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Abstract  

This study aimed to quantify the atmospheric greenhouse gas (GHG) fluxes of CO₂ and CH₄ 

from a naturally regenerated mixed woodland established on a cutaway peatland. Both CO₂ 

and CH₄ are critical contributors to climate change. CO₂ is responsible for long-term 

warming because it remains in the atmosphere for centuries, gradually accumulating and 

exerting a warming effect. In contrast CH₄ has a shorter lifespan, but it is far more effective 

at trapping heat in the short term, making it a potent driver of near-term climate warming. 

By monitoring these emissions, this research sought to estimate the net ecosystem 

exchange (NEE) (CO₂) and CH₄ to assess the peatland’s role as a carbon sink or source, 

providing crucial insights to inform climate change mitigation strategies for degraded 

peatland ecosystems. 

Continuous measurements were collected over  a 12-month period using two open-path gas 

analysers and a 3-D sonic anemometer mounted on an eddy covariance (EC) tower. These 

recorded raw atmospheric CO₂ and CH₄ concentrations and 3-D wind speeds at 10 Hz and 

averaged flux data over half-hour intervals. These high-frequency measurements allowed 

for a detailed temporal analysis of gas fluxes and contributed to calculating the ecosystem’s 

annual carbon balance. A closed transparent chamber was designed and built and used with 

a portable gas analyser to examine the below canopy contribution to the overall CO₂ fluxes. 

Results revealing that the below canopy habitat made a substantial contribution to overall 

CO₂ emissions, while the whole ecosystem still maintained a net carbon sink status. 

A comparison of gap-filling methods for flux data was conducted, with the random forest 

(RF) machine learning model outperforming other methods such as marginal distribution 

sampling (MDS) in terms of accuracy and reliability. This approach was crucial in addressing 

data gaps and modelling the fluxes.  

The gap-filled dataset, simulated using the random forest method, showed that CO₂ was the 

primary contributor to the total atmospheric carbon balance, with an estimated flux of –

28.9 t CO₂ ha⁻¹ yr⁻¹ (±0.07 SE). The model demonstrated strong predictive performance, with 

a correlation coefficient of 77% and a low root mean square error (RMSE) of the prediction 

of 3.95 µmol m⁻² s⁻¹ between the unseen and modeled data points. In contrast, CH₄ 

emissions were much lower, contributing only 0.01 t CH₄ ha⁻¹ yr⁻¹ (±0.0002 SE), with a weak 
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correlation between the unseen and modeled data points of 20% and a low RMSE of 0.0113 

µmol m⁻² s⁻¹. The uncertainty in both flux estimates was low, indicating a high level of 

confidence in the gap-filled time series produced by the random forest model. These results 

provide robust assurance of the model's ability to accurately predict GHG fluxes from this 

peatland ecosystem. 

After incorporating default GHG emissions for N₂O and DOC from IPCC (2013) values to 

estimate the total emission factor for the Lullymore site, the study revealed that the site 

remained as a significant carbon sink, with a total GHG emission factor of –26.4 t CO₂-eq 

ha⁻¹ yr⁻¹. This contrasts with emission factors reported for drained forests and rewetted 

peatlands. Methane emissions contributed very little to the overall emissions factor, 

estimated at 0.28 t CO₂-eq ha⁻¹ yr⁻¹ (including global warming potential). 

However, the study faced limitations, including data covering only one year and the absence 

of a below-canopy photosynthetically active radiation (PAR) sensor, which may have led to a 

slight overestimation of positive NEE values below the canopy. The study's findings 

emphasise the potential of low-maintenance, naturally regenerated mixed woodlands on 

degraded peatlands as an effective carbon mitigation strategy, supporting the need for this 

land-use category to be recognised separately from conventional forestry in GHG reporting. 

Future research should focus on multi-year monitoring to account for interannual variability, 

and adjustments in measurement infrastructure will be necessary as the woodland matures. 

Overall, this research highlights the substantial carbon sequestration potential of mixed 

woodlands on cutaway peatlands and provides critical insights for policy makers aiming to 

improve carbon accounting and enhance climate mitigation efforts. 
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1 Introduction  

 

1.1 Drivers of global climate change and policy 

Earth’s atmosphere is undergoing significant changes, which are affecting the energy 

balance between the atmosphere, oceans, and the land surfaces (IPCC, 2023). Greenhouse 

gases (GHG), such as carbon dioxide (CO₂), methane (CH₄) and nitrous oxide (N₂O), naturally 

trap heat in the atmosphere, keeping the planet habitable. However, as the concentration 

of GHGs in the atmosphere increase, this effect is enhanced, disrupting the natural energy 

balance of the Earth (Jain et al., 2015; Pörtner et al., 2022). 

Solar radiation is partly absorbed by the Earth’s surface and atmosphere, when absorbed, 

this radiation warms the Earth’s surface, while the radiation emitted back into space helps 

cool it (Begon et al., 1996; Kirk-Davidoff, 2018; Günther et al., 2020). Figure 1.1 illustrates 

how incoming solar (Shortwave) radiation is absorbed and reflected, and how outgoing 

infrared (Longwave) radiation interacts with GHGs, some of the radiation is trapped and 

emitted back to earth known as the greenhouse effect.  

 

Figure 1.1 Illustration of the greenhouse effect (photo: author) 

 

Increased anthropogenic GHG emissions from the burning of fossil fuels through various 

human activities, along with unsustainable land use and land use changes, are disrupting 

Earths energy balance and driving climate change (Begon et al., 1996; IPCC, 2022, 2023; 
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Pörtner et al., 2022). Since pre-industrial levels, global average emissions of CO₂, CH₄, and 

N₂O have risen by 151%, 265%, and 125%, respectively (WMO, 2024).  

The consequences of these increases are evident across the globe, temperatures are 

increasing the frequency and intensity of extreme weather events. In 2024, regions 

worldwide experienced record-breaking conditions, including droughts and wildfires in 

Chile, the western USA, and Canada ,while Brazil experienced severe flooding (WMO, 2024). 

Southeast Europe endured heat waves throughout the summer of 2024, followed by 

extreme flooding in central Europe between September and October 2024 (WMO, 2024). 

These implications pose unprecedented threats to people as well as wildlife and are 

increasing in frequency and severity (IPCC, 2022, 2023; Pörtner et al., 2022). 

 

Figure 1.2 Observed and modelled global temperature trends from 1850 to 2020. (IPCC, 2018). 

 

Global temperature trends indicate a clear human influence (IPCC, 2018, 2023). Figure 1.2 

illustrates observed and modelled global temperature change relative to the pre-industrial 

period (1850-1900), highlighting a steady rise in temperature particularly from the mid-20th 

century onwards, with the decades (1986-2005, 2006-2015) seeing pronounced warming 

exceeding 1°C above pre-industrial levels, largely attributed to human activity (IPCC 2018). 
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In 2024, global temperatures exceeded an average of 1.5°C above the pre-industrial level, 

with January to September 2024 recording the highest global average temperatures (WMO, 

2024).  

The 2015 Paris Agreement, established under the United Nations Framework Convention on 

Climate Change (UNFCCC), set a global framework to limit the rise in average global 

temperatures to well below 2°C above pre-industrial levels, aiming to limit the increase to 

1.5°C (UNFCCC and Change, 2017). The IPCC recommends achieving global net zero CO₂ 

emissions by 2050, with a plan to bring the net emissions of all other GHGs to zero later in 

the century (IPCC, 2018, 2022; Pörtner et al., 2022). In response, the European Union 

developed ‘The European Green Deal,’ outlining measures to make the EU climate-neutral 

by 2050 through actions such as expanding renewable energy, improving energy efficiency 

in buildings, promoting sustainable transport and farming, advancing a circular economy, 

protecting biodiversity, strengthening carbon pricing, and investing in green finance and 

green jobs (The European Commission, 2025). As part of the deal, the Nature Restoration 

Law was introduced in 2024 with the aim of restoring degraded ecosystems across Europe. 

This law sets binding targets to rejuvenate ecosystems, particularly those with the greatest 

potential to capture and store carbon, while also helping to prevent and mitigate the impact 

of natural disasters (Directorate-General for Environment, 2024; HAAHR, 2024). These 

measures are critical to reducing emissions, protecting ecosystems and limiting the most 

severe impacts of climate change.  

1.1.1 climate trends in Ireland 

In line with the changes in global climate, Ireland has also experienced intense weather 

events (Laino and Iglesias, 2025). As an island in Western Europe the climate in Ireland is 

heavily influenced by the Atlantic Ocean, therefore as temperatures increase in the ocean 

driven by increased GHG emissions this is contributing to shifts in Ireland’s weather patterns 

and temperature trends. A key indicator of these impacts is the rise in mean annual air 

surface temperatures recorded in Ireland, which has increased by approximately 1°C since 

the early 20th century (Noone et al., 2023), with warmer days becoming more frequent and 

frost days declining (Cámaro García and Dwyer, 2021).  

Average rainfall  has increased by nearly 7% since 1961, and the wettest decade on record 

was 2006–2015, highlighting both increased precipitation and unpredictability (Murphy et 
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al., 2018; Cámaro García and Dwyer, 2021; Noone et al., 2023). Extreme weather events are 

already causing tangible impacts. Severe rainfall leading to flash flooding in Sligo and Dublin 

in Ireland, mobilised contaminants such as agricultural runoff and sewage into waterways, 

posing public health risks (Laino and Iglesias, 2025). 

Future projections from climate models for 2041-2070 predict further disruption. Summer 

rainfall may decrease by up to 8% under low emissions and up to 5% under very high 

emissions, while heavy rainfall events are expected to rise significantly, days with over 

20mm of rain could increase by 8.8%-21% and days with over 30mm by 9-38% under low 

and high emission scenarios respectively (Nolan, 2024). These trends point to wetter 

autumns and winters and drier summers and more extreme weather emphasising the 

urgent need for adaption and climate mitigation measures.  

 

1.2 Peatlands and their role in the carbon cycle  

Peatlands can be described as a landscape with a deep layer of partially decomposed 

organic rich soil with a naturally high-water table (Page and Baird, 2016; Green and Page, 

2017). Similarly, the IPCC Sixth Assessment Report describes peatlands as carbon rich 

wetland ecosystems (IPCC, 2022). Peat soils contain over 30% organic matter, at least 50% 

carbon and have low bulk density, although classifications vary with factors like location, 

peat formation rate, water resources and climate (IPCC, 2013; Page and Baird, 2016). 

Peatlands are also known as ‘bogs’ in Ireland, but for the purpose of this study, they will be 

referred to as peatlands. Fens are a type of peatland ecosystem, but unlike raised or blanket 

peatlands which are primarily rain fed, fens receive water from groundwater sources. As a 

result, fens tend to be wetter and have slightly more alkaline soils (Feehan and O’Donovan, 

1996).   
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Figure 1.3 A near-pristine peatland in Clara, Co. Offaly Ireland (photo: author). 

In pristine peatland ecosystems (Figure 1.3 is an example of a near pristine peatland in 

Ireland) the amount of carbon released by respiring plants, animals, and micro-organisms, is 

balanced by the carbon that is fixed by plants through photosynthesis (Begon et al., 1996) 

and the carbon that is accumulated in the peat over time (Holden, 2005). However, this 

balance can be disrupted when environmental conditions change such as a drop or a rise in 

water table, air temperature, soil pH, vegetation, and peat depth, leading to the 

interference of the natural carbon cycle (Holden et al., 2004; Frolking et al., 2011; Renou-

Wilson et al., 2011; Jovani-Sancho et al., 2018). This disruption can cause large losses of 

carbon to the atmosphere as CO₂ and CH₄ (Rigney et al., 2018) and as Dissolved Organic 

Carbon (DOC) in waterways (Battin et al., 2009; Evans et al., 2017).  

Pristine peatlands have high water tables (WT) and dense vegetation adapted to acidic 

Figure 1.4 Schematic of the carbon exchange of a pristine peatland 
ecosystem during daylight (photo: author). 
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waterlogged conditions (Feehan and O’Donovan, 1996; Page and Baird, 2016; Green and 

Page, 2017). These conditions slow aerobic decomposition significantly, as micro-organisms 

inhibit the rate of decay which remains lower than the production rates (Feehan and 

O’Donovan, 1996). Vegetation varies with climate, topography, and water resources (Page 

and Baird, 2016). Northern peatland species such as sphagnum mosses decompose slowly, 

further reducing decay and peat accumulates from this partially decomposed material that 

is laid down in the wet conditions (Holden, 2005).  

Peat formation captures and stores carbon, with CO₂ sequestration increasing as peat depth 

grows (Feehan and O’Donovan, 1996; Holden, 2005; Frolking et al., 2011; Yu et al., 2011; 

Page and Baird, 2016). Figure 1.4 represents the carbon exchange within a pristine peatland. 

As peatlands mature anaerobic decomposition intensifies, releasing CH₄ and balancing the 

overall carbon exchange (Feehan and O’Donovan, 1996; Holden, 2005; Frolking et al., 2011; 

Renou-Wilson et al., 2011; Yu et al., 2011).  

Peatlands play a crucial role in regulating climate by capturing and storing vast amounts of 

atmospheric carbon over long periods. Their function is tightly linked to weather and 

climate, as changes in temperature and precipitation directly affect soil respiration and GHG 

exchange (Begon et al., 1996; Wilson, Farrell, et al., 2016).  

Global increases in average temperatures (WMO, 2024) threaten peatland hydrology, 

increasing evapotranspiration and causing a drop in the WT (Roulet et al., 1992; Renou-

Wilson et al., 2022). A study examining long-term peatland dynamics since the Holocene 

highlights that WT in peatlands is primarily influenced by precipitation, with temperature 

playing a secondary or indirect role (Charman et al., 2009). However, rising temperatures 

can accelerate drying, potentially increasing CO₂ and CH₄ emissions through enhanced soil 

respiration (Jovani-Sancho et al., 2018; Wilson et al., 2022).  

Peatlands also release DOC and particulate organic carbon (POC), both representing carbon 

loss through oxidation and erosion (Schindler et al., 1996; Palmer et al., 2001; Evans et al., 

2017). Both DOC and POC contribute to off-site GHG emissions as waterlogged conditions 

can be leached or eroded in nearby water courses (Evans et al., 2017), where they can be 

retained in sediments altering nutrient ratios in the water (Dillon and Molot, 1997) 

potentially causing biodiversity loss. 
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1.2.1 The importance of soil organic carbon in peatlands 

Peatlands cover less than 3% of the global land area (Figure 1.5), yet they store a significant 

one-third of the Earth’s total Soil Organic Carbon (SOC) therefore they have a crucial role to 

play in regulating climate change (Baldocchi, 2003; Holden, 2005; Yu et al., 2011; Green and 

Page, 2017; Xu and Goodacre, 2018).  

 

Figure 1.5 Global land area map of peatlands (Greifswald Mire Centre, 2022). 

Land use change such as drainage of peatlands and removal of peat and vegetation disrupts 

natural functions and releases stored carbon. Globally in 2023 organic soils (primarily 

peatlands) contributed 1.2 Gt CO₂ to the LULUCF sector (Crippa et al., 2024). Between 2000-

2009 land use change on peatlands solely was estimated to release 0.9 Gt CO₂-eq yrˉ¹ , 

highlighting their vulnerability to land-use change (Wilson et al., 2015; IPCC, 2018).  

Peatland restoration through rewetting has the potential to restore their carbon 

sequestration function. Compared to drained conditions, rewetting typically reduces CO₂ 

emissions from organic soils and under favourable conditions can even restore the site to a 

net CO₂ sink (Wilson et al., 2013, 2022). However, in the first few years following rewetting, 

some sites may still act as a CO₂ source, the time required for recovery varies (David Wilson 

Catherine Farrell, and Müller, 2012; Wilson et al., 2015, 2022; Wilson, Farrell, et al., 2016; 

Rigney et al., 2018). Based on global data, it is estimated that rewetting could capture 

between 0.5 and 1.3 Gt CO₂-eq per year (IPCC, 2021).  
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Globally, CH₄ has risen 265% since the pre-industrial era (WMO, 2024), accounting for 18.9% 

of total GHG emissions in 2023 (Crippa et al., 2024; WMO, 2024). Intact northern peatlands 

are a notable source of CH₄, (7.6–15.7 g C m−2 year−1 across 186 sites), with emissions 

influenced by water table depth, vegetation and soil pH peaking when WT is near the peat 

surface, or just above in fen ecosystems (Abdalla et al., 2016).  

Peatlands worldwide are increasingly affected by climate change and rising temperatures 

may reduce CH₄ emissions but increase CO₂, potentially disrupting the carbon balance 

(Turetsky et al., 2014). A study by Swindles et al. (2019) examining long-term records show a 

clear drying trend. They found that 60% of sites across European peatlands including Britain, 

Ireland, Scandinavia, and mainland Europe, were drier in the past two centuries than over 

the previous 600 years, with 24% drier than they had been for the past 2,000 years. These 

findings emphasise the growing vulnerability of peatlands and urgent need for improved 

management and restoration. As drying continues, even restored or near-natural peatlands 

risk becoming carbon sources, releasing carbon into the atmosphere (Dieleman et al., 2016; 

IPCC, 2021, 2022). A 12-year study in Sweden supports this concern, showing that when the 

water table fell below 20 cm, net CO₂ uptake declined to -18 g C m⁻² from the 12-year 

average of -58 g C m⁻², highlighting that prolonged drier conditions could significantly alter 

peatland carbon dynamics (Peichl et al., 2014). 

 

1.2.2 Irish peat soils organic carbon  

Estimates of Irelands peatland area have become increasingly more precise over time. 

Connolly and Holden (2009) reported that 20.6% of Ireland is peatland, a significantly larger 

proportion than earlier estimates (Hammond, 1981; Connolly et al., 2007). Recent advances 

in remote sensing and mapping technologies have further refined these estimates (Gilet et 

al., 2024; Habib et al., 2024; O’Leary et al., 2025). Gilet et al. (2024) introduced the third 

version of the Adaptive Mapping Framework (AMF), originally developed by Connolly et al. 

(2007), incorporating detailed data on both shallow and deep peat soils critical for carbon 

storage. With an additional 20,000 data points, the updated framework indicates that peat 

soils cover approximatly 1.66 million hectares, 23% of Ireland's land area, demonstrating the 

extent of these crucial carbon rich soils (Figure 1.6).  
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Figure 1.6 The third version of the adaptive mapping framework (AMF), Irish peat soils  map (Gilet et al, 2024). 
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Renou-Wilson et al. (2022) based SOC estimates on the peatland map produced by Connolly 

and Holden (2007), but no updated SOC estimates have yet been made using the latest Irish 

peatland maps. Renou-Wilson et al.'s (2022) findings indicate that intact raised bogs in 

Ireland store 3,037 t C ha-1, significantly higher than the 2,000 t C ha-1 estimated by Feehan 

and O'Donovan (1996). Moreover, lowland and mountain blanket peatlands hold 1,550 t C 

ha-1 and 1,248 t C ha-1, respectively, underscoring the carbon storage potential of Irish 

peatlands (Renou-Wilson et al., 2022).  

Renou-Wilson et al. (2022) reported that cutover raised peatlands (Figure 1.7) (drained but 

not harvested) retain about 80% of the SOC capacity of intact peatlands, whereas cutaway 

peatlands (Figure 1.8) (drained and industrially harvested) hold only around 40% of the SOC 

of intact peatlands.  Based on their data, the report concludes that all peatlands in Ireland, 

whether degraded, intact, or altered through land use change, store approximately 2,216 

Mt of carbon. Of this, 42% is held in raised peatlands, another 42% in lowland blanket 

peatlands, and 15% in mountain blanket peatlands.  

This SOC estimate from Renou-Wilson et al. (2022), for Irish peatlands is significantly higher 

than previous estimates, such as Eaton et al. (2008), which estimated 1,469 Mt, and 

Tomlinson (2005), who reported 1,071 Mt. The underestimation in these earlier reports is 

likely due to limited knowledge of peat depth variability and how carbon density changes 

with depth (Wellock et al., 2011; Renou-Wilson et al., 2022). Given that the new map by 

Gilet et al. (2024) identifies nearly 3% more peatland coverage than Connolly and Holden 

(2009), these figures are expected to increase, highlighting the even greater importance of 

peatlands in Ireland. Additionally, the more advanced classification of peatlands, particularly 

regarding peat soil coverage and peat depths (O’Leary et al., 2025), will enable more 

accurate estimates of SOC in Irish peat soils. Peat soils in Ireland represent a substantial 

proportion of the national land area and play a key role in carbon storage and climate 

regulation.  
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Figure 1.7 A Cutover Peatland, Cloncrow, Tyrrellspass County Westmeath Ireland (photo: author). 

Figure 1.8 A Bord na Móna cutaway bog in County Offaly Ireland (photo: author). 
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1.3 NEE on peatland ecosystems  

Net ecosystem exchange (NEE) represents the balance between CO₂ uptake through 

photosynthesis and CO₂ release through ecosystem respiration. In peatlands, measuring NEE 

provides valuable insights into whether the ecosystem acts a net carbon sink or source for 

CO₂ (IPCC, 2001; Kirschbaum et al., 2001). In Ireland, approximately 85% of peatlands are 

degraded due to land use change, drainage and extraction, these activities alter carbon 

balance (Renou-Wilson et al., 2019). Rewetted peatlands often display mixed NEE results, 

reflecting the intricate processes of recovery. For instance, a rewetted raised bog in Offaly, 

Ireland was a small carbon source (66 ± 168 g C m¯² yr¯¹) (Wilson et al., 2015), while a 

similar site in Galway, Ireland, acted as a modest sink (-49 ± 68 g C m¯² yr¯¹) (Renou-Wilson 

et al., 2019). Rewetted blanket bogs in Clare and Tipperary, Ireland, ranged from moderate 

to substantial sources of NEE values observed (131.6 ± 298.3 g C m¯² yr¯¹  and 585.3 ± 

241.52 g C m¯² yr¯¹ , respectively)(Rigney et al., 2018), highlighting the influence of prior 

land use and recovery time on NEE outcomes.  

In contrast, near-pristine peatlands typically remain consistent carbon sinks, such as those in 

Sweden (NEE -58 ± 21 g C m¯² yr¯¹ )(Peichl et al., 2014), and Scotland (NEE -114 g C m¯² yr¯¹ 

)(Hambley et al., 2019), where wetter conditions enhance CO₂ uptake. Drained and 

extracted bogs, on the other hand, emit significant carbon, as seen from NEE values 

estimated in Mayo, Ireland (42 ± 23 g C m¯² yr¯¹ to 138 ± 11 g C m¯² yr¯¹), (Wilson, Farrell, et 

al., 2016), Boora, Offaly (182 g C m¯² yr¯¹), and Middlemuir, Scotland (93 g C m¯² yr¯¹) 

(Wilson et al., 2015).  

Together these findings illustrate how peatland condition whether drained or pristine 

fundamentally determines CO₂ exchange and underscores the importance of understanding 

NEE dynamics to guide restoration and climate mitigation efforts. 
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Table 1-1 NEE measurements from temperate peatlands, ordered from negative NEE (carbon sink) to positive NEE (carbon source) (table: author).  

 

 

  

 

 

 

 

 

 

 

 

Table 1.1 summarises NEE values from various studies on temperate peatlands, organised in order from negative to positive NEE values. This 

order highlights a trend, correlating NEE values with the condition of the peatland, ranging from near pristine or rewetted sites acting as 

carbon sinks (negative NEE), to some rewetted and all drained peatlands typically functioning as carbon sources (positive NEE). 
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1.4 Exploitation and land use change of peatlands in Ireland  

1.4.1 Peatlands in Ireland 

Irish peatlands are some of the oldest remaining ecosystems in the country and are home to 

a unique range of flora and fauna. Consisting of blanket bogs, raised bogs and fens they 

have shaped distinctive landscapes across the country (National Parks and Wildlife Service, 

2015). Gilet et al. (2024) estimate that peat soils cover 1.66 million hectares (23%) of 

Ireland's 6.89 million hectares. This extensive coverage underscores their importance for the 

country's environmental and carbon management efforts. 

Human activities are the primary cause of degraded peatlands in Ireland, due to activities 

such as drainage for the extraction of peat and land reclamation for agriculture, 

afforestation and wind farm development, and have severely altered peatland hydrology 

and ecology (Renou-Wilson et al., 2011, 2019; Eaton et al., 2008; Malone and O’Connell, 

2009; Renou-Wilson et al., 2019; The Climate Change Advisory Council, 2019). Peat 

harvesting in particular, involves the removal of upper layers of peat, until extraction is no 

longer economically viable, leaving behind cutaway sites (Feehan and O’Donovan, 1996; 

Schouten, 2002). 

1.4.1.1 Raised peatlands  

Raised peatlands are more commonly found in the midlands of Ireland, where annual 

average precipitation is 750- 1000 mm (Renou-Wilson and Byrne, 2015). Formed on higher 

ground approximately 10,000 years ago at the end of the last ice age, vegetation around 

shallow meltwater lakes partly decomposed, accumulating into thick peat layers that rose 

above ground water level. These became ombrotrophic peatlands, receiving water solely 

from precipitation (Mitchell and Ryan, 1997). When fully established, raised peatlands have 

a significant peat depth ranging from 3 to 12m with an average of 7.5m (Feehan and 

O’Donovan, 1996). Peatlands have also been influenced by climate. Around 5,200 years ago, 

wetter conditions, likely linked to shifts in North Atlantic weather patterns, brought 

increased rainfall to northwest Europe, including Ireland, promoting development and 

expansion of peatlands and affecting both their water balance and carbon accumulation 

(Roland et al., 2015). Deeper peat in raised peatlands also rendered them valuable for 

exploitation by peat extraction (Renou-Wilson and Byrne, 2015). 
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1.4.1.2 Blanket peatlands  

Blanket peatlands, more extensive than raised peatlands in Ireland (see Figure 1.6, section 

1.2.2) are divided into Atlantic and Mountain types, found in western lowlands and 

mountain tops, respectively (Feehan and O’Donovan, 1996). They developed 4,000 and -

7,500 years ago in areas receiving over 1200 mm of annual precipitation (Mitchell and Ryan, 

1997). Their formation and Holocene expansion were mainly driven by cool, wet climatic, 

conditions, with distribution tightly controlled by thresholds of temperature and moisture 

(Gallego-Sala et al., 2016). Shallower than raised peatlands, averaging 2.5m depth, they are 

sometimes named “blanket bog” or “blanket peatland” because they form a ‘blanket’-like 

layer of peat across the land area (Renou-Wilson and Byrne, 2015). Peat is usually more 

acidic in blanket peatlands than in raised peatlands (Foss et al., 2001). Both peatlands types 

are naturally treeless (Renou-Wilson and Byrne, 2015) and develop ground cover vegetation 

such as sedges, bog rushes, purple moor grass, bog cotton and sphagnum mosses (Laine, 

2006; Sottocornola, 2007).  

 

1.4.2 Industrial peat extraction and Bord na Móna  

Peat has been used in Ireland as a domestic fuel since at least the 7th century, initially being 

extracted by hand which did not require extensive drainage (Clarke, 2010). Often referred to 

as barren land or wasteland, gained commercial value in the 19th century, when they were 

drained for use as agricultural land. Later in a report produced by the ‘Dáil Peat Committee’ 

in 1921 (Clarke, 2010) the commercial value of peat was underlined, marking the beginning 

of industrial peat extraction for fuel in Ireland (Hammond, 1981). 

In 1934 the Turf Development Board (TDB) was established (Clarke, 2010) with the intention 

to industrialise peat extraction for the production of electricity and fuel (Hammond, 1981; 

Mitchell and Ryan, 1997) . In 1946, TDB officially changed names to Bord na Móna 

(Andrews, 1982) and established an agreement with Electricity Supply Board (ESB) to use 

peat for industrial electricity and fuel, peaking at 40% of the national energy supply in the 

early 1960s (Feehan and O’Donovan, 1996). 

By the 1970’s, Bord na Móna exploited 55,000 ha of peatlands across mainland Ireland (see 

Figure 1.6, section 1.2.2 for map of raised peatlands), producing approximately 4 million 

tons of peat per annum (Mitchell and Ryan, 1997), yet harvesting equipment and weather 
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limitations hindered targets, causing financial strain (Feehan and O’Donovan, 1996; Clarke, 

2010). Although there were continuous setbacks to the industry, between 1946-1974 Bord 

na Móna had acquired approximately 90,000 ha of peatlands in Ireland and was the second 

largest peat extraction company in the world by 1995, with 13 active production sites in 

Ireland alone (Feehan and O’Donovan, 1996; Clarke, 2010) The scale of industrialisation 

underscores the significant environmental pressure and degradation inflicted on Irish 

peatlands. 

1.4.3 The impact of drainage on peatlands 

Peatlands have been drying out over the past 2,000 years due to climate change, with 

drainage from human activity greatly accelerating this trend (Swindles et al., 2019). Globally 

15% of peatlands, mostly in Europe and Asia have been drained, contributing 5% of 

anthropogenic GHG emissions (Green and Page, 2017). Changes in WT directly impact 

peatlands’ potential to act as a sink (to absorb) or a source (to release) GHGs (Laine, 2006; 

Kiely et al., 2009; Yamulki et al., 2013; Goffin et al., 2015; Jovani-Sancho et al., 2018). In 

pristine peatlands the WT is naturally high, slowing decomposition, limiting CO₂ release but 

producing CH₄ (Feehan and O’Donovan, 1996; Frolking et al., 2011; Renou-Wilson et al., 

2011). When peatlands are drained the rate of decomposition increases, thus reducing CH₄ 

production however increasing CO₂ production (Laine, 2006). Drainage accelerates 

decomposition, reducing CH₄ but sharply increasing CO₂ emissions, with losses up to 8 t C 

ha⁻¹ yr⁻¹, approximately ten times more than the amount of carbon peat is estimated to 

accumulate in the same time period (Feehan and O’Donovan, 1996). 
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Figure 1.9 Open drainage ditch on a cutaway peatland Lullymore county Kildare Ireland (Photo: author 

Draining peatlands consists of constructing furrows which are shallow and close together, 

and ditches (Figure 1.9) that are typically deeper and broadly dispersed (Holden et al., 

2004). These alter the peatlands hydrology and further influence surrounding water 

resources (Strack et al., 2006). A study of drained, afforested peatland in Ireland, found that 

high winter precipitation substantially increased in the maximum rate of run-off. The 

increase was similar to what would be expected if the area had no vegetation, implying that 

afforestation offers little benefit to the hydrological balance, when compared to a pristine 

peatland due to the drainage carried out (Lewis et al., 2013). It was also noted by Holden et 

al., (2004) that the hydrology of peatlands is not only influenced by the initial process of 

drainage, but even after the forests are semi-mature or established the hydrological balance 

remains affected. 
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1.4.4 Sink source function of industrialised forestry on peatlands 

It is estimated 11.6% of Ireland’s landcover is forested (Figure 1.10), just over 1% increase 

since 2012 (10.5%) (DAFM, 2022). Since the late 1980’s, Ireland has invested heavily in grant 

aided afforestation schemes to increase the percentage of forest land cover (DAFM, 2015), 

with Industrial forestry often targeting peatlands which make up a large proportion of 

forestry land (Byrne and Farrell, 2005.). The percentage of forestry planted on peat soils is 

estimated at 38.4%, declining since the previous report in 2020 from 39.2% (DAFM, 2020, 

2022). The presence of peat soils under agricultural land has contributed to the stabilisation 

of the percentage of peatlands being afforested.  

 

However, there has been a decline in afforestation on blanket peatlands (DAFM, 2022). The 

decrease in peatlands being afforested or continuously used for forestry, may be due to the 

slow return on investment and the increasing awareness of the high ecological value 

Figure 1.9 Map of Irish forestry cover in green (DAFM 2022). 
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peatlands have for biodiversity (Feehan and O’Donovan, 1996; Foss et al., 2001). In addition, 

the role of peatlands in carbon sequestration has also gained greater attention in research 

(Sottocornola and Kiely, 2010; Wilson, Farrell, et al., 2016). 

In Ireland, industrialised forests were typically monocultures, predominantly comprising of 

non-native coniferous species such as Sitka spruce (Byrne and Farrell, 2005). Currently the 

land forest area consists of 69.4% conifer species (DAFM, 2022), significantly impacting both 

the carbon and hydrological balances of these ecosystems (Wellock et al., 2011). Hargreaves 

et al. (2003) found that afforestation with Sitka spruce on peatlands produced relatively low 

CO₂ and CH₄ emissions, suggesting potential GHG benefits. The study in Scotland, tracked 

various stages of afforestation: as a pristine peatland, sequestered around -0.25 t C-CO₂ ha-1 

yr-1, which increased to a source 2-4 t C-CO₂ ha-1 yr-1 following drainage and ploughing. 

