hollows dominated
and pools by Sphagnum cuspidatum
Acrotelm is moderately to well developed
Depth of up to 0.5 m
Active Wet to extremely wet conditions Sphagnum  cuspidatum and
flush/soak Sphagnum  recurvum lawns
with Carex rostrata
In the wettest parts, lawns; in some parts pools | Myrica gale and Betula
and hollows and large, flat hummocks pubescens scrub/woodland

with Sphagnum palustre in

drier places

Acrotelm well developed > 0.4 m

Molinia caerulea tussocks in

some areas
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The Ce and SC ecotopes represent areas of ARB while the sub-marginal ecotopes
constitute degraded raised bog (DRB). The marginal ecotopes are considered damaged
and incapable of regenerating to ARB or DRB (Regan et al., 2020). Figure 3.2 shows the
Clara bog (West) study site where the measurements were conducted including the
location of the chamber collars in each ecotope and the EC tower. The EC tower is located
close to the centre of Clara west and predominantly covers the subcentral and

submarginal ecotopes which cover approximately 77% of the bog area.
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Central Sub central Sub marginal Marginal

Figure 3. 2 (a) Clara west showing chamber collar and EC tower location (b) Picture
showing Clara tower with vegetation; Ecotopes showing vegetation at (c) Central (d) Sub
central (e) Submarginal (f) Marginal ecotope

3.1.2 Lullymore
Lullymore peatland (N53°16’ 9.808”, W 6° 57’ 52.808") is located in County Kildare and it

was previously used for industrial milled peat production (Figure 3.1b and 3.3). This site

underwent rehabilitation through drain-blocking and rehabilitation on a phased basis
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over 15 years. The majority of this site has been zoned for biodiversity and developed as
a wetland. One of the key highlights is colonization by Saw Sedge (Gahnia aspera) which is
an indicator of rich fen development and enhances the potential biodiversity value of the
site. Some bare peat-dominated fields are scattered throughout the area with typical
pioneer cutaway habitats with birch scrub and poor fen habitats between the bare peat

fields.
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Collar locations.
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Bare Peat Shrub Bog woodland

Figure 3. 3 (a) Lullymore bog boundary with chamber collar locations (b) Picture showing
vegetation at Lullymore site; (c) Bare peat; Dominant vegetation at the site (d) Shrub and
(e) Bog woodland

3.1.3 Garryduff
Garryduff is located approximately 1 km south of Shannon bridge in Co. Galway (N 53° 15’

6.451”, W 8° 3’ 10.666"). The surrounding landscape is a montage of low-lying agricultural

land (pasture) mixed with other raised bogs, many of which have also been managed by
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Bord na Ména for peat production with some areas of domestic turbary. Garryduff site has
a pumped regime with a water table significantly lower than the surrounding area. The
River Shannon and River Suck are immediately adjacent to the northern and eastern sides
and parts of the Garryduff site shape the flood plain of these rivers. This site is regularly
inundated during winter and occasionally at other times when the water levels on the
river are high. The majority of the site is bare peat with pioneer poor fen vegetation and

some open water sections (Figure 3.4).

Bare peat Vegetation

Figure 3. 4 (a) Garryduff bog boundary with chamber collar locations (b) Picture showing
vegetation at the site; (c) Bare peat; (d) Natural vegetation at the site

3.2 Net ecosystem exchange of CO:
Measurements of Net Ecosystem CO2 Exchange (NEE) were conducted at Clara bog with
the EC tower installed at the center of Clara West as shown in Figure 3.2 in 2018. The

instrumentation (Figure 3.5) consists of a Sonic Anemometer (Windmaster, Gill
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Instruments, Lymington, UK) which measures wind speed and direction in three
dimensions, and an embedded closed path infra-red gas analyzer (LI-7200, LI-COR
Lincoln, Nebraska, USA) as shown in Figure 3.5. The raw EC data were collected at 10Hz
and processed using Eddy Pro version 7.0.6. The EC tower was equipped with a range of
ancillary sensors for measuring environmental and meteorological conditions every 30
minutes. These variables included precipitation (Tipping bucket rain gauge, RM Young,
Traverse City, Michigan, USA), air temperature and humidity (CS215, Campbell Scientific,
Shepshed, England), Volumetric Water Content of the soil (VWC) (CS616 Water
Reflectometer, Campbell Scientific, Shepshed, England), soil heat flux (HFPO1 Hukseflux,
Delft, The Netherlands), soil temperature (105E, Campbell Scientific, Shepshed, England),
photosynthetically active radiation (PAR) (Skye Instruments, Llandrindod, Wales) and Net
Radiation (NR) (NRLite, Kipp & Zonen, Delft, The Netherlands). The meteorological data
were recorded using a Campbell Scientific micro-logger (model-CR3000) (Campbell
Scientific, Shepshed, UK) at thirty minutes intervals. Water table height was recorded at
hourly intervals using Orpheus Mini vented-pressure level transducers located in phreatic
tubes. The EC tower flux footprint predominately covers the subcentral and submarginal
ecotopes which constitute more than 77% of the site area. The CO2 measurements along
with auxiliary parameters were conducted from February 2018 to December 2021. The
LI-COR 7700 methane sensor shown in Figure 3.5 was installed in July 2022 after this

study ended so the measurements and analysis are not included in this thesis.
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Figure 3. 5 The eddy covariance tower used in this research for measuring the net
ecosystem exchange of carbon dioxide (CO:) along with ancillary environmental and
meteorological variables (soil sensors are not shown)
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The eddy covariance data processing and quality control procedures (Figure 3.6) included
spike removal and double coordinate rotation, while tests on developed turbulence and
stationarity were also applied (Mauder, 2011; Reichstein et al. 2005; Foken et al. 2004).
The flux data was gap-filled using semi-empirical models parameterized using high-
quality flux data (Falge et al. 2001), and fluxes were partitioned through the extrapolation
of night-time respiration (Reichstein, et al, 2005; Falge, et al, 2001). Missing
meteorological data were gap-filled using the nearby meteorological weather station
Horseleap, which is 7.5 km to the north of the EC station. The sensors of the EC tower and
meteorological station were powered by 6 solar panels with a total rated power of 1.89
kWp. A simple two-dimensional model by Kljun (2004) was used for flux footprint analysis
within the LI-COR TOVI software environment. The data from the EC tower is presented
in Chapter 4 which assesses the impact of drought on Clara bog along with key drivers of

emissions.
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Figure 3. 6 A schematic showing the steps taken during the raw data pre-and post-
processing of the eddy covariance data collected.

3.3 Methane measurements using chambers

Methane fluxes were measured at the three sites shown in Figure 3.1 using the LI-7810
CH4/CO2/H20 Trace Gas Analyzer (LI-COR Biosciences, Lincoln, Nebraska, USA). The LI-
7810 is a high-precision, high-stability, laser-based gas analyzer that uses Optical

Feedback-Cavity-Enhanced Absorption Spectroscopy (OF-CEAS) to measure gases in the
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air with a data acquisition rate of 1 Hz. The LI-7810 can measure CH4 concentrations from
0.1 to 50 ppm and has a CO2 measurement range of 1 - 10000 ppm. The LI-COR smart
chamber was used to facilitate soil gas flux measurements in conjunction with the LI-7810

(Figure 3.8). The smart chamber also measures ancillary data such as soil moisture, soil

temperature, and electrical conductivity using the Stevens HydraProbe.

Measurement Collar

)

s

LI-COR 7810
CH,/CO,/H,0
trace gas
analyzer

< @ X

78xx CHg Flux

0.26 rmoim2st

<~ @D x

Figure 3. 7 LI-COR 7810 analyzer and smart chamber with collar and real-time
measurement snapshot

The PVC collars (Figure 3.7) used in this study have an outer diameter of 21.34 cm and a

height of 11.43 cm. The collar offset is measured as the distance between the soil surface
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and the top of the soil collar during every measurement to determine the volume of air
inside the soil collar, which is in turn used to calculate the total system volume, one of the
most important parameters for accurate flux estimation. The measurement duration was
set to 180 seconds with dead band and post-purging. The chamber measurements were
conducted at four major ecotopes i.e. central, subcentral, submarginal, and marginal at
Clara bog as shown in Figure 3.2. Six collars were installed at each ecotope and
measurements were collected fortnightly from January 2020 till December 2021. The
representative vegetation for each ecotope is shown in Figure 3.8. The measurements
were conducted fortnightly at three dominant vegetation communities at the Lulllymore
site including Shrub mosaic, bog woodland, and at bare peat areas from May 2020 to
December 2021. A total of 12 collars were installed at this site with four collars at each
dominant vegetation community. At the Garryduff site measurements were conducted
from May 2020 to December 2021 and a total of 16 collars were installed with 8 collars at
bare peat and 8 collars at the vegetated spots which are covered with a mosaic of pioneer
Juncus, Eriophorum angustifolium, and Carex rostrata dominated poor fen and emergent
Betula pubescens and Salix spp. scrub. The representative vegetation at the site is shown

in Figure 3.8.
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The fluxes were calculated in the SoilFluxPro environment provided by LI-COR. Chapter 5
outlines methane dynamics for all three sites across the study period from the dominant
vegetation communities locations and demonstrates a new methodology to upscale these

fluxes from point to site scale using Planetscope imagery and machine learning algorithms.

3.4 Remote Sensing data

3.4.1 Sentinel-2 imagery
The Sentinel-2 Multispectral Instrument (MSI) samples 13 spectral bands: four bands at

10 meters, six bands at 20 meters, and three bands at 60 meters spatial resolution. The
Sentinel-2 product Multispectral Instrument Level 2A (S2-MSIL2A) was made available in
March 2018. The Level-2A images are bottom-of-atmosphere (BOA) reflectance in
cartographic geometry and are atmospherically corrected. The satellite has a temporal
resolution of 5 days, and the spatial resolution varies between 10m to 60m depending on
the wavelengths. The S2 has three vegetation-red-edge bands (spatial resolution - 20m)
dedicated specifically to identifying and analyzing vegetation on the ground. S2 imagery
was acquired for the years 2018, 2019, and 2020 with a cloud filter of less than 10%
through the Copernicus Open Access Hub, and all the bands were resampled to 10m spatial
resolution using the bilinear interpolation technique in SNAP v.7.0. (“SNAP - ESA Sentinel
Application Platform”). The images were then subset for Clara using the SNAP Subset tool.
For this study, 9 images from 2018 (Table 3.2) were used for calibration and 11 images
from 2019-2020 (Table 3.2) were used for validation. Chapter 6 shows the
implementation of the Sentinel 2A data for modeling GPP using Light Use Efficiency
models and the best combination of vegetation indices (hybrid models) for a near-natural

raised bog was proposed.

42



Table 3. 2 Sentinel-2 imagery acquisition dates used for analysis in Chapter 6

Sr no. Sentinel -2 Imagery acquisition date
1 15 February 2018
2 25 February 2018
3 21 April 2018
4 06 May 2018
5 16 May 2018
6 25 June 2018
7 30 June 2018
8 10 July 2018
9 18 October 2018
10 10 February 2019

11 21 April 2019
12 18 September 2019
13 28 October 2019
14 11 December 2019
15 22 December 2019
16 20 February 2020
17 15 April 2020
18 25 April 2020
19 27 November 2020
20 06 December 2020
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3.4.2 PlanetScope
The PlanetScope satellite technology has evolved with Dove-Classic (PlanetScope-0),

Dove-R (PlanetScope-1), and SuperDove (PlanetScope-2) sensors with distinct
characteristics. The high-resolution PlanetScope imagery has been shown suitable to
analyze and track changes in vegetation and forest cover, flood activity, and large
construction projects. The data has a spatial resolution of 3.7 to 4.1 m and a temporal
resolution of 1 day. In this study, the data is resampled and distributed to 3 m using
PlanetScope-0 and PlanetScope-1 sensors. Atmospherically corrected products, based on
the 6S model (Second Simulation of a Satellite Signal in the Solar Spectrum) were used in
this study. Table 3.3 shows the four spectral bands and their wavelengths.

Table 3. 3 Spectral bands of PlanetScope sensors

Sensor Blue (nm) Green (nm) Red (nm) NIR (nm)
PlantScope - 0 455-515 500-590 590-670 780-860
PlanetScope -1 464-517 547-585 650-682 846-880

This work accessed PlanetScope-0 and -1 imagery via the Planet Education and Research
Program (go.planet.com/research) and the API was used to obtain daily available
PlanetScope-0 and 1 image for all three sites for the years 2020 and 2021 with a cloud
filter of 10%. A total of 35 images were used for training and testing of the model at Clara,
19 images at Lullymore, and 19 images at the Garryduff site as shown in Table 3.4. Chapter
5 explains in detail the methodology used to create annual ecotope maps for all the sites
with the help of planet Scope imagery and random forest algorithm.

Table 3. 4 PlanetScope imagery acquisition dates used for analysis in Chapter 5
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Sr. no. PlanetScope image acquisition date

CLARA LULLYMORE GARRYDUFF
1 12 January 2020 01 June 2020 03 May 2020
2 17 January 2020 08 June 2020 04 May 2020
3 10 March 2020 08 August 2020 27 September 2020
4 08 April 2020 20 September 2020 | 13 November 2020
5 15 April 2020 27 September 2020 | 04 December 2020
6 21 April 2020 01 September 2021 29 January 2021
7 11 May 2020 14 January 2021 10 February 2021
8 28 May 2020 23 January 2021 15 April 2021
9 18 September 2020 30 March 2021 24 April 2021
10 26 September 2020 06 April 2021 25 April 2021
11 02 October 2020 24 April 2021 07 May 2021
12 22 October 2020 25 April 2021 21 July 2021
14 24 December 2020 21 June 2021 26 August 2021
15 06 January 2021 20 July 2021 28 August 2021
16 14 January 2021 26 August 2021 07 September 2021
17 22 January 2021 28 August 2021 21 October 2021
18 28 February 2021 | 07 September 2021 | 21 November 2021
19 07 March 2021 30 October 2021 27 November 2021
20 24 April 2021
21 25 April 2021
22 31 May 2021
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Sr. no.

PlanetScope image acquisition date

CLARA LULLYMORE GARRYDUFF
23 20 July 2021
24 25]July 2021
25 24 August 2021
26 27 August 2021
27 07 September 2021
28 29 September 2021
29 21 October 2021
30 04 November 2021
31 21 November 2021
32 22 November 2021
33 27 November 2021
34 04 December 2021
35 10 December 2021
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Chapter 4: Multiyear carbon fluxes at a near-natural
peatland in Ireland

Submitted: Global Change Biology

Primary author: Ruchita Ingle

Co-authors: Peter Cox Peter, Laurence Gill, Shane Regan and Matthew Saunders
Contributions: R.I. conceived the ideas, designed methodology, measured and analyzed
the data and wrote the manuscript; P.C. provided the water table data; S.R. set up the water
level monitoring network at the site; L.G. assisted in reviewing the manuscript; M.S. co-

designed the experiment, processed the data and assisted in reviewing the manuscript.

4.1 Introduction

Peatlands are a type of wetland that can be found in almost every country covering 3% of
the world’s land area. These ecosystems store twice as much carbon stock compared to all
the forests combined in the world (Global Peatland Initiative, 2019). Irish peatlands are
estimated to store up to 75% of the total soil carbon (C) stocks (1064 -1503 Gt of C) on
only 20% of the land area (Renou et al., 2018). Of the peatland systems in Ireland, raised
bogs are of significant importance for national and global carbon budgets as they can store
more carbon than blanket bogs and fens (Renou et al., 2006; Wilson and Miiller, 2013;
Tomlinson, 2005). The degradation of these systems through various anthropogenic
activities, such as drainage for extraction, agriculture, and forestry, along with climate
change is affecting the carbon sink potential of these ecosystems. In Ireland, only 10% of
the raised bogs are remaining in an undisturbed state (Renou et al., 2018). The carbon
dynamics of a natural peatland are governed by the hydrological conditions and it is
crucial to keep the WTD close to the peat surface to maintain the carbon sink function of

these systems (Evans et al., 2021).

47



Several studies have shown that exceptional dry interannual climatic events, referred to
as drought hereafter in this chapter, are characterized by elevated summer temperatures
and precipitation deficits, both of which can influence the carbon dioxide (COz) fluxes of
peatland systems (Marcisz et al., 2020; Baldocchi et al., 2018; Lafleur et al., 2003; Aslan-
Sungur et al,, 2016; Drollinger et al., 2019). Such interannual changes in climate are
becoming more prevalent across Europe and can alter the ecohydrological conditions of
peatlands, as a result of water tables depletion coupled with increasing air and soil

temperatures which tend to increase CO2 emissions (Peters et al., 2020).

For example, Rinne et al. (2020) analyzed the effect of drought on carbon exchange at five
northern European mire ecosystems, and three out of five raised bogs were shown to act
as a carbon source during the drought of 2018. Another study by Lund et al. (2012)
analyzed two drought events at a Swedish nutrient-poor peatland and the system acted as
an annual source of carbon during the drought years but remained a carbon sink during
the non-drought years. They concluded that the timing, severity, and duration of drought

periods was the key driver of the CO2 response of peatlands to climatic variability.

Other studies have seen an increase in CO2 emissions due to enhanced rates of ecosystem
respiration (Reco) and the decrease of GPP during drought conditions (Helfter et al., 2015;
Lafleur et al., 2003; McVeigh et al., 2014; Mikhaylov et al., 2019). The sensitivity of these
systems to hydrological variability also depends on the vegetation communities present
and their influence on both GPP and Reco. Drollinger et al. (2019) showed that GPP at moss-
dominated locations was more sensitive to WTD fluctuation than the vascular-dominated
vegetation. The vascular vegetation can access water at lower depths due to their deeper

root systems, making them less susceptible to changes in WTD (Lafleur et al., 2003; Antala
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et al,, 2022). Radu et al. (2018) analyzed the impact of changing precipitation regimes on
moss, sedge, and shrub communities in similar ecosystems. Their study suggests that
changes in rainfall frequency will lead to increased vascular plant cover in peatlands
which can positively impact the carbon-sink function by increasing the rate of C uptake

through GPP.

All these studies highlight the fact that the underlying causes and dynamics affecting Reco
and GPP are not fully understood along with the resilience and adaptive capacity of these
ecosystems to global change (Evans et al., 2016; Baldocchi et al., 2018). More long-term
studies are still required to better understand the key drivers of net ecosystem exchange
and to determine the resilience of peatlands across drainage gradients, particularly as
peatland rehabilitation is being implemented as a climate mitigation tool at larger scales

across Ireland.

In this research, we measured four years of net ecosystem exchange (NEE) data from a
temperate, nutrient-poor peatland (raised bog) in the midlands of Ireland using the EC
technique. The measurement period covers two drought events of 2018 and 2021 along
with two normal wetter/humid years of 2019 and 2020. The main objectives were 1) to
investigate the effects of drought conditions on rates of net ecosystem exchange and
identify the key drivers responsible for carbon uptake and release and, 2) to assess the
vulnerability and resilience of these ecosystems to climate change, particularly in the

context of using peatlands as a nature-based climate mitigation tool.
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4.2 Methods

4.2.1 Site

Clara bog is a near-natural raised bog located in County Offaly(Figure 4.1) in the midlands
of Ireland (53°19 N, 7°36 W) and covering a total area of around 440 ha. The site is
designated as a special area of conservation (SAC) under the European Union Habitats
Directive (Council of the European Communities, 1992). It has an Atlantic temperate
climate with an average annual rainfall of 883 mm and an average annual temperature of
9.6 °C (Hammond, 1981; Schaff & Streefkerk, 2011). The site is bisected by a road that splits
the bog into two distinct areas Clara East (206 ha) and Clara West (234 ha): this study

focuses on the West part of the bog and will be addressed further as Clara bog in this study.
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Despite being a near-natural bog, the site is significantly influenced by the surrounding
land use and underlying hydrology. The site has been subject to continued subsidence
which is attributed to the drainage of the regional groundwater table surrounding the bog
and the hydrogeological complexity of the bog itself (Regan et al., 2020). The EC tower is
located in a more stable area in the centre of the western part of the bog. The vegetation
communities that constitute Clara bog have been categorized into a series of different
‘ecotopes’ (Fernandez et al., 2014). Ecotopes are categorized into nine ecotopes (Figure
4.1b) based on the combination of the plant species present, which are driven by the
hydrological conditions across the site (wet to dry). The major five ecotopes and their
dominant vegetation are described in detail in Table 4.1 and are marginal (M),
submarginal (SM), subcentral (SC), central (Ce), and active flush and soaks (AF). (Crushell

et al., 2008; van der Schaff and Streefkerk 2011; Fernandez et al., 2014).

Table 4. 1 Vegetation communities associated with the major ecotopes at Clara Bog

Ecotope Dominant vegetation

Marginal Calluna vulgaris and Scirpus caespitosus

Submarginal Narthecium ossifragum and Sphagnum tenellum
Subcentral  Sphagnum magellanicum
Central Sphagnum cuspidatum

Sphagnum cuspidatum, Myrica gale, Betula pubescens scrub
woodland with Sphagnum palustre and Polytrichum commune,
Molinia caerulea tussocks

Active Flush
and Soak

4.2.2 Micrometeorological measurements
Eddy covariance measurements were carried out from February 1st, 2018, until December
31st, 2021 at the center of Clara West, as shown in Figure 1. The EC instrumentation

consisted of an embedded closed path infra-red gas analyzer (LI-7200) and a sonic
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anemometer. The EC tower flux footprint predominately covers fetch from the major
ecotopes. The raw EC data were collected at 10 Hz and processed using Eddy Pro version
7.0.6. Additional meteorological and environmental variables were also measured at the
submarginal ecotope where the EC tower is installed. The additional sensors included
precipitation, air temperature (Ta) and humidity, soil moisture (SOM), soil heat flux, soil
temperature (Ts), Photosynthetically Active Radiation (PAR), and Net Radiation (NR). The
meteorological data were recorded using a Campbell Scientific micro-logger (model-
CR3000) at thirty minutes intervals. Water table height was recorded at hourly intervals
using Orpheus Mini vented-pressure level transducers located in phreatic tubes. The EC
processing and quality control procedures included spike removal and double coordinate
rotation while tests on developed turbulence and stationery were also applied (Foken et
al., 2004; Mauder, 2011; Reichstein et al., 2005; Baldocchi, et al., 2005). The flux data were
gap-filled using semi-empirical models parameterized using high-quality flux data (Falge
et al, 2001), while fluxes were partitioned through the extrapolation of night-time
respiration (Reichstein et al., 2005; Baldocchi, et al., 2005). Missing meteorological data
were gap-filled using the nearby meteorological weather station (Horseleap) which is 7.5
km to the north of the EC station. This study focuses on both annual and periodic carbon
dynamics, and the seasonal assessment of the data is divided into three key periods
following Helfter et al. (2015). The first period included the initial months of the growing
season from March through June (M-]) followed by a second period which included the
months of July to October (J-O). The third represented the dormant (D) period and

included the months of November, December, January, and February.
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4.3 Results

4.3.1 Environmental and Meteorological conditions

The seasonal and interannual fluctuations in the main meteorological parameters are
shown in Figures 4.2 and 4.3. Daily values of mean Ta and total PAR showed characteristic
seasonal patterns in all years (Figure 4.2b and c), with maximum measured incident daily
radiation coinciding with maximum Ta, representing the peak of the summer
period/growing season. The mean monthly Ta varied between 3.5°C to 17.1°C during the
study period with the highest temperatures recorded in July of all the years. The
seasonality in Ta follows the 30-year annual mean Ta (9.3°C) recorded at the closest Met
Eireann station as shown in Figure 4.2b, with an annual mean Ta 0f 9.8°C, 9.9°C, 9.9°C, and
9.9°C for the years 2018, 2019, 2020 and 2021 respectively. During the study duration,
the total annual precipitation follows the 30-year annual precipitation (989.32 mm) with
the lowest annual precipitation recorded in 2021 (560 mm) followed by 2018 (733 mm),
2019 (1034.5 mm) and 2020 (1065.5 mm) as shown in Table 4.2. The highest monthly
precipitation was observed in January 2018 (136mm) and 2021, August 2019 (158mm),
and February 2020 (205mm) as shown in Figure 4.2a. Total monthly PAR ranged from 20
to 294 M] m-2 with total annual incident radiation shown in Table 4.2. For all the years,
PAR reached its peak during the M-] and J-O period with maxima during June in 2018, July
in 2019 and 2021 and, May in 2020 (Figure 4.2c). Daily soil temperature (Ts ) were
ranging between -2°C to 21°Cin 2018, 2°C to 18°C in 2019, 1°C to 18°C in 2020 and 0°C to
22°Cin 2021 with annual average ranging between 10.2°C to 10.7°C throughout the study
duration. The monthly soil temperature followed the seasonal trend with maximum soil
temperature observed during the month of July coinciding with the maximum air

temperature.
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Table 4. 2 Meteorological and carbon flux data for all the four years

Parameter

Air temperature (°C)

Soil temperature (°C)
Total precipitation (mm)
Water table depth (cm)
Monthly total PAR (M] m-2)
Soil moisture (%)

Total GPP (g C m2)

Total Reco (g C m2)
Cumulative NEE (g C m2)
CDD (Days)

LWTD (Days)

CLWTD (Days)

2018
-4 to 21
-2to 21

733.3

-15to 5.37

1318
70 to 95
-753.1

806.6

53.5

24
147
109

2019
Oto21
2to18
1034.5

-9.6t0 7.9
1608.7

84t093
-824.3

699.1

-125.2
14
70
28

2020
-1to 20
1to 18
1065.5

-14.1 t0 8.05

1581
82t093
-775.7

689.8
-85.88

15
81
81

2021
-3to 22
0to 22

560
-19.1to 2.7

1577
82 to 94

-726

676
-49.8
20
205
79
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Figure 4. 2 Meteorological parameters at Clara West from 2018-2021 (a) total monthly
precipitation (mm) (b) mean monthly air temperature (°C) (c) total monthly

photosynthetically active radiation (M] m-2) (d) mean monthly soil temperature (°C)

The daily water table depth ranged from -19.13 to 8.05 cm throughout the study period as
shown in Figure 4.3a. In 2018, the daily average WTD ranged between 5.4 cm to -15.07

cm thought the year, however, it dropped below the surface in April and remained there

56



until November, leading to a consecutive period of 109 days where the WTD was below -
5 cm which lasted from June through to September. However, the WTD in 2019, 2020, and
2021 also showed significant variability as shown in Figure 4.3a, with a number of
consecutive days where the WTD was below -5 cm (28, 81, and 79 days respectively). Even
though the deepest drawdown was observed in July 2021, the WTD was replenished to
close to the surface sooner than in 2018. The total number of days when the WTD was
below -5 cm (LWTD) is shown in Table 4.2. The dry periods were determined by the total
number of consecutive days where the WTD fell below -5 cm (CLWTD) (Helfter et al,,
2015). The total number of LWTD was highest in 2021 (205 days) followed by 2018 (147
days), 2020 (81 days), and 2019 (70 days), however, the longest consecutive days with
WTD below -5 cm (CLWTD) was observed in 2018 (109 days) followed by 2020 (81 days),

2021 (79 days) and 2019 (28 days) (Table 4.2).
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Figure 4. 3. Hydrological parameters at Clara West from 2018-2021 (a) Daily average
water table depth (cm) (b) Daily average surface soil moisture content (%)

57



The average daily surface soil moisture content at the flux tower location is shown in
Figure 4.3b and it varied between 70 and 95% throughout 2018-2021 with the lowest
value of 70% recorded in May 2018. Overall, the highest number of consecutive days with
soil moisture below 85% was also recorded in 2018 as 75 days followed by 19 days in

2020, 4 days in 2019, and zero days in 2021.

4.3.2 GPP and key drivers

The site showed interannual and seasonal variability in GPP throughout the measurement
period with daily GPP ranging from -6.59 to 0.24 g C m2. GPP is CO2 assimilated by the
system and negative sign convention has been used to show assimilation and Ecosystem
respiration (Reco) is CO2 released to the atmosphere and positive sign convention is used
to show emissions in this thesis. The highest GPP values were recorded during the M-] and
J-O periods and the lowest values were recorded in the D period as shown in Figure 4.4.
Total annual GPP ranged between -726 g C m2 to -825 g C m-2 across the study years with

the highest rates of uptake observed in 2019 and the lowest in 2021 as shown in Table 4.2.
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Figure 4. 4. Plot showing daily GPP (g C m2) in light grey colour, Reco (g C m-2) in black
colour, and Cumulative NEE (g C m2) as an orange dotted line
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Overall, annual rates of GPP showed varying correlation (Spearman) with environmental
parameters ranging between 0.29 to 0.91, with the lowest correlation with precipitation
(0.29 to 0.50) and highest correlation with soil temperature (0.91) throughout the study
duration as shown in Table 4.3. The daily correlation of environmental parameters with
GPP for the periods of M-], ]J-0O, and D is shown in Figure 4.5 giving an insight into key
drivers. Ta (0.91), SOM (0.87), Ts (0.93), and WTD (0.9) were showing highest correlation
with GPP during the M-] period of 2018 when compared to M-], J-O, and D of all
years(Figure 5). However, PAR showed strong correlation (0.9) with GPP during J-O of
2019. One of the key drivers WTD was showing the strongest correlation with GPP in M-]

2018 which was almost 30-40% higher than all the periods during the study duration

(Figure 4.5a).

Table 4. 3 Annual correlations between GPP, Reco, and environmental parameters for all

four years

Year 2018 2019 2020 2021
Parameters | GPP Reco NEE GPP Reco NEE GPP Reco NEE GPP Reco NEE
Ta -0.84 097 -025 -081 095 -05 -0.78 096 -035 -0.83 096 -0.35
WTD 083 -082 049 045 -048 033 038 -034 038 073 -0.71 049
SOM 084 -088 041 08 -082 062 08 -085 053 084 -085 0.52
Ts -091 096 -041 -088 094 -064 -085 092 -052 -09 094 -0.52
PAR -083 079 -055 -09 071 -088 -089 066 -086 -081 066 -0.75
Rain 045 -028 05 03 -016 04 05 -035 052 029 -021 031

4.3.3 Reco and key drivers

Monthly Reco followed a seasonal trend with the highest values during the M-J and J-O
period and lowest values during the D period as shown in Figure 4.4. The daily rate of Reco
ranged between 0.25 to 6.29 g C m2 throughout the study duration. Table 4.3 shows the

correlation (Spearman) of annual rates of Reco with environmental parameters ranging
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between 0.16 to 0.97, with the lowest annual correlation with precipitation (0.16 to 0.35)

and the highest correlation with Ta (0.97) throughout the study duration.