During early tree growth (4-8 years), carbon uptake was approximately -3 t C-CO₂ ha-1 yr-1 

rising to -2 to -5 t C-CO₂ ha-1 yr-1 as the forest matured (8-26 years). By year 26, the site had 

accumulated around -54.2 t C-CO₂, highlighting the net carbon sequestration potential of 

industrialised forests (Hargreaves et al., 2003). Figure 1.11 displays the data from 

Hargreaves et al. (2003) regarding carbon sequestration in afforested peatlands at different 

stages. The lower emissions from the afforested peatland were estimated to last until 

harvest, with carbon stored in tree biomass remaining in situ until the trees are harvested or 

reach the end of their lifespan (Hargreaves et al., 2003). It is important to note that this 

study focused on industrial forests intended for harvesting once mature and centred on gas 

exchange while the areas were vegetated. 
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The study by Hargreaves et al. (2003) highlights the relationship between forest age and 

GHG exchange over time. Supporting this, Besnard et al. (2018) found that carbon 

sequestration varies with forest age, and that both age and management practices 

significantly influence the spatial and interannual variability of NEE across 126 forest eddy-

covariance flux sites globally. 

In addition to age, a study found that clear felled peatland forests are significant sources of 

GHGs, with CO₂ emissions accounting for the majority of the total annual GHG balance 

(82.5%, 23.3 t CO₂-eq ha⁻¹ yr⁻¹). N₂O emissions also contributed significantly (17.1%, 4.8 t 

CO₂-eq ha⁻¹ yr⁻¹), while CH₄ emissions were minor (0.4%, 0.1 t CO₂-eq ha⁻¹ yr⁻¹) (Tikkasalo et 

al., 2024). Harvesting industrial forests leaves behind waste biomass, which decomposes on-

site and releases the stored carbon back into the atmosphere (Jovani‐Sancho et al., 2021). 

Beyond the impact of clear-felling, pre-planting activities also contribute to carbon 

emissions. A two-year study by Hommeltenberg et al. (2014), of an industrial peatland 

forest in Germany found it acted as a strong carbon sink (−130 ± 31 and −300 ± 66 g C m−2 

yr−1 in the first and second years, respectively). However, when the emissions from drainage 

and peat extraction prior to planting were included, the site became a carbon source. The 

Figure 1.10 Estimated carbon sequestration in afforested peatlands at different stages (Hargreaves et al., 2003). 
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authors estimated that the forest would need to remain for over 140 years to offset the 

emissions, which were estimated to be 134 t C ha-1 over the previous 44 years 

(Hommeltenberg et al., 2014). 

Wellock et al, (2011) found that SOC in established peatland forests was lower than those in 

intact peatlands, likely due to pre-afforestation actions such as drainage, which also affected 

the WT. similarly a 60-year simulation of a coniferous plantation on drained agricultural 

peatland in Sweden, found that when focusing on CO₂ and N₂O emissions from tree biomass 

and soil, the forest acted as a source of emissions for the first 39 years and a sink thereafter 

(He et al., 2016). When carbon losses from harvested tree biomass were included, the study 

concluded that an 80-year rotation could not offset the carbon lost from the peat during the 

same period (He et al., 2016).  

Not all cutaway peatlands or pristine peatlands are suitable for commercial forestry and 

certain measures must be implemented before afforestation. Deep peat, often associated 

with a high WT, inhibits most tree growth, so the area’s physical and biochemical properties 

must first be altered. This may involve the creation of drainage channels, continued 

drainage, the addition of fertiliser, occasional ploughing, and weed control (Renou-Wilson et 

al., 2008). Yamulki et al., (2013) suggest that planting pine trees on peat, without intensive 

drainage, could produce lower net GHG emissions compared to those from near-pristine 

peatlands. Though, this study does not account for vegetation respiration or NEE. Renou-

Wilson et al., (2007), found that afforesting cutaway peatlands with native birch could help 

restore the woodland’s carbon sequestration potential, but impact on the GHG balance 

depends on the management approach (Renou-Wilson et al., 2008).  

 

 

1.5 The concern for environmental sustainability  

Environmental concerns over peatland degradation was highlighted as early as the 1980’s 

(Clarke, 2010), with conservation measures introduced in the 1990s (Feehan and 

O’Donovan, 1996). Bord na Móna produced a report in 1988 suggesting that cutaway with 

deep peat should be used for forestry or natural revegetation, and low-lying areas should be 

converted to wetlands or lakes (Clarke, 2010). Later Renou-Wilson et al., (2008) 
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demonstrated that industrialised forestry on cutaway depends on environmental factors 

and is often not economically viable. As awareness of peat’s unsustainability in horticulture 

grew, Bord na Móna began to look at alternative growing media for horticultural products, 

such as green waste and bark mulch to reduce the use of peat-based compost and products 

(Clarke, 2010). These developments marked the beginning of recognising the environmental 

impacts of peat exploitation and the need for restoration strategies on cutaway.  

Following the introduction of the Kyoto protocol in 1997, which aimed to reduce GHG 

emissions introducing a tax on the use of certain energy products in the EU (The Climate 

Change Advisory Council, 2019), an Irish government report (1998) recommended closing 

peat power stations to reduce emissions (Clarke, 2010). This shift prompted Bord na Móna 

to explore alternative business models and invest in research on peatland carbon dynamics 

(Clarke, 2010). Bord na Móna who own around 80,000 ha of peatlands, ceased peat 

extraction in 2020. Since then, two remaining power stations have closed (Bord na Móna, 

2021b) and the remaining Edenderry power station in December 2023 transitioned to a 

biomass based power station (Bord na móna, 2024). Research in the late 1990’s, 

determined that restoring peatlands could re-establish their carbon sink function (Feehan 

and O’Donovan, 1996) afterwards international initiatives were launched to develop 

management strategies to restore peatlands GHG balance (Clarke, 2010).  

 

1.5.1 Restoration of peatlands in Ireland  

As recognition of the need to conserve peatlands grew, the EU Habitats Directive (1992), 

designated intact and undisturbed peatlands as special areas of conservation (SAC) (Feehan 

and O’Donovan, 1996; National Parks and Wildlife Service, 2015). Despite ongoing peat 

extraction at the time , progress since then has improved to protect the remaining intact 

peatlands and restore exploited peatlands (Clarke, 2010). Central to these initiatives is re-

establishing peatlands function as carbon sinks, crucial for addressing climate change 

mitigation, while also supporting biodiversity and improving water quality. By prioritising 

restoration on degraded peatlands, Ireland aligns with national and global climate goals, 

optimising the environmental and climate benefits these ecosystems can provide (Girkin et 

al., 2023).  
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National initiatives such as the National Peatlands Strategy (NPWS, 2015) and the Peatlands 

and Climate Change Action Plan 2030, outline management frameworks that promote  

sustainable ecosystems services, including improving biodiversity, water filtration, nutrient 

cycling, flood and erosion control and carbon sequestration (O’Connell et al., 2021). The 

strategy, developed by the National Parks and Wildlife Services (NPWS) includes detailed 

management plans, policies, monitoring and reporting of progress , providing more effective 

and responsible management of Irish peatlands (National Parks and Wildlife Service, 2015). 

The peatlands and Climate Change Action Plan 2030 developed by the Irish Peatland 

Conservation Council (IPCC) (2021), aims to protect and support ecosystem functions, across   

peatlands. By enhancing their resilience to climate change, allocating funding, implementing 

good management plans, and educating people on the importance of peatlands (O’Connell 

et al., 2021). This was further reinforced by the EU Nature Restoration Law (2024), which 

states that at least 20% of the EU’s land and seas areas must be restored by 2030, including 

30% of drained peatlands under agricultural use, aiming for 50% by 2050 (HAAHR, 2024).  

In Ireland, The Peatlands Climate Action Scheme (PCAS), also known as the Enhanced 

Decommissioning, Rehabilitation, and Restoration Scheme (EDRRS), launched in 2021 

represents one of the largest restoration efforts on peatlands (Bord na Móna, 2021a; 

O’Connell et al., 2021). Funded through €108 million from the EU Climate Action Fund and 

€18 million from Bord na Móna, the scheme focusses on rewetting and restoring cutaway 

peatlands to enhance carbon storage and reduce emissions (Government of Ireland, 2020; 

Bord na Móna, 2021a). In addition to this, the restoration efforts will also enhance 

biodiversity, improve water quality, and support effective catchment management (Bord na 

móna, 2024). 

Since 1990, approximately 37,000 hectares of peatlands have been rehabilitated, including 

19,000 hectares under the EDRRS scheme, about 45% of Bord na Móna's land holdings. In 

addition to EDRRS, other projects are also funding restoration work on peatlands. The " 

Peatlands and People" project for example, involves planting sphagnum plugs on 

rehabilitated sites to promote vegetation recovery and accelerate the reestablishment of 

peatland species across these restored areas (Bord na móna, 2024). 

As part of the EDRRS, monitoring and verification was established to assess the ecological 

status of rehabilitated areas and to monitor carbon emissions across 11 different peatlands 



26 
 

at varying stages of restoration, ranging from cutaway pre-rehabilitation, recently rewetted 

to 30 years post-rewetting. The goal of monitoring and verification is to assess the progress 

of rehabilitation processes across Bord na Móna sites, track environmental improvements, 

and provide accountability for the restoration work undertaken (Author). 

1.5.2 Rewetting peatlands for restoration  

Rewetting peatlands is central to restoration and climate mitigation, encouraging 

recolonisation by natural vegetation and gradual carbon accumulation (Waddington et al., 

2010; Wilson, Farrell, et al., 2016; Renou-Wilson et al., 2019; Wilson et al., 2022; Aitova et 

al., 2023).Figure 1.13 shows a rewetted cutaway peatland of around 20 years. Rewetting 

also helps preserve the rare ecosystems typically found in pristine peatlands (Bonn et al., 

2014). However, restoration success is widely variable. Hydrological manipulation, such as 

adjusting WT, can promote the establishment of sphagnum mosses and initiate peat 

formation (Farrell and Doyle 2003). Rewetting has transformed some cutaway blanket 

peatlands from carbon sources to sinks (Wilson et al., 2016), though raised peatlands may 

remain CO₂ sources (Wilson et al., 2007). Recovery is influenced by previous land use, 

peatland type and restoration methods (Renou-Wilson et al., 2019, Rigney et al., 2018, 

Holden et al., 2011). 
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Figure 1.11 A rewetted cutaway (20 years) raised peatland located at Lullymore county Kildare Ireland (photo:  author). 

 

Restoration can also increase CH₄ emissions due to anaerobic decomposition under higher 

WTs (Holden et al., 2007, Abdalla et al., 2016, Holden., 2005; Renou-Wilson et al., 2011). 

Industrially exploited sites may emit both CO₂ and CH₄, whereas domestic degraded sites 

may show mixed responses (Renou-Wilson et al., 2019). Nonetheless, long term CO₂ 

reductions typically outweigh short term CH₄ increases, supporting rewetting as an effective 

climate mitigation strategy (Gunther et al., 2020). Other factors affecting GHG dynamics 

include WT, vegetation cover, soil pH and temperature (Abdalla et al., 2016, Price and 

Ketcheson, 2009). 

Overall, restoring cutaway peatlands to an active state is complex and site dependant. In 

Ireland, only about 0.1% of raised peatlands are considered active, encompassing a mixture 

of degraded, restored, and near-natural sites (Fernandez et al., 2014). These findings 

highlight the challenges of peatland restoration and emphasise that not all management 

practices are suitable for every site. Different states of degradation require tailored 
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strategies, and some peatlands may never fully regain their carbon sink function (Renou-

Wilson et al., 2022; Aitova et al., 2023). 

1.5.3 Natural diverse forests for non-commercial use 

Ireland recognises the value of diverse native forests, for both biodiversity and carbon 

sequestration, with increasing efforts to establish species rich woodlands under the Native 

Woodland Scheme (NWS) (DAFM, 2022). Afforestation of peatlands, often involves drainage 

and addition of fertiliser to increase growth, these can lead to substantial losses of peatland 

biodiversity (Renou-Wilson et al., 2008), this can also be said for native diverse woodlands 

planted on intact peatlands (Graham et al., 2017). Biodiversity is also linked to productivity 

of forests: a 10% loss in species diversity can reduce forest growth by 3% (Liang et al., 2016) 

highlighting the dual importance of conserving native woodland for ecosystem and carbon 

benefits (Phelps et al., 2012).  

While active peatlands may be vulnerable to species loss from afforestation, degraded 

cutaway peatlands offer opportunities for establishing industrial or native woodlands 

enhancing biodiversity, as the land was previously a low-value species habitat (Bremer and 

Farley, 2010). Species-diverse forests often demonstrate higher biomass productivity than 

monoculture plantations, although results vary (Forrester and Bauhus, 2016), and 

companion planting, to enhance growth and resilience (Forrester and Bauhus, 2016; 

Brockerhoff et al., 2017). Native forests are better known for boosting biodiversity than 

non-native or monoculture plantations (O’Callaghan et al., 2017). 

The IPCC Wetlands Supplement (2013) provides default emission factors for forestry on 

organic soils in temperate climates, distinguishing between Tier 1 and Tier 2 estimates. Tier 

1 estimates are based on global default values that can be applied where site specific data 

are lacking. For example, Tier 1 CO₂ emission factor is 2.6 t CO₂-C ha⁻¹ yr⁻¹ and CH₄ is 3 kg 

ha⁻¹ yr⁻¹. In contrast, Tier 2 relies on country or region-specific data, which reflect local soil, 

climate and management conditions and therefore often provides a more accurate 

estimate. Tier 2 suggests lower value for CO₂ (2 t CO₂-C ha⁻¹ yr⁻¹) but a slightly higher value 

for CH₄ (5 kg CH₄ ha⁻¹ yr⁻¹). The main limitation is neither tier differentiates forest types, 

such as broadleaf, evergreen, or unharvested native woodland. 
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Evans et al. (2017) expand on the IPCC's (2013) values and estimate drained peatland forests 

emit 9.91 t CO₂-eq ha⁻¹ yr⁻¹, including CO₂, CH₄, N₂O, and fluvial losses, but again without 

forest-type distinction. Aitova et al. (2023) using Ireland's National Inventory Report (Duffy 

et al., 2021), show combined EFs of 0.38 t C ha⁻¹ yr⁻¹ for drained forestry and 0.93 t C ha⁻¹ 

yr⁻¹ for rewetted forestry, indicating that even rewetted forestry may remain net carbon 

sources. These values include living biomass, litter sinks, and emissions from CO₂ and CH₄, 

drawing on data from Duffy et al. (2021) and the IPCC (2013). Importantly, Aitova et al. 

(2023) assessments do not include unharvested, species-diverse native woodland on peat 

soils, leaving a gap in both the National Inventory Report and IPCC reporting. 

Bord na Móna and Coillte Nature are planting over 600,000 trees on previously harvested 

peatlands, including native Downy Birch, Scots Pine, Alder, and other broadleaves (Bord na 

Móna, 2019). Native Birch trees have low commercial timber value, however they are 

generally better for biodiversity (Renou et al., 2007). There are already small areas of semi-

natural woodlands across the country which are protected and maintained by schemes 

(Renou-Wilson and Byrne, 2015), such as the Native Woodland conservation scheme 

(NWCS), which aims to establish new native forests on low-value land to improve 

biodiversity, water quality, and overall forest cover toward the EU average (DAFM, 2015).  

Overall, planting woodland (industrial or native) on intact peatlands is generally detrimental, 

as it disrupts the natural ecosystem dynamics. In contrast, establishing woodland on 

degraded cutaway sites can enhance biodiversity and provide valuable ecosystem services. 

Allowing natural unharvested woodland to develop on sites that are unlikely to regain their 

peatland carbon sink function may offer a suitable land management strategy, potentially 

restoring carbon sequestration while supporting biodiversity.  
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1.6 Research motivation and objectives 

Peatlands are globally significant carbon stores, containing approximately one-third of the 

world’s soil carbon while covering only 3% of land area (Baldocchi and Vogel, 1996; 

Baldocchi, 2003; Holden, 2005; Green and Page, 2017; Xu et al., 2018). In Ireland, peatlands 

cover 23% of the land (Gilet et al., 2024), but drainage and peat extraction have led to 

carbon emissions and habitat loss (Eaton et al., 2008; Malone and O’Connell, 2009; National 

Parks and Wildlife Service, 2015). Although restoration efforts, such as rewetting, are 

critical, the recovery of peatlands’ carbon sequestration capacity remains uncertain, with 

some sites still vulnerable to drought and ongoing GHG emissions (Farrell and Doyle, 2003; 

Holden, 2005; Holden et al., 2007; Waddington et al., 2010; Holden and Connolly, 2011; 

Günther et al., 2015; Wilson, Farrell, et al., 2016; Hambley et al., 2019). This underscores 

the need for ongoing monitoring of carbon emissions to better understand peatland 

vulnerabilities and inform effective management strategies for future carbon sequestration. 

To help define site-specific strategies for cutaway peatlands to mitigate climate change, the 

present study focuses on a cutaway peatland in Lullymore county Kildare Ireland. The site 

ceased industrial harvesting in the 1990’s, has undergone partial rewetting, and has 

naturally developed a native woodland. The overall aim of this study was to assess whether 

the Lullymore site, under a low-maintenance management strategy, acts as a strong carbon 

sink for CO₂ and CH₄ emissions. Based on the results, the study will evaluate whether this 

specific management approach could be a successful strategy for cutaway peatlands that 

have not been effectively restored.  

 

The objectives of this study are as follows: 

i. Assess the proportion of total NEE below tree canopy, using a closed-loop clear 

chamber to measure CO₂ exchange (NEEbel).  

ii. Estimate overall NEE with the eddy covariance method, employing continuous 

monitoring of atmospheric CO₂ concentrations above the tree canopy, while relating 

gas emissions to environmental parameters. 

iii. Gauge the total annual CH₄ concentrations alongside NEE using the EC method, as 

these are two GHGs of primary concern. Derive an emission factor for this habitat on 
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peat soils, using default emission values where direct measurements are not 

measured.  
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2 Literature review 

The EC and chamber methods are commonly used to measure carbon fluxes in ecosystems, 

aiding the understanding of carbon dynamics and enabling researchers to quantify the 

exchange of GHGs. These techniques allow for monitoring carbon fluxes across different 

spatial and temporal scales, thereby enhancing the understanding of key ecosystem 

processes such as NEE, GPP, Reco and decomposition. 

However, each method comes with specific advantages and limitations. For example, while 

the EC method offers continuous, landscape-scale measurements, it can often 

underestimates below-canopy carbon fluxes, especially in forested ecosystems (Leuning et 

al., 2008; Foken et al., 2011; Paul-Limoges et al., 2017; Poyda et al., 2017; Burba, 2022). On 

the other hand, chamber methods provide more precise measurements at smaller spatial 

scales but are limited by issues related to microclimate alterations and intermittent 

sampling (Wilson et al., 2015; Jovani-Sancho et al., 2017; Pavelka et al., 2018; Rigney et al., 

2018). 

In recent years, ML models have also been applied for gap filling and upscaling flux data, 

offering enhanced flexibility and predictive power compared to traditional models. While 

ML models can capture complex, non-linear relationships in the data, they often require 

larger datasets and can be less interpretable compared to process-based models (Holl et al., 

2020; Kim et al., 2020; Zhu et al., 2022; Ingle, Bhatnagar, et al., 2023; Habib et al., 2024). 

This section will review the key methods used to monitor atmospheric carbon fluxes, 

focusing on the EC and chamber methods. It will also explore how ML models are employed 

for gap filling, comparing their strengths and weaknesses to earlier models. Additionally, a 

review of previous studies on GHG emissions from peatlands and forests will be discussed, 

with a particular emphasis on the variations between peat soil and mineral soil sites, and 

how these differences impact emission rates and carbon dynamics. 
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2.1 Greenhouse gases and the global carbon cycle 

Greenhouse gases, whether naturally occurring or human-induced, play a crucial role in 

regulating Earth's climate by absorbing and re-emitting infrared radiation from the plants 

surface (Figure 1.1 ), thereby contributing to global warming (Jain et al., 2015; Günther et 

al., 2020; Pörtner et al., 2022). The primary GHGs in Earth's atmosphere, as identified by the 

IPCC (2022) are water vapour (H₂O), carbon dioxide (CO₂), methane (CH₄), nitrous oxide 

(N₂O) and ozone (O₃).  

Global assessments show a steady rise in net anthropogenic GHG emissions over recent 

decades. In 2019, global net emissions were estimated at 59 ± 6.6 Gt CO₂-eq, representing a 

54% increase from 1990 levels of approximately 32 Gt CO₂-eq (IPCC, 2023). Between 1990 

and 2023, global anthropogenic GHG levels (excluding LULUCF) increased by about 61.8%, 

averaging nearly 1.5% growth per year (Crippa et al., 2024). In Europe, total emissions for 

2023 were reported at 3.16 Gt CO₂-eq, with Ireland contributing an estimated 0.05 Gt CO₂-

eq during the same period (Crippa et al., 2024).  

This study focuses on the two GHGs of greatest concern, CO₂ and CH₄ which together 

account for the majority of global emissions. Since pre-industrial times, atmospheric CO₂ 

concentrations have increased by 151%, and CH₄ by 265% primarily due to increased fossil 

fuel combustion, agriculture and land use change (WMO, 2024). In 2023, CO₂ accounted for 

approximately 73.7% of total GHG emissions, while CH₄ contributed 18.9%, together 

representing 92.6% of total emissions (Crippa et al., 2024).  
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Figure 2.1 GHG emissions and removals from LULUCF sectors estimates for Europe (Crippa et al. 2024) 

The LULUCF sector is excluded from global emissions estimates, as it represents an overall 

net carbon sink (Crippa et al., 2024). In Europe, LULUCF also remains a net sink, though it’s 

capacity has weakened, increasing from -0.455 Gt CO₂-eq in 1990 to -0.290 Gt CO₂-eq in 

2023 (Crippa et al., 2024). Figure 2.1 illustrates the contributions of different subsectors 

within LULUCF, highlighting that forest land acts as the largest carbon sink, removing 

approximately -0.4 Gt CO₂-eq per year. In contrast, deforestation, wildfires, and emissions 

from organic soils (including peat soil), contribute emissions not removals. Notably, figure 

2.1 shows that organic soils play a significant role in the overall net source of emissions 

within this sector (Crippa et al., 2024). 

The IPCC Sixth Assessment Report (2006) defines global warming potential (GWP) as the 

standard metric for comparing the climate impact of different GHGs over a 100-year period. 

CO₂, with a GWP of 1, serves as the baseline reference gas. Other GHGs, like CH₄ and N₂O 

have higher GWPs due to their greater heat-trapping capacities and longer atmospheric 

lifetimes. To enable direct comparison, all GHG emissions are expressed as CO₂-equivalents 

(CO₂-eq) by multiplying the mass of each gas by its respective GWP value (IPCC, 2023; EPA, 

2024).  



35 
 

Emission factors (EFs) quantify the amount of a specific GHG released from an activity, 

process, or source, typically expressed as emissions per unit of activity. These link the 

quantity of GHGs to the observed data (e.g., fuel consumed, area of land managed, 

wastewater treated) (IPCC, 2023; EPA, 2024). EFs are a foundation of national GHG 

inventory reporting, compiling observed data or modelled data to estimate emissions where 

direct measurements are unavailable (EPA, 2024). The 2006 IPCC Guidelines introduced a 

tiered system for EFs to account for regional and sectoral variability (EPA, 2024).  

• Tier 1 uses global default factors, suitable when local data are lacking. 

 

• Tier 2 relies on country or region-specific factors that reflect local conditions. 

 

• Tier 3 involves detailed modelling or site-level measurements for the highest 
accuracy. 

Most recent global GHG emissions estimates are derived using IPCC Tier 1 EF’s, or where 

possible Tier 2 values from other sources (Crippa et al., 2024). Previous studies, such as 

Evans et al. (2017) and Aitova et al. (2023) emphasise the importance of developing region-

specific emission factors, particularly for ecosystems like peatlands, to improve inventory 

accuracy and guide targeted climate mitigation efforts. 

Although GWP and EFs are globally recognised metrics, they have limitations. Neither fully 

captures the dynamic behaviour of GHGs in the atmosphere, including their lifetime and 

radiative forcing effects. Günther et al. (2020) describe a radiative forcing model that 

estimates the radiative forcing effects of atmospheric changes in GHG fluxes. The report 

highlights that CO₂ and N₂O act as long-term forcers, whereas CH₄ exerts stronger but is a 

short-term forcer. Consequently, relying solely on GWP-based metrics can oversimplify the 

true climate impact of emissions and could mislead conclusions drawn from emissions 

estimates (Günther et al., 2020). 

2.1.1 Carbon Dioxide  

Atmospheric CO₂ is a naturally occurring gas central to ecosystem processes and contributes 

significantly to the Earth’s energy balance (IPCC, 2023; EPA, 2024). It is also a major by-

product of human activities, making it the most abundant anthropogenic GHG and the 
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standard reference for comparing other GHGs, with a GWP of one (IPCC, 2023; EPA, 2024). 

In 2023, CO₂ accounted for 73.7% of total global GHG emissions (Crippa 2024).  

The CO₂ molecule consists of one carbon atom (12.01 g/mol) and two oxygen atoms (16.00 

g/mol each), giving a molecular mass of 44.01 g/mol (IUPAC and Chemistry, 2022). It is linear 

in structure (O=C=O), and its vibrational modes strongly influence its infrared absorption 

properties. CO₂ molecules absorb radiation through specific vibrational motions, including 

an antisymmetric stretching vibration (~4.27 µm) and a bending vibration (~15.2 µm), which 

underpin its role in radiative forcing and climate warming (Baranov et al., 2004; Solomon et 

al., 2010). Importantly, CO₂ displays exceptional atmospheric persistence: according to 

Solomon et al. (2010), a sizeable fraction of emitted CO₂ remains in the atmosphere for 

centuries to millennia, with some models estimating that 20-60% of a pulse of fossil-fuel CO₂ 

may persist for over 1,000 years. This long atmospheric lifetime is a critical factor when 

assessing GHG emissions from peatlands, as the balance between CO₂ uptake and release 

can have long-term climate impacts (Günther et al., 2020; Wilson et al., 2022). 

  

2.1.2 Methane 

Although CH₄ is a naturally occurring GHG, is also produced by human activities such as 

agriculture, fossil fuel extraction, and waste management (IPCC, 2023). Though it is less 

abundant than CO₂, CH₄ has a much higher radiative efficiency, trapping significantly more 

heat per molecule over its atmospheric lifetime (Allen et al., 2018). Over a 100 year period, 

CH₄ is assigned a GWP, 28 times that of CO₂ (IPCC, 2024). It is also a precursor of 

tropospheric ozone, which poses a health risk to all life on Earth (WMO, 2022). In 2023, CH₄ 

accounted for approximately 18.9% of total global GHG emissions (Crippa et al., 2024).  

The CH₄ molecule consists of one carbon atom (12.01 g/mol) bonded to four hydrogen 

atoms (1.008 g/mol each), giving a molecular mass of 16.04 g/mol (IUPAC, 2022). Its 

molecular structure and strong C–H bonds allow CH₄ to absorb infrared radiation efficiently, 

particularly through asymmetric stretching and bending vibrations that contribute to its 

GHG properties (Allen et al., 2018). Unlike CO₂, CH₄ has a relatively short atmospheric 

lifetime, averaging 12 years (IPCC 2023), yet its high radiative forcing per molecule makes it 
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a critical contributor to near-term climate warming  (Solomon et al., 2010; Günther et al., 

2020; Crippa et al., 2024). 

In the context of peatlands, CH₄ emissions arise primarily from anaerobic decomposition 

under waterlogged conditions and are strongly influenced by water table depth, vegetation 

type, and microbial activity (Solomon et al., 2010; Rigney et al., 2018; IPCC, 2023). 

Rewetting drained peatlands can increase CH₄ emissions due to anaerobic decomposition 

under waterlogged conditions, creating a trade-off with CO₂ reductions from restored 

carbon sequestration (Allen et al., 2018; Günther et al., 2020; Wilson et al., 2022). Because 

CH₄ has a much greater radiative efficiency than CO₂, even small fluxes can substantially 

affect overall radiative forcing (Allen et al., 2018; Wilson et al., 2022). 

The balance between CO₂ and CH₄ fluxes on radiative forcing is highly site-dependent 

(Wilson et al., 2022). Studies have shown that afforestation on nutrient-rich peatlands can 

enhance CO₂ sequestration and reduce net radiative forcing (cooling effect), while nutrient-

poor sites may continue to exhibit net warming (Lohila et al., 2011). Wilson et al. (2022) 

found that rewetting can rapidly shift drained peatlands from carbon sources to sinks, 

though elevated CH₄ emissions may initially offset gains. These findings highlight the 

importance of considering both gases and local conditions when assessing climate 

mitigation potential. 

2.1.3 Nitrous Oxide  

Although CO₂ and CH₄ are the dominant GHGs associated with peatlands (Abdalla et al., 

2016; Kiely, 2019; Wilson et al., 2016; Aitova, 2023; Rigney et al., 2018), N₂O can also be 

associated with an emission from some peatlands (IPCC, 2013). N₂O is a simple linear 

molecule composed of two nitrogen atoms and one oxygen atom (N–N–O) (Allen et al., 

2018; IUPAC, 2022). In natural peatlands, N₂O is generally a minor GHG compared to CO₂ 

and CH₄, because waterlogged conditions suppress the microbial processes (nitrification and 

denitrification) that produce it (Abdalla et al., 2016; Wilson et al., 2016; IPCC, 2013). 

N₂O emissions can increase if peatlands are drained, fertilised, or otherwise managed, as 

these conditions enhance nitrogen availability and microbial activity (EPA, 2024; IPCC, 2013). 

Otherwise, in intact or rewetted peatlands, N₂O is typically negligible. Previous studies of 
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carbon dynamics in forested peatlands in Ireland and Scotland also reported low emissions 

of N₂O (Yamulki et al., 2013). 

2.1.4 Ireland’s land use and land use change GHG emissions 

Ireland's National Inventory Report (NIR) (EPA, 2024), provides a detailed breakdown of 

GHG emissions from 1990 to 2022 (Figure 2.2). In 2022, CO₂ accounted for 60.6% of 

Ireland’s total 60,604.9 kt CO₂-eq emissions (excluding LULUCF), with CH₄ contributing 

29.1% and N₂O accounting for 9.1%. More recently, Crippa (2024) suggest that in 2023, CO₂ 

made up 56.1% and CH₄ approximately 30.4% of total national emissions, again excluding 

LULUCF emissions/removals 

 

Figure 2.2 GHG emissions breakdown estimates from 1990-2022 from NIR (EPA 2024) 

According to the NIR, CO₂ remains the dominant contributor to Ireland’s GHG emissions. In 

2022, the energy industry and transport sectors were responsible for 26.9% and 31.6% of 

total CO₂ emissions, respectively, while other sectors contributed 21.5%, manufacturing and 

construction 11.7%, and the remaining 8.3% came from miscellaneous sources. CH₄ is the 

second-largest GHG emitted in Ireland, primarily linked to agriculture (EPA, 2024). In 2022, 

CH₄ emissions totalled 17,658.2 kt CO₂ eq, an 8.8% increase from 1990. Agriculture was 

responsible for 94.4% of CH₄ emissions in 2022, up from 86.2% in 1990. in contrast CH₄ 

emissions from waste decreased from 9.1% in 1990 to 3.6% in 2022, due to improved 

landfill management and gas recovery for electricity generation (EPA, 2024). 
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Figure 2.3 GHG estimated for LULUCF Ireland 1990-2022 from NIR (EPA, 2024). 

 

While global and European estimates for LULUCF sectors as act as a net sink for GHGs 

(Crippa et al., 2024), Ireland’s LULUCF sector remains a net source (EPA, 2024). Figure 2.3 

represents the breakdown of these LULUCF emissions, showing  the varying contributions of 

different land-use categories. The net source in all years is primarily driven by emissions 

from grasslands and wetlands, resulting from soil drainage and fertiliser use, whereas 

forests serve as a carbon sink (EPA, 2024).  

Given that wetlands and forests are the primary LULUCF categories relevant to this 

research, they are examined in greater detail in the following sections. A recent study by 

Habib et al. (2024) applied remote sensing and machine learning to estimate GHG emissions 

from Irish raised peatlands, covering four key land use types: cutover, cutaway, forestry, and 

grassland. Together these categories cover approximately 85% of Ireland’s raised peatland 

area. Based on Tier 1 and Tier 2 IPCC emission factors, the estimated emissions were around 

1.92 Mt CO₂-eq yr⁻¹ and 0.68 Mt CO₂-eq yr⁻¹, respectively (Habib et al., 2024). 



40 
 

2.2 Key biological processes affecting ecosystem carbon exchange 

2.2.1 Plant respiration  

Respiration is the biochemical process by which carbohydrates, are oxidised to release 

usable energy required for essential cellular functions such as ion uptake, and repair, with 

CO₂ as a principal by-product (Ryan, 1991). Respiration rates are strongly controlled by 

environmental drivers such as temperature, WT, CO₂ and oxygen availability (Ryan, 1991). 