Figure 4.5 shows the daily correlation of environmental parameters with Reco for the
periods of M-], ]-0, and D. Ta (0.98), SOM (0.87), Ts (0.97), PAR (0.82) and water table
depth (0.86) were showing highest correlation with GPP during the M-] period of 2018
when compared to M-], J-O and D of all the years(Figure 4.5). The WTD of M-] and ]-O of
2018 showed a strong correlation with Reco 0of 0.86 and 0.81 respectively. This correlation

is almost 20-40% higher than all the periods during the study duration(Figure 4.5).
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Figure 4. 5 Heat map based on correlation matrix between gross primary production
(GPP), ecosystem respiration (Reco), air temperature (Ta), soil temperature (Ts), (water
table depth (WTD), soil moisture (SOM), photosynthetically active radiation (PAR) and
precipitation (rain) for March-June, July-October and the Dormant period for (a) 2018 (b)
2019 (c) 2020 and (d) 2021. Warm colors represent positive correlation and cooler colors
represent negative correlation based on the Spearman correlation test
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4.3.4 NEE and key drivers

Seasonally, the site consistently alternated from being a net CO2 sink in the growing season
to being a net CO2 source in the non-growing season with an overall cumulative net
ecosystem exchange (NEE) of 53.5gCm?2,-125.2gCm?2-85.88gCm=2and-49.8gCm=2
in 2018, 2019, 2020 and 2021 respectively (Table 4.1). The switch from a net CO2 source
to a sustained CO2 sink (point of inflection) generally occurred during late April or early
May with an exception in 2018 when the system only switched to a COz sink by the end of
July. In 2018, the system reverted from being a COz sink to a CO2 source during mid-
October and remained a source of CO: till the end of the year. However, the system
continued to be a CO2 sink after the first point of inflection (April or May) for all the other
years (2019-2021). Annual NEE was correlated with all the environmental parameters
(0.25 to 0.88) showing the highest correlation with PAR (0.88) in 2019 and the lowest

correlation with annual Ta (0.25).

The ratio of GPP/Reco is shown in Figure 4.6, with distinct differences observed between
Reco during the M-J and J-O period of 2018 as compared to other years. During these
periods it was observed that carbon losses through respiration were close to exceeding
rates of carbon assimilation through photosynthesis, while the opposite trend was

observed for all subsequent years.
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Figure 4. 6. The ratio of GPP/Reco during the four-year study period (2018 to 2021)

4.4 Discussion

4.4.1 Impact of environmental factors on the carbon balance of peatlands

The carbon budget at Clara bog over the study period was driven by interannual variability
in the hydrology at the site which resulted in Clara bog turning into a source of CO2in 2018
due to the prolonged depletion of the WTD which further influenced the surface soil
moisture content during the M-] period due to higher temperatures. Annual rates of GPP
and Reco were correlating well with all the environmental parameters except precipitation.
As shown in Table 4.3, the WTD of 2018 was showing the strongest correlation with both
GPP and Reco as compared to other years. the WTD during M-] in 2018 showed the
strongest correlation of 90% with GPP and 86% with Reco followed by J-O of 2018. This is
mainly explained by the distinctly prolonged lowering of the WTD depletion and soil
moisture during the M-] and J-O periods of 2018 combined with lower soil moisture and
lower precipitation and, higher temperatures. The site was acting as a carbon sink in 2021
which was also a drought year marked by lower precipitation and significantly lower WTD

for longer periods but there were enough periods of small amounts of rain to keep the soil
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moisture above 80%. The duration of the drawdown beyond a certain depth has

characterized the drought of 2018 apart from 2021.

Out of all environmental drivers, WTD is one of the most studied hydrological drivers
along with its sensitivity to the duration and severity of growing seasons of drought and
flooding events (Aslan-Sungur et al. 2016; Lund et al. 2012; Evans et al. 2021). The 2018
drought caused a widespread water table drawdown across northern European mire
ecosystems. Rinne et al. (2020) analyzed five natural peatlands equipped with EC systems
and observed that three out of the four mires where the water table was significantly
lowered turned from CO2 sinks to sources during 2018. Furthermore, Evans et al. (2021)
reported that the mean annual effective water table depth was a key driver controlling EC-
derived COz2 fluxes across 16 peatland sites in the UK and Ireland, and estimated that every
10 cm increase in the depth of the aerated peat layer could increase the net warming
impact of CO2 by at least 3 tonnes of CO2 per hectare per year. This study observed the
duration and timing of depletion in WTD that caused the soil moisture to fall below the
threshold. Therefore, soil moisture along with the timing and duration of LWTD has
influenced the carbon balance by converting the system from a carbon sink to a source in

2018.

Lund et al. (2012) analyzed two drought periods at a raised bog in Sweden and found that
the timing, severity, and duration of drought periods regulate rates of GPP, Reco, and NEE.
Short but severe summer drought can increase CO2 emissions by enhancing rates of Reco
and reducing rates of GPP (Helfter et al. 2015; Lund et al. 2012b; McVeigh et al. 2014;
Mikhaylov et al. 2019). Whether it is Reco or GPP that plays a more significant role in

driving interannual variability of NEE depends on the peatlands vegetation composition
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and hydrological conditions (Lafleur et al. 2003). In general, the GPP of moss-dominated
peatlands appears more sensitive to changes in WTD than peatlands dominated by
vascular vegetation, as the roots of vascular vegetation can reach deeper soil layers and
access to water even during drought periods (Drollinger et al. 2019; Helfter et al. 2015;
Lund et al. 2012; Rinne et al. 2020; Helbig et al. 2022). In this study, the predominant
vegetation in the EC footprint is mosses but there are also significant areas of vascular
plants, and the rates of GPP were found to be relatively consistent across years and
exceeded Reco in all years except for 2018. Drought events can stimulate peat
decomposition due to the lowering of WTD and can strongly decrease the C sink strength
of these ecosystems. Lund et al. (2012) reported that the drought years of 2006 (52.4+26.0
g CO2 m2) and 2008 (86.4 g CO2 m2) were C sources and suggests that the timing,
severity, and duration of the drought period control the effect on GPP and Reco for
temperate bogs. The findings of this study suggest that Reco is more sensitive to warmer
and drier summer conditions than photosynthesis and it aligns well with other previous
studies on temperate bogs (Lund et al. 2012; Helfter et al. 2015; Fortuniak et al. 2021;
Drollinger et al. 2019). This result does however contradict the findings that drought
events strongly reduce GPP of near-natural peatlands due to the typical vegetation
composition being adapted to high water levels (Lafleur et al. 2003; Chen et al. 2011;
Baldocchi 2014). However, the effects of drought periods on the C balance have been
found to differ widely between peatland types and latitudes (Minkkinen et al., 2018).
Three years of measurements at a temperate peatland in Turkey showed that the peatland
acted as a COz source of 246, 244, and 663 g C m~2yr-1 for the years 2011, 2012, and 2013
due to large interannual variability is driven by lowering of WTD and soil moisture (Aslan-

Sungur et al. 2016). Fortuniak et al. (2021) observed that a temperate peatland in Poland
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acted as a significant sink of atmospheric carbon during wet years (-270 +70 g C-CO2 m2
yr-1) and a substantial source of carbon during dry years (+130 + 70 g C-CO2 m—2yr-1).
However, a study based on one of the longest peatland EC study sites by Helfter et al.
(2015) found that a temperate Scottish peatland acted as a consistent CO2 sink (-5.2 to
-135.9 g CO2-C m~2yr-1) throughout the measurement span of 11 years. Consequently, the
feedback of different climatic events on the C cycles of temperate peatlands may be
affected by environmental and hydrological variation or plant physiological and
phenological responses to drought conditions (Evans et al. 2021; Rinne et al. 2020; Nugent
et al. 2018). Results from this study and Lund et al. (2012) have both highlighted the
resilience of these systems to revert to acting as a carbon sink in the years after the
occurrence of drought events and how soil moisture and timing of low WTD affect the C
dynamics at these ecosystems.

4.4.2 Annual NEE

The average 4-year cumulative NEE over this study (-190.1+ 243.5 g CO2 m2) compares
well with the annual NEE values reported for a raised bog (-212 * 220 g CO2m2 y-1) in
Ireland (Swenson et al. 2019). Previous measurements conducted at Clara bog during the
years 2016 and 2017 using chamber technique indicated that the site was acting as a small
source with NEE of 1.8 £15 g C-CO2 m~2 y-1in 2016 which was a normal climatic year and
increased to being a source of 47.8 + 16 g C-CO2 m=2 y-1in 2017 which was a dry year and
this might have had an influence on the 2018 NEE. However, it is important to note that
the chamber data were scaled to area based on ecotope maps while the EC footprint

focuses on the dominant ecotopes on the bog.

Helfter et al. (2015) measured an 11-year mean NEE of -64.1 * 33.6 g CO2-C m-2 in a near-

intact bog in Scotland and McVeigh et al. (2014) calculated a 9-year mean of -56 g Cm~2
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yr1(-32 to -79 g C m~2 yr-1) in an Atlantic blanket bog in Ireland. Both these sites were
acting as a carbon sink however, the annual net CO2 ecosystem exchange at an intact bog
in the Eastern Alps of Austria differed substantially between two measurement years, with
a NEE of -24 +13 g C m~2 yr-! for a drought-affected year and -84 + 13 g C m~2 yr-! for the
subsequent more humid year (Drollinger et al., 2019). The results from this study and that
of Lund et al,, 2012 and Drollinger et al., 2019 show that the temperate bogs exhibit strong
interannual variation on NEE even for the same site and that the C balance is strongly
affected by climatic variability. Large variations in interannual CO2 fluxes could be an
indicator of a transition in vegetation composition or shifting emphasis on the
components of NEE at such ecosystems. (Wilson et al.,, 2016; Baldocchi et al., 2018;
Alekseychik et al., 2021). This research highlights the strong influence that drought can
have on carbon fluxes and emphasizes the potential sensitivity and vulnerability of
peatland C stocks to predict the impacts of future climate change. Our results indicate that
the prolonged lowering of the WTD due to drought can shift peatlands from carbon sinks
to sources due to enhanced rates of C loss through Reco. However, it also shows the
resilience of these ecosystems to revert to being carbon sinks in subsequent years after
drought events. This work and similar studies help provide insight into the sensitivity of
peatland systems to interannual changes in climatic conditions. It also emphasizes the
importance of timing and duration of hydrological changes such as WTD and soil moisture
with their associated impacts on the carbon balance which might be a useful indicator

while planning and implementing rehabilitation /rewetting activities on degraded sites.

4.5 Conclusion

This study underlines the importance of drought periods as regulators of interannual

variation in CO2 exchange at a near-natural bog in Ireland. Based on four years of eddy
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covariance CO2 flux measurements, we found that the timing, severity, and duration of
drought regulated the effect on the CO2 dynamics. A short but severe drought period with
a prolonged lowering of the water table depth and reduction in soil moisture during mid-
summer 2018 increased rates of Reco causing the study area to act as a source of C. The site
reverted to being a CO:z sink following the drought year and acted as a consistent carbon
sink for the following two years and, the drought year of 2021 despite it being an even
drier year as compared to 2018. This shows both the vulnerability and resilience /adaptive
capacity of these ecosystems to act as a C sink. More studies with longer duration are
however required to determine the long-term resilience of peatland systems across
drainage gradients and rehabilitation techniques, particularly as peatland rewetting is a
key climate mitigation tool in Ireland. The outputs of this work can be further used to study
the effects of drought events on the biophysical processes responsible for the net CO2
exchange in more detail, particularly using process-based peatland models with a high
temporal resolution to better understand how these important C sinks might behave

under future climate scenarios.
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5.1 Introduction

Around 12% of global peatlands are degraded through anthropogenic activities
(agriculture, forestry, and peat extraction) and contribute approximately 4% of the total
global anthropogenic greenhouse gas emissions (Fluet-Chouinard et al, 2023).
Furthermore, peatlands are an important source of atmospheric methane and contribute
around 20-40% of the total global CH4 emissions (Zhang et al., 2020). Methane dynamics
of peatlands

involves production, consumption and transport of methane driven by various physical,
chemical and biological processes (Lai, 2009). The methane production takes place in the
anaerobic zone of peat soil via methanogens and is emitted to the atmosphere depending
on the balance between methane production and consumption and the mode of methane
transport (Lai, 2009). Methane is released from peat soil via diffusion, ebullition and plant
mediated transport. The major key drivers of methane emissions from natural bogs are

water table depth and temperature, however other processes like vascular transport in
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plants could partially override the effect of these controls for degraded and under
rehabilitation peatland (Abdalla et al,, 2016).

Quantification of these emissions is crucial to better understand the impacts of these
systems on climatic feedback and to devise suitable mitigation strategies with a focus on
the rehabilitation of these systems and their return to a net atmospheric cooling state.
Closed chamber (CC) measurements and eddy covariance (EC) techniques are the most
common field methods that are used to measure CH4 emissions (Lees et al., 2018; Wang et
al, 2013; Yu et al, 2013). EC towers typically measure trace gas fluxes with a high
temporal resolution (10 Hz) across a footprint (250-3000m radius around flux towers)
and deliver a single integrated flux value across the footprint area (Baldocchi, 2003; Chu
etal.,, 2021). This can potentially bias or underestimate emission estimates particularly if
the footprint area has heterogeneous vegetation (Matthes et al., 2014; Tuovinen et al,,
2019; Zhang et al., 2020). Peatlands are naturally heterogeneous systems with vegetation
changing at a scale of less than 1m which could significantly influence these flux
measurements (Bhatnagar et al., 2020; Lai et al., 2014). Many EC studies do not take this
vegetation variation into account within tower footprints nor the impact it has on
integrated flux values when reporting annual carbon (C) and greenhouse gas (GHG)
budgets (Levy et al., 2020; Tuovinen et al.,, 2019). The CC technique measures methane
fluxes at chamber/collar scale (~0.25 m?2) with a higher spatial resolution compared to
the EC as they can be distributed across the key vegetation communities present.
However, the CC approach has lower temporal resolution and can also be labor intensive
(Sachsetal,, 2010; Zhang et al., 2012). Vegetation communities can act as a good predictor
of seasonal methane fluxes as key plant species and associated communities grow in

specific locations within the ecosystem and have characteristic emission profiles
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(Bhatnagar et al.,, 2020; Lees et al., 2018; Rdsdnen & Virtanen, 2019). Therefore, to upscale
methane fluxes from the chamber to site scale requires a better understanding of the
spatial distribution of the vegetation within a study area (Bhatnagar et al., 2020; Erudel et
al., 2017; Laine et al., 2007).

Remote sensing is a powerful tool for mapping vegetation distribution (Bhatnagar et al,,
2020; Davidson et al., 2017; Rasanen et al., 2021; Zhang et al., 2020) and imagery can be
acquired at a range of temporal and spatial scales ranging from near-Earth UAV at 5cm, up
to remotely sensed data at 5-30m (Sentinel) or 500m (MODIS) (Lees et al., 2018). Erinjery
et al. (2018) used a combination of Sentinel-2 (S2) MSI and Sentinel-1 (S1) data to
discriminate different vegetation types in tropical rainforests with an overall accuracy of
75%. The S2 bands along with the machine-learning Bagged Trees ensemble classifier
have also been used to map raised bogs, turloughs, and fens in Ireland with an overall
accuracy of 87% (Bhatnagar et al,, 2020). However, these studies are based on S2 imagery
with 10m resolution. PlanetScope multispectral satellite imagery (PlanetScope-0 and -1)
has a spatial resolution of 3.7 to 4.1 m and has been used to derive accurate fine-scale
vegetation maps of peatlands (Rasdnen et al,, 2019, 2021, 2021). These higher-resolution
images can capture the spatial distribution of plant species at a finer scale, unlike S2,
Landsat, and MODIS. They can also capture seasonal changes due to the higher temporal
resolution of a 3-5 day return period (Melack & Hess, 2023). Cheng et al. (2020) compared
PlanetScope and Sentinel data to assess vegetation phenology for heterogeneous
landscapes in Kenya and found that the PlanetScope data were able to better capture the
spatial extent of changing phenology within the landscape than the Sentinel imagery.
Machine learning techniques are widely used with remote sensing approaches for wetland

mapping (Bhatnagar et al., 2020; Chimner et al., 2019; Corcoran et al., 2013; Dayuf et al,,
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2017; Mahdavi et al,, 2018; Sencaki et al., 2020). The Random Forest (RF) classification
model (Breiman, 2001) based on an ensemble of several decision trees has been used in
numerous global studies for mapping wetland ecology. The RF ensemble classifier was
successfully used on 30,000 Landsat-8 images with the Google Earth Engine platform
(GEE) to map the Canadian wetland inventory with an overall accuracy of 71% (Amani et
al, 2019). A recent study by Chimner et al. (2019) focused on mapping the vegetation
distribution in the mountain meadows of Peru using multi-sensor data and RF, achieving
an overall accuracy of 92%. Bhatnagar et al. (2021) compared machine learning and deep
learning algorithms to map peatland vegetation communities in Ireland and identified RF
as the best pixel-based machine learning classifier with a mapping accuracy of 85%. The
Statistical Machine Intelligence and Learning Engine (SMILE) is a comprehensive machine
learning system and its platform implements machine learning algorithms for supervised
and unsupervised classification. Sujud et al. (2021) provided a comparative analysis of
four machine-learning classifiers implemented in Google Earth Engine (GEE) for mapping
cannabis and other crop-type classifications and concluded that the SMILE Random forest
(SMILE-RF) classifier outperformed all the other classifiers.

In this study, PlanetScope imagery along with the SMILE-RF algorithm was used to create
annual vegetation maps of peatland systems across a drainage gradient. These maps were
used to upscale chamber-based methane fluxes for various vegetation communities from
the point-to-site scale using a weighted-area approach. Dominant vegetation communities
were referred to as ecotopes in this work although the application of ecotopes to cutaway
sites has not yet been defined. The annual ecotope maps for the years 2020 and 2021 were
generated for three Irish midland peatlands (intact raised bog and two former raised bogs:

now cutaway) across a drainage gradient. The drainage gradient defines the bog
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conditions due to degradation or management practices and this study focuses on sites
degraded through recent industrial extraction, under rehabilitation, and near-natural
bogs(Kiely et al., 2017; Renou-Wilson et al., 2018; Renou-Wilson & Wilson, 2018; Wilson
etal., 2011).

5.2 Materials and methods

5.2.1 Site description

This study was undertaken at three raised bogs in Ireland as shown in Figure 5.1a using

the LI-COR trace gas analyzer and smart chamber as shown in Figure 5.1b.

D No Peat
- Raised bogs

7 Blanket bogs

jualpe.sd a8euleiq

Figure 5. 1 (a) A map of Ireland showing the sites used and representing a drainage
gradient; (b) The chamber measurement set up with the LI-COR (LI7810) trace gas
analyzer, smart chamber, and PVC collar; c to e represent the sites across the drainage
gradient (c) Clara bog (near-natural) (d) Lullymore (rehabilitation) (e) Garryduff (former
industrial extraction), and the collar locations are shown as light green circles.
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Clara Bog

Clara Bog is regarded as one of the largest near-natural raised bogs remaining in Ireland.
It is located in County Offaly in the Irish Midlands and designated as a special area of
conservation (SAC) under the European Union Habitats Directive (Council of the European
Communities, 1992). The bog is bisected by a road that was put in place around the 18th
Century and significantly impacted the hydrology of the bog (Crushell, 2008). For this
study, measurements were conducted on the western part of the bog which will be
referred to as Clara bog in this article (Figure 5.1c). Clara bog is divided into several
ecotopes based on the vegetation community classification system proposed by Schouten
in 2002 (Fernandez et al.,, 2014b). The ecotopes are characterized by the ecological
differences that are linked to the variable hydrological characteristics of the bog and range
from the ecologically pristine active raised bog (ARB) to central (Ce), subcentral (SC),
active flush (AF) and soaks, submarginal (SM), marginal (M), Inactive flush (IF) and Bog
woodland (BW). The bog woodland at Clara has high Sphagnum cover and has developed
on deep peat. All the dominant species for each of the ecotopes are shown in Table 5.1.
The chamber measurements were conducted fortnightly from January 2020 through
December 2021. A total of 24 collars were installed at Clara Bog at the major dominant
ecotopes (Ce, SC, SM, M) with 6 collars at each ecotope (Figure 5.1c).

Garryduff

Garryduff Bog (GD) is located in County Galway and represents a former industrial peat
extraction (cutaway) site where peat production ceased in stages with complete closure
in 2021 (Figure 5.1e). During the extraction period, it had a pumped drainage regime and
the water table was significantly lower than the surrounding area (Bord Na Mona

Garryduff Decommissioning and Rehabilitation Plan, 2021). Much of the site comprises
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extensive areas dominated by bare peat and emerging pioneer vegetation. Parts of the
cutaway now have well-developed wetlands and scrub vegetation. To understand the CH4
dynamics from natural vegetation and bare peat, the site was categorized into two main
ecotopes: bare peat (BP) and vegetation (V) as shown in Table 5.1, and chamber
measurements were conducted fortnightly from May 2020 through December 2021. At
this site, 16 collars were installed with 8 at the BP and 8 at V ecotopes (Figure 5.1e).

Lullymore

Lullymore in County Kildare is also a former industrial peatland extraction site (Figure
5.1d) that was previously mined but underwent rehabilitation through drain-blocking and
rehabilitation on a phased basis over 15 years. Fortnightly chamber measurements were
conducted from May 2020 through December 2021 at four dominant vegetation
communities (Table 5.1) as follows: bare peat (BP), shrub (S), bog woodland (BW), and
open water (OW), based on a Bord na Ména habitat map (Bord Na Mona Lullymore Draft
Rehabilitation Plan, 2017). Bog woodland at Lullymore is on shallow peat <1 m deep and
is defined by relatively dry peat conditions with no Sphagnum. All the dominant vegetation
species are shown in Table 5.1. At the Lullymore site, 12 collars were installed with 4

collars each at the BP, S, and BW (Figure 5.1d).
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Table 5. 1 Vegetation communities, assigned ecotopes, chamber measurements, and the

number of collars for all the sites. NA: chamber measurements were not conducted

Chamber No. of
Site Class Ecotopes Dominant vegetation measurements | collars
(Yes/No)
. Narthecium ossifragum and
1 Submarginal (SM) Sphagnum t{ernglum Y 6
2 Subcentral (SC) Sphaghum magellanicum Y 6
. Calluna vulgaris and
3 Marginal (M) Trichophorum germanicum Y 6
4 Central (C) Sphagnum cuspidatum Y 6
Sphagnum cuspidatum,
a Mpyrica gale, Betula pubescens
ara .
5 Active flush (AF) scrub woodland with N NA
Sphagnum palustre and
Polytrichum commune,
Molinia caerulea
Betula pubescens, Frangula
6 Bog woodland (BW) | alnus, Pinus sylvestris, Pinus N NA
cortorta and Picea abies
7 Inactive flush (IF) N NA
1 Bare peat (BP) Bare peat Y 4
Mosaic of pioneer Juncus,
Eriophorum angustifolium-
2 Shrub (S) dominated poor fen and Y 4
Lullymore emergent Betula pubescens
and Salix spp. scrub
Betula pubescens, Pinus
3 Bog woodland (BW) sylvestris, Pinus contorta and Y 4
open water and emergent
4 Open water (OW) wetland vegetation NA
1 Bare peat (BP) Bare peat Y 8
Mosaic of pioneer Juncus,
Eriophorum angustifolium
Garryduff . andand Carex rostrata-
2 Vegetation (V) dominated poor fen and Y 8
emergent Betula pubescens
and Salix spp. scrub

5.2.2 In-situ measurements

Methane fluxes were measured using the chamber technique(LAI, 2009; Laine et al., 2007)
at Garryduff and Lullymore for 19 months and 24 months at Clara bog. A laser-based
analyzer (LI-7810, CO2/CH4/H20 Trace Gas Analyzer; LI-COR Biosciences) in conjunction
with the LI-COR Smart Chamber portable unit (LI-8200-01S, Smart Chamber; LI-COR
Biosciences) system was used to measure CHa4 concentrations (Figure 5.1b). The methane

flux was calculated using a curvilinear function in the LICOR SoilFluxPro software version
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5.2. In addition to the measurement of soil gas fluxes, an auxiliary HydraProbe (Stevens
Water Monitoring System) provided simultaneous monitoring of soil temperature,
moisture, and electrical conductivity. Methane measurements were recorded fortnightly
except during the COVID-19 lockdown when travel across Ireland was restricted. The
measured methane fluxes were converted from nmol CH4 m2 s-1 to g C m2 y-1 to compare

them with methane fluxes from similar systems in other reported studies.

5.2.3 Satellite data

The PlanetScope data was acquired by Planet labs Inc., with their low-cost constellation of
satellites. The data has a spatial resolution of 3.7 to 4.1m which is resampled and
distributed by two sensors i.e., PlanetScope-0 and PlanetScope-1 to achieve a 3m spatial
resolution (Roy et al., 2021). The imagery was atmospherically corrected using the 6S
model (Second Simulation of a Satellite Signal in the Solar Spectrum). The data was
accessed and downloaded using the Planet Labs ArcGIS Pro add-in. The imagery consists
of four bands: Red (590-682nm), Green (500-585nm), Blue (455-517nm), and NIR (780-
880nm), and all the four bands were used for the analysis in this study. The images were
collected in 2020 and 2021 for all three sites. A cloud filter of less than 10% was used and
a total of 35 images were collected for Clara bog, 20 for Garryduff, and 19 for the Lullymore
site. There were no cloud-free images available in the summer at Clara and Garryduff nor
for the winter months at Lullymore in 2020. Three Vegetation Indices (NDVI, EVI, and
GNDVI) were also calculated and added to the RF classification to improve the
classification results.

5.2.4 Ecotope mapping

The PlanetScope data was used to map the ecotopes at the three study sites. A machine

learning-based RF image classification SMILE technique was used in the Google Earth
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Engine (GEE) platform to perform pixel-based image classification (Figure 5.2). All the
available satellite images were ingested into GEE to create annual ecotope maps for 2020
and 2021. A combination of habitat maps provided by Bord na Ména (Lullymore and
Garryduff sites) and National Parks and Wildlife Service (Clara bog) along with high-
resolution Google Earth imagery (de Sousa et al., 2020; Noi Phan et al,, 2020; Sellami &
Rhinane, 2023) were used to train and test the models with a split of 70:30. A total number
of 144 polygon samples (20578 pixels) were defined based on a random distribution
across all the seven ecotopes at Clara bog. A similar approach was implemented at
Lullymore with a total number of 166 polygons (30847 pixels) with random distribution
over the four ecotopes. For the Garryduff site, a total number of 192 polygons (10922
pixels) were created using a random distribution across the two ecotopes. Furthermore,
an accuracy assessment of the results was conducted and a confusion matrix with Overall
validation Accuracy (OA), Producer Accuracy (PA), and user accuracy (UA) was developed
(Table 5.2, 5.3, and 5.4). The Kappa coefficient was not reported for image classification
as recommended by Foody (Foody, 2020) due to its limitation in the accuracy assessment
of thematic maps. The annual ecotope maps generated for all three sites for the years 2020
and 2021 are shown in Figure 1. The area of each ecotope is estimated from the annual
ecotope maps for the relevant year and was used for upscaling methane fluxes outlined in

equation 1.
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Figure 5. 2 Image classification workflow for annual ecotope map generation in GEE.
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5.2.5 Upscaling

A simple area-weighted average method has been used previously in several studies and
found to be an effective and simple upscaling approach (Davidson et al., 2017; Morozumi
et al.,, 2019). The same approach is used here to upscale the chamber CH4 fluxes, using

equation 1 below:

mean chamber—derived flux * ecotope area

FIluxupscaled = (1)

Total area

5.3 Results

5.3.1 Spectral Profiles

The spectral signatures of each ecotope at the three sites were plotted as shown in Figure
5.3. For Clara bog, the active flush ecotope showed the highest reflectance values followed
by the central ecotope, bog woodland, inactive flush, submarginal and subcentral
ecotopes, while the marginal ecotopes had the lowest reflectance values for most of the
bands. The differences in reflectance between the central and marginal ecotope are

notable. The submarginal, subcentral, and marginal ecotopes have similar reflectance
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values in RGB and NIR wavelengths (Figure 5.3a). The vegetation ecotope at the Garryduff
site showed the highest reflectance value and bare peat showed the lowest reflectance
value (Figure 5.3b). At the Lullymore site, the reflectance values of shrub and open water
were noticeably different and Bog woodland showed the highest reflectance value for the
NIR wavelength (Figure 5.3c). All the ecotopes, except the submarginal, subcentral, and
marginal ecotopes at Clara can be distinguished based on their spectral signatures (Figure

5.3a).