Warmer temperatures and lower WTs usually accelerate the rate of respiration by 

increasing metabolic rates and oxygen diffusion (Wilson et al., 2015; Wilson, Farrell, et al., 

2016). Both plant respiration and root respiration are referred to as autotrophic respiration 

(Ra) (Waring and Running, 2007). Plant respiration is tightly coupled to the amount of energy 

rich chemical compounds (glucose) produced from the process of photosynthesis, hence, 

plant respiration and photosynthesis are closely linked (Begon et al., 1996). Approximately 

half of the chemical compounds produced from gross primary production (GPP) are utilised 

by plants through respiration for the growth of living cells and the CO₂ released during the 

process can contribute to GHG emissions (Ryan, 1991; Begon et al., 1996). Heterotrophic 

respiration (Rh), the microbial decomposition of organic matter, is a key pathway through 

which stored soil carbon is returned to the atmosphere as CO₂ (Luo & Zhou, 2007; 

Kirschbaum, 2006) and is discussed in further in section 2.2.3. It is a separate process from 

Ra but it is included in total ecosystem respiration (Reco). Both components of respiration are 

similarly influenced  by environmental changes, such as variations in the WT (Tuittila et al., 

2004).  

2.2.2 Photosynthesis 

Photosynthesis is the process by which chlorophyll in plant cells absorbs solar radiation and 

converts it into organic carbon compounds. These compounds provide energy required for 

the plant to produce new biomass (Luo and Zhuo, 2007). Radiation from blue and red 

wavelengths on the electromagnetic spectrum supplies the energy needed for 

photosynthesis reactions. The efficiency of this process also depends on the WT, vegetation 

type, soil pH, temperature, CO₂ levels and the levels of solar radiation (Begon et al., 1996). 

The WT influences photosynthesis in two key ways: first by regulating CO₂ uptake through 

stomatal conductance, and secondly, by altering the vegetation structure, which in turn 

affects leaf area available for photosynthesis. A high WT can restrict oxygen availability to 
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roots, limiting plant growth (Tuittila et al., 2004). The total amount of organic compounds or 

energy produced through the process of photosynthesis is referred to as Gross Primary 

Production (GPP) (Begon et al., 1996). 

Photosynthesis is powered by radiation in the 400 to700 nm wavelength range, which is 

absorbed by the leaf area and is also known as photosynthetically active radiation (PAR) 

(Tsubo and Walker, 2005). PAR is the primary energy source for plants to drive 

photosynthetic reactions and convert solar energy into chemical energy stored in organic 

compounds (Tsubo and Walker, 2005). Photosynthetic photon flux density (PPFD) quantifies 

the number of photons in this wavelength range incident per unit area per unit time, 

expressed in units of µmol m-²s-1. PAR is used to measure PPFD in order to identify the 

intensity of the photosynthetic fluxes (Yamashita and Yoshimura, 2019). Throughout the 

carbon cycle CO₂ is released back into the air through Ra as described in the previous section 

2.2.1, but it is simultaneously captured and stored through GPP (Luo and Zhuo, 2007). 

Peatlands in their natural state have low pH levels (3-5), which can limit photosynthetic 

activity by reducing the availability of essential nutrients for plant growth. Among peatland 

types, active fens generally exhibit higher photosynthesis rates compared to active raised 

peatlands, due to their higher pH and greater nutrient availability (Bubier et al., 1998; 

Frolking et al., 1998). Within raised peatland vegetation, deciduous species such as certain 

sedges and shrubs often show  high photosynthetic rate during early stages of leaf 

development, but as the canopy matures, leaf tissue ages and photosynthesis becomes 

saturated and gradually declines (Wehr et al., 2016). In contrast evergreen species found in 

peatlands, such as sphagnum mosses, can maintain photosynthetic activity year round, 

provided the environmental conditions are appropriate, such as light and temperature are 

suitable (Bubier et al., 1998). 

2.2.3 Soil respiration and decomposition 

Soil respiration refers to the process of aerobic decomposition, whereby micro-organisms 

break down decaying biomass and other organisms living within the soil, converting them 

into CO₂ and other chemical components (Luo and Zhuo, 2007). Total soil respiration 

includes heterotrophic respiration (Rh) from microbes and root respiration from Ra . Rh 

represents CO₂ released from microbial decomposition, while Ra reflects CO₂ produced by 

living roots during metabolic activity (Kirschbaum et al., 2001). Rhizosphere processes can 
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also enhance peat soil respiration by stimulating microbial decomposition in the root zone. 

Root exudates and rhizodeposition increase microbial activity and accelerate the 

mineralisation of soil organic matter, leading to higher CO₂ emissions where vegetation is 

present (Kuzyakov, 2010). In afforested peatlands, deeper root systems may further 

intensify these effects by expanding the volume of peat influenced by root activity, although 

this process is less well documented than in mineral soils. On average, root respiration 

accounts for about 50% of total soil respiration, though estimates can vary significantly 

between 10% to 90% depending on factors such as plant species, growth stage, and 

seasonal changes in temperature and moisture availability (Bubier et al., 1998; Hanson et 

al., 2000). Research suggests that 90% of the total soil respiration occurs within the top 

30cm of the soil surface, where root and microbial activity are concentrated (Goffin et al., 

2015).  

In Irish afforested peatlands, severing roots to a depth of just 5 cm led to underestimations 

of total soil respiration by 32–47%, highlighting the significance of shallow root respiration 

(Jovani-Sancho et al., 2017). Understanding soil respiration is critical for assessing CO₂ fluxes 

and GHG emissions from ecosystems (Luo and Zhuo, 2007; Jovani Sancho et al., 2017; 

Jovani‐Sancho et al., 2021). Soil CO₂ efflux, measured at the surface, reflects the combined 

activity of Ra and Rh (Luo and Zhuo, 2007). 

2.2.3.1 Peat soil respiration  

Peat soils differ from mineral soils due to their high organic content and water saturation 

under pristine conditions (Feehan and O’Donovan, 1996; Renou-Wilson et al., 2022). Unlike 

mineral soils, which tend to support rapid aerobic decomposition due to greater aeration 

and higher mineral nutrient availability, peat soils are typically waterlogged, acidic, nutrient-

poor and oxygen-limited, resulting in reduced microbial activity and slower rates of organic 

matter decomposition (Laiho, 2006). As a consequence, baseline rates of Rh and therefore 

CO₂ release are substantially lower in intact peatlands compared to drained peat soils or 

mineral soils. 

Peat soil respiration is strongly regulated by soil temperature and WT depth, both of which 

influence microbial activity and substrate accessibility (Jovani-Sancho et al., 2018). 

According to Jovani-Sancho et al. (2018) soil respiration in an afforested peatland was 

influenced by the change in soil temperature and the WT. In their report the impact that the 
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WT had on soil was reliant on the temperature, and the soil respiration rates reacted to the 

variation in both the WT and temperature. If conditions became too dry or too wet, there 

was a direct impact on the soil CO₂ emissions.  

Multiple studies have shown that a higher WT suppresses decomposition by restricting 

oxygen diffusion into the peat therefore reducing soil respiration and reducing CO₂ 

emissions. When conditions were reversed with lower water levels that dried out soil 

conditions, CO₂ emissions were higher (Laine, 2006; Kiely et al., 2009; Yamulki et al., 2013). 

The lower WT was found to have a cut off point for increasing soil respiration at 30 cm 

(Tuittila et al., 2004). Similar patterns have been observed elsewhere in Europe: for 

example, Peichl et al. (2014) reported that an intact Swedish peatland shifted from a strong 

CO₂ sink to a weaker sink, when the WT dropped below 20cm. This indicates the WT 

respiration relationship is consistent across peatland types and regions including Irish 

peatlands and also in other parts of Europe.  

2.2.3.2 Anaerobic decomposition  

Although soil respiration primarily releases CO₂, via aerobic microbial pathways, anaerobic 

conditions in saturated peatlands also supports the release of CH₄ emissions. The 

production and release of CH₄ emissions from rewetted or near-intact peatlands are closely 

tied to WT and the anaerobic decomposition processes that occur in saturated peat soils 

(Denman et al., 2007; Turetsky et al., 2014). In these saturated peatlands there is limited 

oxygen available and aerobic respiration is supressed favouring anaerobic microbial 

communities. While active peatlands sequester CO₂ through long term peat accumulation, , 

they can simultaneously act as natural sources of CH₄  (Feehan and O’Donovan, 1996; IPCC, 

2013, 2024; Holl et al., 2020).  

Methane emissions are closely linked to the WT depth, remaining negligible when the WT is 

more than 20cm below the surface but increasing significantly as it rises (IPCC, 2013; Holl et 

al., 2020; Wilson et al., 2022). As the WT rises and anoxic conditions expand upward, 

methanogenic activity increases and CH₄ emissions rise correspondingly (IPCC, 2013; Abdalla 

et al., 2016). A review of degraded northern peatlands found average CH₄ emissions of 12 ± 

21 g C m⁻² yr⁻¹. With rewetting increasing emissions by 46%, suggesting that raising the WT 

can enhance CH₄ production, although with high uncertainty in the results (Abdalla et al., 

2016). A more recent study by Wilson et al. (2022) observed low CH₄ emissions from a 
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drained peatland averaging 0.5 g C m⁻² yr⁻¹ over the five-year study period. The rewetted 

peatlands showed higher CH₄ emissions averaging  19.3 g C m⁻² yr⁻¹ in the same period 

(Wilson et al., 2022).  

At a microbial level, CH₄ cycling in peatlands is controlled by two main groups, methanogens 

and methanotrophs. Methanogens produce CH₄ in anaerobic conditions, waterlogged 

conditions, using compounds like CO₂, hydrogen or acetate. In contrast, methanotrophs 

consume CH₄ in the oxygenated layers of peat, reducing the amount that reaches the 

surface or atmosphere. The balance between methanogenesis and methanotrophs 

determines net CH₄ emissions and can shift rapidly with changes in WT, temperature, or 

vegetation composition (Oh et al., 2022). 

Once produced, CH₄ is released through several transport pathways. Diffusion allows CH₄ to 

move through soil layers, though some is oxidised to CO₂ in areas where oxygen is rich (Oh 

et al., 2022). Ebullition is the release of CH₄ gas bubbles that accumulate in soil pores and 

rise to the surface. This process accounts for the majority of CH₄ emissions from intact 

peatlands (Whalen, 2005; Oh et al., 2022). Additionally, vascular plants can alter CH₄ 

transport via aerenchyma tissues in vegetation, which create low-resistance pathways for 

CH₄ movement and can significantly enhance emissions (Oh et al., 2022; Wilson et al., 

2022).  

Vegetation type therefore strongly modulates CH₄ emissions, as plant structure and root 

activity influence both WT conditions and gas transport pathways (Le Mer and Roger, 2001; 

Whalen, 2005; IPCC, 2013; Holl et al., 2020). This underscores the complex relationship 

between WT management and GHG emissions in peatlands, indicating that while rewetting 

restores hydrological functioning and peat accumulation potential, it can also lead to, higher 

CH₄ emissions depending on vegetation community, WT position, and microbial activity. 

2.2.4 Dissolved and Particulate Organic Carbon Losses 

In addition to atmospheric emissions, peatlands also lose carbon through the export of DOC 

and POC, both of which represent significant pathways of carbon loss. DOC originates from 

the oxidation and partial decomposition of organic matter and vegetation, as well as from 

hydrological mobilisation and erosion processes (Dillon and Molot, 1997; Palmer et al., 

2001; Battin et al., 2009; Dieleman et al., 2016; Evans et al., 2017). POC consists of larger, 
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physically eroded peat particles transported during runoff or soil disturbance (Dillon and 

Molot, 1997). 

These forms of carbon are important because once DOC and POC enter streams, rivers, or 

drainage networks, they contribute indirectly to off-site CO₂ and CH₄ emissions. DOC is 

readily decomposed by aquatic microbes into CO₂, meaning that carbon lost from peat soils 

ultimately re-enters the atmosphere downstream (Evans et al., 2017). Similarly, POC can be 

mineralised during transport or deposition. In slow-moving waters, both DOC and POC may 

accumulate in sediments, where they can alter nutrient ratios and negatively affect water 

quality (Dillon and Molot, 1997). 

DOC and POC losses occur in both drained and rewetted peatlands, although the processes 

differ: drainage promotes oxidation and DOC formation, while high water tables favour 

hydrological flushing of DOC-rich porewater. Regardless of the pathway, these losses 

represent an important component of peatland carbon budgets, as they transport carbon 

away from the soil system and contribute to catchment-scale GHG emissions (Evans et al., 

2017). 

 

2.3 Methods for quantifying ecosystem-atmosphere gas exchange  

Two widely used ground-based approaches for quantifying carbon exchange in terrestrial 

ecosystems are the chamber method and the Eddy Covariance (EC) technique (Frolking et 

al., 1998; Burba, 2013; Wilson, Farrell, et al., 2016; Hambley et al., 2019). The EC method is 

particularly effective for capturing continuous carbon fluxes between ecosystems and the 

atmosphere over long time periods, typically a full annual cycle or more (Baldocchi, 2003; 

Tuittila et al., 2004; Burba, 2013). However, EC measurements integrate fluxes over large 

areas and do not readily separate soil respiration from plant respiration, with both 

processes generally combined as Reco (Griffis et al., 2000; Laine, 2006). In contrast, the 

chamber-based measurements allows direct quantification of soil respiration by enclosing 

small areas of the soil surface and measuring gas exchange under controlled conditions 

(Waring and Running, 2007). Such plot-scale measurements are particularly valuable for 

disentangling below-ground carbon processes, but they lack the temporal continuity 

provided by EC systems (Wilson et al., 2015; Wutzler et al., 2018) 
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Because peatland carbon dynamics exhibit substantial interannual variability, driven largely 

by fluctuations in temperature, precipitation, and water table depth, robust monitoring 

requires both reliable measurement approaches and appropriate strategies for dealing with 

flux time-series data (Lafleur et al., 2003). Accordingly, this chapter examines EC and 

chamber methods in detail and evaluates contemporary approaches for gap filling and 

modelling flux datasets, including both traditional environmental-response models and 

emerging machine-learning techniques.  

2.3.1 Eddy covariance methodologies 

2.3.1.1 Underpinning concepts of Eddy covariance  

The EC method is based on a micrometeorological process, that effectively estimates flux 

measurements between a terrestrial ecosystem and the atmosphere. By simultaneously 

measuring changes in wind and gas concentration from the atmosphere, flux computation 

can be estimated for a desired ecosystem (Baldocchi, 2003, 2014; Tuittila et al., 2004; Burba, 

2013). By doing this the data collected can be processed and allow researchers to determine 

the overall uptake or loss of carbon and other gases from an ecosystem. The method has 

assisted scientists in distinguishing trends in GHG emissions and climate change across the 

globe (Baldocchi et al., 2001; Baldocchi, 2003, 2014; Tuittila et al., 2004; Burba, 2013). In 

comparison to other micrometeorological methods, EC is considered to be a useful method 

to implement when researching peatlands in particular and when monitoring emissions on a 

continuous basis (Poyda et al., 2017). FLUXNET is a network that was established to examine 

flux data from across the globe, advances in EC techniques have allowed them to 

demonstrate how different ecosystems vary in levels of GHG emissions (Baldocchi et al., 

2001). The EC method has been in use since around the 1980’s and is widely used across the 

globe today. This is due to improvements in instruments accuracy and the ability to take 

long term quasi-continuous observations with little disturbance to the surrounding area or 

vegetation (Baldocchi, 2014; Hambley et al., 2019; Zhu et al., 2023).  
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Figure 2.4 Eddy covariance system, monitoring CO₂ fluxes from a grassland on peat soils, located at Lullymore Kildare 
Ireland (photo: author). 

 

 

Figure 2.4 illustrates a fully operational EC tower setup, designed to monitor CO₂ emissions 

from a grassland situated on peat soils. To correctly understand the concept of the EC 

method it is important to understand the different layers contained within the atmospheric 

boundary layer from where the EC instruments take measurements (Stull, 1988; Burba, 

2013). The atmospheric boundary layer (ABL) consists of the lower part of the troposphere, 

the ABL and the earth’s surface have a perpetual synergy due to frictional drag and shifting 

warm and cool temperatures. The depth of the ABL varies in time and space, ranging from 

hundreds of meters to tens of kilometres (Stull, 1988).  

The land surface of the earth warms in response to absorption of solar radiation, this 

creates a degree of diabatic heating which results in rising columns of air. This warmer air or 

thermals, push the ABL upward increasing its size. This warmer air decreases in temperature 

as it rises leading to thermal mixing and therefore creates unstable conditions, this is more 
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prominent throughout the daytime (Stull, 1988; Kaimal and Finnigan, 1994). At night-time 

land surface temperatures reduce thus cooling air temperature, leading to a reduction in 

the depth of the ABL, this normally creates more stable conditions (Stull, 1988; Kaimal and 

Finnigan, 1994). The depth of the ABL is also dependent on surface roughness for example 

non-homogeneous terrain, such as forests, generally have a deeper ABL as they have more 

frictional drag in the canopy leading to increased turbulent flow. With these fluctuating air 

temperatures and surface roughness, turbulent motions in the ABL continuously rise and fall 

generating turbulence (Kaimal and Finnigan, 1994). Turbulence consists of irregular swirls of 

motion, and these are referred to as eddies (Stull, 1988). The eddies are unstable entities 

losing energy as they make contact with surfaces and other eddies, gradually becoming 

smaller in size until viscosity can convert their kinetic energy into heat. Thus as a result of 

these instabilities eddies are mostly responsible for the transport in turbulence (Kaimal and 

Finnigan, 1994). 

The atmospheric boundary layer (Illustrated in Figure 2.5) can be divided into sub sections, 

and each section or layer has different characteristics. For this research two layers are 

focused on, the inner layer closest to the earth’s surface known as the surface layer (SL) 

(Kaimal and Finnigan, 1994) and the layer that lies above this which is referred to as the 

Boundary layer (BL) (Stull, 1988). The surface layer is not directly influenced by the earth’s 

rotation, it is a relatively stable layer with turbulence largely influenced by frictional drag 

and temperature fluctuations from the earth’s surface (Kaimal and Finnigan, 1994). 

Although vertical wind direction in this layer can vary logarithmically with height, the 

vertical fluxes can be considered constant over time (Dabberdt et al., 1993). The boundary 

layer is unstable with turbulence influenced by frictional drag and fluctuating temperatures 

and by the Earth’s rotation (Stull, 1988; Kaimal and Finnigan, 1994). The free atmosphere is 

the layer above both of these layers that is no longer influenced by the surface friction and 

is mainly affected by the earth’s rotation (Kaimal and Finnigan, 1994). The SL is the layer of 

most significance to this study as it is the layer in which GHG emissions become trapped in 

(Stull, 1988) and therefore the eddy covariance measurements must be taken from within 

this layer. In the lower SL vertical wind speed increases but becomes constant moving 

further upwards from the surface, therefore wind speed fluctuation in the upper surface 

layer is so small it is assumed that it is constant and in EC terms this is referred to as the 

constant flux layer. The gas transfer in the constant flux layer within the surface layer is 
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dominated by turbulence mixing from eddies (Aubinet et al., 2012). Eddies can be detected 

by high-frequency measurement instruments on the EC tower (Burba, 2013). The 

instruments on the tower monitor the movement of the eddies and the concentration of 

gases simultaneously within the SL (Baldocchi et al., 1988; Burba, 2013). From there a 

spatially representative estimation of flux density measurements between the land and the 

atmosphere for a specific area can be established (Baldocchi et al., 1988; Schmid, 1994; 

Falge et al., 2001; Baldocchi, 2003, 2014; Burba, 2013).   

 

Figure 2.5 A schematic of the atmospheric boundary Layer in daylight conditions over homogeneous woodland terrain 
(photo: author).  

 

Flux can be defined as an amount of entity passing through a unit of area per unit of time 

and can vary depending on the number of objects, size of the area being crossed and the 

time it takes for the objects to pass through the area (Burba, 2013). The eddy flux is 

calculated from the measure of gas concentration through a defined volume over a given 

time (PP Systems, 2013) (Equation 2.1).  

 

Equation 2.1 

𝐹𝑙𝑢𝑥 = < 𝑤′𝐶′ > 

Where w’ represents the fluctuation of the vertical wind speed and C’ is the fluctuation of 

the gas of interest’s concentration. Figure 2.7 visualises this concept of CO₂ flux. The box in 
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Figure 2.6 represents the known area, and the movement of eddies is measured over time. 

The CO₂ flux is represented by the amount of CO₂ that is transported away from the area by 

the eddies during the observation period. 

 

 

 

Figure 2.6 Diagram representing the eddy flux concept for CO₂ (photo: author).  

 

Taking measurements approximately 10 times per second or more, over half hourly intervals 

is necessary to capture the fast-moving eddies and gas exchange. This allows the 

computation of the average flux density of the gas exchanged between the biosphere and 

atmosphere. By assimilating these quasi-continuous and half hourly averages, long term 

estimations of the gas of interest can be established for an ecosystem (Baldocchi et al., 

1988, 2001). The mean air temperature, mean humidity, mean pressure, and PAR 

(photosynthetically active radiation) are also necessary to compute gas flux measurements. 

These variables are used for unit conversions and to apply necessary corrections to the data 

(Burba, 2013). There is an assumption of horizontal homogeneity (Kaimal and Finnigan, 

1994) which becomes problematic in heterogeneous terrain such as woodlands. Variations 

in vegetation structure can disrupt airflow and lead to spatial differences in the depth of the 

ABL (Stull, 1988).  
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Figure 2.7 Eddy covariance tower on study site for this research, Lullymore Kildare Ireland (photo: author) 

To collect a continuous time series of measurements from an ecosystem using the EC 

method, an EC tower is erected at the location of interest (Figure 2.7 shows an EC tower 

structure designed for woodland habitat), known as an eddy covariance tower. The EC 

tower is equipped with instruments that take high-frequency measurements to estimate gas 

fluxes, including infrared gas analysers (IRGA) and a 3-D sonic anemometer (Fowler et al., 

1995; Baldocchi et al., 2012; Burba, 2013).  
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2.3.1.2 Open path infrared gas analyser   

There are various types of infrared gas analysers that have been installed on EC towers to 

monitor gas concentrations at high frequency from the atmosphere. They are differentiated 

by the technique that is used by the sensors sample air, whether it’s through an ‘open’ or 

‘closed’ path. The open path gas analysers (CO₂ IRGA Figure 2.8) have certain advantages 

compared to the closed path analyser. As the name suggests it has an open-air design, this 

means that there is little disturbance to air flow while the instrument is sampling, 

minimising spectral attenuation and therefore requiring less corrections (Polonik et al., 

2019) . With its open-air design, it is also easier to carry out regular maintenance on the 

sensor while in situ. However, a disadvantage of the open design, means precision is 

compromised when there is accumulation dirt and dust and when the analyser is monitoring 

gas concentrations during precipitation (Baldocchi, 2003).The Closed-path analysers, which 

draw air samples into a sealed analyser, are less sensitive to environmental conditions like 

precipitation (Polonik et al., 2019). However, they have time delays compared to sonic 

anemometers, requiring more corrections, and consume more power due to the inbuilt 

pump. Maintenance is also challenging while in situ (Burba, 2013). Despite these differences 

a study carried out comparing sensor types found all sensors to be successful in measuring 

CO₂ and H₂O concentrations, providing that the appropriate corrections are applied, and 

data is filtered from flow distorted wind directions (Polonik et al., 2019).In addition to CO₂ 

flux measurements, trace gas analysers such as the Li-7700 (Figure 2.8) can also be 

integrated into EC systems to quantify CH₄ fluxes using the same principles of high-

frequency concentration and turbulence measurements. These instruments enable direct, 

continuous monitoring of CH₄ exchange. Previous studies using the Li-7700 CH₄ analyser 

highlight that although data is continuously collected from sites, it is a trace gas analyser 

highly sensitive to weather conditions leading to gaps in timeseries (Abdalla et al., 2016; 

Rigney et al., 2018). Various methods and models have been applied to fill the data gaps 

that occur in the time series (Abdalla et al., 2016; Rigney et al., 2018; Holl et al., 2020; Kim 

et al., 2020). Although gaps are persistent in the timeseries using this analyser, they are 

generally smaller compared to the chamber method, which consists of spot samples as 

opposed to continuous measurements. Studies using the EC method to monitor CH₄ 

exchange from ecosystems such as wetlands and rice paddies have shown that it is a highly 

effective approach for capturing continuous CH₄ fluxes. These findings highlight that EC, 
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when supported by appropriate gap-filling approaches including machine-learning methods, 

is a robust and reliable technique for quantifying CH₄ exchange at the ecosystem scale (Kim 

et al., 2020; Holl et al., 2020). 

 

 

 

 

 

 

 

 

 

2.3.1.3 The eddy covariance footprint  

 

The footprint is a term used to describe the area upwind from the EC tower where the 

meteorological instruments essentially take vertical flux measurements from. The footprint 

estimations can vary depending on a combination of the measurement height, the 

vegetation cover, roughness of the surface, and the stability of the ABL. The longitudinal 

dimension of the estimated footprint (distance from the anemometer to the perimeter line 

of the footprint) is generally referred to as the fetch (Baldocchi and Vogel, 1996; Kljun et al., 

2004, 2015; Burba, 2013).  

In earlier years accurately determining flux footprint across a rough surface such as 

woodland was challenging (Schuepp et al., 1990), as the turbulent fluxes are spatially 

inhomogeneous up to a certain height in the ABL (Schmid and Lloyd, 1999). The distance 

between the contribution of the flux and the peak of the footprint increases as the tower's 

height above the vegetation canopy increases. However, when surface roughness increases, 

such as over a forest, the flux contribution decreases. The footprint is also influenced by the 

stability of the ABL, with the flux contribution expanding outward throughout the night 

when conditions are generally more stable and decreasing in the daytime with more 

turbulence present (Kljun et al., 2002). The footprint size increases with the height of the 

Figure 2.8 Li-Cor 7500 CO₂ IRGA 
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tower, smoothness of the surface, and the change from unstable to stable conditions 

(Schmid and Lloyd, 1999; Burba, 2013). If the height of the tower is low, and surface area 

rough along with very unstable conditions, the area directly surrounding the tower will 

make a big contribution to the footprint. Therefore, it is recommended to minimise 

disturbance to areas surrounding the EC tower to avoid disorder to data collected in this 

case (Burba, 2013). 

There are past models that have been implemented to estimate the flux footprint from EC 

towers. Based on Horst and Weil’s (1992) footprint model, the spatial context of a largely 

non-homogeneous area was analysed by Schmid and Lloyd (1999). They found using the 

footprint model that estimations of bias could be made however, suggested using multiple 

monitoring sites in a large ecosystem allows much more accurate estimations of flux 

footprint where possible. Although there is potential room for errors on inhomogeneous 

surfaces, Baldocchi et al (2003) express that measurements from these sites are still 

valuable.  

Before installing an EC tower, the footprint area must be determined, as it influences which 

ecosystems are measured (Aubinet et al., 2012; Burba, 2013). Previous footprint models, 

based on the type of ecosystem, were computationally intensive and unsuitable for long-

term use (Schuepp et al., 1990; Baldocchi, 2003; Kljun et al., 2004, 2015; Aubinet et al., 

2012; Burba, 2022).  

Kljun et al. (2015) improved upon these models with a two-dimensional parameterisation 

for flux footprint prediction (FFP), using a scaling approach for crosswind distribution. This 

revised model, based on the Lagrangian footprint model by Kljun et al (2004), and can be 

applied to various measurement heights, boundary stabilities, and roughness lengths. It 

requires conditions like measurement heights greater than 1m but below the ABL, dynamic 

terrain, and a friction velocity above a specific threshold. The simple parameterisation 

accounts for surface roughness, making it quick and accurate for assessing footprint 

dimensions (Kljun et al., 2015).  

Another advantage of estimating accurate FFP is to enhance the quality control and filtering 

process of analysing the flux data. The ability to exclude or include areas within the 

footprint is highlighted in a recent study carried out by Holl et al. (2020) using just one EC 

tower to take measurements from two opposing ecosystem types, which included a recently 

rewetted site and an actively harvested drained peatland site. The study sites were parallel 
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and divided by a railway dam, allowing researchers to filter sites by placing the EC tower in 

the center. They effectively measured fluxes from both sites within the EC tower's footprint.  

By using remotely sensed imagery they could discriminate between three types of land 

classification including drained, rewetted, and vegetated. Creating these classifications 

meant that data from undesired areas could be discarded. The authors did highlight that 

although it was achievable to do this, it did require a thorough amount of filtering data this 

evidentially led to a reduction in usable data, which in turn gave rise to substantial data gaps 

in the time series. They concluded that a great deal of additional work was needed to carry 

out the process of differentiating fluxes from both sites, but none the less it proved to be a 

successful method (Holl et al., 2020).  

2.3.1.4 Eddy covariance gap filling techniques  

2.3.1.4.1 Marginal distribution sampling  

Marginal distribution sampling (MDS) is a statistical method commonly used to fill gaps in 

datasets, particularly those from EC measurements in ecological studies (Pastorello et al., 

2020). The model developed by Reichstein et al. (2005) models the relationship between 

observed and missing data based on a predefined set of drivers or variables, as well as their 

seasonal and temporal variations. Tolerance levels for each driver are established to ensure 

that only values within acceptable ranges are used, thus improving the accuracy of the gap-

filling process. This method allows estimates for missing flux values to account for the 

variability and dependencies between the drivers. A coding package called REddyProc, 

developed by Wutzler et al. (2018) facilitates the integration of standard post-processing 

with extended analysis. It first utilises a lookup table and, if needed, applies a mean diurnal 

curve method.  

2.3.1.4.2 Multiple linear regression 

Multiple linear regression (MLR) builds on linear regression analysis and is particularly useful 

for datasets where the relationships between the dependant and independent variables are 

linear. It is a statistical technique that predicts dependent variables based on the 

relationship between that variable and the one or more independent variables (Tranmer et 

al., 2020). MLR is often used to gap-fill time series data by exploring explanatory variables 

that influence changes in the response variable. It assumes that the relationship between 

variables is linear and that certain conditions, such as normally distributed residuals and no 
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multicollinearity between independent variables, are met for valid results. When these 

assumptions are violated, the results may be unreliable, and alternative models may be 

required  (Tranmer et al., 2020).  
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2.3.1.5 Sampling errors  

Random uncertainty in carbon flux measurements, often caused by insufficient sampling of 

large eddies within a 30-minute sampling period, can lead to turbulent sampling errors, 

particularly since large eddies contribute significantly to flux (Finkelstein and Sims, 2001; 

Aubinet et al., 2012). Uncertainties related to this error can be calculated using two 

methods in EddyPro software, based on Mann and Lenschow, (1994) and Finkelstein and 

Sims (2001). Both methods require information such as vertical wind component, gas 

concentration or environmental factors, time, and time lag between instruments. 

Finkelstein and Sims (2001) improved on previous methods by incorporating additional error 

sources. Their approach, applied to CO₂ flux measurements from five field sites, found 

random uncertainty of 25-30% for CO₂ and emphasised the importance of correcting large 

sampling errors when calculating ecosystem carbon or energy balances. A study on forest 

ecosystems also applied various data correction techniques to reduce uncertainties, 

including spike detection, time lag compensation, sonic temperature correction, spectral 

corrections, and planar fit for coordinate rotation (Kováč et al., 2022).  

The EC covariance method is most reliable during daylight hours because, as night falls, 

advection causes the respired CO₂ produced by the ecosystem to stay near the land surface 

(Aubinet et al., 2012; Baldocchi, 2014). Because of these stable conditions, the eddies of air 

are non-turbulent and therefore the EC tower cannot sample all the eddies (Baldocchi, 

2003). This is particularly true in forested areas, where the CO₂ flux beneath the canopy of 

the trees cannot be registered by the EC tower and may lead to an underestimation of 

respiration and overestimation of NEE from the site. These errors can lead to substantial 

bias even when measurements are averaged over long periods (Leuning et al., 2008). There 

is no correction for this using a single EC system above canopy and nighttime data requires 

further quality control (Burba, 2022).  

Although there is no correction to implement, generally low friction velocity (u*) tests in 

these conditions are applied to determine a threshold for filtering underestimated 

nighttime data sets (Aubinet et al., 2001, 2012). By looking at the behaviours of airflow from 

annual data sets, limits of low turbulent exchange can be established then flagged and 

removed from the data set before further analysis (Burba, 2022). The fluxes above the u* 
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threshold are considered of good quality and data falling below this is often discarded in 

studies (Reichstein et al., 2005, 2007; Burba, 2022). 

 

In a study by Winck et al. (2023) the seasonal u* threshold was determined for each of the 

three-month seasons, with filtering done on a seasonal basis rather than using an overall 

annual u* threshold as in Klumpp et al. (2011). They found this approach to be more 

effective, as the u* varied significantly between the winter and summer months (Winck et 

al., 2023). However, in a study by Sottocornola and Kiely (2005) on a pristine blanket 

peatland they found that there was no clear pattern looking at friction velocity to exclude 

measurements on this basis, but they did find negative CO₂ fluxes on infrequent night 

measurements and these fluxes were then rejected as they were illogical. Vegetation 

characteristics at this site were low lying and homogeneous which may have been a reason 

why the friction velocity was negligible. As suggested by Holl et al., (2020) in a study carried 

out in Germany they highlight the problems associated when carrying out a great deal of 

filtering processes on data from their EC tower. Although the processes proved to be 

successful in acquiring the relevant and accurate data required, it led to a large amount of 

data loss, necessitating an arduous task of gap filling and increased predicted values.  