80



(@) 07

—e— Central
—e— Sub Central

06
" —e— Submarginal
05 _— +— Marginal
—
—e— Active Flush
-
04 —e— |nactive Flush
= . Woodlan
S Bog Woodland
03 —
02 =
0.1
0.0
(b) 450 500 550 600 650 700 750 800 850 200
0.40
. —+— Bare peat
g 0.35 —e— Vegetation
—
=
> 030
8 =
= 025
= -
] ;
9] 020
Y
=
é 015 - -
0.10 - -
0.05
450 500 550 600 650 700 750 800 850 900
( 06 —o—B t
©) are pea
_— —e— bogwoodland
v —e— Openwater
»— Shrub
04 -
-— - — o
0.3 - ——
02
01 '————_____+______
——
— .
0.0
450 500 550 600 650 700 750 800 850 900

Wavelength (nanometers)

Figure 5. 3 A plot showing reflectance values across various wavelengths for the ecotopes
at (a) Clara (b) Garryduff (c) Lullymore
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5.3.2 Annual ecotopes map
Clara Bog

The annual ecotope maps derived from the PlanetScope imagery and SMILE-RF model
showed variability between years (Figure 5.4a). The submarginal, subcentral, marginal,
and bog woodland ecotopes showed a decline in area of 2.3%, 2.2%, 5%, and 35%
respectively in 2021 as compared to 2020 (Table 5.5). However, the central, active flush
and inactive flush ecotope areas were shown to increase by 53%, 20%, and 56% in 2021

when compared to 2020.
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(a) Clara year 2020

(b) Garryduff year 2020 year 2021

(¢) Lullymore year 2020 [ ] open water year 2021

Figure 5. 4 Annual ecotope maps for years 2020 and 2021 at (a) Clara bog (b) Garryduff
(c) Lullymore site
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Accuracy assessment

In the 2020 assessment (Table 5.2), the highest producer’s accuracy (PA), 91.14%, was
seen for the bog woodland, and the lowest PA (60.30%) was observed for the inactive flush
which was misclassified as submarginal and subcentral. The submarginal, subcentral,
central, and marginal ecotopes were classified with PA ranging from 73.34 to 88.8%. The
marginal ecotope had a PA of 73.34% and it was mostly misclassified as subcentral and
submarginal. The user accuracy (UA) ranged from 79.89 to 92.64% with the lowest for the
marginal ecotope and the highest for the active flush ecotope. In 2021, the highest PA was
acquired at the central ecotope (95.75%) followed by active flush (94.88%) and bog
woodland (93.03%) as shown in Table 5.2. The marginal ecotope was misclassified as
submarginal and subcentral with a PA of 69.04% and the inactive flush was misidentified
as submarginal and subcentral with a PA of 77.57%. The UA ranged from 80.42 to 96.21%
with the highest accuracy for the central ecotope (96.21%) and the lowest for the marginal
ecotope (80.42%). During both years, the active peat-forming ecotopes such as the central
and subcentral areas were identified with PA and UA ranging from 82.05 to 96.21% for all
the seasons. The overall validation accuracy (OA) of 83.20% was observed for 2020 and
84.20% for 2021 (Table 5.2). Table 5.5 shows the total estimated area in hectares for each

ecotope for the years 2020 and 2021.
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Table 5. 2 Validation accuracy assessment at Clara bog for 2020 and 2021

glg‘zr al sm | sc | M C | aF | BW | IF | Total | PA(%)
SM | 2099 | 246 | 88 0 0 2 0 | 2435 | 86.20
sC | 285 | 1751 | 53 0 0 3 4 | 2096 | 83.54
M 116 | 89 | 564 0 0 0 0 769 | 73.34
C 0 3 0 211 9 15 6 244 | 86.48
AF 0 1 0 11 | 214 6 9 241 | 88.80
BW 1 4 0 10 1 216 5 237 | 91.14
IF 21 40 1 3 7 7 120 | 199 | 60.30
Total | 2522 | 2134 | 706 | 235 | 231 | 249 | 144 [ 6221 | OA
UA(%) | 83.23 | 82.05 | 79.89 | 89.79 | 92.64 | 86.75 | 83.33 0.83
%‘2‘" ;‘ SM SC M C AF | BW IF | Total | PA(%)
SM | 2136 | 228 | 42 0 0 0 1 | 2407 | 8874
sc | 270 | 1748 | 87 0 0 0 5 | 2110 | 82.84
M 123 | 120 | 542 0 0 0 0 785 | 69.04
C 0 1 0 203 7 1 0 212 | 95.75
AF 0 0 0 6 204 2 3 215 | 94.88
BW 2 3 2 1 2 227 7 244 | 93.03
IF 18 14 1 1 7 7 166 | 214 | 77.57
Total | 2549 | 2114 | 674 | 211 | 220 | 237 | 182 | 6187 | OA
UA(%) | 83.80 | 82.69 | 80.42 | 96.21 | 92.73 | 95.78 | 91.21 0.84
Garryduff

The annual ecotope maps are shown in Figure 5.4b and the total area for each ecotope for

2020 and 2021 is shown in Table 5.5. Here, an OA of 99% was observed for both years

with PA and UA of almost 100% (Table 5.3). The vegetation and bare peat were mapped

very well at this site for both years.
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Table 5. 3 Validation accuracy assessment at Garryduff for 2020 and 2021

GD 2020 BP Vv Total PA(%)
BP 4182 19 4201 99.55

\Y 8 5067 5075 99.84
Total 4190 5086 9276 0A
UA (%) 99.81 99.63 0.99

GD 2021 BP \ Total PA(%)

BP 4095 30 4125 99.27

Vv 17 5056 5073 99.66
Total 4112 5086 9198 0A
UA (%) 99.59 99.41 0.99

Lullymore

The annual ecotope maps are shown in Figure 5.4c and the total estimated area of each
ecotope for 2020 and 2021 is shown in Table 5.5. The bare peat and open water ecotopes
showed an increase in the area of 17% and 2% in 2021 compared to 2020. However, the
shrub and bog woodland ecotopes showed a decrease of 2% and 4% in area, in 2021 vs
2020 respectively. An OA of 97.9% was observed for 2020 with the PA ranging from 90.27
to 100% (Table 5.4). The highest PA was seen for open water followed by bog woodland,
shrub, and bare peat. The UA is also highest for open water followed by bog woodland,
shrub, and bare peat. For 2021, an OA of 99.2% was observed. The PA of bare peat
(96.86%) and shrub (97.50) was higher in 2021 as compared to 2020 and open water

(98.87%) PA was lower in 2021 against 2020.
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Table 5. 4 Validation accuracy assessment at Lullymore for 2020 and 2021

LM 2020 | BP S BW | ow Total PA(%)
BP 167 17 1 0 185 90.27
S 10 380 7 1 398 95.48
BW 2 4 1766 0 1772 99.66
ow 0 0 0 261 261 100.00
Total 179 | 401 | 1774 | 262 2616 0A
UA (%) | 9330 | 9476 | 99.55 | 99.62 0.979
LM 2021 BP S BW | Ow Total PA(%)
BP 154 3 2 0 159 96.86
S 10 390 0 0 400 97.50
BW 0 0 1771 0 1771 100.00
ow 0 2 1 263 266 98.87
Total 164 | 395 | 1774 | 263 2596 0A
UA (%) | 93.90 | 98.73 | 99.83 |100.00 0.992

5.3.3 Upscaled methane flux

The upscaled methane flux for all the ecotopes at all the three sites for 2020 and 2021 is
shown in Figure 5.5. The average annual methane flux values measured at the various
ecotopes on Clara bogin 2021 were higher than in 2020. The average annual methane flux
values ranged from 1.44 to 5.75 g C m2 y-1in 2020 and from 2.4 t0 8.89 gCm2y-1in 2021,
with the highest fluxes measured at the central ecotope and lowest at the marginal ecotope
during the study duration. The upscaled methane flux values ranged from 0.12 to 2.16 g
C m2 y'1 at Clara bog (Table 5.5). The lowest upscaled flux was observed at the central
ecotope in 2020 followed by marginal, submarginal, and subcentral. The upscaled
methane flux followed a similar trend in 2021 as shown in Table 5.5. At the Lullymore
site, the average annual methane fluxes ranged from -1.08 to 1.14 g C m2 y-1in 2020 and
-1.1 to 1.55 g C m2 y'1 in 2021. The bog woodland soil was observed to be assimilating
methane throughout the study duration and methane emissions from bare peat were close

to zero. The upscaled methane fluxes at the ecotope and site scale are shown in Table 5.5.
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The average annual methane fluxes at Garryduff ranged between 0 to 0.27 g C m2 y-1 in
2020 and 0 to 0.53 gCm-2y1in 2021, and the upscaled fluxes are shown in Table 5.5. As
all the ecotopes assessed represent >88% of the total study area at each site, ecosystem-
scale emissions are also provided in Table 5.5. Clara bog had the highest methane
emissions followed by Lullymore and Garryduff where both the sites showed similar

emission scenarios.
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Figure 5.5 Upscaled methane flux at all the ecotopes for all the three sites during the years
(a) 2020 and (b) 2021
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Table 5. 5 Upscaled annual methane fluxes at all locations

Area based Area Upscaled Area based Upscaled
Upscaled Area Upscaled
. on annual | covered by methane flux methane flux | onannual covered b methane flux methane flux
Site Ecotope ecotope ecotopes in 2020 (g C m- in 2020 at site ecotope ecotobes i¥l in 2021 ( in 2021 at site
map 2020 in 2020 ) _1;; scale (gCm2y- | map 2021 2021p(0/) cm2y1) & | scale (g
(Ha) (%) d D) (Ha) ’ d Cm y1)
Clara SM 99.42 0.6 97.1 1.06
SC 91.92 1.34 89.8 2.16
92.68 2.25 91.27 3.8
M 32.32 0.19 30.62 0.3
C 5.03 0.12 7.7 0.28
Lullymore BP 16.06 0 18.92 0
S 58.43 88.79 0.51 0.17 57.02 88.54 0.66 0.31
BW 42.84 -0.34 41.06 -0.35
Garryduff BP 456.47 0.01 466.82 0.02
100 0.15 100 0.27
\% 480.83 0.14 470.49 0.25
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5.4 Discussion

5.4.1 Ecotope Mapping

Mapping peatland vegetation is very challenging due to the complex heterogeneity
which can change over a few meters (Bhatnagar et al., 2020; Davidson et al., 2017;
Rdsdnen & Virtanen, 2019). This study presents a novel, yet robust attempt to assess
the potential of using high-resolution satellite imagery with the RF machine learning
algorithm (SMILE) to create annual ecotopes maps for a variety of peatland
ecosystems, and to use these maps to upscale chamber-based methane fluxes from
point sources to the site/ecosystem scale. The mapping methodology developed here
was successfully validated at all three sites with an overall validation accuracy of above
83%. Most temperate raised bogs tend to be located in geographical areas with
significant cloud cover, which can lead to limited availability of satellite imagery. This
makes it difficult to acquire satellite imagery for similar dates that align with field-
based chamber measurements that track the phenological changes in the vegetation at
similar temporal scales (Bhatnagar et al., 2020; Rasanen et al, 2019, 2021). The
satellite imagery acquired for this study was selected to be as close as possible to the
site-level flux measurement dates. Summer and winter imagery were not available for
the year 2020, so this study focuses on developing annual ecotope maps for area
estimation instead of adopting a seasonal perspective. The methodology proposed in
this study accurately mapped all the ecotopes at the Lullymore and Garryduff sites,
with overall accuracy above 95% for both sites in 2020 and 2021. However, the
accuracy assessments were slightly lower at Clara bog. This may be due to Clara bog
being a more complex site to map as there is a greater spatial heterogeneity in
vegetation across the site. In Table 5.2, the central ecotope had a UA 0f 89.79 % in 2020
and 96.21% in 2021 and the inactive flush had a UA of 83.33% in 2020 and 91.21% in

2021. The bog woodland had a UA of 86.75% in 2020 and 95.78% in 2021. One of the
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reasons for an increase in UA in 2021 could be the inclusion of summer imagery while
creating the annual ecotope maps which was not available for 2020 due to cloud cover.
The marginal, subcentral, and submarginal ecotopes showed consistent UA ranging
between 80.42 to 83.80% during both years. The UA at these ecotopes is lower as
compared to other ecotopes at Clara and it might be due to their similar spectral
signatures (Figure 5.3a). In the future, these challenges can be addressed by including
a longer dataset and applying a multi-sensor approach while training and testing the
models. However, the most important active raised bog (ARB) forming ecotopes e.g.,
the central and subcentral ecotopes (with the highest level of complexity) were
classified in this study with PA of 86.48 - 95.75% and 82.84 - 83.54% respectively.
Bhatnagar et al. (2021) used a nested drone-satellite approach to map Clara bog
achieving a PA of 66% for subcentral and 86% for central ecotopes. In this study, the
PA was improved with 83.54% for the subcentral and 95.75% for the central ecotope
for 2021. Not opting for the majority voting approach which provides pixel value based
on the majority of nearby pixels values and use of higher spatial resolution imagery
could be responsible for getting higher accuracy ecotope maps at Clara bog in this study
as compared to Bhatnagar et al. (2021) approach. Overall, the methodology suggested
here was able to map the dominant vegetation communities across all the sites with an
overall accuracy of 283%. This approach can be further developed and applied to more
accurately define the key ecotopes on cutaway peatlands and to map the impact of
rewetting and rehabilitation on ecological change and for the long-term monitoring of
peatlands.

5.4.2 Upscaled Flux Chamber Measurements

The average annual methane fluxes measured at Clara bog during this study period
were in the range with the chamber measurements previously conducted at Clara bog

from 2015-2017 (Regan et al., 2020). The central ecotope average annual methane flux
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in 2020 (5.75 g Cm2 y-1) and 2021 (8.89 g C m2 y-1) were in a similar range as those
measured between 2015-2017 (7.95 = 4.05 g C m2 y'1). Additionally, the measured
methane flux in the subcentral ecotope in 2020 (3.6 gCm-2y1) and 2021 (5.93 gCm™
y1) isin the range with the 2015-2017 data (6.52 + 2.1 g C m-2 y-1). Similarly, the annual
methane flux at the submarginal ecotope in 2020 (1.48 g C m2 y-1) and 2021 (2.7 g C
m-2 y-1) is also in the range with the 2015-2017 data (3.37 £ 1.18 g C m2 y-1) data. The
fluxes from the marginal ecotope in 2020 (1.44 g Cm-2y1) and 2021 (2.44 gCm=2y1)
were slightly higher than the 2015-2017 range (0.82 + 0.37 g C m2 y-1) (Regan et al,,
2020). The upscaled, site scale methane flux at Clara bog (2.25 - 3.8 g C m2 y-1) also
agreed with the median methane flux range of 3.3 - 3.6 g C m-2 y-1 from 108 sites across
the world (Abdalla et al,, 2016). The average annual methane flux measured at the
Garryduff site was in the range with other similar bare peat sites in Ireland, with the
flux values showing net zero methane emissions (Renou-Wilson et al,, 2019). A range
of rewetted and restored sites from Ireland and 16 sites from northern peatlands
(latitude 40° to 70°N) showed a similar average annual methane emissions trend to the
Lullymore site with nearly zero emissions from bare peat, and small emissions from
shrub areas with assimilation from bog woodland soils (Abdalla et al., 2016; Renou-

Wilson et al., 2019).

This study is the first attempt to use high-resolution satellite imagery and machine
learning to upscale chamber fluxes in Ireland. There is potential to implement the
framework developed in this study to upscale chamber and EC measurements across
other types of peatlands such as blanket bogs, fens, and turloughs which are
heterogenous and complex to map. Site-scale methane emissions from bare peat and
natural vegetation can be useful to analyze the before and after impacts of rewetting

and rehabilitation. Similarly, methane emissions from under-rehabilitation sites such
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as Lullymore provide us with information on emissions from various dominant
vegetation communities and can act as a wider indicator for effective rehabilitation
measures. To improve estimates of methane flux variations over time, an
understanding of the phenological dynamics of vegetation communities and their
spatial variation could be better than simply using measurements from one point in
time (Helfter et al., 2022). The use of automatic chambers could potentially bridge the
gap between EC tower measurements and spatial chamber measurements as they
provide detailed flux measurements with a better temporal resolution. Additionally,
the inclusion of key drivers such as water table depth and soil moisture while training

the model could help refine the accuracy further.

5.5 Conclusion

This study tested the applicability of high-resolution multispectral satellite imagery
and a mapping technique with machine learning algorithms to provide fine-scale
vegetation maps. Furthermore, these maps were used to upscale chamber-based
methane fluxes at peatland sites in Ireland across a drainage gradient. Our results
provide evidence that upscaling is successful if the dominant vegetation communities
are appropriately mapped. Results from this study highlight the complex spatial
heterogeneity of peatlands and their impact on methane fluxes, and emphases the need
to integrate dominant plant species into methane budget models and wider upscaling
approaches. Overall, the novel use of remote sensing products and machine learning
algorithms will continue to provide valuable data for improving the upscaling
approach by understanding the impacts of key environmental drivers and vegetation

dynamics on methane emissions to further inform effective rehabilitation measures.
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6.1 Introduction

Peatlands are vital ecosystems in the global carbon (C) cycle, as they act as a significant
store of carbon (Gorham, 1991) with estimates of soil organic carbon (SOC) stocks of
between 500 to 700 billion tons of C globally (Scharlemann et al.,, 2014). However,
these ecosystems are prone to degradation, primarily through drainage to facilitate a
change in land use which results in a release of approximately 2-3 gigatons of carbon
dioxide (CO2) into the atmosphere every year (Tanneberger et al., 2017). To better
understand how we can rehabilitate these systems and enhance their climate
mitigation potential, it is important to quantify their C dynamics and the key drivers of
C uptake and release at various spatial and temporal scales.