 

Another approach to monitor the rate of gas exchange is the installation of additional EC 

instruments at a lower level, or the use of additional sensors in conjunction with the above 

canopy EC system to estimate fluxes below the tree canopy (Janssens et al., 2000; Aubinet 

et al., 2003, 2012; Baldocchi, 2014). A study by Paul-Limoges et al. (2017) continuously 

monitored fluxes both above and below the canopy in Switzerland using the EC method. The 

study focused on a broadleaf woodland on mineral soils and found that above-canopy EC 

measurements indicated the site was a CO₂ sink, with a flux of -27.81 ± 0.37 tonnes of CO₂ 

ha⁻¹ yr⁻¹. However, when they examined the relationship between above-canopy and below-

canopy wind speeds, discrepancies were observed, particularly during periods of maximum 

canopy closure in the growing season. 

By calculating a threshold for significant differences between the wind speeds, they were 

able to adjust their results. They added NEE from below the canopy to the above-canopy 

measurements to account for the underestimation of respiration during periods of varying 

wind flow. This dramatically reduced the sink function of the site, resulting in an average 
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annual NEE value of -0.327 ± 0.004 t C-CO₂ m⁻² yr⁻¹. This method, while useful, is costly, as it 

requires additional instrumentation below the canopy. Moreover, the below-canopy 

respiration might be overestimated, leading to potential overcompensation. The authors 

also noted that the below-canopy NEE will largely depend on the understory vegetation 

cover at each specific site (Paul-Limoges et al., 2017). 

  

Utilising the chamber method in conjunction with the EC tower to take measurements from 

below tree canopy in order to establish the rate of respiration or just soil respiration alone 

has been implemented to avoid overestimating NEE (Baldocchi, 2003; Badorek et al., 2011; 

Jovani-Sancho et al., 2017). Although previous studies have shown conflicting results on the 

reliability of using the chamber method in situ with EC measurements, other studies have 

highlighted the benefits of using the chamber method to estimate below canopy carbon 

storage with the EC method (Badorek et al., 2011; Ojanen et al., 2012; Jovani-Sancho et al., 

2017, 2018; Jovani‐Sancho et al., 2021). The study by Badorek et al. (2011) used the 

chamber method to measure forest floor NEE in a drained peatland forest in Finland found 

that the method allowed for detailed analysis of ground vegetation communities' carbon 

flux dynamics, though the method may overestimate respiration and underestimate 

photosynthesis, with below-canopy contributions accounting for approximately 39% of the 

total NEE, representing a significant portion. 

 

2.3.1.6 Limitations using the eddy covariance method 

Implementing the EC method can be an accurate means of assessing long term flux 

measurements between an ecosystem and the atmosphere. Its advantages over other 

techniques include the ability to take direct measurements from an ecosystem with little 

disturbance to the surrounding area which can include large sampling areas over long time 

periods of a year or more (Baldocchi, 2003, 2014). However, the EC method presumes air 

density fluctuations are negligible and assuming horizontal homogeneity the mean vertical 

flow is equal to zero (Baldocchi et al., 1988). Consequently, if the surrounding terrain is level 

with underlying homogeneous vegetation and stable atmospheric conditions, EC can take 

precise measurements (Schmid and Lloyd, 1999; Baldocchi, 2003; Aubinet et al., 2012). 

However, natural conditions are complex, because of this the sonic anemometer may not be 

perfectly perpendicular to the mean flow of wind (Baldocchi, 2003; Burba, 2013). In order to 
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correct this, certain algorithms developed for tilt correction can be applied. These include 

the double rotation method, the triple rotation method, and the planar fit method (Wilczak 

et al., 2001).  

The double rotation and the planar fit models are the most widely used methods. The 

double rotation method is recommended for sites that are relatively flat with homogenous 

lying vegetation, for example a grassland which could assume to have wind streams parallel 

to the surface of the land and applying the double rotation method will compensate for 

minor vertical misalignments in the sonic anemometer. It is also a recommended method 

for ecosystems where the underlying vegetation can change significantly over a relatively 

short period of time (i.e. the harvest of a crop) (Wilczak et al., 2001). The planar fit model is 

deemed most suitable for sloping topography when the mean vertical wind component 

differs from zero. The planar fit model allows for a certain amount of horizontal wind speed 

to be measured and will apply an equation to correct for this. This method can only be 

applied to data collected over a period of time not like the double rotation method which 

can be applied to continuous real time data (Wilczak et al., 2001).  

Under the term frequency response errors there are several errors that can occur while 

monitoring gas exchange from EC, some of which include the following: 

- Instrument time response, this can impact results if there are motions of eddies that 

are moving too fast to be detected by all the instruments.  

- Sensor separation, which can occur if instruments are placed too far apart leading to 

a lack of correlation between air samples.  

- Sensor response mismatch occurs when a delay in time occurs between sensors. 

These errors can all effect the flux measurements taken. However, corrections for these 

errors can be carried out through careful installation of EC instruments and if needed the 

response frequency correction model can be applied during data processing stage (Burba, 

2013).   

 

2.3.1.7 Estimating Net ecosystem exchange  

As discussed in Section 1.3, NEE is a key biophysical process controlling CO₂ fluxes between 

ecosystems and the atmosphere and is therefore a key indicator of whether they function as 

a carbon sink or source (IPCC, 2001; Kirschbaum et al., 2001). NEE represents the net 

balance of CO2 uptake and release, calculated as the difference between net primary 
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production (NPP), the carbon fixed in new biomass, and the amount of CO₂ lost through Rh 

(IPCC, 2001; Kirschbaum et al., 2001). Equation 2.1 expresses this relationship: 

 

Equation 2.2 

𝑁𝐸𝐸 =  𝑁𝑃𝑃 −  𝑅h 

NPP is derived from the Gross Primary Production (GPP), the total carbon fixed through 

photosynthesis minus Rₐ, representing actual biomass accumulation by plants (Begon et al., 

1996), as shown in equation 2.2: 

Equation 2.3 

𝑁𝑃𝑃 =  𝐺𝑃𝑃 −  𝑅ₐ 

NEE provides a direct indication of an ecosystems net CO₂ balance, showing how much 

carbon from CO₂ is stored or lost based on these biological processes. Figure 2.10 illustrates 

this concept showing GPP and Reco.  

 

 

 

 

 

 

 

 

Figure 2.9 Schematic of Net ecosystem exchange (photo: author). 
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Figure 2.9 shows an example of NEE processes in a habitat. As mentioned in section 2.2.1 

and 2.2.3, separating respiration processes within an ecosystem can be challenging. For this 

reason, equations 2.2 and 2.3 are often used interchangeable in CO₂ exchange studies 

(Wilson et al., 2015; Swenson et al., 2018). NEE can be measured directly from an 

ecosystem, therefore, estimating GPP from an ecosystem requires the use of equation 2.4, 

which is represented as:  

Equation 2.4 

−𝐺𝑃𝑃 =  𝑁𝐸𝐸 −  𝑅𝑒𝑐𝑜    

This equation illustrates that by directly measuring NEE and Reco from an ecosystem, 

researchers can estimate GPP, the total amount of CO₂ fixed through photosynthesis, 

indirectly (Wilson et al., 2015; Wilson, Farrell, et al., 2016; Swenson et al., 2018).  Negative 

NEE values indictive a net sink of CO₂ within an ecosystem and positive NEE represents a net 

source.  

Typically, fluxes are separated into GPP and Reco by using radiation data to distinguish 

between day and night periods. This separation is crucial for applying specific models to 

each process, as they are driven by different biological variables (Begon et al., 1996; Burba, 

2022). Additionally, it enables a clearer understanding of the variables influencing NEE, 

which can be better pinpointed by separating the processes (Reichstein et al., 2005, 2007). 

The temperature sensitivity of respiration is commonly described using the Lloyd and Taylor 

(1994) function, which relates Reco to temperature through a well-established exponential 

response. However, reliance on long-term temperature relationships can introduce bias, 

particularly in high-carbon ecosystems such as peatlands. To address this Reichstein et al. 

(2005) developed a short-term, time-dependent model of temperature sensitivity that 

incorporates both daytime and nighttime data, reducing bias associated with seasonal 

variation and improving gap-filled Reco estimates.  

Earlier methods relying solely on nighttime data, (Hollinger et al., 1998; Falge, Tenhunen, et 

al., 2002; Law et al., 2002; Reichstein, Tenhunen, Roupsard, J‐M Ourcival, et al., 2002; 

Reichstein, Tenhunen, Roupsard, Jean‐marc Ourcival, et al., 2002; Rambal et al., 2003) 

successfully accounted for seasonal temperature sensitivity but had limitations, including 

heavy reliance on temperature as the sole driver, site-specific calibration, and potential 
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systematic errors when extrapolating to daytime values. Alternatively, models estimating 

Reco from light-response curves using daytime data (Falge, Baldocchi, et al., 2002; Gilmanov 

et al., 2003; Papale and Valentini, 2003), used both day and night data, offering greater 

flexibility and the ability to adjust parameters over time. However, these approaches 

depended on the light-response model, which can introduce high standard errors, and often 

limited direct comparisons of GPP estimates across sites. (Reichstein et al., 2005). 

Analysis of EC data across boreal, temperate, and Mediterranean climates indicated 

potential overestimation of respiration by more than 25% in boreal and temperate 

ecosystems when relying solely on long-term temperature relationships, while 

Mediterranean ecosystems could see underestimation (Falge, Baldocchi, et al., 2002; 

Reichstein et al., 2005). The short-term, time-dependent model by Reichstein et al. (2005) 

addresses these issues by allowing parameters to vary over time and by incorporating both 

day and night measurements. Implementation occurs at seasonal and short-term (≈15-day) 

scales.  

Air temperature was chosen as the primary predictor due to stronger correlations with Reco 

compared to soil temperature. Short-term temperature sensitivity tended to be 

overestimated during the growing season due to increased biological activity, while long-

term sensitivity captured seasonal patterns more accurately in temperate and boreal 

forests. Careful selection of meteorological data and analysis over shorter time frames can 

further improve gap-filling (Reichstein et al., 2005). The standard equation derived from the 

study is presented in Equation 2.5. 

 

Equation 2.5 

𝑑𝑅𝑒𝑐𝑜

𝑅𝑒𝑐𝑜
=

𝑑𝑅𝑟𝑒𝑓

𝑅𝑟𝑒𝑓
+ 𝑑𝐸0(

1

𝑇𝑟𝑒𝑓 − 𝑇0
−

1

𝑇 − 𝑇0
) 

  

This equation describes how changes in the baseline respiration rate (𝑅𝑟𝑒𝑓) and the 

temperature sensitivity parameter (𝐸0) affect the relative change in ecosystem respiration 

(Reco), considering the differences in temperature (T) between the reference temperature 

and the base temperature (Reichstein et al., 2005). 
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2.3.1.8 Energy balance closure  

Biological processes in ecosystems rely on the exchange of energy fluxes, which are 

influenced by environmental factors like water availability, air, and soil temperatures. These 

factors closely correlate with carbon cycle balance (Begon et al., 1996). The energy balance 

closure (EBC) helps quantify the accuracy of carbon flux values and ensures EC instruments 

are functioning properly (Cai and Kim, 2005; Burba, 2022). 

EBC represents the energy taken in by an ecosystem through solar radiation, ideally 

equalling the energy released back via radiation, heat, or evapotranspiration: 

Equation 2.6 

𝐿𝐸 +  𝐻 +  𝐺 =  𝑅𝑛 

Where LE is latent heat, H is sensible heat, G is ground heat flux, and Rn is net radiation. The 

reliability of EBC is assessed through linear regression, with values closer to one being most 

accurate (Barr et al., 2006). Ground heat flux also referred to as soil heat flux (SHF) is 

especially relevant for studies involving low vegetation and agricultural lands (Sauer and 

Horton, 2015). However, in woodland sites it is deemed less prevalent for the energy budget 

and can be frequently ignored from Equation 2.6, as it is deemed the smallest contributor to 

the energy balance (Sauer and Horton, 2015).  

A study carried out by Wilson et al (2002) on the role of energy storage below the canopy 

and energy heat storage was carried out. The study focused on sites with grass vegetation 

and forested sites. When looking at the components of the EBC from Equation 2.6, the study 

found that SHF was more relevant to include for sites with small canopies of approximately 

less than 8m high. Sites with taller canopies did not depend as heavily on SHF for the 

accuracy of the EBC. It was concluded that because of the dense canopy in a woodland or a 

site with tall vegetation over 8m, the SHF component had much less of an impact when 

calculating the average slope of the line. This is because the canopy is dense, and the direct 

sun is not reaching the ground level (Wilson et al., 2002). This is in agreement with the 

statement from Sauer and Horton, (2015). Wilson et al., (2002) also found no significant 

difference between open and closed path gas analysers regarding EBC. 

 

A study by Barr et al. (2006) found that boreal forests exhibit consistent energy imbalance 

patterns across different sites, with similar relationships between CO₂ and energy 
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imbalances. Zhou et al. (2023) compared methods for calculating EBC, concluding that 

sensible and latent heat fluxes are the dominant components. The Bowen ratio method was 

the most accurate for closing energy balances, although it was ineffective for fluxes from 

horizontal advection. Errors in heterogeneous surfaces can be difficult to detect due to 

sensor variation. Accurate EBC methods are more relevant for modelling future changes in 

ecosystem carbon cycles (Sottocornola, 2007), although in forest ecosystems it is common 

to have non-EBC (Aubinet et al., 2001).  

 

2.3.2 Chamber Methodologies   

Similar to the EC method, the chamber method is commonly used to estimate the gas 

exchange between the biosphere and atmosphere (Tuittila et al., 2004; Waddington et al., 

2010). This method is commonly used to monitor the rate of soil respiration, 

photosynthesis, N₂O and CH₄ emissions. The chamber method has assisted in establishing 

trends in GHG emissions from ecosystems all over the globe (Matson et al., 1995; Griffis et 

al., 2000; Tuittila et al., 2004; Waddington et al., 2010). The chambers are relatively 

inexpensive compared to the costly EC tower and are easily transportable allowing them to 

be used on multiple sites (Matson et al., 1995). However, unlike the quasi-continuous 

measurements taken from the EC method, generally measurements from the chamber 

Figure 2.10 Static chamber made from translucent material intended to measure NEE & Respiration (photo: author). 



66 
 

method are carried out fortnightly or monthly (Wilson, Farrell, et al., 2016). 

Chamber types can be classified as steady state and non-steady state chambers (Livingston 

and Hutchinson, 1995) or otherwise known as dynamic and static chambers (Figure 2.10) 

(Griffis et al., 2000). Commonly a collar is inserted into the ground where samples are 

required and the chamber is then placed onto the collar, creating a vacuum seal between 

the collar and the chamber (Heinemeyer et al., 2011).  

Steady state or dynamic chambers (Figure 2.10) allow a constant controlled airflow through 

the chamber measuring the gas fluxes before and after entering the chamber, whereas the 

non-steady state chambers or static chambers are closed off and the air within the chamber 

is circulated and sampled (Livingston and Hutchinson, 1995).  

Dynamic chambers consist of a more expensive automated system taking continuous direct 

samples and analysing them in real time. Static chamber heads are less costly but can be 

more labour-intensive, depending on the experimental design. A cost effect approach 

includes manual air samples collected by syringe from the static chamber head, that are 

then analysed off site. However, this approach is very labour intensive and time consuming. 

The static chambers also have the potential to become semi-automated by connecting them 

to portable gas analysers. This is less labour intensive while remaining relatively cost 

effective and is a widely used method for GHG monitoring (Laine, 2006; Heinemeyer et al., 

2011; Wilson, Farrell, et al., 2016; Jovani-Sancho et al., 2017). It is suggested that the 

dynamic chambers are an appropriate method for taking soil CO₂ flux measurements 

(Janssens et al., 2000) on the other hand, the static chamber is a more accurate means of 

measuring trace gases such as CH₄ (Livingston and Hutchinson, 1995). Chambers can be 

constructed from a translucent material or a non-translucent solid material, this permits the 

measurement of NEE or soil respiration respectively (Griffis et al., 2000; Waddington et al., 

2010). This is beneficial as both measurements can be easily differentiated, unlike the EC 

method it can be difficult to separate soil respiration from plant respiration (Griffis et al., 

2000; Janssens et al., 2000; Waring and Running, 2007).  
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2.3.2.1 Chamber structure and collar insertion   

Environmental variables such as topography, vegetation type and height, and the entity of 

interest to be measured will determine the dynamics and dimensions of the chamber 

structure. Therefore, there is no consistency of chamber composition across the board. 

However, there are general guidelines set out by Pavelka et al., (2018) and Fiedler et 

al.,(2022) that highlight some points to consider when designing a chamber experiment. 

They recommend having a chamber which suits the needs of that of the vegetation being 

measured. For example, taller vegetation will require a higher chamber head, but all the 

while keeping the volume to base area of the chamber small enough that the gas of interest 

is still quantifiable within the deployment period of the measurements.  

Implementing the chamber method generally involves the use of collars that are inserted 

into the ground at desired areas, with the intention of avoiding horizontal gas leakage when 

estimating total soil respiration (Heinemeyer et al., 2011). The depth at which collars are 

inserted into the ground varies across different ecosystem types. Past research methods 

carried out use various collar depths depending on chamber size or site type and in some 

cases, there is no mention of collar insertion depth (Janssens et al., 2001; Wang et al., 2010; 

Heinemeyer and McNamara, 2011; Heinemeyer et al., 2011; Wilson, Farrell, et al., 2016; 

Jovani-Sancho et al., 2017; Jovani‐Sancho et al., 2021). 

2.3.2.2 Chamber modelling  

The chamber method collects spot samples at the time of emission. To estimate an annual 

emissions budget using this method, the data must be modeled annually based on the 

collected spot samples and in situ meteorological data. A correlation between the flux 

measurements and the meteorological data is essential for successful modeling of the 

dataset (Wilson et al., 2015; Wilson, Farrell, et al., 2016). Prior studies have applied various 

models to peat soils, yielding diverse explanatory effectiveness.  

NEE is measured during daylight hours, while respiration is measured in darkness. To 

effectively model the time series from chamber measurements, it is necessary to obtain GPP 

and Reco. Thus, GPP can be calculated using the Equation 2.4 in section 2.3.1.7. These 

components are modeled separately, as respiration is influenced by biotic factors such as 

temperature, as discussed in section 2.2.3. Similarly, GPP is related to PPFD or PAR, as noted 

in section 2.2.2; therefore, these processes must also be modeled independently.  
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In a previous report by Wilson et al., (2015), a model was developed to estimate GPP by 

using PPFD and soil temperature as independent variables (Equation 2.7). This model is 

based on a Michaelis–Menten-type relationship (Tuittila et al., 1999, 2004; Wilson, Farrell, 

et al., 2016) that describes the saturating response of photosynthesis to light and soil 

temperature, and incorporates Levenberg–Marquardt multiple nonlinear regression 

technique (Wilson et al., 2015; Wilson, Farrell, et al., 2016).  

 

Equation 2.7 

𝐺𝑃𝑃 = 𝑃𝑚𝑎𝑥 (
𝑃𝑃𝐹𝐷

𝑃𝑃𝐹𝐷 +  𝑘𝑃𝑃𝐹𝐷
) . 𝐿𝐴𝐼. 𝑇₅ 

Where 𝐺𝑃𝑃 refers to gross primary productivity, 𝑃𝑚𝑎𝑥 indicates the maximum rate of 

photosynthesis, 𝑃𝑃𝐹𝐷 stands for photosynthetic photon flux density, and 𝑘𝑃𝑃𝐹𝐷 

represents the 𝑃𝑃𝐹𝐷 level at which 𝐺𝑃𝑃 attains half of its maximum value. Additionally, 

𝐿𝐴𝐼 denotes leaf area index, and 𝑇₅ refers to soil temperature measured at a depth of 5 cm.  

In the study by Wilson et al. (2015) applied their modelling approach across nine peat 

extraction sites in Ireland and the UK and found that GPP was strongly driven by PPFD, 

which alone explained around 70% of the variation in model residuals. Incorporating 

additional variables such as LAI and temperature further improved model performance, 

demonstrating that the algorithm was effective and responsive to key environmental 

controls across both industrial and domestic peat extraction sites 

The respiration model applied in the study was loosely based on equation by Lloyd and 

Taylor (1994), and identified soil temperature at a depth of 5cm as the strongest factor 

influencing flux change in respiration measurements. When WT data was included in the 

model, it slightly enhanced the model’s ability to explain variability across sites by 55% to 

85%. However, at one site, there was no observed relationship between WT and the fluxes, 

leading to the exclusion of WT from the model for that specific location. The model used to 

estimate Reco in the paper is as follows: 
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Equation 2.8 

𝑅𝑒𝑐𝑜 =  𝑎. 𝑒𝑥𝑝. [𝑏 (
1

𝑇ᵣ − 𝑇ₒ
) − (

1

𝑇 − 𝑇ₒ
)] . 𝑊𝑇 

Where 𝑅𝑒𝑐𝑜 represents ecosystem respiration, 𝑇ᵣ is the reference temperature set at 

283.15 K,  𝑇ₒ is the minimum temperature at which respiration is zero, set at 227.13 K, 𝑇is 

the soil temperature at a depth of 5cm, WT is the water table depth, and 𝑎 and 𝑏 are the 

fitted model parameters.  

Other research utilised similar modeling techniques derived from the original reference 

sources, such as the Michaelis–Menten-type relationship and the respiration model 

proposed by Lloyd and Taylor (1994). However, each study introduced slight variations to 

tailor the models to specific sites, linking independent variables based on the relationships 

observed in meteorological data and the trends in fluxes over time (Laine, 2006; Badorek et 

al., 2011; Jovani-Sancho et al., 2018). 

Previous studies that employed the chamber technique to measure CH₄ emissions at 

peatland sites in Ireland, taking fortnightly and monthly measurements, used simple linear 

interpolation to gap-fill the CH₄ data. The authors noted that this method may not have fully 

captured the day-to-day variation in CH₄ emissions at the site. They also acknowledged that 

using more sophisticated models could have provided different results and that their 

approach may have led to an underestimation of CH₄ emissions (Rigney et al., 2018).  

 

2.3.2.3 Evaluating the chamber method: advantages and challenges 

This section reviews previous research that applied the chamber method in different 

ecosystems, focusing on the characteristics of each study. It also discusses the limitations of 

the method, particularly within forest ecosystems. Several studies have explored the use of 

the chamber method to estimate carbon fluxes in peatland ecosystems, highlighting both its 

advantages and limitations, especially in comparison to other techniques such as the EC 

method.  

The chamber method is more successfully carried out in areas with low growing vegetation 

or no vegetation, for example it cannot calculate an accurate rate of NEE from a forest 

canopy, because it is unable to measure photosynthesis from the entire canopy (Baldocchi, 
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2014). However, the chamber method can be a useful resource when estimating the soil 

carbon balance of a forest ecosystem and below canopy NEE.  

One major disadvantage of the chamber method is that it is disruptive and invasive to the 

area being monitored. The chamber head is sealed off between the vegetation and soil, 

which can alter the microclimate. This may result in an increase in temperature inside the 

chamber, potentially affecting the gas concentrations being measured (Livingston and 

Hutchinson, 1995; Hutchinson et al., 2000). This effect can be particularly problematic when 

using static chambers (Heinemeyer and McNamara, 2011). To reduce these risks, strategies 

such as avoiding collar insertion (Jovani-Sancho et al., 2017), careful placement of chamber 

heads (Wilson, Farrell et al., 2016) and using fans to circulate air within the chamber 

(Renou-Wilson et al., 2019; Fiedler et al., 2022) can help maintain more reliable 

measurements. Dynamic chambers with automatic cooling systems are also available, but 

they are generally more expensive (Heinemeyer & McNamara, 2011). 

Despite these challenges, the chamber method offers a more reliable and accurate 

estimation of GHG concentrations than older methods, such as the ‘soda-lime’ approach 

(Byrne and Farrell, 2005). However, a limitation of the chamber method is its inability to 

provide continuous measurements, which can result in significant changes in environmental 

parameters between measurements (Heinemeyer et al., 2011). This makes it difficult to 

capture short-term variations in carbon flux in real time, especially during periods of rapid 

environmental change. 

When comparing chamber and EC methods, both are used to monitor GHG fluxes, but the 

spatial scales they represent differ. The chamber method, which typically measures smaller, 

more localised areas, can be more accurate for capturing fluxes that may be missed by EC 

towers, particularly during seasonal transitions or in ecosystems undergoing regrowth after 

disturbance (Poyda et al., 2017). However, the EC method provides a broader spatial 

coverage and is often better suited to capturing large-scale ecosystem fluxes.  

A study by Poyda et al. (2017) comparing CO₂ fluxes from both chamber and EC methods 

from grassland on peat soils, found that during peak changes in vegetation, the chamber 

measurements showed a net release of CO₂, while the EC measurements showed a net CO₂ 

uptake. This discrepancy highlights the challenge of making direct comparisons between the 
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two methods, especially in ecosystems undergoing seasonal changes or disturbance-induced 

regrowth. In contrast, a study comparing the chamber and EC methods in larger ecosystems, 

such as those in temperate forests, have found that the chamber method may overestimate 

respiration compared to EC data (Wang et al., 2010). In a later study comparing global data 

sets the authors came to a similar conclusion, finding that EC data estimated approximately 

10% less ecosystem respiration compared to chamber methods (Wang et al., 2017).  

These studies highlight the importance of cross-validation between the chamber and EC 

methods to improve the accuracy of CO₂ flux estimates. Because chamber data are often 

sparse, modeling is necessary to estimate annual carbon budgets. Chamber measurements 

rely on environmental predictors such as photosynthetic photon flux density (PPFD), soil 

temperature, and leaf area index (LAI) to model GPP and Reco at finer scales (Wilson et al., 

2015). These models build on earlier approaches, including Michaelis–Menten formulations 

(Tuittila et al., 1999) and the Lloyd & Taylor (1994) respiration function. Variants of these 

models have been adapted to specific site conditions, for example substituting LAI with 

water table depth (Laine, 2006; Badorek et al., 2011; Jovani-Sancho et al., 2018). 

EC datasets also require gap-filling to address missing data from instrument issues or quality 

filtering, with MDS being the standard approach used across FLUXNET (Wutzler et al., 2018; 

Pastorello et al., 2020). While effective for continuous EC time series, MDS cannot be 

directly applied to chamber datasets due to their lower temporal resolution. Instead, 

chamber modelling typically separates GPP and Reco and estimates each independently using 

site-specific environmental relationships, providing useful process-level insights despite 

more limited temporal and spatial coverage (Wilson et al., 2015; Wilson, Farrell, et al., 

2016). 

By integrating modeling with careful chamber deployment, researchers can maximise the 

reliability of soil and below-canopy flux estimates while complementing EC data for a more 

comprehensive understanding of ecosystem carbon dynamics. especially when assessing 

complex forest ecosystems (Wang et al., 2017). 
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2.3.3 Machine learning models for estimating data gaps and upscaling fluxes  

Machine learning (ML) algorithms have become increasingly prevalent in environmental 

research, particularly for analysing complex ecosystems with highly variable datasets. The 

application of ML methods to study atmospheric GHGs has gained significant traction, 

offering valuable insights in recent studies (Xu and Goodacre, 2018; Hamrani et al., 2020; 

Holl et al., 2020; Kim et al., 2020; Zhu et al., 2022; Winck et al., 2023).  

Both traditional gap-filling approaches, such as MDS for EC datasets and the empirical 

models developed by Wilson et al. (2015) for chamber-based measurements, have proven 

effective for their respective data types; however, they are designed for different 

measurement systems and are not interchangeable. Recent advancements in ML represent 

a major step forward in improving the accuracy and reliability of gap-filling in environmental 

datasets across multiple methods (Winck et al., 2023; Zhu et al.,2022). Studies increasingly 

show that ML algorithms offer strong alternatives to traditional approaches such as MDS, 

often achieving higher accuracy and reduced bias in flux modelling and gap-filling 

application (Xu and Goodacre, 2018; Hamrani et al., 2020; Holl et al., 2020; Kim et al., 2020; 

Zhu et al., 2022; Winck et al., 2023). ML methods can model more complex relationships 

between environmental parameters and carbon fluxes and have been shown to be 

especially effective for estimating gaps in trace gases such as CH₄ (Kim et al., 2020). While 

MDS remains a widely used and effective method, particularly for smaller gaps in EC data, 

ML techniques are rapidly emerging as a more flexible and precise option for both EC and 

chamber-based datasets. 

Studies (Breiman, 2001; Xu and Goodacre, 2018; Hamrani et al., 2020; Holl et al., 2020; Kim 

et al., 2020) have highlighted the importance of properly separating data for training and 

testing when applying ML methods for gap filling. This is particularly relevant for chamber-

based datasets, which are often smaller and collected as spot samples. The effectiveness of 

ML models depends on the way the data is split, as it ensures that the model is trained on 

one portion of the data and tested on another, unseen portion. This separation helps 

prevent overfitting, where the model may perform well on the training data but fail to 

generalise to new data. For larger datasets (e.g., 1000 samples), the data-splitting method 

has minimal impact on the results, while smaller datasets (e.g., 30 samples) exhibit more 
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variability depending on the chosen method (Breiman, 2001; Xu and Goodacre, 2018; 

Hamrani et al., 2020; Holl et al., 2020; Kim et al., 2020). 

Xu and Goodacre (2018) conducted a study comparing various data-splitting methods and 

found that no single approach consistently outperformed the others. However, they found 

that random sampling, bootstrapping with multiple repetitions, and balanced splits between 

training and validation sets tended to yield better results. Although the ideal number of 

splits was not definitively established, this underscores the flexibility of ML methods in 

optimising data splitting, ultimately enhancing the reliability of model outputs compared to 

more traditional techniques. 

Multiple studies demonstrate that ML algorithms consistently outperform traditional linear 

approaches for modelling and gap-filling GHG fluxes. On agricultural soils in Canada, deep 

learning models showed markedly higher R² and lower RMSE than simple linear regression, 

indicating more accurate predictions of GHG emissions (Hamrani et al., 2020). Similarly, at 

an industrial peatland site in Germany, ML methods achieved higher model coefficients and 

lower RMSE compared to multilinear regression when gap-filling CH₄ fluxes, particularly 

under conditions where microbial activity was strongly influenced by variables such as VPD 

and soil temperature (Holl et al., 2020). 

In a broader evaluation of CH₄ flux gap-filling across wetlands and rice paddies, Kim et al. 

(2020) compared MDS, RF, and ANNs using different environmental inputs. RF produced the 

most accurate and least biased predictions across all sites, followed closely by ANNs, while 

MDS performed better when driven by soil temperature, NEE, and water table rather than 

standard meteorological variables(Kim et al., 2020). 

In Ireland, ML techniques have been employed to monitor and assess peatland cover, 

improving the accuracy and efficiency of land-use classification and upscaling of carbon flux 

estimations (Ingle, Bhatnagar, et al., 2023; Habib et al., 2024). As ML techniques continue to 

advance, their integration into environmental research holds great potential for improving 

the accuracy of carbon flux estimates and enhancing our understanding of carbon dynamics 

across diverse ecosystems. This section will explore the general concepts of ML methods. 
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2.3.3.1 Random forest 

Random forest (RF) is a supervised learning algorithm that essentially builds an ensemble of 

decision trees, creating a "forest." It typically uses training data with a technique called 

bootstrapping, where multiple subsets of the training data are created by randomly 

sampling with replacement. This enhances the model's overall performance by 

incorporating a combination of learning patterns. Since each tree is independent of the 

others, this approach allows for greater diversity in learning. The algorithm builds multiple 

decision trees and merges their predictions to achieve a more accurate and stable outcome. 

Random forest requires only two parameters, making it relatively simple to implement: the 

number of trees to build and the number of variables to randomly sample at each point of 

independence (Breiman, 2001).  

RF has emerged as an effective ML algorithm for gap-filling large datasets, particularly for 

long gaps in time series data. For example Winck et al. (2023) applied RF to an 18-year 

dataset of GHG fluxes from a managed upland grassland in France, using RF for long gaps 

and MDS for short ones. They found that RF demonstrated robust performance in managing 

noise, identifying complex relationships, and accounting for temporal dependencies within 

the data. Similarly, Zhu et al. (2022) showed that RF outperformed MDS for gap-filling CO₂, 

latent heat, and sensible heat fluxes, especially for longer gaps. RF’s superior performance 

in handling long gaps and its ability to model intricate environmental relationships make it a 

promising alternative to traditional methods. Kim et al. (2020) further validated the 

superiority of RF over MDS and ANNs in gap-filling CH₄ flux timeseries, reinforcing its 

applicability in environmental flux modeling. 

 

2.3.3.2 Gradient boosting  

Gradient boosting machines (GBMs) are a machine learning technique used for regression 

and classification by combining weak decision trees to create a more accurate model 

(Friedman, 2001). Unlike random forests, which build independent trees and average their 

predictions, GBMs build models sequentially, with each new model correcting the errors of 

the previous one. The process involves iteratively adding models, calculating negative 

gradients, fitting a base learner to the errors, and adjusting the learning rate to control the 

model’s error correction. GBMs require independent variables and a dependent variable, 
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with enough data to train the model for either regression or classification tasks (Natekin and 

Knoll, 2013). 