Natural and managed peatlands in Ireland are estimated to store up to 2320 Mt of C on

~ 20% of the land area (Connolly & Holden, 2009; Renou-Wilson et al., 2022). Irish
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peatlands have been extensively drained over the past number of decades for
extraction for both energy and horticulture and conversion to agriculture and forestry
(Connolly, 2018). These land-use conversions have significantly affected the
greenhouse gas (GHG) dynamics of these ecosystems and they are estimated to release
around 11-12.4 MtCO2 per year (Renou-Wilson et al, 2019). Furthermore, the
conservation of near-natural peatlands and the rehabilitation of degraded peatlands is
necessary to protect C stocks, reduce emissions and enhance their C assimilation
capacity to further offset national GHG emissions.

Terrestrial Gross Primary Productivity (GPP) describes the total amount of CO2
assimilated by plants in an ecosystem through photosynthesis and is considered the
largest flux component of the global carbon cycle (Lees et al., 2018). Therefore detailed
knowledge of the spatio-temporal extent of GPP dynamics and the key drivers such as
air temperature, water table depth, and soil water content is imperative to improve our
ability to quantify fluxes and upscale them across various spatial domains.

Current field-based methods of measuring annual carbon exchange, between peatlands
and the atmosphere, include the use of static and dynamic chambers and eddy
covariance (EC) towers (Kiely et al., 2018; Laine et al., 2006). The integration of both
these techniques can encapsulate peatland carbon dynamics at a variety of temporal
and spatial scales by capturing seasonal and interannual variability at the point-source
and ecosystem scale. While EC techniques have proven to be of great importance in the
measurement and modeling of C dynamics in peatlands (Baldocchi et al., 2018), these
measurements only account for C fluxes within the footprint of the tower which
typically spans over an area between 200 m2 to 1 km?Z. It is therefore challenging to
scale up EC fluxes from the footprint-derived source to the regional/global scale due to

the geographical distribution and the limited number of towers (Barba et al., 2018).
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Light use efficiency (LUE) models based on Monteith’s theory (1972) are extensively
used to model GPP. This model expresses GPP as the product of the incident
photosynthetically active radiation (PAR), the fraction of absorbed photosynthetically
active radiation (fpar) by the vegetation canopy, and the light use efficiency parameter
(€). Spectral indices are important as they integrate nutrient and absorption
characteristics, and are used as a proxy for fpar, which is one of the major parameters
for the estimation of GPP in the LUE models (Joiner et al., 2018; Lees, et al., 2020). Rates
of CO2 assimilated by a plant canopy are strongly correlated with satellite-derived
vegetation indices (Junttila et al.,, 2021; Schubert et al., 2008). The light use efficiency
parameter (&) can also vary depending on environmental conditions and plant physio-
morphological changes (Hilker et al., 2008). It is also possible to calculate € directly
from the Photo-chemical Reflectance Index (PRI) however, the bands required for the
PRI index are not available in Sentinel 2 data (Goerner et al., 2011; Peng et al., 2018;
Schubert et al., 2008). There are also a limited number of studies available that report
the derivation of € values for peatlands using site-derived Light Response Curves (LRC)
(Gan et al., 2021; Kross et al., 2016; Schwalm et al., 2006).

Remote sensing techniques provide a new opportunity to assess the C dynamics of
peatlands and other remotely located ecosystems (Biudes et al., 2021; Lees et al,,
2019). It can facilitate an assessment of multiple ecosystem attributes and can provide
information across wider spatial scales. This is important as EC infrastructure is
expensive, requires regular maintenance, and is limited to ecosystem scale
perspectives, making direct measurements across multiple sites and spatial scales
unfeasible. Because of this, the use of spectral indices as a proxy for carbon flux
estimation is becoming more widely used (Bhatnagar et al., 2018; Couwenberg et al,,

2011; Joiner et al., 2018).
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Vegetation indices derived from satellite data such as the normalized difference
vegetation index (NDVI) or enhanced vegetation index (EVI) have been correlated with
GPP with varying degrees of success at grassland, cropland, and forested sites (Joiner
etal.,, 2018; Schubert et al., 2008; Sims et al., 2006). The use of common MODIS-derived
vegetation indices (250-500m), such as NDVI and EVI, can be challenging for GPP
estimation over peatlands because of the narrow red absorption feature and narrow
near-infrared reflectance peak, which is commonly observed in dominant peat-
forming species such as Sphagnum mosses (Bhatnagar et al., 2018; Lafleur et al., 2003).
Additionally, vegetation indices derived from MODIS data might incorporate forestry
and grasslands into the peatland signals due to the coarse spatial resolution (250m-
1000m) leading to an overestimation of GPP (Pei et al,, 2022; Yuan et al, 2007).
However, the use of higher spatial resolution sensors like Sentinel satellite imagery
(10-30m) can help reduce the uncertainty in GPP estimation by providing greater
insight into the carbon flux estimation of heterogenous landscapes (Lees et al., 2018).
The reflectance characteristics of peatlands are different from the forest, agricultural
and grassland ecosystems due to the hydrological conditions, water content, and
associated vegetation communities (Lin et al., 2019; Zheng et al., 2018). Moreover, the
spectral signature of sphagnum mosses is characteristically different compared to the
vascular vegetation in peatland ecosystems. The spectral reflectance of sphagnum
species changes with the available moisture content and their reflectance increases
during dry periods as sphagnum changes its color to yellow-brown (Harris, 2008; Lees
et al, 2019; Van Gaalen et al,, 2007; Vogelmann & Moss, 1993). Zhang et al. (2015)
highlight the importance of using different indices within one model to properly
understand the effect of water content on vegetation when using light-use efficiency

models. Therefore, there is a need to assess the performance of widely used indices to
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predict GPP and develop a combination of indices specifically for raised bog
ecosystems.

In this study, Sentinel-2 high-resolution satellite imagery was used to derive vegetation
and water indices as it offers a new perspective in monitoring ecosystem phenology
(Joiner et al,, 2018; Lees et al.,, 2018; Lin et al,, 2019). Six widely used indices which
include four vegetation indices (NDVI, EV], MCARI, REP2) and two water indices (LSWI,
NDWI2) were used in this study to identify the best combination of indices for
peatlands. Sentinel-2 images from a climatologically dry year in 2018 were used to
derive indices as it provided an opportunity to acquire seasonal cloud-free imagery for
GPP estimation and it was also useful to gain further insight into how the light use
efficiency parameters performed during drier conditions. The objectives of this study
were to (1) develop hybrid models using a combination of indices to estimate GPP
using LUE models and validating them against EC-derived GPP for a near-natural
peatland ecosystem and, (2) determine the site-specific light use efficiency parameters
for a near-natural peatland under dry and normal conditions which could be used to
refine estimates of LUE model based GPP from other sites in the future.

6.2 Materials and Methods

6.2.1 Study site

Clara bog (Fig.6.1a) is one of the largest remaining relatively intact raised bogs in
Western Europe (Crushell et al., 2008), and is located in County Offaly in the midlands
of Ireland (53°19 N, 7°36 W). The site is designated as a special area of conservation
(SAC) under the European Union Habitats Directive (Council of the European
Communities, 1992). It has an Atlantic temperate climate with an average annual
rainfall of 883 mm and an average annual temperature of 9.6 °C (Hammond, 1981; van

der Schaff & Streefkerk, 2011).
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The site is bisected by a road into Clara East (206 ha) and Clara West (234 ha), and this
study focuses on Clara West. Despite being a near-natural bog, the site has been subject
to continued subsidence, which is attributed to the drainage of the regional
groundwater table surrounding the bog and the hydrogeological complexity of the bog
itself. This has resulted in the progressive loss of approximately 40% of the active
raised bog (ARB) area since 1991 (Regan et al., 2019). The site is divided into nine
ecotopes (van der Schaaf, 2002) based on the distribution of Sphagnum as shown in

Figure 6.1b.
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Figure 6. 1 (a) A map of Clara Bog showing the delineation of the bog into the eastern
and western sections (the western section boundary is highlighted in yellow) and the
location of the EC tower (b) Ecotope map of Clara Bog West (EU LIFE Irish Raised Bog
Restoration Project) with EC tower location shown in yellow
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6.2.2 Measurements of net ecosystem carbon dioxide exchange and ancillary
variables

The EC instrumentation consisted of a Sonic Anemometer (Windmaster, Gill
Instruments, Lymington, UK) which measures wind speed and direction in three
dimensions, and an embedded closed path infra-red gas analyzer (LI-7200, LI-COR
Lincoln, Nebraska, USA). The flux tower (Clara EC) is located at the center of Clara West
(Fig. 6.1a) and the EC tower flux footprint predominantly covers the submarginal (SM)
and subcentral (SC) ecotopes which constitute of Narthecium ossifragum, Sphagnum
tenellum, and Sphagnum magellanicum. The submarginal and subcentral ecotopes
constitute around 77% (191.34 ha) of the site and this study area was used to validate
the modelled GPP with EC-derived GPP.

The raw EC data were collected at 10Hz and processed using Eddy Pro version 7.0.6. in
advanced mode using site-specific parameters. Additional meteorological and
environmental variables were also measured which included air temperature and
humidity (CS215, Campbell Scientific, Shepshed, England), the Volumetric Water
Content of the soil (VWC) (CS616 Water Reflectometer, Campbell Scientific, Shepshed,
England), soil heat flux (HFPO1 Hukseflux, Delft, The Netherlands), soil temperature
(105E, Campbell Scientific, Shepshed, England), photosynthetically active radiation
(PAR) (Skye Instruments, Llandrindod, Wales) and Net Radiation (NR) (NRLite, Kipp &
Zonen, Delft, The Netherlands). The meteorological data were averaged and recorded
using a Campbell Scientific micro-logger (model-CR3000) (Campbell Scientific,
Shepshed, UK) at thirty minutes intervals. Water table height was recorded at the EC
flux tower location using Orpheus Mini vented-pressure level transducers located in
phreatic tubes. Precipitation data from the nearby Met Eireann weather station

(Horseleap) was used during the study duration.
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The EC processing and quality control procedures included spike removal and double
coordinate rotation while tests on developed turbulence and stationarity were also
applied (Foken et al., 2004; Mauder, 2011; Reichstein et al,, 2005, Falge, et al.,, 2001).
The flux data were gap-filled using semi-empirical models parameterized using high-
quality flux data (Falge et al, 2001), while fluxes were partitioned through the

extrapolation of night-time respiration (Reichstein et al., 2005, Falge, et al., 2001).

6.2.3 Modeling framework

Figure 6.2 shows the modeling framework used in this study and the model calibration
and validation steps. As mentioned in the introduction, the main objective of this study
is to find a combination of indices to be used with LUE models for GPP estimation at
peatland sites. Additionally, a site-explicit Light Use Efficiency parameter (LUE) for this
site was derived. Initially, GPP was modelled using equation 1 with six satellite-derived
indices (Table 6.1), literature-based LUE parameter values (Table 6.2), and measured
PAR for 2018. The results were then validated against field-based EC-derived GPP for
2018 to obtain the potential indices for the hybrid models. Overall, six hybrid models
were developed based on regression analysis and modelled GPP were validated against
EC-derived GPP for 2019 and 2020. Site-specific LUE parameters (&site) for drier (2018)
and wetter years (2019-2020) for the near-natural peatland were established based

on the analysis of light response curves at the site.
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Figure 6. 2 The modeling framework showing calibration and validation steps to derive
hybrid models and derive site-specific LUE parameters; light orange boxes show the
objectives of this study; Blue and green boxes show the time frame for calibration and
validation

6.2.4 Light Use Efficiency model

The most widely used model for estimating GPP from satellite data is the light use
efficiency model developed by Monteith (1977), eq. (1). Clara West is located in the
temperate climatic zone and for this study, it is assumed that the scaler effect of
environmental drivers such as air temperature (Ta), and vapor pressure deficit (VPD)

is negligible
GPPModelled = € X frar x PAR (D

Where GPPwmodeled is LUE modelled GPP; € is the radiation use conversion efficiency of
the vegetation (g C MJ-1) also known as Light Use Efficiency (LUE) parameter, PAR is
the photosynthetically active radiation incident at the canopy (M] m-2) and fpar is the
fraction of incident PAR absorbed by the canopy (M] m-2). The fpar variable is usually

modelled as a function of satellite-derived indices and can be expressed as in equation

(2)
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frar = APAR/PAR = indices (2)

Where APAR is Sentinel data and indices

The Sentinel-2 product Multispectral Instrument Level 2A (S2-MSIL2A) was made
available in March 2018. The Level-2A images are bottom-of-atmosphere (BOA)
reflectance in cartographic geometry and are atmospherically corrected. The satellite
has a temporal resolution of 5 days, and the spatial resolution varies between 10m to
60m depending on the wavelengths. The S2 has three vegetation-red-edge bands
(spatial resolution - 20m) dedicated specifically to identifying and analyzing vegetation
on the ground. S2 imagery was acquired for the years 2018, 2019, and 2020 with a
cloud filter of less than 10% through the Copernicus Open Access Hub (Copernicus
Open Access Hub, 2020). The spatial resolution of S2 bands is 10m, 20m, and 60m
(depending on the wavelength) and to maintain consistency all bands were resampled
to 10m spatial resolution using the bilinear interpolation technique in SNAP v.7.0.
(“SNAP - ESA Sentinel Application Platform”). The images were then subset for the
location of Clara Bog using SNAP Subset tool specifically looking at the subcentral and
submarginal ecotopes. The six widely used vegetation and water indices as mentioned
in Table 1 were extracted from Sentinel 2 imagery using SNAP Raster toolbox and were
averaged for each subset (using MATLAB v.2019a). These were then used as a proxy
for frar to model GPP using eq. 1. The formula and description of the indices are shown

in Table 6.1.
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Table 6. 1 List of vegetation and water indices used as a proxy for fpar to model GPP

Index Formula Description
Normalized Difference VI 1 = NDVI > 0.1 describes the presence
(NDVI) npyr = VIR = Red) d condition (health) of vegetati

=—— and condition (hea of vegetation.

(NIR + Red) vee
(Liu & Huete, 1995) (dimensionless index)
0.82EVI 2 0.2, improvement on NDVI -

Enhanced VI EVI It uses blue band to minimize noise
(EVI) caused by canopy background and

(Gao et al.,, 1993)

2.5 x (NIR — Red)

~ ((NIR + 6.0 * Red — 7.5 * Blue

atmospheric effects and, describes the

health of vegetation.

Land Surface Water Index

LSWI > 0.5; detects open water and

(NIR — SWIR) L i
(LSWI) LSWI = m highlights the wet-vegetation
(Gao et al,, 1996) communities.
Normalized Difference
NDWI2 is mainly used for the detection

Water Index (NIR — Green) . . .

NDWI2 = ——F«— and delineation of water bodies from
(NDWI2) (NIR + Green)

(McFeeters, 1996)

the soil and vegetation.