2.3.3.3 XGBoost model  

The XGBoost model, developed by Chen and Guestrin. (2016), is an advanced 

implementation of the gradient boosting framework, often referred to as "Extreme Gradient 

Boosting." It employs decision trees as base learners and applies the gradient boosting 

algorithm to iteratively combine these trees, progressively refining the model by minimising 

residual errors. However, XGBoost introduces several key enhancements to improve both 

the efficiency and performance of gradient boosting. These include regularisation 

techniques to reduce overfitting, sparsity awareness for handling sparse datasets more 

effectively, parallelisation to speed up training through distributed processing, and tree 

pruning to produce more efficient decision trees. As a result, XGBoost offers a scalable, 

high-performance solution that is particularly well-suited for large and complex datasets, 

distinguishing it from traditional gradient boosting methods (Chen and Guestrin, 2016). 

2.3.3.4 Artificial neural networks  

Artificial neural networks (ANNs) are a type of machine learning algorithm inspired by the 

structure and functioning of the human brain. They consist of interconnected nodes, 

organised in layers. The input layer contains independent variables, such as meteorological 

data from various sites in environmental research. Hidden layers process these inputs 

through complex mathematical equations, while the output layer provides the predicted 

values (Holl et al., 2020). 

2.3.3.5 Generalised additive models 

Generalised additive models (GAMs), developed by Hastie and Tibshirani (1986), extend 

linear models by incorporating nonlinear relationships through smooth functions, like 

splines, to capture complex patterns in data. GAMs are flexible, allowing for continuous or 

binary data, and use additive effects of predictor variables with likelihood-based estimation. 

Key steps in implementing GAMs include selecting appropriate smoothers, specifying the 

model structure, and using algorithms like local scoring or backfitting for estimation. While 

GAMs offer flexibility and clear visualisation of predictor effects, they can be 

computationally intensive, and careful selection of tuning parameters is crucial for 

performance (Hastie and Tibshirani, 1986; Hastie, 2017).  
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2.3.3.6 k-Nearest Neighbours 

Originally developed by E. Fix and J.L. Hodges in (1951), the k-nearest neighbours (kNN) 

method is used for both classification and regression tasks, employing a simple instance-

based learning approach. The method relies on the principle that similar data points are 

likely to have similar outcomes, making it a non-parametric method, meaning there is no 

assumption made about the underlying data distributions. However, there is a key 

assumption and that is that similar data points are located close to each other in the feature 

space, which allows predictions for a new point based on its nearest neighbours. Key steps 

in kNN include selecting the number of neighbours (k), calculating distances using metrics 

like Euclidean or Manhattan, and aggregating the neighbours’ responses through majority 

voting (for classification) or averaging (for regression). KNN is valued for its simplicity and 

versatility, requiring only a labelled dataset and a distance metric. However, it faces 

challenges, such as selecting the optimal number of neighbours (k), computational 

inefficiency with larger datasets, and its sensitivity to noise and high-dimensional data. 

These challenges can be addressed through techniques like cross-validation and efficient 

data structures (Halder et al., 2024). Therefore, kNN may be useful for filling gaps in 

datasets with smaller gaps, but for larger datasets with significant gaps, more complex 

machine learning models may be more effective. 
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2.4 Previous research on emissions and reductions from peatlands and forests  

Previous literature on the evaluation of GHG emissions from different peatland types, 

including peat soils under various land uses and the effectiveness of peatland rewetting, 

varies considerably across studies, particularly regarding their carbon sink and source 

functions. Additionally, vulnerability to drying and other environmental factors differ across 

sites. This section reviews and highlights these variations, examines emissions from various 

peatlands and woodland ecosystems, and identifies key areas where further research is 

needed to better understand and quantify emissions from peatlands.  

2.4.1 Studies on degraded and rewetted peatlands  

A significant body of research has been conducted on degraded and rewetted peatlands in 

Ireland, the UK, and beyond, providing valuable insights into their restoration potential and 

the challenges they face in regaining carbon sequestration. Farrell and Doyle (2003) 

demonstrated that hydrological manipulation on cutaway peatlands can encourage 

sphagnum moss growth, a key factor in peat formation, enhancing the return of the sink 

function. Similarly, Wilson et al. (2016) observed that rewetting a cutaway blanket peatland 

successfully converted it from a carbon source into a carbon sink, adding to the growing 

evidence of rewetting’s benefits. However, Wilson et al. (2007) highlighted that not all 

rewetted peatlands show the same positive results. In their study of a vegetated cutaway 

raised peatland, rewetting did not achieve the same success, with the site remaining a CO₂ 

source after restoration. The difference in outcomes between blanket and raised bogs 

suggests that peatland type is a critical factor influencing restoration success. 

Holden et al. (2011) further emphasised the difficulties in restoring hydrological conditions 

on drained peatlands, even years after rewetting, making it harder to achieve pre-drainage 

water table levels and full carbon sink functionality. This is echoed by Wilson, Farrell, et al. 

(2016), who found that although rewetting reduced CO₂ emissions compared to drained 

peatlands, net GHG emissions were still higher than those from undrained sites. 

Additionally, Renou-Wilson et al. (2019) provided evidence of a rewetted peatland in 

Galway acting as a carbon sink, but Rigney et al. (2018) observed that a rewetted blanket 

peatland in Clare and raised peatland in Tipperary exhibited different outcomes. While the 

Clare site remained a carbon source, the Tipperary site showed a larger carbon source, 

demonstrating the variability in peatland recovery outcomes. 
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Moreover, studies outside Ireland reveal additional insights in rewetted peatland 

functionality. Levy et al. (2015) reported that a near-pristine peatland in Cross Lochs, 

Scotland, acted as a carbon sink, while Peichl et al. (2014) found similar results in near-

pristine peatlands in Sweden, both showing the importance of maintaining near-pristine 

hydrological conditions. Hambley et al. (2019) showed that a rewetted peatland in Talaheel, 

Scotland, sequestered carbon, supporting the view that long-term rewetting (16 years in 

this case) can lead to positive carbon outcomes in cooler climates. 

However, drained peatlands present more complex challenges. For example, Wilson et al. 

(2015) observed that drained blanket bogs and raised bogs, such as those in Galway, Mayo, 

and Offaly, continued to act as carbon sources despite varied hydrological conditions. This 

aligns with Holden et al. (2011), who emphasised the difficulty of fully restoring WT in 

rewetted peatlands. These studies reinforce the idea that rewetting alone may not be 

enough to restore carbon sink functionality, especially if the site remains vulnerable to 

drying out. 

One of the key challenges is that rewetted peatland sites, though improved in that carbon 

emissions reduced compared to drained peatlands, remain sensitive to environmental 

changes (Wilson, Farrell, et al.,2016; Holden et al.,2011). These variations highlight the 

importance of factors such as land-use history, peat depth and local environmental 

conditions in determining whether rewetted peatlands can return to a functioning carbon 

sink. This underscores the need to refine restoration strategies and tailer them to specific 

characteristics of each peatland to enhance long-term success.  

The variability in outcomes, points to the need for continued research, especially on the 

effects of climate and site-specific factors such as peat depth, vegetation cover, and 

hydrological management. O'Leary et al. (2025) used advanced airborne radiometric 

techniques to map peat soils in Ireland, identifying areas under current other land uses on 

peat soils, such as agricultural and woodland. This advancement in land-use mapping is 

important for accurately estimating GHG emissions from peat soils, as hectares of peatland 

can be multiplied by the reported land use emission factors to determine overall 

contributions to national inventories, such as the NIR (EPA, 2024). 
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Previous Irish research on degraded, rewetted, and near-natural peatlands such as those by 

Wilson et al. (2015) and the review by Aitova et al. (2023) have contributed to a more 

refined understanding of emissions from rewetted and degraded peatlands. These studies 

have informed the NIR (EPA, 2024) and highlight the importance of Irish peatland research 

in global climate change mitigation frameworks. However, while these contributions are 

significant, Tier 1 emission factors, which are less sensitive to country-specific conditions, 

are still used in the NIR. Tier 2 and Tier 3 methods offer more detailed and accurate 

emissions calculations but are not yet fully implemented for all land use on peat soil.  

 

2.4.2 Mixed woodland emission and reductions 

Previous literature on atmospheric GHG emissions from various forest habitats and soil 

types shows considerable variation in findings. Research on atmospheric carbon dynamics in 

European woodland ecosystems, particularly broadleaf woodlands, is relatively limited. 

However, two key studies on broadleaf woodlands are discussed below. In contrast, there is 

a greater body of research on industrial forests, likely due to their economic significance. A 

comparison is made between these two forest types, broadleaf and industrial, followed by a 

review of relevant Irish research on woodland carbon dynamics. The studies discussed 

provide insight into these different forest ecosystems. 

A study conducted in Belgium using EC techniques examined a patchy forest consisting of 

mixed coniferous (Douglas fir) and deciduous (beech) plots. The forest sits on mineral soil 

with a soil depth of approximately 100–150 cm. The total NEE was estimated at -6 t CO₂ ha⁻¹ 

yr⁻¹. However, this result was considered preliminary, as it does not account for the night-

time flux error, which was estimated to be between 10–20% (Aubinet et al., 2001). 

In contrast to this, a naturally diverse woodland in Switzerland was examined by Paul-

Limoges et al. (2017), using eddy covariance techniques both above and below the canopy 

over a two-year period. While Aubinet’s study presented preliminary NEE values, Paul-

Limoges et al. observed a strong division between photosynthesis and respiration processes, 

with photosynthesis dominating the above-canopy measurements and respiration 

dominating below the canopy. This difference in fluxes above and below the canopy led 
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them to analyse the vertical wind profile, where they identified significant air mass 

differences during the growing season when the canopy was fully closed. 

To address these discrepancies, they developed a correction method to adjust for the 

influence of the below-canopy fluxes on the above-canopy NEE measurements. The above 

canopy values indicated the site was a significant CO₂ sink, with NEE estimated to be -27.81 

± 0.37 t CO₂ ha⁻¹ yr⁻¹, a much stronger sink compared to the -6 t CO₂ ha⁻¹ yr⁻¹ estimated in 

the Belgian study  (Paul-Limoges et al., 2017). However, by incorporating the below-canopy 

data, they refined their total NEE estimates, resulting in a much lower average range of          

-0.327 ± 0.004 t C-CO₂ m⁻² yr⁻¹. However, the study may have overestimated respiration 

from below canopy.  

2.4.3 Industrial forests emissions 

In contrast to the naturally diverse forests discussed above, two studies focusing on 

industrial forests on peat soil reveal quite different carbon dynamics due to the unique 

properties of peatlands and their history of drainage and extraction. 

The first study by Hommeltenberg et al. (2014) looked at an industrial peatland forest in 

Germany over two years. Initially, the forest acted as a strong carbon sink, sequestering        

-130 and -300 g C m⁻² yr⁻¹ (-1.3 and -3.0 t C ha⁻¹ yr⁻¹) in the first and second years, 

respectively. However, when factoring in emissions from drainage and peat extraction prior 

to planting, the forest shifted from a carbon sink to a net source of emissions. According to 

the study, the forest would need to remain in place for over 140 years to fully offset the 

emissions generated over the prior 44 years, which were estimated at 134 t C ha⁻¹. 

Similarly, the study by He et al. (2016) examined a coniferous plantation on drained 

agricultural peatland in Sweden. The forest acted as a source of emissions for the first 39 

years of a 60-year simulation, only becoming a carbon sink thereafter. The simulated 

average carbon uptake was -413 g C m⁻² yr⁻¹ (-4.13 t C ha⁻¹ yr⁻¹) over the 60-year period. 

NEE varied, with the system acting as both a carbon sink and source during the first 19 

years. After 1981, the forest generally functioned as a continuous carbon sink, with an 

average NEE of -217 g C m⁻² yr⁻¹ (-2.17 t C ha⁻¹ yr⁻¹) after this period. Despite the forest 

beginning to sequester carbon after the 39th year, the total carbon lost from the peat could 
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not be offset by the forest's sequestration during the 80-year rotation, resulting in a 

negative overall GHG balance. 

Studies on atmospheric GHGs from both industrially monocultured forests and diverse 

mixed forests are limited within Ireland. Research by Black et al. (2007) estimated the NEE 

of a closed canopy Dooary Forest, a Sitka spruce plantation in Co. Laois, Ireland over two 

years using EC techniques. The study found that the estimated NEE from EC ranged from        

-7.69 to -9.44 t C ha⁻¹ yr⁻¹. In addition to this, Saunders et al. (2012)  later found similar 

results for NEE from the same site. Their study assessed NEE using EC before and after 

thinning of the woodland. The results from all years are comparable to those of the Black et 

al. (2007) study. Pre-thinning (2002–2006) NEE ranged from -8.44 to -8.87 t C ha⁻¹, and post-

thinning (2007–2009) ranged from -6.75 to -10.33 t C ha⁻¹. This site investigated in these 

studies was on mineral soil and was monoculture industrial spruce forest plantation. In 

contrast to these results from mineral soils, studies on peat soil forests, particularly in 

Europe, show that industrial plantations on drained peatland have a generally lower uptake 

of NEE (He et al., 2016). Possibly due to the dry peat soil having considerable emissions 

through respiration.  

Although conducted in a different climatic region, an interesting study on a black spruce-

sphagnum wetland biome in Canada’s boreal climate found that, over a decade, annual net 

NEE estimates fluctuated between -0.058 and 0.084 t C-CO₂ m⁻² yr⁻¹, with an average of 

0.024 t C-CO₂ ha⁻¹ yr⁻¹ for the entire period. This is a much lower NEE value than the studies 

mentioned above, likely due to the differences in climate region (Dunn et al., 2007). 

The differences in emissions between mixed woodlands and industrial forests in previous 

research are challenging to interpret due to variations in soil type and regional factors. In 

Aubinet et al. (2001), carbon flux contributions from conifer and beech sub-plots were 

analysed using a flux footprint model. The researchers successfully separated the two sub-

plots during most daytime conditions, but this was not possible at night due to the larger 

footprint size. A difference in energy balance closure was observed between the conifer and 

beech stands, likely caused by differences in stand albedo. Although no difference in 

respiration rate at 10°C was found between the two sub-plots, a clear distinction in dark 

respiration was noted, likely due to the larger flux footprint at night. This highlights some 

differences in the potential GHG sink/source function of deciduous versus coniferous trees.  
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Similar results from the Irish studies (Black et al., 2007; Saunders et al., 2012) on industrial 

forests on mineral soils align with the findings from Aubinet et al. (2001) and Paul-Limoges 

et al (2017). This could be attributed to the similarities in soil type between the study sites 

or similar forest age. However, the lack of data on mixed woodlands on peat soils makes it 

difficult to draw direct comparisons between industrial sites on peat soils and mixed 

woodlands on peat soils. This gap in research is a key limitation in understanding the 

potential differences in carbon emissions between these forest types. 

2.4.4 Below canopy studies  

There is limited research on NEE above peatland forest canopies, whereas studies below 

canopy are more prevalent. The chamber method has proven effective in estimating below-

canopy photosynthesis and respiration, which can be underestimated by EC towers due to 

reduced turbulence beneath the tree canopy (Baldocchi, 2003; Jovani-Sancho et al., 2017). 

Forest floor vegetation biomass is closely linked to tree stand biomass, as canopy shading 

controls the sunlight reaching the ground (Reinikainen et al., 1984). Although research has 

primarily focused on SOC, this section places more emphasis on below-canopy NEE, an area 

that remains less explored despite its significance. 

A study in a pine-dominated forest on peat soil in Finland explored CO₂ exchange within 

ground vegetation and the impact of environmental factors on gas exchange (Badorek et al., 

2011). This research, unlike many chamber studies that focus on soil CO₂ fluxes alone, 

utilised a transparent, closed chamber to measure the total CO₂ exchange of the forest 

floor. Measurements were taken fortnightly using a 30 cm-high polycarbonate chamber. 

First, the NEE of the forest floor was recorded, followed by the measurement of respiration 

by covering the chamber with dark fabric. GPP was calculated by subtracting total 

respiration from NEE. The study showed significant variation in CO₂ exchange between 

different plant communities, with sphagnum moss-dominated areas acting as stronger 

carbon sinks. This highlights the variability of forest floor ecosystems across different 

peatland sites. 

Badorek et al. (2011) found that CO₂ absorbed by the forest floor accounted for 20–30% of 

the total NEE of the forest, as measured by Lohila et al. (2011) using EC above the canopy. 

This contribution was equivalent to one-third of the CO₂ exchanged by the trees, which was 

estimated at -2700 g CO₂ m⁻² yr⁻¹ (-27 t CO₂ ha⁻¹ yr⁻¹). The high proportion of CO₂ uptake 
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was attributed to the dense ground cover and significant light penetration through the 

canopy (Badorek et al., 2011). However, the forest floor acted as a net CO₂ source due to 

the inclusion of tree root respiration. Comparisons with earlier studies showed similar 

findings. Mälkönen (1974) observed that forest floor vegetation in a Scots pine forest on 

mineral soil contributed 21–29% of total biomass production, while O’Connell et al. (2003) 

reported that feather moss in a Canadian black spruce peatland contributed 14% to total 

net primary production. Badorek et al. (2011) recommended year-round, high-frequency 

measurements with automatic chambers and comprehensive carbon balance calculations 

for greater accuracy. 

In contrast, Paul-Limoges et al. (2017) conducted a study on both above and below-canopy 

NEE, finding that below-canopy respiration contributed an impressive 79% to the overall 

ecosystem respiration. The study, conducted in a temperate mixed forest on mineral soil in 

Switzerland, used EC techniques both above and below the canopy, as well as vertical CO₂ 

and wind profiles within the understory. Average below-canopy respiration values were 769 

g C m⁻² yr⁻¹ (7.7 t C ha⁻¹ yr⁻¹), with GPP accounting for only 9% of the total ecosystem GPP 

was estimated to be -122 g C m⁻² yr⁻¹ (-1.2 t C ha⁻¹ yr⁻¹). Total below-canopy NEE was 

estimated at 647 g C m⁻² yr⁻¹ (6.5 t C t C ha⁻¹ yr⁻¹). Although this study used more advanced 

EC techniques compared to chamber methods, it emphasised the significant role of the 

understory in the carbon balance of complex forest ecosystems. 

Both studies underscore the importance of below-canopy processes in forest carbon cycling. 

While chamber studies like Badorek et al. (2011) provide detailed insights into forest floor 

dynamics, studies like Paul-Limoges et al. (2017) highlight the need for comprehensive 

approaches that capture the contributions of both the canopy and understory. Each 

approach offers valuable perspectives, but the combination of advanced methods, like EC, 

with detailed chamber studies may provide the most accurate assessments of forest carbon 

balance across various soil types and forest compositions.  

A study by Jovani-Sancho et al. (2018) on soil carbon balance in afforested peatlands in 

Ireland found that soil CO₂ efflux was influenced by soil temperature and water WT. Total 

soil respiration, including heterotrophic, root, and litter respiration, ranged from 26.7 to 

40.6 t CO₂ ha⁻¹ yr⁻¹ (7.2 to 11 t C ha⁻¹ yr⁻¹ ). While these values are similar to other results 

from below-canopy NEE studies, Jovani-Sancho et al. (2018) focused solely on respiration 
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rather than NEE. Additionally, their research examined monoculture forestry plantations 

(Sitka spruce and lodgepole pine) across eight sites, in contrast to other studies which focus 

on diverse mixed woodlands. 

Other studies, such as Tikkasalo et al. (2024), examine emissions post-clear felling, finding 

peatland forests to be significant sources of GHGs, with CO₂ emissions accounting for 82.5% 

(23.3 t CO₂ ha⁻¹ yr⁻¹) (6.3 t C ha⁻¹ yr⁻¹), and minimal CH₄ emissions at 0.4% (0.1 t CO₂-eq ha⁻¹ 

yr⁻¹)(0.0075 t C ha⁻¹ yr⁻¹). Similarly, Jovani-Sancho et al. (2021) found that decomposing 

waste biomass from industrial forest harvesting contributes significantly to GHG emissions. 

2.4.5 Inconsistency with chamber collars and structures 

The inconsistencies in chamber methodologies vary across research papers, with differences 

in the details of how the methods are implemented. Past research has used various collar 

depths depending on the chamber size or site type, and in some cases, the collar insertion 

depth is not specified (Janssens et al., 2001; Wang et al., 2010; Heinemeyer and McNamara, 

2011; Heinemeyer et al., 2011; Wilson, Farrell, et al., 2016; Jovani-Sancho et al., 2017; 

Jovani‐Sancho et al., 2021). For example, Janssens et al. (2001) describe the chamber collar 

size and depth in detail, however in Wilson et al., (2016) study there is no description 

included of the placement depth of the collars used.  

Another study of a temperate forest in China that compared Chamber and EC based 

methods, describes the dimensions and material of the chamber and collars, yet there is no 

mention of the depth that the collars were inserted into the soil at (Wang et al., 2010). 

Standardisation of the implementation of collars across studies is unclear however, there 

are general guidelines outlined in a report by Fiedler et al. (2022) that state chamber 

insertion depth should depend on the soil type, vegetation root system and the intended 

chamber deployment period. Although a guide to depth depending on deployment period is 

outlined there is no direction within the report as to what depth in cm to position the collars 

at regarding the environmental variables of vegetation type and root systems (Fiedler et al., 

2022).  

There is emphasis in the literature conveying the significance of using collars, which is to 

diminish the risk of lateral gas leakage between the surface of the soil and the chamber 

itself (Heinemeyer and McNamara, 2011; Heinemeyer et al., 2011; Pavelka et al., 2018; 
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Fiedler et al., 2022). However, in order to place collars into the soil, first roots of the above 

vegetation must be severed and the soil disturbed to allow space for the collar placement. 

Considering this, Heinemeyer et al. (2011) conducted an experiment comparing chamber 

collars inserted into the soil versus surface chambers across three ecosystem types in 

England (forestry, blanket peatland, and grassland). The results showed that CO₂ efflux 

estimates from inserted collars were around 15% lower than those from surface collars, 

with the underestimation increasing to 30-50% during peak respiration times. The study also 

found that root length was predominantly concentrated in the top 5 cm of soil, particularly 

in the peatland site, which reinforced the hypothesis that collar insertion can significantly 

affect soil flux measurements. The study supports the idea of using non-invasive collars to 

improve measurement accuracy and confirms that tree roots contribute about 50% of soil 

respiration in forest ecosystems (Heinemeyer et al., 2011). 

Later research by Jovani-Sancho (2017) supports the findings of Heinemeyer et al. (2011) 

regarding the drawbacks of using collars. In their study, they investigated afforested 

peatland in Ireland, focusing on spruce and pine plantations growing on peat soils. The 

study compared the results from chamber collars inserted at various depths to those from a 

surface collar that sits on the soil without penetrating it. The results revealed that the 

shallowest collar, inserted just 5 cm into the soil, resulted in the most significant 

underestimation of soil respiration, with a 47% and 32% underestimation in the spruce and 

pine plantations, respectively. This underestimation was attributed to the damage caused to 

fine roots and fungal hyphae near the soil surface, which are crucial for soil respiration. 

Given that forest ecosystems on peat soils typically have shallow root systems, this research 

further reinforced that collar insertion can distort soil flux measurements. Jovani-Sancho et 

al. (2017) concluded that the potential gas leakage from surface collars, which are less 

invasive, is far less problematic than the significant underestimation of soil respiration 

caused by collar insertion, whether shallow or deep. This highlights the need for more non-

intrusive methods to obtain more accurate measurements of soil respiration in forest 

ecosystems.  

In conclusion, while the chamber method provides valuable insights into carbon fluxes for 

many ecosystems at smaller scales, particularly for localised measurements like below-

canopy, respiration and NEE in forests, its limitations in capturing larger-scale and 
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continuous fluxes highlight the need for careful consideration. Additionally, the use of 

collars inserted into the soil should be reconsidered in forest ecosystems where tree roots 

are prominent, as they can affect respiration rates. By incorporating the chamber method 

with the EC technique, can improve accuracy and reliability of measurements, especially 

when studying complex ecosystems like forests. 

2.4.6 National inventory report emission factors  

Ireland calculates emission EFs for forest peat soils based on country-specific research by 

Jovani Sancho et al. (2021), adhering to international guidelines. For on-site emissions, the 

emission factor is 1.68 t C ha⁻¹ yr⁻¹, representing the mean carbon loss across all forest age 

classes during the first rotation. This Tier 2 EF aligns with the IPCC’s Tier 1 emission factors 

for organic soils in cold, wet temperate climates. Additionally, an off-site emission factor of 

0.31 t C ha⁻¹ yr⁻¹ is applied to account for DOC runoff from drained organic and organo-

mineral soils, in line with the IPCC Wetlands Supplement (2013). These emission factors are 

used to estimate carbon emissions from forest soils in Ireland’s national inventory 

submission to the UNFCCC. 

The calculation of atmospheric GHG emissions for Irish forests, as detailed in NIR (EPA, 

2024) follows the methodologies established in the 2006 IPCC Guidelines the IPCC Wetlands 

Supplement (2013). The Tier 3 carbon budget model (CBM-CFS3) (Black et al., 2007; IPCC, 

2013), informed by data from the Irish National Forest Inventory (NFI) (DAFM, 2022), is 

applied to estimate emissions. The NFI provides essential inputs, such as forest area, species 

composition, age structure, and soil types, which are used to derive emission factors for all 

forest lands, irrespective of soil type. 

The CBM-CFS3 model was validated using forest NEE data from EC measurements, as 

referenced by Black et al. (2007). Uncertainty analysis for forest land, including land 

converted to forest, shows a reduction in uncertainty over time, from 30.2% in 1990 to 14% 

in 2022 (EPA, 2024). However, the NIR does not differentiate between forest types on peat 

soils; emissions from all forest types are grouped together under a single category. As a 

result, emissions from mixed woodland and industrial forests are not treated separately and 

estimates of emissions from biomass removal are included. 
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Black et al. (2007) compared NEE of a closed canopy Sitka spruce forest over two years using 

both EC and modelling techniques. The study found that the estimated NEE from EC ranged 

from -7.69 to -9.44 t C ha⁻¹ yr⁻¹, while the model gave values between -7.30 and -11.44 t C 

ha⁻¹ yr⁻¹. These differences were not statistically significant, largely due to uncertainties in 

estimating biomass increment (15-21%) and heterotrophic respiration (12-19%). The study 

concluded that despite the higher values found in model-based assessments, there was no 

systematic difference between Model and EC methods when applied across various forest 

types and geographical locations. 

Furthermore, the emission factors for certain land-use categories on peat soils, such as 

forests, group together different forest types, including monoculture industrial forests and 

more diverse, species-rich broadleaf forests. This approach may oversimplify the carbon 

dynamics within these ecosystems. 

2.4.7 The challenges identified in the research  

The most sustainable approach to managing cutaway peatlands remains uncertain, and thus 

further research is essential to determine the best land use management practices for 

maximising the value of these degraded sites. Long-term observations on restored peatland 

sites are necessary to understand how they respond to climate changes, and to account for 

the associated GHG emissions, whether lost or gained, in compliance with EU standards 

(Wilson et al., 2016; Rigney et al., 2018; Renou-Wilson et al. 2019).. 

Aitova et al. (2023) highlight the significant gap in data for Irish peatlands, noting that the 

lack of region-specific information is a major limitation for the default emission factors 

provided in the IPCC Wetlands Supplement (IPCC, 2013). This data gap impedes the accurate 

application of the outlined values in the report. Evans et al. (2017) also criticise the IPCC 

supplement for its failure to distinguish between peatland types and for relying on data 

derived from European studies, which may not accurately reflect the climatic differences in 

regions like England and Ireland. These gaps further underscore the inadequacy of the 

default reporting values for woodlands, necessitating considerable improvements. 

A critical research gap exists in understanding the carbon dynamics of mixed woodlands on 

peat soils. While studies on industrial forestry on peatlands are more abundant, research 

focusing on mixed woodland forests in peatland ecosystems is limited. This lack of data 
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makes it difficult to assess whether the carbon emissions from mixed woodlands on peat 

soils differ significantly from those of industrial forests on similar soils. Addressing this gap is 

essential for developing a more comprehensive understanding of the carbon sequestration 

potential of these forest types, and for creating effective management strategies for 

peatland restoration and conservation. 

  



89 
 

3 Study Site and Instrumentation 

3.1 The Irish climate 

This study was conducted in Ireland, an island located in the north-western region of 

Europe. Ireland experiences a temperate oceanic climate, strongly influenced by the Atlantic 

Ocean. Due to the North Atlantic current, which brings warmer air via prevailing winds, 

Ireland has milder temperatures than other locations at similar latitudes (Nolan, 2024). 

Ireland’s climate history has closely mirrored global trends, with a notable rise in mean 

annual air surface temperatures of approximately 1°C since the early 20th century (Noone 

et al., 2023). Over the 60 years leading up to 2019, it was observed that Ireland experienced 

more frequent days where temperatures exceeded 20°C, while the number of days with 

sub-zero temperatures became less common  (Cámaro García and Dwyer, 2021). 

 

 

Figure 3.1 Map of Ireland, highlighting the study area (The Atlas of the Irish Rural Landscape (1997). 



90 
 

Coastal areas, influenced by the sea, tend to be the warmest, while higher elevations are 

cooler (Curley et al., 2024). Recent climate data shows an increase in warm and wet days. 

Between 1991-2020, the national average annual rainfall was 1,288 mm, with the wettest 

areas in the west, especially at higher altitudes, ranging from 878 mm in the east to 2,045 

mm in the southwest (Curley et al., 2024) .  

3.2 The study site  

The study site was located on a former raised peatland situated at Lullymore heritage park, 

Co. Kildare in the midlands of Ireland with an approximate altitude of 81m (Latitude 

53.274°N, Longitude -6.961°W) (Study site location shown in Figure 3.1). Long term 

historical averages were derived from Lullymore nature centre weather station (Met 

Éireann, 2022). The weather station is situated in close proximity to the study site at just 1.4 

Km away, with an altitude of approximately 87m (Latitude: 53.279 and longitude: -6.942). 

The average data presented here is from 2010 up until 2022. Derived from this data the 

mean annual rainfall for the area was 894 mm. The daily maximum and minimum 

temperatures were recorded from 2012 to 2022 at the weather station, showing a mean 

annual temperature range from 14.3°C to -6.1°C. The average temperatures are consistent, 

with the maximum and minimum temperatures only fluctuating by approximately 1°C 

within the averages for the period.  

Although annual averages for temperatures are futile, monthly averages identify distinct 

seasonal change throughout the year, Figure 3.2 illustrates this trend. Temperatures are 

higher throughout Summer and early Autumn months, averaging just under 20 °C, with the 

lowest temperatures occurring in January and February, but still relatively mild not dropping 

below 2 °C. The average rainfall is generally lowest in April, with March and May also lower 

than mid-summer and Autumn/Winter months with Rainfall highest in December.  
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Figure 3.2 Monthly average air temperature and total monthly rainfall (2010-2022) from Lullymore nature centre 

(photo: author). 

The study area was once part of a vast raised peatland with substantial peat depth, resulting 

in predominantly peat-dominated soils. Situated on a former raised bog, the peat soils in 

this region can be classified within the 'Turbary Complex' soil series, a category of degraded 

raised bog soils (Feehan and O’Donovan, 1996). Over time, the area has experienced 

extensive drainage, industrial-scale peat harvesting, and significant land-use changes. The 

large-scale peat extraction, primarily for electricity production, ceased over three decades 

ago. Today, the broader landscape, spanning approximately 100 km (Figure 3.3), consists of 

a patchwork of degraded peatlands, including bare cutaway areas, woodlands, and 

agricultural land. A review of available orthophotography by the Bord na Móna ecology 

team (McNicholas and Ellison, 2023), describe the establishment of this woodland began 

following the cessation of peat extraction in the early 1990s. A significant portion of the 

woodland (Figure 3.4) in the study area appears to be located on a ridge beneath the bog, 

where much of the peat was removed, leaving only a shallow layer of residual peat. 
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Figure 3.3 100km² Lullymore catchment area, red dot marks study site (Landviewer: author). 

The Lullymore site underwent drain blocking in 2006/2007 to encourage waterlogged 

conditions, raise the water table, and foster the growth of peatland vegetation, with the 

goal of reducing CO₂ emissions. In 2011, additional rehabilitation efforts were made to block 

drains in a nearby area with the same goal of re-wetting the site. Aside from these 

interventions, the site remained largely unmanaged until 2015, when fertiliser was applied 

to the southern side to promote the growth of birch scrub. In 2016, further drain blocks 

were implemented, and existing drain blocks were maintained. Beyond these efforts, no 

further human interventions have taken place in the woodland surrounding the EC tower as 

of 2025, to the best of the author’s knowledge.  

Although certain areas have supported the growth of patches of vegetation and woodland, 

a large portion of the site remains severely degraded, consisting of bare peat with limited 

vegetation. However, the specific area studied (Figures 3.4 and 3.5) has seen minimal 

management since peat extraction ended decades ago, enabling the natural regeneration of 

native tree species. This provides a unique opportunity to investigate the carbon balance of 

a naturally established mixed woodland on cutaway peatland. 