Modified Chlorophyll

Absorption in Reflectance

MCARI = ((REP1 — Red) — 0.2

MCARI depicts the leaf chlorophyll

* (REP1
Index concentrations and responds to LAI-
— Green))
(MCARI) ( REP 1) chlorophyll interactions.
*
(Daughtry et al., 1993) Red
REP2 (red edge position-2) depicts the
Red Edge Position
chlorophyll concentrations and
(REP2) REP2 =740 nm

(Curran et al., 1995)

highlights the green vegetation present

in the area.

6.2.5 LUE parameter (&)

Many remote sensing techniques, such as MODIS use look-up tables to derive € values

for specific biomes (Heinsch et al., 2006), and there is no class for wetlands or
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peatlands in the MODIS look-up table. € is also often calculated from a constant of €max
for specific biomes such as grassland, forests, and croplands by adjusting
environmental stressors (Zhang et al., 2021). However, Connolly and Holden (2009)
showed that € in peatlands varies over space and time.

Given the dearth of information on LUE parameter (€) for peatlands (Gan et al., 2021;
Lees et al.,, 2018), this study uses € values for the growing season and global fixed
values based on available studies as shown in Table 6.2. For future research at similar
near-natural sites, this study provides &site derived by rectangular hyperbolic curve
fitting using a Michaelis-Menten equation with EC-derived GPP and in-situ field PAR
data.

Table 6. 2 Literature-based LUE parameter values for peatlands

Time frame € (gCMJ1) Source
Growing season 0.61 [ Schwalm et al., 2006]
Annual 1.21 [Kross et al.,, 2016]
Growing season 0.83 [Gan etal., 2021]

6.2.6 The hybrid model calibration

For model calibration (Fig. 6.2), the values for the spectral indices outlined in Table
6.1 were extracted from nine cloud-free Sentinel S2 images in 2018. All six indices
(Table 6.1) were used as a proxy for fear to model GPP using equation 1. Field-
measured PAR for 2018 along with the literature-based LUE parameters (Table 6.2)
were also used as an input in equation 1. As a next step, multiple linear regression was
performed to test which indices significantly predicted the modelled GPP when
compared with the EC-derived GPP. The results of the regression indicated that
individually NDWI2, EVI, REP2, and NDVI showed a Spearman correlation between 0.8

to 0.95 whereas LSWI and MCARI showed a Spearman correlation of 0.77, as shown in
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Fig. 3. Therefore, NDWI2, EVI, REP2, and NDVI were selected as potential candidates
for the hybrid models and the fitted regression equations for all the three € values are
shown in Table 6.3. The adjusted R-squared ranged between 0.97 to 0.98 for all the
models with a p-value below 0.05. All the analysis and modeling work was performed

using R software (version 3.6.3) and relevant R packages.

GPP.MCARI.

GPP.REP.

GPP.LSWI.
coefficient

1.00
. 0.95
GPP.NDWI. 0.90

0.85

0.80
GPP.EVI.

GPP.NDVI.

GPP.EC. 0.8

Figure 6. 3 The correlation matrix of modelled GPP with EC-derived GPP for 2018 (red
represents a stronger positive correlation, blue-yellow represents a moderate positive
correlation and grey colour shows a correlation below 80%)

107



Table 6. 3 Multiple Regression based hybrid models

Model | €=0.61 (Schwalm et. al) €=0.83 (Gan et. al) € = 1.2 (Kross et. al)
1 3EVI — 1.1(NDWI2) 1.7EVI — 0.63(NDWI2) 2.5EVI — 0.9(NDWI2)
2 0.61NDVI + 0.44(NDWI2) 0.35NDVI + 0.25(NDWI2) | 0.5NDVI + 0.36N(DWI2)
3 1.75(REP2) — 0.81(NDWI2) (REP2) — 0.46(NDWI2) 1.4(REP2) — 0.67(NDWI2)

4 2.2EVI — 0.2NDVI 1.28EVI — 0.11NDVI 1.8EVI — 0.17NDVI

5 1.3(REP2) — 0.09NDVI 0.76(REP2) — 0.05NDVI 1.1(REP2) — 0.08NDVI

6 1.9(REP2) — 1.1EVI 1.1(REP2) — 0.61EVI 1.6(REP2) — 0.9EVI
6.3 Results

6.3.1 Seasonal Dynamics of meteorological parameters

The seasonal fluctuations of the main meteorological parameters are shown in Figure
6.4. The average daily air temperature varied between -3.3°C to 21°C for the year 2018
and -1.2°Cto 20°Cfor 2019 and 2020 (Fig 6.4a). The total annual precipitation received
for 2019 was 1034 mm and 1065 mm for 2020, whilst the precipitation in 2018 (595
mm) was much lower highlighting that 2018 was a drought year (Fig 6.4b).

In 2018, the water table (Fig 6.4c) ranged between -15 cm (negative sign indicates
below ground level) to 5.4 cm and it fluctuated between -14 cm to 8.05 cm for the years
2019 and 2020 (Fig 6.4c). However, the water table dropped to -5 cm on the 4th of June
2018 and remained 5 cm below the bog surface for 147 consecutive days in 2018 which
is almost twice the number of consecutive days in 2020 (70 days) and 2020 (81 days).
Daily values of air temperature and PAR showed characteristic seasonal patterns in all
years (Fig 6.4a and 6.4d), with the maximum measured incident daily PAR coinciding
with the maximum air temperatures representing the peak of the summer

period/growing season.
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Figure 6.4 The seasonal temporal dynamics of meteorological parameters (a) Average
air temperature(°C) (b) Total daily precipitation (mm) (c) Water table depth (cm) (d)
Total Daily PAR (M] m-2 d-1)

6.3.2 Light Use Efficiency parameter (esite) and Eddy Covariance GPP

The dynamics of GPP followed characteristic seasonal patterns in all years (Fig. 6.5a),
with an increase in both carbon assimilation and release associated with increasing air
temperatures and incident PAR during the spring and summer months. The total EC-
based annual GPP for 2018, 2019, and 2020 was -773.9 g C m?, -824.33 g C m2 and -
775.7 g C m2 respectively. GPP also showed seasonal variability with values for 2018
increasing to a maximum of -6.9 g C m2 on 28th June 2018, while the maximum GPP (-
6.6 g C m2) was observed on 23rd July 2019 and on 20th May 2020 (-5.7 g C m-2).
Significant seasonal variability was also observed in the LUE parameter with LUE
values following the seasonal dynamics of temperature and radiation with the highest
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values during summer (Fig. 6.5b). Values for 2018 ranged from 0.01g C MJ-! in mid-
February to 0.35g C MJ-! in mid-June, returning to 0.01g C MJ- in December. The LUE
parameter varied throughout the year from 0 to 0.41 g C MJ-! for 2019 and 2020, with
peaks reaching 28 June 2019 and 27 June 2020 (Fig. 6.5b). The annual ecosystem scale
value is derived for 2018, 2019, and 2020 using the Michaelis-Menten curve fitting

approach as 0.39, 0.42, and 0.38 g C MJ-1d-1 with R2 0f 0.71, 0.78, and 0.77.
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Figure 6. 5 The seasonal temporal dynamics of meteorological parameters (a) Daily
Gross Primary Productivity (g C m-2 d-1) (b) Light Use Efficiency parameter (&site) (g C
MJ1d1)

6.3.3 Validation of hybrid models
In total eleven cloud-free, Sentinel-2 images were used to derive indices for 2019 and

2020. All six hybrid models as shown in Table 6.3 were used as a proxy for fpar to model

GPP using the light use efficiency model (equation 1) for the € values presented in Table
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6.2. The modelled GPP was validated against EC-derived GPP for the years 2019 and
2020 which were climatologically wet years (Table 6.4). GPP estimates using models 2
and 4 showed a strong correlation with the EC-derived GPP using all the literature-
based € values with a Spearman correlation coefficient of 0.96 and 0.89 respectively as
shown in Figure 6.6. Models 5 and 6 exhibited a moderate correlation of around 0.61
to 0.69 with the EC-derived GPP while models 1 and 3 were poorly correlated with the

EC GPP with Spearman coefficient of 0.2 to 0.25 respectively.
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Figure 6. 6 The correlation matrix of modelled and EC-derived GPP for 2019 and 2020
(a) Correlation matrix for € = 0.61 (b) Correlation matrix for € = 0.83 (c) Correlation
matrix for € = 1.2 (warmer colour represents stronger positive correlation, cold colour
represents moderate positive correlation and grey colour represents values lower than
80%)

6.4 Discussion

All of the six Sentinel-derived indices were used to develop hybrid models which were
used as proxies for fear to model GPP along with field-measured PAR and literature-
based LUE parameters using the light use efficiency model approach. The global fixed
annual value (Kross et al., 2016) and growing season values (Gan et al.,, 2021; Schwalm

et al,, 2006) of the LUE parameter (€) were used to model GPP and these values were
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then compared with the EC-derived GPP to validate model performance. Model 2 which
included NDVI and NDWI2 showed the highest correlation (0.96) with EC-derived GPP
and one of the reasons might be that it was able to identify vegetation through NDVI
and water bodies through NDWI2. Model 4 which included NDVI and EVI showed a
correlation of 0.89 with the EC-derived GPP and was able to detect the vegetation well.
A study by Madugundu et al. (2017) found that using a single index to model GPP
under-estimated the flux values by 12% with EVI and overestimated the flux values by
20% with NDVI at an agricultural site. Similar studies highlight the importance of using
hybrid models instead of a single index for estimating GPP.

Models 1,3,5 and 6 showed poor to moderate correlation with EC-derived GPP.
Steenvoorden et al. (Steenvoorden et al., 2022) and Bhatnagar et al. (2018; 2020) also
highlight the difference in spectral signatures of raised bogs and challenges for
identifying ecotopes. A recent study by Lees et al. (2019) found that MOD17A2H GPP
product overestimates GPP modelled from data collected by EC towers situated at two
ex-forestry sites undergoing restoration in Scotland and at a near-natural blanket bog
site in Ireland (Lees et al, 2019). Site-level validation studies have also shown
moderate to low performance of MOD17A2H in capturing the seasonal and inter-
annual variation in flux estimation (Zhang et al., 2017). Even though some models
(Huang et al., 2019; Kang et al., 2018) have tried to incorporate remotely sensed
variables to enhance performance such as land surface temperature (LST) and LSWIin
the MODIS products, access to clear cloud cover-free imagery is a challenge that limits
the application of these models across various scales.

In this study, the hybrid models were developed using three years of data that align
with the deployment of the EC tower at this site in 2018, and this work represents a
novel attempt to develop hybrid models exclusively for raised bog systems. The

proposed models 2 and 4 in this study performed well with limited remote sensing
113



data for a near-natural peatland and highlight the potential to apply the models
developed across raised bogs with different management practices. Furthermore,
these models could have utility for other wetland systems and could be tested on
blanket bogs, fens, and turloughs and could also be used to spatially and temporally
upscale GPP models using the site-specific LUE parameter developed here or the
literature-based approach LUE parameter integration.
One of the limitations in this study was the availability of LUE parameter values in the
wider literature for sites similar to the one in this study, as there are limited studies
on peatlands that have reported seasonal, growing season, and annual LUE parameter
values (Gan et al, 2021; Kross et al., 2016; Schwalm et al., 2006). Even though
Sentinel-2 provides relatively high-resolution imagery, there is a need to use € values
from similar sites while using LUE models. Several studies use Photochemical
Reflectance Index (PRI) as a direct proxy for € however it is not possible with Sentinel
2 data due to limited band availability (Lees et al., 2018; 2020). This study reports
site-specific &site values based on LRC curves for a near-natural peatland during
extremely dry and normal climatic years which could be useful for the development
of additional GPP models. The mean annual ecosystem-scale light use efficiency
parameter values of 0.39 (dry year), 0.38-0.42 g C MJ-1 (normal years) were lower than
the literature values ranging between 0.61 to 1.2 g C MJ-1 (Gan et al,, 2021; Kross et al.,
2016; Schwalm et al., 2006). The annual ecosystem-scale light use efficiency values
reported for Clara west were not used to model GPP as it is calculated using EC-
derived GPP and PAR. Validating modelled GPP with EC-derived GPP would have
induced circularity into the model. However, the &site values from this study can be
used for modeling similar sites across Ireland and other temperate peatlands. This
study did not consider environmental stressors such as temperature and vapor

pressure deficit while estimating GPP to reduce model complexity. As mentioned by
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Kross et al. (2016) and Lees et al. (2018) scalars developed for other ecosystems may
not be appropriate for peatlands and there is a need for longer datasets from multiple
sites to develop or refine existing scalers. A recent study by Gan et al. (2021) uses a
water use efficiency approach to estimate ecosystem maximum light use efficiency
across 52 FLUXNET sites. Their results for seven biomes spread across the globe agree
well with experimental and modeling methods (Gan et al., 2021). As a next step, the
approach can be tested on satellites with limited band availability for remote locations

and across the drainage gradient of peatlands.

6.5 Conclusion

In this paper, the GPP of a near-natural peatland was successfully modelled using
Sentinel 2-derived vegetation indices and an LUE model. Six hybrid models based on
multiple regression were developed and tested for various literature-based LUE
parameter values specifically for raised bogs and modelled GPP using hybrid models 2
and 4 correlated well (0.89 to 0.96) with the EC-derived GPP. This study also reports
site-specific LUE parameter values based on light response curves for an drought year
and normal weather under normal climatological conditions years which could be
useful in the future to help upscale estimates of GPP in other studies on near-natural
peatlands. These results provide useful insights into the use of high-resolution derived
vegetation indices and their potential to be used across various scales and peatland
types. Additionally, this approach can be further refined using high-resolution imagery
such as Planet scope to estimate carbon fluxes from remote locations. This information
will also be useful as a reference for sensor selections and future sensor designs for

ecosystem studies.
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Chapter 7: General Discussion and Conclusion

7.1 Overview

Peatlands store a significant amount of terrestrial soil organic carbon (500 to 700
billion tonnes) as a part of the global carbon cycle (Gorham, 1991). Land-use
conversion through drainage for peat harvesting, agriculture, and forestry are some of
the main threats responsible for converting these ecosystems from a carbon sink to a
source, by compromising the hydrological balance and increasing rates of
mineralization and emissions (Blodau, 2002; Page & Baird, 2016). Climatic events such
as shifts in temperature and precipitation patterns also act as a catalyst to alter the eco-
hydrology of these ecosystems by further enhancing the rates of C and GHG emissions
(Biancalani & Avagyan, 2014; Evans et al.,, 2021). Itis crucial to understand the impacts
of drainage and climate change on these ecosystems along with the key drivers of the
emissions to fully understand their impact on climate feedback loops and to devise
climate-smart mitigation strategies (Leifeld & Menichetti, 2018). Detailed information
on C and GHG dynamics will aid in halting their emissions to the atmosphere by
enhancing the mitigation potential of peatlands via conservation, effective

rehabilitation, and restoration(UNEP, 2022; Wilson et al., 2022).

The primary aim of this PhD project was to develop an interdisciplinary approach to
understand the impact of anthropogenic activities and climatic variability on the
carbon and methane dynamics of raised bog ecosystems. This project represents a
novel attempt to integrate innovative experimental and observational techniques to
assess the impacts of various management activities across a drainage gradient in
these ecosystems. This work has enhanced our understanding of how carbon dioxide
and methane emissions vary both in space and time at sites across drainage gradients

which included an industrial peat extraction site, a former extraction site on the
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rehabilitation trajectory, and a near-natural raised bog. Eddy covariance and closed
chamber techniques were central to this research and were used to investigate the
spatial-temporal extent of carbon and methane emissions and to better understand the
key drivers of uptake or emissions. Chapter 3 describes the methodologies used to
assess this while Chapter 4 focuses on the impacts of drought events on net ecosystem
CO2 fluxes using the EC technique at a near-natural raised bog in Ireland. This chapter
also highlights the vulnerability and resilience of these ecosystems to drought events
and elucidated the key drivers governing the system's response to such events. In
Chapter 5, methane emissions from sites across the drainage gradient were measured
using closed-chamber techniques. These emissions were upscaled from the point-to-
site scale with the help of remote sensing and machine learning tools to broaden our
knowledge of ecosystem-scale methane dynamics. A new/novel remote sensing
approach was developed in Chapter 6 to model GPP (a major component of net
ecosystem carbon exchange) using a light-use efficiency model and hybrid indices for
raised bog ecosystems. This chapter (7) provides a synthesis of the research questions
from the individual research chapters and discusses the context of the respective
results with outputs from the wider scientific community (Section 7.2). To summarize,
the conclusions (Section 7.3) and broader implications (Section 7.4) of the work are
highlighted along with the limitations of the research, and suggestions for future

research (Section 7.5) are also outlined.
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7.2 Summary of the main findings

Research question 1: What are the impacts of climate change on the CO2 dynamics of
a near-natural bog and what are the key environmental and ecological drivers that
influence uptake/release?

Chapter 4 underlines the importance of drought periods and changing water table
height as key regulators of inter-annual variation in CO2 exchange at a near-natural bog
in Ireland. Based on four years of EC CO2 flux measurements, I found that the timing,
severity, and duration of drought have significant impacts on the water table height
and soil moisture which then influenced the net ecosystem CO2 uptake/release and
controlled the effect on the CO2 dynamics. A short but severe drought period marked
by a prolonged lowering of water table depth and lower surface soil moisture
conditions during mid-summer in 2018 increased rates of Reco while rates of GPP
remained constant, causing the study area to act as a source of C with an annual NEE
and release of 53.5 g C m2 in 2018. However, the site reverted to being a C sink
following the drought year and consistently acted as a C sink with annual NEE ranging
between -49.8 to -125.2 g C m for the remaining three years, which highlights the
vulnerability but also demonstrates the resilience and adaptive capacity of these
ecosystems to return to their natural state as a C sink. However, it is worth noting that
the lowest precipitation was recorded in 2021and the total number of days with a
water table below 5 cm were highest in 2021. However, the system was still acting as
a C sinkand it might be due to sporadic precipitation events during the growing season
that returned the water table close to the surface thus reducing C losses through Reco.
This highlights the importance of more long-term studies to determine the resilience
of peatlands to climate change and to better understand the role of key drivers of C
dynamics in more detail. This research question is addressed and discussed in detail in

Chapter 4.
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Research question 2: How do methane emissions vary at peatland sites across a
drainage gradient and how can these emissions be upscaled from the point to
ecosystem/site scale when considering the spatial heterogeneity of the sites?

Chapter 5 assessed methane emissions at study sites covering a broad spectrum of
various stages of bog condition and management practices which included near-
natural, degraded, and sites under rehabilitation. Methane emissions were measured
using closed chamber techniques at the dominant vegetation communities at all three
sites throughout 18 to 24 months. The average annual methane emissions varied
between 1.4 to 8.89 g C m2 y-1 at the near-natural site; -1.1 to 1.55 g Cm-2 y-1 at the site
under rehabilitation and 0 to 0.5 g Cm2 y-1 at the degraded site. This study also tested
the applicability of high-resolution multispectral satellite imagery and a variety of
mapping techniques with machine learning algorithms to provide fine-scale vegetation
maps. These maps were then used to upscale methane emissions from the point to
ecosystem scale with an overall accuracy of over 83%. Our results provide evidence
that upscaling is successful, as long as the dominant vegetation communities are
appropriately mapped at heterogeneous sites. The highest average annual methane
emissions were measured at the central ecotope at the near-natural site, and after
upscaling the fluxes to the ecosystem scale, the central ecotope showed the lowest
methane emissions due to the spatial extent covered, emphasizing the need to include
the complex spatial heterogeneity of peatlands and report upscaled flux values for
emission factor and site scale C budget estimation. Detailed information on this
research question and comparison to other similar studies can be found in the
discussion section of Chapter 5.

Research question 3: How can GPP be accurately estimated using remote sensing
techniques and which combination of EO indices is most appropriate for use in

peatland ecosystems? Furthermore, which light-use efficiency parameters can be used
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for near-natural peatlands and can they be applied to peatlands under variable
hydrological conditions?

In Chapter 6, the GPP of a near-natural peatland was successfully modelled using
Sentinel-2 derived indices and an LUE model. The model was calibrated during a dry
year with six widely used vegetation and water indices as a proxy for fpar. Six hybrid
models based on multiple regression were developed and validated during the
wetter/humid/normal climatic years. The modelled GPP using model 2 (0.96) and
model 4 (0.89) showed the highest Spearman correlation with the EC-derived GPP.
This study also reported site-specific LUE parameter values based on light response
curves for drought years and humid /wetter years which could be useful in the future
to estimate GPP at similar sites independently and under variable climatic scenarios.
These results provide useful insights into the use of high-resolution derived indices
and their potential to be used across various scales and peatland types. This research

question and our approach are addressed in detail in Chapter 6.

7.3 Limitations of research and suggestions for future work

e The global COVID-19 pandemic occurred during the second year of this
research, and the associated travel restrictions delayed the installation of
collars at the Lullymore and Garryduff sites reducing the measurement
duration from 24 months to 18 months.

e The closed chambers were able to capture CHs4 emissions with high spatial
coverage but their low temporal resolution might have missed episodic
emissions during exceptional climatic events. As an example, missing data
points due to limited access at particular sites due to flooding. The inclusion of
floating chamber measurements would have been beneficial in this specific case

to measure CO2 and CH4 emissions across the water/atmosphere interface.
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There is potential to apply the framework proposed in Chapter 5 for upscaling
chamber and eddy covariance measurements across other sites including
blanket bogs, fens, and turloughs. Additionally, to enhance the upscaling
approach proposed in Chapter 5, an understanding of the phenological
dynamics of the vegetation communities present could be useful, rather than
just the spatial variation at one point in time.

The EC technique provides high-frequency, real-time measurements of GHG
exchange across the soil, plant, and atmosphere continuum, however, the flux
measurements are limited to the flux footprint and it might be challenging to
upscale COz fluxes at heterogenous sites and to determine full ecosystem scale
budgets. The integration of closed chamber techniques with EC measurements
is potentially useful to provide insight into the spatio-temporal extent of the
fluxes. Another option would be the development of new flux footprint models
which will integrate the heterogeneity of the site and associated
uptake/emission characteristics in EC dynamics. The outputs of Chapter 4 can
be further used to study the effects of droughts on the biophysical processes
responsible for the net CO2 exchange in more detail, particularly using process-
based peatland models with the high temporal resolution to better understand
how these important C sinks might behave under future climate scenarios.

The availability of ground truth data such as ecological survey information for
cross-checking satellite-derived maps is sparse. Generally, the ground truth
surveys were conducted once a year at a particular point in time and they might
not fully represent the seasonality in the vegetation. It would be useful to update
ground truth data seasonally which will aid in the validation of satellite-derived

maps.
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e One of the major challenges in Ireland was the lack of available satellite images
due to high cloud coverage. This is particularly problematic when looking for
seasonal changes. During this study, summer and winter images were not
available for some sites, however, this could be resolved by integrating seasonal
UAV imagery. Additionally, the site-specific €site values estimated based on LRC
curves for a near-natural peatland during dry and normal weather years could
be used as a proxy for LUE-based GPP estimation at other similar sites.

e The amount of training data for machine learning algorithms play an essential
role in the overall identification of vegetation communities. Seasonal
drone/UAV imagery can aid in increasing the amount of training data sample

size.

7.4 Implications of the research

7.4.1 Utility of long term observational platforms to assess the impacts of
climatic variability

The results from Chapter 4 provides the first long-term EC flux and relevant
meteorological data from a near-natural raised bog in Ireland and highlights the
importance of long-term data for the estimation of emission factors and the global
warming potential of these systems. A four-year CO2 emission time series was shown
to be useful in analysing the impacts of climate change on these ecosystems and
highlighted both their vulnerability and resilience to these events. The study site was
a carbon source during the drought year but regained its carbon sink function
immediately in the following year and remained a carbon sink throughout the
remaining study duration even though the climatic conditions continue to fluctuate. As
outlined in Chapter 4, the timing and severity of WTD fluctuation resulting in deviation
of soil moisture were one of the key drivers of the emissions in the dry year.

Additionally, the research findings showed that Reco is more sensitive to warmer and
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drier summer conditions than photosynthesis. Furthermore, this study has observed
that the system remained a carbon sink even during the year 2021 which had the
lowest total annual precipitation and the highest number of days where the water table
was below 5 cm. This difference in the system behaving as a carbon source and a
carbon sink during two drought events highlights the importance of long-term studies
to capture multiple climatic events to understand the key drivers of these emissions
over a longer duration, and to use this information to enhance our understanding of
the climate mitigation potential of these systems. This and similar studies will also help
in refining Tier 2 emission factors from peatlands which will lead to precise National
emission inventory. The results from chapter 4 will also be helpful in validating process
based models and aid in upscaling the emissions across at regional and national scales.
This research provides first long-term carbon dioxide budget from near-natural raised
bog in Ireland which will help set up a baseline scenario to measure the success of
rehabilitation activities as numerous initiatives are underway from Bord na Moéna
(PCAS) and NPWS for effective rehabilitation of these ecosystems. Even though this
study only spans over four year duration, it is an important first step towards
understanding the vulnerability and resilience of near-natural peatlands to drought
events. In future, such studies will be valuable for refining mitigation and adaptation
framework and policies to harness impact of episodic climatic events such as drought,

flooding and wildfires on peatlands.

7.4.2 Methane emissions from Irish raised bogs across drainage gradient and

an approach to upscale fluxes

The results from Chapter 5 contribute to our understanding of the impact of drainage
on the methane dynamics of peatlands. Closed chamber measurements at dominant
vegetation communities helped assess hotspots of emissions which could lead to

123



effective and more informed rehabilitation strategies. This study proposed and
validated a novel, and to our knowledge, a first attempt to assess the potential of using
high-resolution satellite imagery with the RF machine learning algorithm (SMILE) to
upscale chamber-based methane fluxes from a point source to ecosystem scale across
selected raised bogs in Ireland. This work demonstrated a methodology to map
heterogeneous ecosystems with an overall accuracy of over 83%. There is potential to
apply the framework proposed in this research to help upscale chamber and eddy
covariance measurements across various types of peatlands such as blanket bogs, fens,
and turloughs. Rehabilitation and restoration is gaining a lot of attention as emission
reduction strategy globally and in Ireland. Methane emissions from near-natural,
under rehabilitation and degraded sites will provide an insight on methane budgets
along with hotspots of emissions. The emissions from sites across drainage gradient
will be useful as a reference to evaluate effect of rewetting and rehabilitation. The
mapping approach proposed in this thesis can aid in mapping detailed vegetation
communities at heterogenous sites and the simpler upscaling approach proposed in
chapter 5 can be easily extended across global peatlands to understand spatial extent

of emissions at site scale which will be useful for refining Tier 2 emission factors.

7.4.3 Hybrid models for peatland ecosystems and a methodology to estimate
GPP using remote sensing techniques

Chapter 6 demonstrates an approach to estimate GPP using remote sensing data at a
near-natural peatland site with a potential for application at sites that are inaccessible
and non-feasible for EC tower installation. Additionally, it also provides the best hybrid
models to be used exclusively for peatland ecosystems. Six widely used Sentinel-
derived indices were used to model GPP using multiple regression analysis and a light-

use efficiency model. A global fixed annual value and growing season values of the LUE
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parameter (&) were used to model GPP and these values were compared with EC-
derived GPP to validate model performance. NDVI, NDWI2, and EVI-based hybrid
models 2 and 4 performed well with an overall accuracy of over 89% throughout the
validation for all the € values. Results from this study show the potential of using
Sentinel-2 derived indices for GPP estimation using LUE models for raised bogs. This
study also reports site-specific € values based on LRC curves for a near-natural
peatland during drought and normal weather conditions, which could be useful for the
development of additional GPP models that can account for and integrate climatic
variability. The approach proposed in chapter 6 can be applied to estimate CO2 budget
from peatlands which are inaccessible or where measurements cannot be conducted

as it will help in refining the country specific and global emission budgets.

Globally, nature based solutions (NBS) are gaining a lot of attention due to their
potential to reduce carbon and GHG emissions on a shorter and longer time scale. In
peatland context, conservation of near-natural peatlands is proposed as an effective
NBS which is crucial for retaining ecosystem services provided by peatlands such as
flood management, water quality management, fire risk management, land subsidence
prevention, providing grazing and recreational areas. Additionally, rewetting followed
by restoration is gaining a lot of attention as a NBS to tackle emissions from degraded
peatlands. Peatland conservation and restoration also cuts across most United Nations
Sustainable Development Goals (SDGs) and to accomplish effective management of
these ecosystems, it is vital to achieve optimal tradeoff between CO2 decrease and CH4
increase. More detailed and long term studies are vital to increase our understanding
of these complex ecosystems to increase their mitigation potential. Ireland is reporting
GHG emissions and removals from managed wetlands to meet national, European and

international climate change targets. The knowledge we have gained from the carbon
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and GHG dynamics from peatlands across drainage gradient as a part of this research (
chapter 4, 5 and 6) has helped us better understand the impact of management
practices and climate change on these sensitive ecosystems and it will help harness
their mitigation potential along with refining tier 2 and 3 emission factors for Irish

peatlands.

7.5 Conclusion

In conclusion, the work presented in this thesis has contributed to our understanding
of carbon and GHG dynamics of these complex ecosystems along with key drivers of
the emissions. The summary of key findings from this research is as follows: (1) This
research has demonstrated how the EC technique along with an auxiliary sensor
network can help understand the impact of climate change on CO2 fluxes and the key
drivers affecting the emissions at a near-natural bog. (2) It has shown that using closed
chamber techniques to measure CH4 emissions at sites across drainage gradients helps
us understand emissions from dominant vegetation communities and has provided a
new methodology to upscale these fluxes accurately using high-resolution remote
sensing data and a machine learning approach (3) This research also suggested a new
approach that can be used to estimate GPP with the help of high-resolution satellite

imagery and combination of hybrid models proposed for raised bog ecosystems.

Overall, the research questions addressed in this thesis has helped enhance our
knowledge on carbon and methane emissions from various states of peatlands which
will help in optimising the trade-off between CO2 and CH4 emissions for effective
rehabilitation. It is also importance to estimate emissions from inaccessible peatlands
for precise emission inventory and I have proposed a way to estimate GPP using
remote sensing based model with the help of hybrid models which are developed
exclusively for raised bog ecosystems. Another important aspect that is covered in this
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PhD is a simple upscaling approach is proposed and successfully implemented at sites
across drainage gradient. All this information will be very useful in paving our way to

enhance mitigation potential of peatlands by retaining their carbon sink function.
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