The EC tower is situated at a slightly higher elevated position of 82 meters, compared to the 

surrounding terrain, which ranges between 72 and 74 meters in altitude. A piezometer 

installed on site showed that the site is very dry in comparison to a ‘near natural’ peatland. 

For example Clara peatland located in County Offaly Ireland, considered to be a near-intact 



93 
 

peatland, had a water table depth of -15 ± 5.4cm in 2022 (Ingle, Bhatnagar, et al., 2023). 

Whereas the water table depth for Lullymore woodland site ranged from -69.2 ± -36.54cm 

for one year, from August 2022 to Aug 2023. The dry soil type may be because of the 

vegetation cover consisting of dense woodland or it may be due to the slightly higher 

elevation or possibly a combination of both. None-the-less, this dense woodland site is 

considered a dry site. An existing drain is still in existence to the East side of the woodland 

site, which is another possible factor of the dryness of the site.  

Soil moisture sensors installed on the site also correlate with the water table of the site on 

average the soil moisture content of the soil was never more than 35%. However, the water 

content reflectometer may not work effectively in peat soils due to the need for a unique 

calibration, as the standard calibration can be affected by soil properties like high electrical 

conductivity from free ions, or high bulk density, particularly in organic soils, potentially 

leading to incorrect readings from the sensor (Campbell Scientific, 2012). 

The area of woodland surrounding the EC tower spans roughly 0.15 km² (blue line Figure 

3.4). Following an ecological survey carried out by the ecology team within Bord na Móna 

(McNicholas and Ellison, 2023), the area consists of a diverse range of tree species and 

ground cover vegetation discussed in more detail below.  
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Figure 3.4 Quadrat locations from ecology survey (McNicholas and Ellison, 2023). 

Within the footprint of the tower the ecologists reviewed three locations via quadrat 

surveys (red dots in Figure 3.4). For the purpose of their recordings the percentage cover of 

plant species within each plot, within the woodland was divided into four layers: the canopy 

(>4.5 metres) consisting of mature trees; the shrub layer (2-4.5 metres) made up of 

immature trees and woody shrubs; the field layer (0.2 metres) comprising of ferns, grasses, 

sedges, and herbs; and the ground layer (0-0.2 metres), which included ivy, mosses, fungi, 

and lichens. 

The results of their findings showed the canopy was predominantly composed of Downy 

Birch (Betula pubescens) with 90% cover, along with some Grey Willow (Salix cinerea) and 

Scots Pine (Pinus sylvestris), each contributing 5%. The shrub layer featured species such as 

Oak (Quercus robur), Hawthorn (Crataegus monogyna), Beech (Fagus sylvatica), and Rowan 

(Sorbus aucuparia). In the field layer, saplings of Sycamore (Acer pseudoplatanus) and Holly 

(Ilex aquifolium) were beginning to establish, suggesting that, over time, the initial pioneer 

species, Downy Birch, Grey Willow, and Scots Pine, would be complemented by greater tree 

species diversity as the woodland matures. 
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Dewberry (Rubus caesius) dominated the field layer with 30% cover, while the ground layer 

was primarily composed of mosses such as Kindbergia praelonga and Eurhynchium striatum 

(60%), Ivy (Hedera hibernica) (10%), Wild Strawberry (Fragaria vesca) (5%), and a dense 

carpet of leaf litter (70%). Other species recorded included Field Horsetail (Equisetum 

arvense) and Hairy Brome (Bromopsis ramosa). They noted the ground was dry, with no 

Sphagnum moss species observed. Standing deadwood was also present, with five dead 

stems and numerous fallen stems recorded within the plots. 

Their findings concluded that the woodland within the Lullymore study area does not 

correspond to the Annex I habitat "Bog Woodland" as defined by (NPWS, 2019). However, 

due to the increasing diversity of tree species establishing in the area, it is possible that, 

over time, this woodland may develop characteristics similar to the WN1 Oak-Birch-Holly 

Woodland, as described by (Perrin, 2015). Figure 3.5 shows the tree canopy from above the 

EC tower.  

In the broader area, the forest is separated from a neighbouring mature Scots pine forest to 

the east by an open drainage ditch. To the northwest and west, the woodland is bordered 

by patches of bare peat and sparse vegetation, featuring species such as bog rush, bog 

cotton, and sphagnum mosses, interspersed with waterlogged areas. The ecology report 

noted that the mature woodland to the east could be classified as such and may have 

influenced species establishment at the site (McNicholas and Ellison, 2023).  

 

By Bord na Móna's standards, the site as a whole is now classified as a shallow peatland, 

with an average peat depth of less than 1.5 meters across the area (M.McCorry, pers. 

Comm., 2023). Within the footprint area of the EC flux tower, 24 peat depth measurements 

were taken using a peat probe, revealing an average depth of just 20 cm, indicating a very 

shallow peat layer. Soil samples taken within the footprint of the tower revealed an average 

soil bulk density of 0.26 g/cm³.  
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The classification map in Figure 3.6, provided by Bord na Móna, illustrates the various 

vegetation classifications according to guidelines from Fossitt (2000). It clearly indicates that 

a significant portion of the peatland is classified as birch willow woodland, with birch willow 

scrub also identified as a predominant vegetation type across the site. 

 

Figure 3.5 Above canopy vegetation and top of the EC tower at Lullymore (photo: author). 
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Figure 3.6 Lullymore area classification map (2015, Bord na Móna), EC tower location shown by star 
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The understory vegetation can be seen in Figure 3.7. After the detailed ecological review 

(McNicholas and Ellison, 2023), the below-canopy vegetation consisted of a field layer 

dominated by Dewberry (Rubus caesius) with 30% cover, while the ground layer was 

primarily mosses, including Kindbergia praelonga and Eurhynchium striatum (60%), along 

with Ivy (Hedera hibernica), Wild Strawberry (Fragaria vesca). Other species present were 

Field Horsetail (Equisetum arvense) and Hairy Brome (Bromopsis ramosa). In addition to the 

living vegetation, a layer of leaf litter, decaying branches, and pine needles contributes to 

the undergrowth. The distinct characteristics of this site present an excellent opportunity to 

study the carbon sequestration potential of the woodland, along with its meteorological 

patterns, and to compare the findings with other degraded peatland sites. 
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Figure 3.7 Below canopy vegetation Lullymore site (photo: author). 
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3.3 Instrumentation 

The aim of this study was to investigate the atmospheric carbon dynamics of a natural 

woodland established on the cutaway peatland site, focusing on both overall canopy fluxes 

and below-canopy fluxes. To achieve this, two primary field methods were employed: the 

eddy covariance method to measure overall NEE (CO₂) and CH₄ fluxes and the chamber 

method to estimate NEE below the canopy (NEEbel).  

3.3.1 The chamber head and instrumentation 

The chamber method exhibits substantial variation across published studies (Matson et al., 

1995; Griffis et al., 2000; Tuittila et al., 2004; Laine, 2006; Waddington et al., 2010; Wang et 

al., 2010; Heinemeyer et al., 2011; Wilson, Blain, et al., 2016; Jovani Sancho et al., 2017; 

Jovani‐Sancho et al., 2021; Fiedler et al., 2022) and, many studies lack sufficient detail 

regarding the design of the chambers and the techniques for collar insertion (Wellock et al., 

2011; Jovani-Sancho et al., 2017; Fiedler et al., 2022). Therefore, to maximise 

reproducibility, detailed procedures were recorded in this research. 

The chamber used in this study was constructed from clear plexiglass (Figure 3.8) (40 cm 

diameter, 70 cm height and 5mm thickness) designed to accommodate typical understorey 

vegetation beneath the tree canopy. The chamber head included a hinged lid was from clear 

plexiglass of 5mm in thickness (40.5cm diameter) (Figure 3.8 & 3.9).  

Three holes were drilled into the lid, and they were fitted with 20mm diameter glands to 

allow the addition of tubing while maintaining a seal. A rubber seal was fitted to the top of 

the cylinder to create a seal when the lid was closed. Rubber clasps were fitted on to the top 

of the lid and steel brackets were mounted on to the cylinder for the rubber clasps to sit 

into. This pulled the lid tight against the body of the chamber ensuring a seal around the 

bottom of the lid and the top of the chamber body. Clear rubber tubing with a diameter of 

10mm and length of 150 cm were fitted into the two glands on the lid and directly 

connected to the CO₂ analyser. 

  



101 
 

 

 

Figure 3.8 Clear static chamber connected to the EGM-4 analyser (photo: author). 
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As the measurements were taken from a woodland ecosystem with the intention of 

estimating Rbel, keeping the roots of vegetation intact was important to gain a more 

accurate evaluation (Jovani-Sancho et al., 2017). On consideration of previous research for 

this project, no chamber collars were installed in conjunction with the chamber to ensure as 

little soil disturbance as possible (Badorek et al., 2011; Ojanen et al., 2012; Jovani-Sancho et 

al., 2017). To assess the potential for lateral CO₂ leakage following chamber construction, a 

comparative test was conducted to evaluate the difference between using a chamber collar 

and no collar. This experiment was carried out at a peatland restoration site in Tyrrellspass, 

County Offaly, Ireland. Chamber collars with the same diameter as the chamber were 

already installed at the site. Using the EGM-4 gas analyser, CO₂ measurements were taken 

with the chamber placed on the collar for an incubation period of three minutes. The same 

procedure was then repeated by placing the chamber directly onto the ground vegetation, 

without a collar. Upon reviewing the results, no significant difference was observed 

between the two measurements, indicating minimal detectable CO₂ leakage occurred when 

the chamber was placed directly to ground vegetation without a collar. Therefore, chamber 

collars were not used in this research (Figure 3.10). 

The CO₂ analyser used was the EGM-4 portable CO₂ analyser from PP systems, USA (Figure 

3.8 & 3.9). This was operated by a 12 Volt external battery connected by a customised 

power cable made by the manufacturers. A steel bracket inside the lid of the chamber was 

installed in the centre, to add internal components. On this bracket a 5 Volt fan (RS 

components, UK) was fitted with adequate space for the small battery USB pack to be 

mounted, which was the power supply for the fan. Extending out at a right angle from this 

bracket another small bracket was attached to hold a PAR sensor. The PAR sensor used was 

an AccuPAR PAR/LAI Ceptometer (Model LP-80) from Decagon Devices, Inc., USA. It was 

manually installed for each use, with the cable routed through the third gland on the 

chamber lid, and powered by four standard 1.5 V AAA alkaline batteries. Temperature inside 

the chamber head was monitored with a portable HI 93510 thermometer from Hanna 

instruments, powered by a 9 Volt battery. 
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Figure 3.9  Below canopy chamber measurements at Lullymore taking an NEEbel measurement (photo: author). 
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Three chamber plots were randomly selected to capture the general diversity of plant 

species present beneath the tree canopy. Figures 3.10, 3.11 and 3.12 show the chamber 

locations chosen to include the most prevalent vegetation species below canopy including 

Dewberry (Rubus caesius), Ivy (Hedera hibernica) and leaf litter. These plots were located 

approximately 10m west of the EC tower to minimise any potential overshadowing from the 

tower structure. While any shadows cast by the tower would have been comparable to 

those created by the surrounding trees, this was not considered a significant issue. At each 

designated location, the chamber was positioned for measurement. Since collars were not 

used in this experiment, wooden bamboo markers were placed at each chamber plot to 

ensure consistent positioning. The markers were placed on either side of the chamber 

before its removal, ensuring that the chamber was returned to the exact same position for 

each subsequent measurement.  

For the initial placement of the chamber, minor ground disturbance was necessary to 

ensure an airtight seal around its base. Secateurs were used to trim surrounding ivy vines 

and remove large debris, creating a clear space for the chamber to sit directly on the peat 

soil. Before taking the first measurements at each of the three designated plots, a smoke 

test was conducted to check for lateral CO₂ leakage around the chamber base, using the 

same incubation time as for the measurements. The test confirmed successful sealing, 

though one plot required additional adjustments to improve the seal, resulting in slightly 

more disturbance to the soil and vegetation. However, this disturbance remained minimal 

compared to the insertion of permanent collars. The chamber was equipped with a hinged 

lid, facilitating the return of ambient air levels between measurements without disturbing 

the chamber head. 
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Figure 3.10 Chamber Location 1 (photo: Author) 

Figure 3.12 Chamber Location 2 (photo: Author) Figure 3.11 Chamber Location 3 (photo: Author) 
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3.3.2 The eddy covariance tower and instrumentation  

To facilitate continuous gas flux measurements in order to estimate total NEE an EC tower 

(Figure 3.13) was established on the site in 2016 with mains power reaching the area for 

continued power supply. The study site is relatively flat and there is little to interrupt the 

wind flow from surrounding areas, these are conditions that assist in gaining accurate flux 

measurements when carrying out the EC method (Burba, 2013, 2022). The structure consists 

of lightweight scaffolding sections that intersect with one another, and crossbars attached 

between sections for support and stability. Unfortunately, the EC tower has been non-

operational since 2016. Due to tree growth, an additional 2 meters of scaffolding was added 

to raise the tower, ensuring enough clearance between the tower and the vegetation 

canopy. The height difference before and after raising is shown in Figure 3.14. 

The EC flux instruments work best when facing prevailing winds. Therefore, with wind 

direction in Ireland coming from a mainly South Westerly direction, flux instruments (Figure 

3.14) were mounted at the highest point of the tower (15 m) and oriented South Westerly 

to align with prevailing winds, placed in close proximity while ensuring no interference with 

wind flow between sensors to maintain accurate sampling (Burba, 2013, 2022). The flux 

instruments used in this study included a Campbell scientific 3-D sonic anemometer 

(Campbell Scientific, Logan, UT, USA), to measure wind speed, a Li-Cor 7550 open path 

infrared gas analyser (IRGA) used to sample CO₂ and H₂O gas concentration. Both open path 

gas analysers used in this experiment are less disruptive to the air flow and are easier to 

maintain due to the open-air design (Baldocchi, 2003). A Li-Cor 7700 CH₄ gas analyser (Li-Cor 

Environmental UK Ltd, Cambridge, UK),(Figure 3.15) was also installed to monitor CH₄ 

concentrations.  
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Figure 3.13  The eddy covariance tower at the Lullymore site (photo: author). 
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Figure 3.14Flux instruments on the EC tower at 13m (1) and 15m (2) heights (photo: author). 

 

Figure 3.14 (2) shows (a) Li-Cor 7700 CH₄ gas analyser, (b) Campbell scientific 3-D sonic 

anemometer, (c) Li-Cor 7550 open path infrared gas analyser (IRGA) for CO₂. 

(1) (2) 

(a) 

(b) 

(c) 

Figure 3.15 Li-Cor Li7700 open path CH₄ analyser (photo:author). 
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Although the Li7700 CH₄ analyser (Figure 3.15) continuously recorded measurements, 

substantial data gaps arose due to the sensitivity of the analyser to the Irish climate, 

particularly precipitation, dust, and pollen. The CH₄ sensor is prone to contamination, 

requiring routine manual cleaning of the analyser plates with a microfibre cloth, as insects 

and dust frequently accumulated on the instrument.The analyser is also equipped with a 

self cleaning mechanism involving a pump and water reservoir. Initially the default cleaning 

settings were left in place at installation, but a review after the first month showed they 

were unsuitable for local conditions. The default settings were therefore disabled and the 

cleaning protocol manually reconfigured to trigger automatic cleaning when signal strength 

fell below 60 per cent, with water pumped onto the disc for ten seconds and the disc spun 

for fifteen seconds. These adjustments improved data quality and proved more appropriate 

for the Irish climate and habitat. 

Prior to installation, all EC and meteorological instruments underwent quality checks in the 

laboratory to avoid hardware issues on site. The CR3000 Campbell Scientific datalogger used 

for meteorological data was not directly compatible with the Li-Cor Smartflux system, 

therefore a customised program was written in the required Li-Cor language to ensure 

correct interpretation of units and values. This step also synchronised EC and meteorological 

measurement timing, which later supported data gap-filling procedures. The programmes 

implemented for the CR3000 and CR200 are provided in the Appendix. During pre-

installation calibration, careful consideration was given to the positioning of the 3-D sonic 

anemometer, CO₂ analyser and CH₄ analyser to ensure they sampled the same air parcel 

without disrupting airflow, and to ensure alignment with prevailing winds (Burba, 2013, 

2022). Following successful lab testing and configuration, the instruments were 

disassembled, transported to the field site, and reassembled on the EC tower. 

3.3.3 Meteorological instruments  

As well as flux instruments, several meteorological measurements were monitored 

simultaneously with gas fluxes, with the aim of linking fluxes to variations in environmental 

parameters and to aid with gap filling flux data. The global radiation was measured using a 

Campbell scientific CS320 sensor (Campbell Scientific, Logan, UT, USA) in Figure 3.16 (a).  

Photosynthetically active radiation (PAR) was measured with Skye PAR sensor (Skye , 

Llandrindod Wells, Powdys, UK) in Figure 3.16 (b) and a Kipp & Zonen CNR1 sensor (Kipp & 
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Zonen , Kempten, Germany) (Figure 3.16 (c)) was used to monitor the short-wave incoming 

(SWIN) and outgoing (SWOUT) radiation and longwave incoming (LWIN) and outgoing 

radiation (LWOUT). These radiation sensors were all mounted on one scaffold section at the 

top of the EC tower parallel to the flux instruments. Air temperature, humidity (Rotronic 

RH/T, West Sussex, UK) and precipitation (TE525-L Rain Gauge Campbell Scientific, Logan, 

UT, USA) were also measured from the top of the tower (Figure’s 3.18 & 3.19). These were 

mounted individually at two opposite corners of the tower to the flux and radiation sensors. 

These meteorological instruments were directly connected to a Campbell scientific CR3000 

datalogger (Campbell Scientific, Logan, UT, USA), (Figure 3.17) that interpreted and stored 

data.  

 

Figure 3.16 Radiation sensors mounted at the top of the EC tower (photo: author). 

(a) 

(b

) 

(c) 
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Figure 3.17 CR3000 Campbell scientific datalogger (photo: author) 

 

 

  

Figure 3.19 Rain gauge positioned on top of EC tower Figure 3.18 Humidity and temperature sensor positioned on top of 
EC tower (photos: author). 
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Figure 3.20 below canopy meteorological station containing the CR200 datalogger (photo: author). 
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Additionally, below the canopy, a meteorological station (Figure 3.20) was installed on the 

north side of the chamber plots to avoid artificial shading from the tower. This housed a 

Campbell Scientific CR200 datalogger (USA) (Figure 3.21) powered by a 12-volt battery 

connected to a solar panel. The CR200 recorded measurements every minute and stored 30-

minute averages in its internal memory. 

The station was equipped with several sensors to capture environmental conditions below 

the canopy. Soil temperature was measured using a Campbell Scientific 109-temperature 

probe (CSL), Campbell Scientific (USA), inserted at a depth of 5 cm. Soil moisture was 

monitored using both a CS615 Water Content Reflectometer (Campbell Scientific, USA) and 

a Stevens HydraProbe SDI-12 sensor (USA). WT was recorded using a Campbell Scientific 

CS451 pressure sensor (USA) placed inside a PVC well inserted 80 cm into the peat. 

Precipitation below the canopy was measured with a TE525WS-L tipping bucket rain gauge 

(Campbell Scientific), mounted 50 cm above the ground. All sensors were sampled every 

minute, with half-hourly averages stored on the datalogger and manually retrieved during 

site visits. 

 

Using the radiation sensors mounted at the top of the EC tower located at the site. A Skye 

PAR sensor (Skye, Llandrindod Wells, Powys, UK) was used to measure photosynthetically 

active radiation (PAR), and a global radiation sensor (CS320, Campbell Scientific, Logan, UT, 

USA) and the percentage difference between above canopy and below canopy Overlapping 

above and below-canopy PAR measurements were used to calculate the percentage 

difference between the two. Above-canopy PAR values were then adjusted accordingly to 

estimate below-canopy PAR. 
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Figure 3.21Campbell Scientific CR200 datalogger (photo: author). 
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4 Overall Methodology 

4.1 General data collection and processing  

4.1.1 Data collection procedures and data storage  

The EC tower used in this study monitored total NEE (CO₂), CH₄ and H₂O concentrations. The 

eddy covariance method provides accurate quasi continuous measurements at a large scale 

and is well suited to a wide range of ecosystems (Baldocchi et al., 2001; Baldocchi, 2014; 

Poyda et al., 2017). It enables reliable estimates of fluxes between an ecosystem and the 

atmosphere (Baldocchi, 2003, 2014; Tuittila, Vasander and Laine, 2004). Given the 

vegetation canopy height at the site the EC method offered the most practical and robust 

approach for data collection. The Li-7500 (CO₂), the Li-7700 (CH₄) and the 3-D Sonic 

anemometer measure gas concentrations and wind speed simultaneously at a rate of 10 

Hertz, respectively, amounting to 18,000 samples over a half-hour period.  

All measurements began once the tower upgrade was completed in May 2022. However, an 

unexpected firmware discrepancy occurred when attempting to synchronise the CH₄ 

analyser with the Smartflux system to monitor gas concentrations. The automated PTP 

satellite time settings for both the CH₄ analyser and the Smartflux system were overridden, 

and local time was manually set and synchronised. As a result, CH₄ measurements did not 

commence until August 2022, and were continuously recorded throughout the study. 

The Li Cor Smartflux box was connected directly to the EC instrumentation and recorded 

high frequency data, which were stored in compressed .ghg files to reduce file size. 

Although the CR3000 has limited internal memory it was networked to the Smartflux system 

via ethernet which supported efficient processing and storage. Data from both the CR3000 

and the EC system were manually extracted using an external USB device housed within the 

Smartflux system on a fortnightly basis.  

Due to the modest internal storage of the CR200 datalogger the data were manually 

retrieved on site every fortnight using an RS 232 to USB cable connected to a laptop. After 

each site visit all data were duplicated onto an external hard drive and backed up to a 

OneDrive account in their raw format. This careful approach was adopted to minimise the 

risk of data loss and to ensure reproducibility. 
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All meteorological data collected through the Campbell Scientific CR3000 datalogger above 

the canopy and the Campbell Scientific CR200 datalogger below the canopy were 

programmed to sample every minute and were averaged every half hour, apart from both 

rain gauges which recorded total rainfall every half hour. 

NEEbel was measured using the transparent chamber under typical daylight conditions 

between 9 am and 4 pm. To measure the rate of Rbel, the chamber was covered with a 

blackout fabric cover to simulate night-time conditions. At the beginning of each 

measurement, the chamber lid was slowly closed, and after a 30 second mixing period, CO₂ 

concentrations were recorded over an incubation period of approximately 180 seconds. 

Between NEEbel and Rbel measurements, the chamber lid was opened to allow ambient CO₂ 

levels to stabilise, which typically ranging from 400-418 ppm. Both light and dark 

measurements were conducted at weekly, fortnightly, and monthly intervals throughout the 

year.  

The EGM-4 portable IRGA unit features an internal memory capable of storing only single 

records, which limits its ability to log continuous CO₂ values. To overcome this limitation, an 

SDI-12 to USB adapter was connected to the EGM-4, enabling continuous data logging for all 

measurements at approximately 4.8-second intervals (PP Systems, 2013), while connected 

to a laptop. This setup resulted in continuous data files for each measurement location, 

including both light and dark measurements as well as the non-incubation periods in 

between. During the incubation periods, manual records of CO₂ values and corresponding 

times were noted. Since not all continuous data collected were usable and only the 

measurements recorded during the chamber incubation periods were relevant, the raw data 

were filtered to isolate these values using the manual notes as a reference. The relevant 

data for each measurement were then organised into new spreadsheets to facilitate flux 

calculations in Excel. 

Occasionally the EGM 4 performed a zero check to calibrate itself during measurements. 

Notes were taken during these events and any low CO₂ values recorded during this 

calibration process were discarded as they were non representative. All raw data files were 

saved onto USB and backed up to a hard drive and to OneDrive. 
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4.1.2 Flux calculation below canopy  

For each chamber measurement the CO₂ flux was calculated from the linear rate of change 

in gas concentration as a function of time. The gas concentration for CO₂ was measured by 

the analyser in ppm, to calculate the flux and convert the units into µmol m-2 s-1 the 

following calculations below were carried out.  

To determine the slope of the line for the collected data, it was essential to assess the 

correlation between the variables. This was accomplished using the LINEST function in Excel. 

The LINEST function employs the least squares method to calculate the best-fit line for two 

sets of data, returning an array that interprets the relationship between the chosen 

variables. In this study, modifications were made to the standard LINEST function due to the 

specific sampling characteristics of the EGM-4 device, which samples approximately every 

4.8 seconds (PP Systems, 2013). This sampling interval resulted in a variable number of CO₂ 

measurements for each incubation period. When only the CO₂ concentration values (ppm) 

are selected within the LINEST function, Excel automatically assigns the cumulative sum of 

these ppm values to the x-axis as the second variable. To address this issue, the following 

equation was utilised to compute ΔC: 

Equation 4.1 

ΔC = 𝐿𝐼𝑁𝐸𝑆𝑇((𝑦1: 𝑦2) ∗ (𝑦3 /180) 

In this equation y represents CO₂ values in ppm, where y1 denotes the first value and y2 the 

last value from the incubation period for the individual measurement. The variable y3 refers 

to the total count of CO₂ values, which is divided by 180 seconds, the total time of 

incubation. This approach returns the y-value for the slope of the line, along with the R2 

value, which indicates the goodness of fit for the data. The ΔC values obtained from this 

equation represent the change in CO₂ concentration over time, in ppm/s. A measurement 

was considered valid if the R² value was at least 0.80. However, exceptions were made 

based on visual assessments of the values, as light levels below the canopy were low, 

resulting in correspondingly low emissions, which often led to low R² values. Upon review, if 

the data did not exhibit a clear linear trend, the measurement was excluded due to the 

possibility of fan malfunction, chamber displacement, or inadequate air sealing (Alm et al., 

2007; Wilson et al., 2015). Valid measurements were then incorporated into a subsequent 
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equation, along with relevant environmental data, to calculate the flux. Utilising the ΔC 

values and the ideal gas law, the CO₂ flux was calculated for each measurement taken, 

expressed in grams of CO₂ per meter squared per hour (g CO₂ m-2 h-1) using Equation 4.2.  

Equation 4.2 

 𝐹𝑙𝑢𝑥 𝑔 𝐶𝑂₂ 𝑚¯² ℎ¯¹ = (=
ΔC .44.01

𝑅 (
𝑇0 + 273.15

𝑃0. 100
)

 .  𝑉0 . 𝑡 

This equation is derived from the EGM-4 manual (PP Systems, 2013) and adjusted to 

account for the specific volume and incubation time relevant to this experiment. Delta ΔC 

determined from previous calculations, is multiplied by the molecular weight of CO₂ (44.01 

g/mol) to convert the concentration change into mass. 𝑅 represents the ideal gas constant 

(8.314 J/(mol·K)), which relates pressure volume and temperature. The average 

temperature (𝑇0) inside the chamber throughout incubation time is converted to kelvin for 

use with the ideal gas law. 𝑃0 denotes the average atmospheric pressure (ATMP) within the 

chamber during the incubation time, converted to pascals (Pa).  𝑉0 is the total volume of the 

chamber ratio. And 𝑡 is the conversion of seconds to hour. The equation calculates the CO₂ 

flux by integrating the change in CO₂ concentration, the conditions within the chamber 

(temperature and pressure) and the total volume and duration of the measurement (PP 

Systems, 2013; Wilson et al., 2015). 

4.1.3 Flux calculation above canopy for CO₂ and CH₄  

Similar to the chamber flux calculation, the eddy flux is represented by the covariance 

between the vertical wind velocity and the concentration of the entity of interest 

Accordingly, the eddy flux is calculated as the product of the mean air density (𝜌ᵈ), 

multiplied by the mean fluctuation of vertical wind speed (w’) and the dry mole fraction (s’) 

of CO2 or CH₄ (Baldocchi et al., 1988; Baldocchi, 2014). The CO₂ flux is represented in 

Equation 4.3: 

 

Equation. 4.3 

𝐹 ≈  𝜌ᵈ 𝑤′𝑠′ 
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The flux over a half hour period was derived from calculating the average of the 18,000 

observations taken for wind speed and gas concentration. Following Reynolds averaging 

(Stull, 1988), the fluctuating components of both were subtracted from the average values. 

So, the flux is equal to the mean fluctuation of wind velocity multiplied by the mean 

fluctuating gas concentration. The half hour averaged flux is defined in Equation 4.4: 

Equation 4.4 

𝐹 ≈   𝑤′𝑠′ 

For this study, the micrometeorological convention considers fluxes emitted from the 

ecosystem to the atmosphere as positive values and the reverse fluxes are negative values. 

Therefore, if net flux detected from an area is positive it is referred to as a source, emitting 

gas from the surface. If this is reversed and net flux is negative, the area is considered a sink, 

absorbing the gas (Burba, 2013, 2022). 

Prior to and including the calculating flux for continuous EC data accurate flux computation 

the double rotation model was implemented. The double rotation method was chosen for 

this native forest site as it is recommended for sites with relatively flat, homogenous 

vegetation and for ecosystems where the underlying vegetation can change significantly 

over a relatively short period of time (Wilczak et al., 2001). Although the vegetation cover at 

the site is considered complex the terrain is relatively flat therefore, the double rotation 

model was an appropriate model to implement (Gockede et al., 2008). Flux measurements 

began on 18 May 2022 and continued until August 2023. For the purposes of this research, 

however, only data collected between June 2022 and June 2023 were analysed in order to 

estimate a full annual carbon budget. The half hourly flux data are expressed in units of 

µmol m² s¹ for both CO₂ and CH₄ prior to modeling and annual flux totals calculated. 



120 
 

Initial analysis of the EC flux data required intensified processing (Figure 4.1). For this 

research, the following steps were taken when processing the raw flux data which were 

appropriately selected to suit the ecosystem being studied.  

For raw CO₂ and CH₄ data processing the following steps were taken: 

1. The double rotation method was applied to compensate for the 3-D anemometer tilt 

correction. Raw wind components were rotated to zero the average mean wind  

direction and mean vertical velocity. This method is suitable for ecosystems that 

undergo significant changes throughout seasons and are situated on relatively flat 

topography (Wilczak et al., 2001). 

2. Block averaging obeys the Reynolds averaging method and was applied to the raw 

data to calculate the mean value of the entity of interest and the turbulent 

Figure 4.1 Flux calculations and corrections workflow (photo: author) 
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fluctuations from the mean (Burba, 2013, 2022). This averaged the data over a half 

hour period. 

3. To allow for time lag between instruments a covariance maximum was selected for 

this research as an open path gas analyser was used and it was situated 

approximately 10cm distance from the 3-D sonic anemometer. This used the circular 

correlation technique to detect the time lag within a window defined by the 

maximum and minimum time lags selected for the variable. If the maximum is not 

reached, then the default value of 1 second was implemented instead (Burba, 2013, 

2022).  

4. Compensation of density fluctuations for the open path sensor was used in this 

research following Webb et al., (1980). 

5. Quality flags were calculated for all flux data. The quality flags were calculated based 

on the scheme of Mauder & Foken, (2004)  (0-1-2 system). (0 meaning good quality 

flux, 1 meaning intermediate quality and 2 meaning poor quality). 

 

All the methods and tests above were implemented using the EddyPro software version 

7.0.8 and were processed on a seasonal basis. Once raw data was processed through 

EddyPro the output file consisted of half hour average fluxes for the gases of interest. 

Following the processing of raw data, additional filtering and modeling techniques were 

applied (Figure 4.2). This was necessary to facilitate further quality control of the flux data 

and to model missing data seasonally. These steps ensured that seasonal variations were 

considered when establishing thresholds for the filtering processes and data modeling. 
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Figure 4.2 Flux data QA/QC workflow (photo: author). 

For quality control of CO₂ and CH₄ flux data the following processing steps were taken: 

1. Filtering outliers: Considering biotic factors, data was filtered for realistic values 

using statistical analysis to remove outliers. This was carried out by calculating the 

binomial distribution of the data and identifying the 25th and 75th percentiles, 

retaining only the data within these quartiles. Performing this on a seasonal basis 

was important to capture seasonal changes within the ecosystem. 

  

2. Dependency Variables: Fluxes were also filtered based on dependency variables. Half 

hourly fluxes were removed if the signal strength fell below 60%, if rainfall was high 

or if there were outliers in the 3-D sonic anemometer data.  

3. Quality flags: Using the Mauder and Folken (2004) method any unsatisfactory quality 

fluxes flagged with the number two were removed. 
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4. U*threshold: Carried out a moving point test to determine the value of U*threshold 

established for annual data set. Data points for friction velocity that fell below the 

U* threshold were removed from the flux data. 

 

5. Flux footprint filtering: The average FFP was estimated from June 2022 to June 2023. 

The footprint extended beyond woodland area into a drain. Fluxes originating from 

that area were removed. The FFP model of Kljun et al. (2015) was applied.   

 

6. Flux Quality Control: Conducted a thorough final visual inspection of the flux data to 

ensure accuracy and reliability. Filtering methods applied were centred on biotic 

factors, discarding eddy flux measurements that were non representative of these 

(Aubinet et al., 2012). For example, fluxes for CO₂ falling below zero under PPFD 

values less than 10 µmol m-2 s-1 were rejected as this is beyond biological limits. 

 

Looking at previous woodland flux research studies, realistic values for native broadleaved 

woodland sites were reviewed, and on consideration of these values real time fluxes were 

compared against them to ensure measured values were realistic. Due to instrumentation 

failure in July 2022, two weeks flux data were discarded due to unrealistically high and low 

values from the tower. Again, in October there were issues with instrumentation leading to 

a data gap of two weeks for all flux data and metrological data sets. Including gaps in the 

data due to system failure and gaps due to quality control a total of 45% of the CO₂ and 40% 

of the CH₄ flux data were good enough quality to use for further analysis.  
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4.1.3.1 The EC Flux footprint  

The flux footprint is the area upwind from the tower that flux contributions are taken from. 

The footprint can be modeled from data taken from the EC tower and is used to enhance 

flux measurements, estimate the size and position of the surface source area. Estimating the 

footprint accurately is important for upscaling site flux measurements and for filtering 

undesired source fluxes from areas outside the region of interest being measured (Aubinet 

et al., 2012; Kljun et al., 2015; Burba, 2022). 

On consideration of previous literature, for this research the footprint parameterisation 

model from Kljun et al. (2015) was applied using an online tool. This model is valid for a 

wide range of boundary layer conditions and measurements across the varied ecosystems 

and topography making it suitable for many research sites. It requires inputs from the flux 

tower measurements and can be used for long term time series, and quick field estimates 

for filtering data or designing new sites. All conditions required to implement this model 

were valid at the study site.  

 

Figure 4.3 Kljun et al. (2015) flux footprint parameterisation model for Lullymore site. 
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Before estimating the footprint, several preprocessing steps were applied to ensure the 

accuracy of the data. Input variables were filtered to remove any outliers or erroneous 

values. Additionally, friction velocity (U*) values below 0.1 were excluded, as low U* 

measurements are often unreliable for footprint calculations. Finally, half-hourly 

timestamps with missing data were removed to prevent gaps from affecting the estimation 

process. These steps were critical in ensuring the reliability and robustness of the FFP 

calculation. 

The flux footprint (in metres) shown in Figure 4.3 shows red contour lines for the maximum 

flux area. Darker yellow-red colours indicate regions contributing most to the flux, with the 

red dot marking the EC tower location. The study site is surrounded by a diverse patchwork 

of ecosystems, including dense vegetation, bare peat, woodland, and rewetted areas. Given 

that the objective of the study was to examine the net CO₂ flux from a naturally established 

forest on a cutaway peatland, the goal was to filter out flux measurements originating from 

undesirable locations. For example, emissions from a drainage area located to the east of 

the tower, were identified and excluded from the flux time series to ensure the accuracy of 

the data. 

4.2 CO₂ flux measurements and modelling  

4.2.1 Methods for estimating CO₂ below canopy  

Measurements taken using the chamber under light and dark conditions were modeled 

separately using distinct environmental parameters, such as soil temperature, moisture, and 

PPFD values. To isolate GPPbel from NEEbel the following equation was used.  

Equation 4.5 

𝐺𝑃𝑃𝑏𝑒𝑙 =  𝑁𝐸𝐸𝑏𝑒𝑙  − 𝑅𝑏𝑒𝑙 

Therefore, GPPbel was modelled independently of Rbel and vice versa. Since photosynthetic 

reactions in plants respond to radiation, GPPbel has a relationship with PPFD and Ts, as 

discussed in section 2.3.1.7 (Ryan, 1991; Begon et al., 1996; Tuittila et al., 1999, 2004; 

Wilson et al., 2015; Wilson, Farrell, et al., 2016; Jovani-Sancho et al., 2018). Coefficients 

were calculated to describe the relationship between fluxes and environmental variables, 

and these were obtained using the Python SciPy optimisation module with the Levenberg–

Marquardt multiple nonlinear regression technique, which is also described in section 2.3. 

All meteorological variables were sampled every minute and averaged every half-hour on a 
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Campbell Scientific data logger. Therefore, the flux data was also modeled as half-hour 

estimates. The resampled PPFD values were used to estimate below-canopy PPFD values 

from sensors located at the top of the EC tower.  

The machine learning algorithms evaluated prior to model development include k-Nearest 

Neighbours (kNN), Random Forest (RF), Gradient Boosting, XGBoost and Generalised 

additive model (GAM) all of which are discussed in greater detail in Section 2.3.3. These 

models were tested against observed data points. To facilitate this comparison, a Python 

script developed By Dr Stephen Barry of Bord na móna, was used to automate the execution 

of the models for GPPbel and Rbel. The script incorporates the input data for fluxes and 

dependent variables, applies them to train the models on the observed dataset, and 

evaluates the response curves based on variance (R²), root mean square error (RMSE), 

standard error, and statistical significance (p-value) After evaluating the performance of all 

the tested methods, the model exhibiting the highest R² and lowest RMSE was selected to 

model the complete annual dataset (Hamrani et al., 2020).  

In some cases, data removal is used to optimise datasets in machine learning. However, in 

the context of this research, such an approach was not feasible due to the limited number 

of data points available, as only spot samples were collected. As a result, this method was 

not implemented. However, a 20:80 data split was applied, with 20% of the data withheld 

for testing, while the remaining 80% were used for training the model. The dataset was 

divided into two subsets: the training data, which were used to train the machine learning 

model, and the testing data, which had not been used during training and were reserved for 

model evaluation. 

Among the models tested, the RF model demonstrated the best performance (see results in 

Appendix). Consequently, the RF model was implemented to model the annual timeseries of 

flux data. The results showed strong agreement between the observed and modelled flux 

values, as discussed below. The model successfully estimated CO₂ emissions below the 

canopy at the Lullymore research site. 

To assess the performance of the model, uncertainty estimation was conducted by 

calculating the standard error. A narrower standard error range suggests lower variance in 

the predictions and greater confidence in the model’s reliability. Conversely, a wider range 
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indicates increased uncertainty and reduced confidence in the model’s accuracy. The level 

of uncertainty directly impacts the degree of caution required when interpreting the 

model's results. The standard error was computed using the following equation. 

Equation 4.6 

Standard Error of the Mean =
𝑠

√𝑛
× 1.96 

Where 𝑠 is sample standard deviation, 𝑛 is the number of observations (sample size) and 

1.96 accounts for the 95% confidence interval (Altman et al., 2013). This was calculated for 

modelled 𝐺𝑃𝑃𝑏𝑒𝑙, 𝑅𝑏𝑒𝑙 and 𝑁𝐸𝐸𝑏𝑒𝑙.  

 

4.2.2 Methods for estimating CO₂ above canopy 

Gaps in the half-hourly fluxes were identified through the QC procedures. Additionally, gaps 

resulted from instrumentation malfunctions and environmental conditions, such as heavy 

precipitation, especially when using the open path gas analyser (Baldocchi, 2003; Polonik et 

al., 2019; Burba, 2022). In order to complete an annual NEE budget for the ecosystem, a full 

time series of flux data was modeled using environmental parameters and a flux-

partitioning algorithm.  

To determine the interactions between fluxes and environmental parameters, data was first 

separated into seasonal fluxes. Correlation analysis was conducted by creating scatter plots 

to assess the relationships between fluxes and various environmental variables. Pearson 

correlation coefficients were calculated to identify the most suitable dependency variables 

for modeling. This preliminary analysis was carried out in Rstudio version 2024.04.1+748 

“Chocolate Cosmos”.  

4.2.2.1 Marginal distribution sampling method  

Once primary, secondary and tertiary drivers for the CO₂ fluxes were established, the data 

was analysed using Tovi software version 2.9.1 Li-Cor, USA. These drivers were used in order 

of preference to estimate the missing values. Based on the transition periods of the half-

hourly fluxes over an annual time series, separate periods were established for specific 

modeling parameters. This approach was chosen to account for fluctuations in the seasonal 



128 
 

characteristics of the woodland ecosystem and to implement different dependent variables 

for filling in missing data.  

The missing fluxes were modeled using configurable marginal distribution sampling (MDS) 

method developed by Reichstein et al. (2005), equation 4.7. This is a derived equation from 

review of previous methods (Lloyd and Taylor, 1994; Hollinger et al., 1998; Falge, Baldocchi, 

et al., 2002; Law et al., 2002; Reichstein, Tenhunen, Roupsard, J‐M Ourcival, et al., 2002; 

Gilmanov et al., 2003; Papale and Valentini, 2003; Rambal et al., 2003) and explains how 

variations in the baseline respiration rate (Rref) and the temperature sensitivity parameter 

(E0) influence the relative change in ecosystem respiration (Reco). It takes into account the 

temperature differences (T) between the reference temperature and the base temperature 

(Reichstein et al., 2005).  

 

Equation 4.7 

𝑑𝑅𝑒𝑐𝑜

𝑅𝑒𝑐𝑜
=

𝑑𝑅𝑟𝑒𝑓

𝑅𝑟𝑒𝑓
+ 𝑑𝐸0(

1

𝑇𝑟𝑒𝑓 − 𝑇0
−

1

𝑇 − 𝑇0
) 

Where 𝑑𝑅𝑒𝑐𝑜 is the relative change in ecosystem respiration 𝑅𝑒𝑐𝑜, 𝑑𝑅𝑟𝑒𝑓 is the relative 

change to the baseline reference temperature (𝑅𝑟𝑒𝑓), and 𝑑𝐸0 represents the change in 𝐸0. 

𝑇𝑟𝑒𝑓 is the reference air temperature, and 𝑇0 is the baseline air temperature (Reichstein et 

al., 2005). Depending on the primary driver (see below) the equation changed. 

The data was analysed by dividing it into distinct seasonal periods, based on average 

monthly temperatures. The summer season spanned from 1st June 2022 to 31st July 2022, 

with an average air temperature (Tₐ) of 16°C. This was followed by autumn, from 1st August 

2022 to 31st October 2022, with an average Tₐ of 11°C. Winter, marked by the lowest 

consecutive monthly temperatures, was defined as the period from 1st November 2022 to 

31st January 2023, with an average Tₐ of 6°C. Spring, with an average Tₐ of 10°C, was set 

from 1st February 2023 to 30th April 2023, and the early summer period extended from 1st 

May 2023 to 1st June 2023. 

For each of the defined seasonal periods, primary, secondary, and tertiary drivers were 

established, with specific tolerance levels set for each driver to define acceptable ranges for 

estimates. During the growing seasons (Summer, Autumn, early Summer, and Spring), PPFD 
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was chosen as the primary variable, with a tolerance range of 50–200 µmol m⁻² s⁻¹. The 

secondary driver was Tₐ, with a tolerance of ±2.5°C, while vapour pressure deficit (VPA) 

served as the tertiary driver, with a tolerance of ±5 hPa. In the dormant season (Winter), soil 

temperature (Tₛ) became the primary driver, with a tolerance of ±2.5°C, followed by Tₐ and 

VPA, both with the same tolerances as in the growing seasons. These tolerance levels 

ensured that only values falling within the specified ranges were used for estimating missing 

data, thus enhancing the accuracy and reliability of the gap-filling process  (Reichstein et al., 

2005).  

 

The mathematical model estimated missing values based on the relationship with the 

primary driver, this was reiterating for the secondary and tertiary drivers in order of 

preference if there were missing values from primary driver. The workflow depicted in 

Figure 4.4 illustrates the functioning of the model.  

4.2.2.2 Random Forest Model implemented through Rstudio 

Although MDS is a standard method for gap filling NEE (Kim et al., 2020; Winck et al., 2023), 

the machine learning algorithm RF was also implemented to estimate NEE. RF is a 

supervised machine learning algorithm that constructs an ensemble of decision trees 

Figure 4.4 Workflow for marginal distribution sampling (photo: author). 
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through bootstrapping, where subsets of the training data are sampled with replacement. 

Each tree is built independently, promoting diversity among them, and the final prediction is 

derived by aggregating the outputs from all the trees (Breiman, 2001). The model requires a 

minimum of two primary parameters: the number of trees to generate and the number of 

variables to consider at each decision point (Breiman, 2001). RF has been widely used in 

studies to model fluxes for trace gases such as CH₄ (Kim et al., 2020), however there are also 

studies where it has been implemented to estimate NEE and has been compared with other 

gap-filling techniques (Winck et al., 2023).  

For this study, a similar approach to Winck et al. (2023) was adopted, incorporating all 

available meteorological variables. The quality-controlled, filtered NEE flux data used for the 

MDS method were also used in the RF model. The model was implemented in RStudio, with 

a custom script written to include all fully gap-filled meteorological time series as predictor 

variables. As in Winck et al. (2023)  the number of trees generated was set to 500. No 

specific prioritisation of predictor variables was applied, and variables employed such as Ta, 

Ts, RH, PPFD, RG, SWC, VPD, RN, LE, and air pressure, were treated equally. The model was 

executed using the "randomForest" R package (Liaw & Wiener, 2002) in RStudio 

2024.09.1+394 "Cranberry Hibiscus" Release ( 2024-11-03). 

Since RF aggregates predictions from multiple decision trees, it cannot be expressed with a 

single explicit equation. Each tree produces a prediction, and the final result is obtained by 

averaging these individual predictions. This characteristic distinguishes RF from more 

traditional methods, such as linear regression or MDS, which can be easily represented by a 

single equation (Breiman, 2001). 

4.2.2.3 Validation of methods and units’ conversion  

Summary statistics were computed for both the observed and predicted data values. to 

evaluate the performance of both methods, several statistical tests were conducted in 

RStudio using 20% of the data set aside for out-of-sample testing for RF and 10% removed 

for the MDS approach. Holdout validation was performed by comparing the predicted 

values, generated through the MDS and RF models, with the actual observed values from 

the withheld data points (testing data). This allowed for an assessment of the models' ability 

to predict unseen data. The model residuals were analysed by plotting the differences 
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between the observed and predicted values against the estimated values. The percentage 

difference was then calculated using the equation derived from these summary statistics. 

Equation 4.8 

𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝐷𝑖𝑓𝑓 =
X₁ − X₂

𝑋₁ + 𝑋₂
2

∗ 100 

Where X₁ represents the first value or statistic and X₂ represents the second value.  

Prediction accuracy was assessed through the calculation of the Root Mean Squared Error 

(RMSE) and Mean Absolute Error (MAE), where lower values represent better model 

performance. 

To analyse cumulative CO₂ emissions over the course of one year, it was necessary to 

convert CO₂ flux values from micromoles per second to grams per half hour, and then to 

tonnes per hectare. The following equation was derived: 

   

Equation 4.9 

t 𝐶𝑂₂ ha¯1 =
1800 ∗ µmol m¯² s¯¹

1,000,000 
∗

44

1,000,000 
∗ 10,000 

 

The conversion factor calculates t 𝐶𝑂₂ ha¯1, by converting per second to per half-hour, by 

multiplying 1800 (second in half hour) by the CO₂ in µmol m-2 s-1, to convert this to a half 

hourly measurement. Then divides by 1,000,000 to convert to moles from micromoles (1 

mole = 1,000,000 micromoles). It then considers the molecular weight of CO₂ (44g grams 

per mole) and converts from grams to tonne by dividing by 1,000,000 (since 1 tonne = 

1,000,000 grams). Finally, it is then multiplied by 10,000 to convert from square meters to 

hectares (since 1 hectare = 10,000 square meters). This conversion facilitates 

straightforward comparison with other research findings and enhances practical 

explanations and upscaling of results. The conversion process involved aggregating seasonal 

sums of flux data, which were then totalled to determine the annual atmospheric CO₂ 

emissions for the site in t ha¯1. To further calculate Carbon from CO₂ the amount in tonnes 

per hectare was multiplied by 𝐶𝑂₂ =
12

44
.  
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4.3 CH₄ flux measurements and modelling  

To estimate a complete annual CH₄ budget at the woodland study site, the gaps in the 

timeseries needed to be addressed. Two methods were employed to fill the gaps in the 

data, and their performances were compared. MDS was applied to the annual timeseries to 

fill the gaps using Tovi software by Licor. Random Forest machine learning was implemented 

using RStudio to train the model and estimate the missing data. 

4.3.1.1 Marginal distribution sampling 

A random filter was applied in RStudio to remove 10% of the high-quality data in order to 

evaluate the performance of the MDS method in predicting and estimating the missing data 

gaps at the end of gap filling. Upon reviewing the timeseries, no diurnal patterns in CH₄ flux 

were identified, which meant that partitioning the data based on time of day was not 

necessary.  

A pearson correlation matrix was calculated in RStudio for all on-site variables in relation to 

the CH₄ flux dataset, with the matrix plot available in the appendix. Based on this matrix, 

driver variables were selected for further analysis. The relationships between CH₄ fluxes and 

several environmental variables were assessed, revealing VPD as the primary driver, average 

TS as the secondary driver, and PPFD as the tertiary driver. These variables, ranked by 

relevance, were then used in the MDS to estimate the missing CH₄ flux data. 

To model the missing CH₄ fluxes, the configurable MDS method developed by Reichstein et 

al. (2005) was employed through Tovi software. This method builds upon previous models 

(Lloyd & Taylor, 1994; Hollinger et al., 1998; Falge et al., 2002; Law et al., 2002; Reichstein et 

al., 2002; Gilmanov et al., 2003; Papale & Valentini, 2003; Rambal et al., 2003).The model 

also accounts for temperature differences (T) between the reference and baseline 

temperatures, as outlined by Reichstein et al. (2005) and is discussed in the previous section 

4.2.2.  

Although the MDS method was originally developed for gap filling CO₂ fluxes, which are 

closely linked to biological processes like respiration, it can be adapted to fill gaps in CH₄ 

fluxes with careful consideration of relevant environmental drivers. As mentioned, the 

variables were selected based on Pearson correlation, VPD, TS and PPFD, with tolerances set 

at 5 hPa, 2°C, and low and high tolerances of 50 and 200 µmol m⁻² s⁻¹, respectively. These 
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were applied in the method of gap filling the missing CH₄ fluxes, acknowledging that while 

CH₄ fluxes are influences by biological and physical processes, their relationship with 

environmental variables may differ from CO₂ fluxes. Since CH₄ fluxes are influenced by 

microbial processes (such as methanogenesis) and environmental variables like TS (Le Mer 

and Roger, 2001; IPCC, 2013; Holl et al., 2020), the general structure of the MDS equation is 

similar to that for CO₂, however there are differences in the inputs.  

The equation for the MDS for CH₄ is as follows: 

Equation 4.10 

𝑑𝐹𝐶𝐻₄

𝐹𝐶𝐻₄
=

𝑑𝐹𝑟𝑒𝑓

𝐹𝑟𝑒𝑓
+ 𝑑𝐸0(

1

𝑉𝑃𝐷𝑟𝑒𝑓 − 𝑉𝑃𝐷
−

1

𝑉𝑃𝐷 − 𝑉𝑃𝐷0
) 

In this equation, 𝑑𝐹𝐶𝐻₄ represents the relative change in CH₄ flux (𝐹𝐶𝐻₄),  𝑑𝐹𝑟𝑒𝑓 is the 

relative change in baseline reference CH₄ flux (𝐹𝑟𝑒𝑓), and 𝑑𝐸0 denotes the change in the 

temperature sensitivity parameter (𝐸0). 𝑉𝑃𝐷𝑟𝑒𝑓 and 𝑉𝑃𝐷0 are the reference and baseline 

VPD respectively. The equation estimates missing CH₄ flux values based on their relationship 

with the primary variable, in this case VPD. If there are missing values prevalent in VPD, the 

model iterates through the second and then the third variable drivers (Reichstein et al., 

2005). 

 

4.3.1.2 Machine learning random forest  

RF is a supervised learning algorithm and is described in section 4.2.2. The model primarily 

requires two parameters: the number of trees and the number of variables sampled at each 

decision point (Breiman, 2001). RF has been successfully applied in previous studies to 

model CH₄ fluxes across various ecosystems and has been compared to other gap-filling 

methods (Xu and Goodacre, 2018; Kim et al., 2020). For example, Kim et al. (2020) used RF 

to estimate gaps in CH₄ time series data by generating 400 regression trees per case using 

the "randomForest" R package by Liaw & Wiener (2002) in RStudio. In their study, the 

biophysical variables such as NEE, LE, H, Rg, LWOUT, AirT, SoilT, RH, VPD, u*, air pressure, 

and WTH were incorporated (Kim et al., 2020). 

In this study, a similar approach was adopted, incorporating all available meteorological 

variables. The quality-controlled, filtered CH₄ fluxes used for the MDS method were also 
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employed in the RF model. The model was implemented using RStudio, where code was 

written to include all fully gap-filled meteorological time series as driver variables. As in Kim 

et al. (2020), the number of trees generated was set to 400.  No specific order of preference 

was assigned to predictor variables, which included average TS, WT, TA, RH, PPFD, RG, 

average SWC, VPD, air pressure, RN, LE, and H. The model was executed using the 

"randomForest" R package (Liaw and Wiener, 2002) in Rstudio version 2024.09.1+394 

"Cranberry Hibiscus" Release ( 2024-11-03). 

 

4.3.1.3 Performance validation 

To validate the performance of both methods, several statistical tests were conducted in 

RStudio using the 20% of data removed for out-of-sample testing for RF and the 10% 

removed from dataset for MDS. Holdout validation was performed by comparing the 

predicted (estimated) values, obtained through the MDS and RF methods, with the actual 

observed values from the random removed data points. This allowed for an assessment of 

how well the models predicted unseen data. Model residuals were analysed by plotting the 

residuals (the differences between observed and estimated values) against the predicted 

values, checking for randomness around zero, which would indicate a good fit if no 

discernible patterns were present. Additionally, the normality of residuals was tested using 

histograms, where normal distribution would suggest a well-specified model.  

The R² value was calculated to quantify the proportion of variance in the observed data 

explained by the model, with higher values indicating better model fit. The Root Mean 

Squared Error (RMSE) and Mean Absolute Error (MAE) were calculated to measure 

prediction accuracy, where lower values indicate better performance. Finally, the 

correlation coefficient between the predicted and actual values from the holdout data was 

computed to assess the strength of the relationship, with higher correlation values 

suggesting a stronger model fit. As discussed in section 4.2.2  
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4.4 Meteorological data processing  

Meteorological data from both onsite stations were amalgamated and processed in RStudio 

(Version RStudio 2023.12.1+402 "Ocean Storm" Release (2024-01-28) for Windows). The 

raw dataset contained half hourly averages for air temperature (Ta), relative humidity (RH), 

soil temperature (Ts), Soil water content (SWC), shortwave in (SWIN) and out (SWOUT) 

radiation, longwave in (LWIN) and out (LWOUT) radiation, global radiation (RG), 

photosynthetic photon flux density (PPFD) and precipitation (p). Data were initially plotted 

against timestamps annually to assess consistency with expected seasonal patterns. 

Unrealistic values beyond physical limits were flagged and removed. Due to a 

communication error between instruments, two short periods of data were removed from 

the raw dataset. The first occurred from 20th July 2022 to 28th July 2022, and the second 

from 2nd September 2022 to 6th September 2022. In addition to these interruptions, the 

above canopy meteorological station on the EC tower experienced further issues that 

resulted in substantial gaps in the half-hourly data, necessitating extensive gap-filling 

procedures. After accounting for these gaps and applying the required filters, approximately 

60% of the above canopy dataset remained suitable for analysis. In comparison, data loss in 

the below canopy measurements was limited to about 20%, leaving roughly 80% of that 

dataset available for analysis. 

To estimate the missing values in the Lullymore meteorological time series, data from three 

nearby weather stations was collected. The first station was located in Ballaghurt, County 

Offaly (Latitude/Longitude: 53°19'19"N 7°51'50"W, altitude of 43m) (Mealy, 2022), 

approximately 60 km away in a straight line from Lullymore. This was followed by Clara in 

County Offaly (Ingle, Habib, et al., 2023) (Latitude/Longitude: 53°19'15"N 7°37'04"W, 

altitude of 55m), approximately 44 km away in a straight line, and the Mullingar (Met 

Éireann, no date) weather station in County Westmeath (Latitude/Longitude: 53°32'15"N 

7°21'42"W, altitude of 102m), approximately 39 km away in a straight line. Pearson 

correlation coefficients assessed correspondence between these external datasets and the 

Lullymore measurements. Due to insufficient temporal coverage, Ballaghurt and Clara data 

were unsuitable for most analyses, and Mullingar data provided the primary external 

dataset. All meteorological variables, except precipitation, were fitted with linear regression 

models using corresponding Mullingar variables. 
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Precipitation data from Lullymore Nature Centre (53.279°, -6.942°, altitude 87m) (Met 

Éireann, no date) was used to replace the incomplete above-canopy precipitation record 

caused by a data logger malfunction. Below-canopy precipitation provided a reliable time 

series; however, a short period lacked overlap with the flux tower due to the later 

installation of the rain gauge. Mullingar (Met Éireann, no date) data included a global 

radiation dataset which was used to model both RG and PPFD for Lullymore. Both linear 

regression and GAMs (Generalized Additive Models) were employed to estimate the gaps 

for both radiation variables.  

The function created in RStudio to fit the linear regression model performed the following 

calculations:  

Equation 4.11 

𝑦 = 𝛽0 + 𝛽1 ∗ 𝑥 + 𝜖 

Where: 𝑦 is the independent variable, the observed data from Lullymore, β0 is the intercept, 

β1 is the coefficient for 𝑥, the dependent variable, ϵ is the error term. The regression 

coefficients β0 and β1 are estimated using the least squares method to minimise the sum of 

squared residuals: 

Equation 4.12 

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒∑𝑖 = 1𝑛(𝑦𝑖 − (𝛽0 + 𝛽1 × 𝑥𝑖))2 

Once the model was fitted, missing values in 𝑦 were filled using the estimated regression 

equation:  

Equation 4.13 

𝑦^ = 𝛽^0 + 𝛽^1 × 𝑥 

Where 𝛽^0 and 𝛽^1are the estimated regression coefficients obtained from the model fitting 

process. Finally, the function evaluates the goodness of fit of the regression model by 

calculating the coefficient of determination (R2): 

Equation 4.14 

𝑅² = 1 −
∑𝑖 = 1𝑛(𝑦𝑖 − 𝑦¯)²

∑𝑖 = 1𝑛(𝑦𝑖 − 𝑦^𝑖)²
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Where 𝑦¯is the mean of 𝑦 values. The R2 values indicates the proportion of the variance in 

the 𝑦 that is predicted by 𝑥.  

The net radiation (RN) was calculated from SWIN, SWOUT, LWIN and LWOUT, as shown in 

the equation below.  

Equation 4.15 

𝑅𝑁 = (𝑆𝑊𝐼𝑁 − 𝑆𝑊𝑂𝑈𝑇)  + (𝐿𝑊𝐼𝑁 − 𝐿𝑊𝑂𝑈𝑇) 

Because RN showed weak correlation with Mullingar global radiation, RN gaps were filled 

using a combined RN record from Ballaghurt and Clara, producing a weighted average R² of 

0.66. Remaining gaps were linearly interpolated. Seasonal analyses were performed by 

defining winter as the three months with the lowest mean temperatures (November–

January). Linear regression was then applied seasonally to estimate missing values, with any 

remaining gaps interpolated. 

Modeling PPFD and RG presented challenges due to the seasonal and diurnal nature of the 

data. After applying linear regression to the data seasonally, the modeled data did not align 

well with the yearly time series and tended to overestimate nighttime winter radiation for 

both variables. Subsequently, month-specific diurnal filters were applied to gap-fill the data 

on both seasonal and diurnal scales using linear interpolation, linear regression, and GAMs. 

The dataset was then divided into monthly time series to apply individual diurnal filters, 

using thresholds of <10 W/m² RG and <10 µmol/m²/s PPFD to identify nighttime conditions. 

Nighttime values for both parameters were treated separately. A running mean of the 

nighttime data was subtracted from the full dataset, and any resulting negative values were 

set to zero. Remaining nighttime gaps were then interpolated, taking advantage of their low 

variability, using midnight (12 a.m.) and 3 a.m. as thresholds to ensure complete darkness. 
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Figure 4.5 Workflow diagram of radiation gap filling steps (photo: author) 

Daytime values were modelled using linear regression with Mullingar radiation data (Met 

Éireann, no date), and the performance of these predictions was evaluated using R² and 

RMSE. GAMs model was also applied to the same datasets and yielded very similar 

outcomes. The general process and workflow of gap filling radiation values can be viewed in 

Figure 4.5.  
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Air pressure was gap-filled using linear regression analysis, with Ta and RH used as 

predictors. VPD was calculated for the annual time series using the following equation, 

which incorporates Ta and RH along with fixed variables of saturation vapour pressure and 

actual vapour pressure: 

Equation 4.16 

𝑉𝑃𝐷 =  𝑒ₛ(𝑇ₐ) − 𝑒ₐ 

Where 𝑒ₛ(𝑇ₐ) is the saturation vapour pressure (calculated using Ta) and 𝑒ₐ is the actual 

vapour pressure (calculated using RH). Net radiation was calculated using following 

equation: 

Equation 4.17 

𝑅𝑁 = (𝑆𝑊𝐼𝑁 − 𝑆𝑊𝑂𝑈𝑇) + (𝐿𝑊𝐼𝑁 − 𝐿𝑊𝑂𝑈𝑇) 

Finally, latent heat flux (LE) and sensible heat flux (H) were gap filled using “missForest” 

function in RStudio with variables Ta, RH and VPD to estimate the gaps in the time series. 
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5 Results – Carbon Dioxide (CO2) Fluxes  

5.1 Environmental parameters  

Seasonal analysis and quality control was conducted on the meteorological data collected 

from both stations and is discussed in section 4.4. Table 5.1 below presents the results of 

the linear regression analysis for Ta, Ts and RH. Overall, the coefficient of determination was 

relatively high, with all values exceeding 80%, except for soil temperature probe 1. This was 

due to a significant period during which there was no overlap of data, resulting from a 

delayed sensor placement. Remaining gaps were filled using linear interpolation until a 

complete time series with no missing values was achieved. 

Table 5-1 Statistics for meteorological variables modelled with Mullingar data 

 

Similar methods were employed to analyse missing data from radiation values. However, 

due to their diurnal variation, radiation values required more intensive filtering processes 

discussed in section 4.4. Results from the analysis showed a correlation coefficient was 0.80 

for RG, indicating a moderately strong relationship, and with R2 value of 0.64 for the 

annually predicted data. The RMSE was calculated to be 110.6 W/m2, and the MAE was 65 

W/m2. When plotted on a line graph alongside the observed data, the predicted values 

showed a good fit. However, a scatter plot displayed a widely dispersed linear trend. 

Similarly, PPFD exhibited a correlation coefficient of 0.79, suggesting a strong relationship, 

with an R2 value of 0.62. However, the RMSE was relatively high at 228 µmol m⁻² s⁻¹, with an 

MAE of 128 µmol m⁻² s⁻¹.  

 

Variable R2 RMSE 

Air Temperature (probe 1) 0.95 1.1 °C 

Air Temperature (probe 2) 0.95 1.3 °C 

Soil Temperature (probe 1) 0.68 2.7 °C 

Soil Temperature (probe 2) 0.85 1.0 °C 

Relative Humidity  0.83 5.0 % 
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To validate these findings, the GAMs model was also employed on the same datasets to 

improve the accuracy of predicted values for the time series. The results from the GAMs 

model were highly consistent with the previous analysis. For RG, the R2 value was 0.65, with 

an RMSE of 109.5 µmol m⁻² s⁻¹ and an MAE of 64 µmol m⁻² s⁻¹. Regarding PPFD, the R2 value 

was slightly higher at 0.63, with a lower RMSE of 226 µmol m⁻² s⁻¹ and an MAE of 125.5 

µmol m⁻² s⁻¹. The gap filled times series for global radiation and for PPFD can be viewed in 

the appendix. Although the differences between the two models' predicted values were 

minimal, the time series predicted by GAMs was ultimately selected due to its slightly better 

performance metrics compared to linear regression. Table 5.2 highlights these slight 

differences in performance metrics between methods applied.  

 

Table 5-2 Comparison of performance metrics for RG and PPFD between LR and GAMs. 

Variable Linear Regression GAMs 

RG 

R2 0.64 0.65 

RMSE (W/m²) 110.6 109.5 

MAE (W/m²) 65 64 

PPFD 

R2 0.62 0.63 

RMSE (µmol m⁻² s⁻¹) 228 226 

MAE (µmol m⁻² s⁻¹) 128 125 

 

Upon review of the gap filled meteorological variables, clear seasonal patterns were 

evident, with pronounced differences between winter and summer. Daily average air 

temperatures below the canopy ranged from –3.2°C in December to 20.7°C in August, with 

an annual average of 10.3°C. These values are consistent with Ireland’s temperate climate, 

where long-term national averages range from 9–10°C (Walsh, 2012; Met Éireann, 2020). 

Average soil (10.6°C) temperature shows a similar seasonal trend, reaching a minimum of 

2.8°C in December and a maximum of 16.7°C in August. 

Soil moisture sensors recorded low volumetric water content throughout the year, with 

annual averages of 18% and 35%. These values were likely underestimated because the 
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sensors were not calibrated for peat soils. Laboratory analysis of peat samples collected 

within the EC tower footprint indicated true soil moisture contents of 77% on 27 October 

2023 and 75% on 30 November 2023. Comparisons with daily averages from the onsite 

sensors revealed underestimations of 70% and 74% respectively. Despite the inaccuracies in 

absolute values, the seasonal patterns were examined to check for relationships with fluxes, 

but none were detected. Monthly soil moisture trends from both sensors are shown in 

Figure 5.1.

 

Figure 5.1 Monthly average of soil moisture sensors for both sensors at study site 

Figure 5.2 illustrates the annual timeseries of gap filled meteorological data for (a) soil 

temperature at 5cm (°C), (b) below-canopy air temperature (°C), (c) above-canopy PAR 

(µmol/m²/s⁻¹), (d) estimated below-canopy PAR (µmol/m²/s⁻¹), and (e) average soil water 

content (%), for the period June 2022 to June 2023. 
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Figure 5.2 Timeseries for meteorological data June 2022 to June 2023. 
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PPFD and RG from 2022–2023 displayed expected temperate climate seasonality (Curley et 

al., 2024), with the highest monthly averages in June 2022 (PPFD: 402 µmol m⁻² s⁻¹; RG: 194 

W m⁻²) and the lowest in December (PPFD: 50 µmol m⁻² s⁻¹; RG: 32 W m⁻²). Net radiation 

(RN) followed a similar pattern, with the lowest monthly averages in October and November 

(11 W m⁻²). Monthly averages for all radiation variables appear in Figure 5.3. PAR below the 

canopy was estimated to support the modelling of GPP fluxes from chamber measurements 

using above-canopy PAR data. The highest daily average below-canopy PAR occurred in 

May, reaching 176 µmol m⁻² s⁻¹, while winter PAR was typically estimated to be zero. In 

contrast, the highest daily average PAR above the canopy was 728 µmol m⁻² s⁻¹, also 

recorded in May, with the lowest winter average value being 41 µmol m⁻² s⁻¹. As expected, 

lower PAR levels were substantially lower below the canopy, as the closing canopy 

effectively blocks light from reaching the forest floor. 

 

Figure 5.3 Monthly averages for radiation at the study site from June 2022 to June 2023. 

 

Across the full monitoring period (June 2022–June 2023), the annual above-canopy air 

temperature (Tₐ) was 11°C, consistent with Ireland’s climatic norms (Walsh, 2012; Met 

Éireann, 2020; Curley et al., 2024). Long-term climate data from the nearby Lullymore 

Nature Centre (1.4 km away, 85 m altitude) indicate historic monthly temperatures from 2–

20°C between 2010 and 2022 (Met Éireann, 2022). At the study site, the lowest 

temperatures occurred in December 2022 (3°C above canopy, 4°C below canopy), while the 

highest above-canopy temperature was recorded in July 2022 at 18°C. During the June–

August 2022 growing season, below-canopy temperatures were slightly lower than above-
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canopy values, whereas from October 2022 to February 2023, the below-canopy sensor 

recorded marginally higher temperatures. 

Seasonal averages of Tₐ were 16°C in Summer 2022, 11°C in Autumn 2022, 6°C in Winter 

2022/2023, and 10°C in Spring 2023. Soil temperature (Tₛ) followed the same seasonal 

progression, with measurements available from September 2022 onwards following sensor 

installation. Monthly averages of both air and soil temperature are shown in Figure 5.4.  

 

Figure 5.4 Air temperature trends and soil temperature trends based on monthly averages. 

 

Relative humidity ranged from 77–90%, with higher values occurring between September 

and March. Water table depth remained consistently low during the entire monitoring 

period (–69.2 cm to –36.54 cm), reflecting the dryness of the site. As no clear relationship 

emerged between water table depth and carbon fluxes, WT was not included in subsequent 

correlation analyses. Total below canopy precipitation from September 2022 to June 2023 

was 883 mm, closely matching precipitation measured at Lullymore Nature Centre (899.9 

mm). Long-term mean annual precipitation at the Nature Centre is 894 mm (Met Éireann, 

2022). Precipitation below the canopy was frequent throughout the year, with no clear 

trend or pattern observed in the annual dataset. Figure 5.5 shows total monthly 

precipitation below the canopy at the study site (orange) and Lullymore Nature Centre 

(green). Monthly totals are similar where data overlap, except for September, October, and 
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March, where slightly larger differences occur, likely due to canopy interception, seasonal 

leaf changes, and rainfall redistribution. 

 

Figure 5.5 Total monthly precipitation below canopy and Lullymore nature centre. 
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5.2 Below-Canopy CO₂ Fluxes  

5.2.1 Model performances  

This section presents the modelling approaches (discussed in Section 4.2) and performance 

evaluation for below-canopy CO₂ fluxes derived from chamber measurements at the study 

site. Data for 𝐺𝑃𝑃𝑏𝑒𝑙 and 𝑅𝑏𝑒𝑙 were modelled separately, and several machine learning 

algorithms were evaluated, including kNN, RF, Gradient Boosting, XGBoost, and GAM. 

Performance metrics used to assess these models included R², RMSE and MAE. After 

comparing all the methods, the model with the highest R² and lowest RMSE was selected for 

modelling the complete annual dataset. Tables 5.3 and 5.4 provide the evaluation metrics 

for each model on both 𝐺𝑃𝑃𝑏𝑒𝑙 and 𝑅𝑏𝑒𝑙.  Plots of the training and testing data against the 

observed data are included in the appendix. 

Table 5-3 Performance metrics for gross primary production below canopy.  

 

The analysis of 𝐺𝑃𝑃𝑏𝑒𝑙  predictions (Table 5.3) using various machine learning models shows 

that Gradient Boosting and XGBoost performed the best during training, with high R² values 

(0.96 and 0.93) and low errors. However, both models experienced higher errors on the 

testing set, indicating some overfitting. RF also demonstrated good performance but 

showed a noticeable drop in accuracy when tested. In contrast, the kNN and GAM struggled, 

achieving very low R² during training and comparatively higher errors, making both the least 

effective models in this comparison. Overall, while Gradient Boosting and XGBoost lead in 

performance, RF demonstrated more consistent and balanced results across both training 

and testing, achieving a relatively high R² value of 0.79 on the training data and low RMSE 

(0.406) in the testing dataset.  
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Table 5-4 Performance metrics for respiration below canopy.  

 

For the 𝑅𝑏𝑒𝑙 prediction models, Gradient Boosting performed the best during training, with 

an R² of 0.87 and relatively low error values (Table 5.4). However, it showed increased 

errors on the testing set, reflecting some overfitting. XGBoost followed closely with an R² of 

0.86, though it had a higher error in testing, with an RMSE of 0.448 µmol m⁻² s⁻¹. The RF  

model also delivered strong training results (R² of 0.81), but its testing performance was 

more stable compared to Gradient Boosting and XGBoost, with an RMSE of 0.385 µmol m⁻² 

s⁻¹. The kNN model had moderate performance, with an R² of 0.52 in training and errors 

that were on par with other models in testing, though slightly worse than RF. GAM had the 

weakest performance overall, with a low R² of 0.40 in training and testing errors similar to 

those of kNN, making it the least effective in predicting respiration compared to the other 

models.  

Despite not having the highest training accuracy, RF demonstrated more stable and 

balanced performance on the testing sets compared to other models, showing fewer signs 

of overfitting. Therefore, RF was chosen to model the annual time series for both 𝐺𝑃𝑃𝑏𝑒𝑙 

and 𝑅𝑏𝑒𝑙 the results of the model are discussed below.  

 

5.2.2 Below canopy CO₂ fluxes  

The annual timeseries of daily summed modeled fluxes (Figure 5.6) below the canopy shows 

clear seasonal trends. The 𝑅𝑏𝑒𝑙 shown in dark red on the plot shows a clear seasonal trend 

with reduced fluxes during the winter months and increased respiration during the summer. 

This is consistent with soil and air temperature timeseries (Figure 5.4) for the same period, 
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as warmer temperatures in summer stimulate microbial activity and root respiration. With 

cooler temperatures in winter the rate of root respiration and microbial activity reduce.  

The modelled 𝐺𝑃𝑃𝑏𝑒𝑙 shown in green, drops to zero during the winter months due to 

extremely low adjusted PAR values, which were near zero during this period. The near-zero 

values in winter correlate with the estimated below canopy PAR (Figure 5.2 (d)), which to 

some extend represents the dormancy of vegetation during this period, but also indicates a 

possible underestimation of below canopy PAR. There is considerable variation in 

𝐺𝑃𝑃𝑏𝑒𝑙 during the growing season (spring and late summer) showing substantial fluctuation. 

These fluctuations indicate responses to short-term environmental factors, such as soil 

water content (SWC). SWC reduces significantly when 𝐺𝑃𝑃𝑏𝑒𝑙 values seem to plateau 

throughout summer months and then reduce again in Autumn when SWC rises somewhat.  

The modeled 𝑁𝐸𝐸𝑏𝑒𝑙, derived from 𝐺𝑃𝑃𝑏𝑒𝑙 and 𝑅𝑏𝑒𝑙, exhibits a strong correlation with 𝑅𝑏𝑒𝑙, 

which is expected given the consistently low 𝐺𝑃𝑃𝑏𝑒𝑙  values, particularly during the winter 

months, which subsequently lowers the overall average. 𝑁𝐸𝐸𝑏𝑒𝑙.represents the net carbon 

balance of the below-canopy ecosystem. Based on the time series, it is evident that the 

below-canopy system functions as a net source of CO₂ throughout the year. This is more 

clearly highlighted in the cumulative plot in Figure 5.7. Positive 𝑁𝐸𝐸𝑏𝑒𝑙 values indicate a net 

CO₂ source, while negative values would indicate a CO₂ sink, though none are observed in 

the 𝑁𝐸𝐸𝑏𝑒𝑙 timeseries. 
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Figure 5.6 Annual timeseries of modelled daily summed fluxes below the canopy. 



151 
 

 

The measured 𝑅𝑏𝑒𝑙 at the Lullymore research site yielded values of 47.8  (±0.3 SE) t CO₂ ha⁻¹ 

yr⁻¹ for respiration, -2.8 (±0.1 SE) t CO₂ ha⁻¹ yr⁻¹ for 𝐺𝑃𝑃𝑏𝑒𝑙, and 45.0 (±0.4 SE)  t CO₂ ha⁻¹ yr⁻¹ 

for 𝑁𝐸𝐸𝑏𝑒𝑙.These values provide an essential baseline for understanding CO₂ flux dynamics 

below the canopy within temperate woodland ecosystems on organic peat soils. 

 

 

Figure 5.7 Cumulative plots for estimated annual fluxes below the canopy 

 

5.3 Total Net Ecosystem Exchange   

5.3.1 Estimates of CO₂ fluxes from both methods applied 

5.3.1.1 Driver variables MDS  

This subsection examines the relationships between CO₂ fluxes and key environmental 

driver variables used for estimating gaps in the time series. The CO₂ flux data revealed 

correlations with several environmental variables, including PPFD, Ta, VPD and Ts. The 

Pearson correlation matrix is detailed in the appendix. A strong negative correlation was 

found between PPFD and CO₂ flux, with a Pearson correlation coefficient of -0.70, 

suggesting that as PPFD increases, CO₂ flux tends to decrease. The regression analysis 

showed a slope of -0.0175, indicating a small reduction in CO₂ flux for each unit increase in 
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PPFD. Overall, higher light levels, as represented by PPFD, are associated with decreased 

CO₂ flux. 

The relationship Ta above the canopy and CO₂ flux also showed a moderate negative 

correlation, with a Pearson coefficient of -0.50. As air temperature increases, CO₂ flux tends 

to decrease. The regression model revealed a slope of -0.6894, suggesting that for each unit 

increase in air temperature, CO₂ flux decreases by approximately 0.6894 units. A moderate 

negative correlation was observed between CO₂ flux and VPD, with a coefficient of -0.50. 

This suggests that as VPD increases, CO₂ flux tends to decrease. However, the slope of           

-0.0111 indicates only a small reduction in CO₂ flux for each unit increase in VPD. 

All three meteorological variables have significant negative relationships with CO2 fluxes, 

indicating that increases in these variables are associated with decreases in CO2 flux. The 

strongest predictor among the three was PPFD. Therefore, for the following seasons Spring, 

Summer and Autumn, PPFD was chosen as the main driver variable, followed by Ta and VPD. 

As in winter period there are less daylight hours, the Pearson correlation for nighttime 

values only for CO₂ and variables was calculated. Given that the nighttime variable with the 

most correlation to nighttime fluxes was the average TS (R2 = 0.3), this was then used as the 

main driver variable predicting missing fluxes over the winter months, followed by Ta and 

VPD. The annual time series of flux data was separated into seasonal segments for analysis, 

with the winter months including November, December, and January, and so forth.  

Therefore, for each period, primary, secondary, and tertiary drivers were defined with 

specified tolerance levels. During the growing seasons, PPFD (50-200 µmol m⁻² s⁻¹), Ta 

(±2.5°C), and VPA (±5 hPa) were used. In the dormant winter season, Ts (±2.5°C) was the 

primary driver, followed by Ta and VPA with the same tolerances. These tolerances ensured 

that only values within the specified ranges were used to estimate missing data, improving 

the accuracy of the gap-filling process (Reichstein et al., 2005). 

 

5.3.1.2 Estimated time series by MDS gap filling method  

After the filtering process and the removal of 10% of the data (for testing purposes), 41% of 

the CO₂ flux data remained. The observed fluxes refer to the actual measured CO₂ flux 

values recorded across different seasons, while the predicted fluxes were generated 
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through gap-filling techniques using MDS, applied via the Tovi software (version 2.9.1). The 

fingerprint plot below presents the annual time series of CO₂ fluxes, both before and after 

gap filling. 

 

Upon visual inspection, the gap-filling process appears to have effectively addressed the 

smaller data gaps. However, a prominent gap in October exhibits reduced variability 

compared to the overall dataset, as shown in Figure 5.8. The plot shows variations in CO₂ 

fluxes over time, with distinct patterns visible for both the original data and the MDS gap-

filled data. This highlights a key limitation of the MDS approach, which struggles to 

accurately capture the full variability of the data when dealing with larger gaps. 

 

Figure 5.8 Fingerprint plot illustrates CO₂ fluxes before and after gap filling using the MDS method. 

 

This observation becomes even more evident when the data is plotted as a time series over 

the year (Figure 5.9). The plot highlights the performance of the gap-filling approach across 

the year, showcasing deviations between estimated and observed values, particularly during 

periods with larger data gaps. The performance of the gap-filled data points is less robust 

when estimating larger gaps in the time series, particularly during specific periods. This is 

most evident in July and October, where the estimated data deviate more noticeably from 
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the observed values. These discrepancies suggest that the model struggles to accurately 

capture variations during periods with larger gaps in the data, highlighting its limitations in 

predictive capability. 

 

 

Figure 5.9 Time series plot compares the gap-filled data using the MDS method against the observed data.  

 

The scatter plot of Figure 5.10 illustrates the relationship between observed and predicted 

CO₂ flux values, where the predicted values were generated using the MDS model after 

randomly removing 10% data points. The points in the plot indicate a strong correlation 

between the observed and estimated values, as evidenced by the relatively tight clustering 

of the data around the red dashed line. The R2 value of 0.44 for the residuals suggests a 

moderate explanatory power of the model in capturing the variability in CO₂ flux. This 

demonstrates that while the model captures some of the underlying patterns, there remains 

unexplained variance. 

Error metrics such as the RMSE and MAE were calculated to be 4.31 µmol m⁻² s⁻¹ and 2.46 

µmol m⁻² s⁻¹, respectively, indicating that the model's predictions are reasonably accurate, 

with a relatively low level of overall error. However, the standard error of 4.31 µmol m⁻² s⁻¹ 

indicates that, while the model performs well overall, there is some variability in the 

predictions, as shown by the dispersion of points around the line. 
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Figure 5.10 Scatter plot shows overlapping data points for observed versus MDS gap-filled data.  

 

5.3.1.3 Estimating the time series using RF gap filling method 

The time series plot Figure 5.11 illustrates both the observed and gap-filled CO₂ flux values 

over the course of a year, with green points representing the observed values and yellow 

points representing the gap-filled estimates produced by RF model. The RF model appears 

to have performed well in estimating missing data, as indicated by the close alignment of 

the gap-filled points with the observed values, particularly in periods with smaller or 

intermittent gaps. 

Compared to the MDS method, the RF approach demonstrates improved performance, 

particularly in maintaining the overall variability of the data across time. The model 

effectively fills gaps across most of the time series, with only minor discrepancies during 

periods with more substantial data gaps, such as in October.  

Overall, the RF method provides a more accurate and robust estimate of CO₂ fluxes, 

especially when compared to MDS on visual comparison. 
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Figure 5.11 Time series plot compares the gap-filled data using the RF method against the observed data. 

 

The scatter plot (Figure 5.12) illustrates the relationship between observed and predicted 

CO₂ flux values, where the predicted values were generated using the RF model after 

randomly removing 20% of the data points. The points in the plot indicate a strong 

correlation between the observed and predicted values, as evidenced by the relatively tight 

clustering of the data around the red line, which represents good agreement between 

observed and predicted fluxes. 
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The R2 value of 0.77 for the residuals suggests good explanatory power of the RF model in 

capturing the variability in CO₂ fluxes. This demonstrates that while the model effectively 

captures some of the underlying patterns in the data, a small portion of the variance 

remains unexplained. Error metrics such as the RMSE and MAE were calculated to be 3.95 

µmol m⁻² s⁻¹ and 2.39 µmol m⁻² s⁻¹, respectively, indicating reasonably accurate predictions 

with a relatively low overall error. However, the standard error of 0.07 µmol m⁻² s⁻¹ suggests 

that the model performs well overall, there is small variability in the predictions, as reflected 

by the dispersion of points around the line. 

 

 

 

Figure 5.12 Scatter plot of overlapping data points for observed versus RF gap-filled data.  
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The boxplot (Figure 5.13) compares the RF gap-filled data with the observed data, showing 

that the central tendencies (medians and means) of both datasets are closely aligned, 

indicating that the gap-filling model has effectively captured the overall data distribution. 

However, the whiskers, which represent the spread of the data (extreme values or outliers), 

show some variation between the two datasets. This suggests that while the model 

performs well in predicting typical values, there may be slight differences in how it captures 

the more extreme data points. 

  

Figure 5.13 Box plot of the gap-filled data alongside the overlapping observed data.  
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5.3.1.4 Performance metrics from both methods  

Table 5.5 below shows performance metrics form both methods and highlights the 

superiority of the RF model across most metrics. The table is rounded to four decimal places 

to highlight the subtle differences observed in results. The RF model achieves a higher R² 

value (0.77) compared to MDS (0.44), indicating that RF explains a greater proportion of the 

variance in the data. Additionally, RF has lower error values, with a RMSE of 3.95 and MAE 

of 2.39, as opposed to the higher RMSE of 4.31 µmol m⁻² s⁻¹ and MAE of 2.46 µmol m⁻² s⁻¹ 

for MDS. The standard error is also much lower for RF (0.07 µmol m⁻² s⁻¹) compared to MDS 

(4.31 µmol m⁻² s⁻¹), reinforcing the RF model's greater precision and reliability in predicting 

the data. Overall, RF outperforms MDS, particularly in terms of accuracy and error 

reduction. 

Table 5-5 Performance metrics for RF and MDS. 

Metric RF MDS 

R² 0.7705 0.4428 

RMSE (µmol m⁻² s⁻¹) 3.9536 4.3139 

MAE (µmol m⁻² s⁻¹) 2.3944 2.4645 

SE (µmol m⁻² s⁻¹) 0.0678 4.3147 

 

Overall, the annual timeseries of CO₂ fluxes exhibited clear seasonal patterns and variability, 

which is expected from a broadleaf woodland that changes throughout the year. There was 

also a diurnal pattern, with low fluxes during daylight hours and higher CO₂ fluxes at night, 

driven by respiration processes. A cumulative plot (Figure 5.14) summing daily fluxes was 

created to compare the cumulative fluxes from both methods. Both datasets followed a 

very similar trend at the beginning of the measurements, where fluxes rapidly declined 

before levelling off as consistency occurred during autumn and winter. However, the MDS 

method estimated higher fluxes throughout the winter period, indicating less sequestration 

compared to the RF model. Despite this, both datasets followed a very similar trend over 

the entire timeseries. The total estimated net CO₂ flux derived from the MDS method was    

-28.1 t CO₂ ha⁻¹ yr⁻¹, and for the RF model, the total summed CO₂ for the year was -30.2 t 

CO₂ ha⁻¹ yr⁻¹. Both annual sums represent significant sinks of atmospheric CO₂, indicating 
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that the site acted as a strong sink, sequestering CO₂ according to both models. The 

percentage difference between the two annual sums of predicted CO₂ was calculated to be 

7.5%, a relatively minor difference between the total annual sum. 

5.4 Contribution of Below-Canopy Fluxes to Total NEE  

 

In the section 5.2, NEEbel was estimated for the same year as the total NEE measured above 

the canopy. This below-canopy estimate was incorporated into the overall NEE to account 

for possible underestimation during periods of low wind velocity and reduced turbulence 

below the canopy. The u* threshold values for each season were determined based on wind 

velocity, as shown in Table 5.6. These u* thresholds were then applied to the NEE time 

series. 

Table 5-6 Seasonal U star thresholds. 

Season  U* threshold  

Summer 0.151 

Autumn 0.318 

Winter 0.150 

Spring 0.122 

 

Figure 5.14 Cumulative plot for both gap-filled time series of annual CO₂ fluxes. 
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For timestamps where flux values fell below the season-specific u* threshold, the below-

canopy NEEbel values were used to replace the corresponding above-canopy NEE values. This 

adjustment aimed to improve the accuracy of NEE estimates by ensuring that below-canopy 

respiration, particularly during periods of low wind and turbulence (common during 

nighttime), were not underestimated. The overall contribution of NEEbel canopy to the total 

NEE annual estimate was also evaluated (Figure 5.15).  

Incorporation of NEEbel into the annual NEE estimates resulted in a modest adjustment of 

the total CO₂ balance. For the random forest model, the total NEE changed from -30.2 to -

28.9 t CO₂ ha⁻¹ yr⁻¹, representing an increase of 1.3 t CO₂ ha⁻¹ yr⁻¹. similarly, for the MDS 

based estimate, inclusion of NEEbel altered total NEE from -28.1 to -26.8 t CO₂ ha⁻¹ yr⁻¹, with 

the same increase as RF. This adjustment slightly reduced the system’s overall carbon 

sequestration potential, highlighting the influence of below-canopy emissions on total 

carbon exchange. 

 

Figure 5.15 Schematic representation of the results from NEEbel (including GPPbel and Rbel) and total adjusted NEE (RF) 
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6 Results – Methane (CH₄) Fluxes 

6.1 Environmental parameters  

Upon reviewing the observed CH₄ flux data, the Pearson correlation matrix (see Appendix 

for full matrix plot) shows that methane flux exhibits very weak correlations with all 

measured environmental variables. 

For the MDS gap-filling method, VPD was selected as the primary driver, with TS and PPFD 

included as secondary drivers. Figure 6.1 illustrates clear seasonal cycles, with PPFD and TS 

peaking during the summer months and declining through winter. VPD follows a similar 

pattern, with elevated values during warmer, drier periods and consistently low values 

throughout winter. Notably, soil temperature increases sharply in July and August, 

coinciding with peaks in PPFD and VPD conditions that reflect the warm and dry period at 

the site. These variables were chosen for gap-filling because they exhibited the most distinct 

and interpretable seasonal gradients, providing a stable representation of site conditions 

despite their weak correlations with CH₄ fluxes. 

 

Figure 6.1 Daily PPFD, soil temperature, and VPD (Pa) from June 2022 to June 2023 
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Although all environmental variables displayed similarly low correlations with methane flux, 

the selected drivers had been previously applied in CH₄ gap-filling studies (Kim et al., 2020) 

and therefore remained the most appropriate candidates. Nevertheless, the overall weak 

relationships may indicate limitations in applying the MDS method to this dataset, a point 

explored further in the following sections.  

While previous research has reported strong links between WT position and methane 

emissions (Begon et al., 1996; Feehan and O’Donovan, 1996; Le Mer and Roger, 2001; IPCC, 

2013; Holl et al., 2020; Wilson et al., 2022), no such relationship emerged in this study. CH₄ 

emissions remained highly variable and did not correlate with WT or any other measured 

environmental parameter. This variability likely reflects the influence of multiple interacting 

site-specific factors including vegetation composition, microtopography, and short-term 

hydrological dynamics which can vary substantially across spatial and temporal scales and 

reduce the detectability of simple linear relationships.  

 

 

6.2 Methane Fluxes  

Drawing on both the observed and modelled CH₄ flux data, this section presents the annual 

time series and assesses model performances. No obvious diurnal patterns were detected in 

the CH₄ flux. Nevertheless, a slight seasonal variation was observed, as depicted in Figure 

6.2, with a modest increase in CH₄ emissions from late April to June 2023. Overall, emissions 

remained consistently low throughout the year, with no pronounced seasonal trends.  
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The time series plot Figure 6.2 illustrates the daily summed CH₄ fluxes derived from a gap 

filled time series using both methods, MDS (in red) and RF (in green). When half hourly 

fluxes are aggregated to daily sums, significant differences between the two methods 

become evident. Notably, the RF model estimated lower CH₄ fluxes during June and July 

2022. However, at other times, the RF model overestimated CH₄ fluxes compared to MDS, 

such as in February 2023, where a spike in CH₄ fluxes derived from RF is apparent.  

 

6.2.1 Model performances  

This section evaluates the performance of the CH₄ flux gap-filling models, comparing 

observed data with estimates from the MDS method. Upon visual inspection of the time 

series, both models appear to effectively fill the gaps in the CH₄ flux data. Figure 6.3 

illustrates the observed and gap-filled CH₄ flux time series using the MDS method. A 

significant gap is noticeable at the start of the series, corresponding to a period of 

instrumentation failure, which marks the beginning of data collection from the analyser. It is 

evident that the MDS method slightly underestimates the CH₄ fluxes when compared to the 

Figure 6.2 Annual time series of summed daily CH₄ flux estimates, from MDS and RF. 
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observed data, though the overall trend is maintained. This is further validated with 

performance metrics below.  

 

 

Figure 6.3 Time series of observed and predicted CH₄ fluxes using the MDS method.  

The evaluation of the correlation between the observed and gap-filled CH₄ flux data using 

the MDS method is illustrated in the scatter plot (Figure 6.4). The scatter plot reveals a weak 

correlation between the overlapping datasets, with an R² value of -0.38. This negative R² 

suggests that the MDS model accounts for no variance in the observed CH₄ flux, and, in fact, 

performs worse than simply predicting the mean value. The lack of significant correlation 

emphasises the limitations of the MDS method in accurately estimating data gaps in this 

specific dataset using the selected driver variables. 
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Figure 6.4  Scatter plot of observed versus predicted CH₄ fluxes using the MDS method. 

 

Figure 6.5 displays the time series of observed data and the RF modelled data filling the 

gaps in the time series. This model appears to capture more fluctuations in the CH₄ fluxes, 

presenting a smoother and visually more consistent time series. However, a slight 

underestimation of CH₄ fluxes remains when compared to the observed data, which could 

potentially be attributed to seasonal variations or other unaccounted factors. This is verified 

in more detail in the performance metrics discussed below.  
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Figure 6.5 Time series of observed and predicted CH₄ fluxes using the RF model. 

The scatter plot in Figure 6.6 shows the overlap between observed values (test data) and 

predicted values from the RF model. Although there is still a poor correlation between the 

data points, it is better compared to the scatter plot in Figure 6.4 for the MDS model, as the 

points are slightly less dispersed. The R² value for the RF model is 0.2, indicating that 20% of 

the variance is explained. 

 

Figure 6.6 Scatter plot of observed and predicted values using the RF model. 
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In Figure 6.7 the box plots for the RF model display the comparison between the 

overlapping original and gap-filled CH₄ data. While the means of both datasets are closely 

aligned, the whiskers of the filled data exhibit significantly less dispersion compared to the 

original data. This suggests that the RF model has effectively reduced extreme values or 

outliers in the gap-filled dataset, resulting in a more consistent distribution of CH₄ flux 

estimates, though it may also indicate an underestimation of CH₄ flux values. 

 

Figure 6.7 Boxplots comparing gap-filled and original CH₄ flux data using the RF model. 

 

The bar chart (Figure 6.8) and Table 6.1 display the performance metrics for both the MDS 

and RF methods estimating CH₄ fluxes, with key metrics including the MAE, R², RMSE, and 

SE. From the chart, it can be observed that the RF model outperforms MDS in several areas. 

Table 6.1 displays values rounded to four decimal places to highlight small differences 

between metrics. The R2 values for RF are significantly higher (0.2) compared to the 

negative R2 value for MDS (-0.3), suggesting that RF explains more variance in the data while 

MDS performs poorly, even worse than a mean-based prediction. 
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Table 6-1 Performance metrics for MDS and RF methods. 

Metric RF MDS 

R2 0.1879 -0.3104 

RMSE (µmol m⁻² s⁻¹) 0.0113 0.0147 

MAE (µmol m⁻² s⁻¹) 0.0083 0.0107 

SE (µmol m⁻² s⁻¹) 0.0002 0.0147 

 

In terms of the estimated errors, both models have very small values for MAE, RMSE and SE, 

indicating relatively low prediction error. However, RF performs slightly better than MDS 

across all these metrics, with lower MAE (0.0083 µmol m⁻² s⁻¹ for RF vs. 0.0107 µmol m⁻² s⁻¹ 

for MDS), lower RMSE (0.0113 µmol m⁻² s⁻¹ for RF vs. 0.0147 µmol m⁻² s⁻¹ for MDS), and 

marginally lower SE (0.0004 µmol m⁻² s⁻¹  for RF vs. 0.0147 µmol m⁻² s⁻¹ for MDS).  

In summary, the RF model demonstrates better predictive performance than MDS, with a 

higher R2 value and smaller estimated errors, making it the more effective method for 

estimating CH₄ fluxes in this time series for this site.  

 

 

Figure 6.8 Bar chart of performance metrics for gap-filled fluxes for both methods. 
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The annual cumulative plot (Figure 6.9) for CH₄ emissions compares the performance of the 

MDS (red line) and RF (green line) models over the study period from June 2022 to June 

2023. There are notable differences in the cumulative CH₄ emissions estimated by both 

models. Although the two lines follow a broadly similar trend, they diverge at several points 

throughout the year, indicating differences in the CH₄ estimates. 

The MDS model estimates higher cumulative CH₄ emissions during certain periods, 

particularly in the early part of the study from June to October 2022, where it is consistently 

higher than the estimates from RF. However, in the latter half of the study (January to April 

2023), the RF model increases, with its cumulative estimates for CH₄ surpassing those of the 

MDS estimates. 

 

Figure 6.9 Cumulative plots for estimated CH₄ emissions for both MDS and RF. 

The total accumulated atmospheric CH₄ emissions for the entire study period are estimated 

as 0.00888 t CH₄ ha⁻¹ yr⁻¹ (8.88 kg CH₄ ha⁻¹ yr⁻¹) for the MDS method and 0.00999 t CH₄ ha⁻¹ 

yr⁻¹ (9.99 kg CH₄ ha⁻¹ yr⁻¹) for the RF model, resulting in a 12% difference between the two. 

These differences are likely due to variations in how each method handles gaps in the data, 

driver variables, and estimates CH₄ fluxes. Additionally, there are distinct periods of 

contrasting CH₄ emission observed in the cumulative plot, occurring at different stages for 

both datasets. This indicates that the models respond differently to certain environmental 

factors, influencing the timing and magnitude of CH₄ emissions. 
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7 Integrated discussion  

The study provides a comprehensive assessment of GHG dynamics in a natural woodland 

ecosystem established on a cutaway peatland in Ireland. Its primary objective was to 

quantify the atmospheric exchange of CO₂ from a cutaway peatland that has undergone 

natural regeneration into a woodland dominated by native tree species. To achieve this, the 

research pursued several interconnected objectives. First, it assessed the contribution of 

below-canopy CO₂ fluxes to the overall NEE by measuring NEEbel at the forest floor using a 

closed-loop clear chamber. Second, it estimated total NEE through continuous CO₂ 

measurements using the EC method. Third, it monitored CH₄ emissions above the canopy 

employing the EC technique. By linking these fluxes to environmental parameters, the study 

evaluated how ecosystem carbon dynamics respond to fluctuations in temperature and 

other meteorological variables. The study calculated a complete annual carbon budget for 

the ecosystem using measured CO₂ and CH₄ fluxes and provided an estimate of an emission 

factor for the habitat by combining these measurements with literature values for fluvial 

losses and N₂O emissions. 

The results from Lullymore woodland show the modelled 𝑅𝑏𝑒𝑙 contributed 47.8  (±0.3 SE) t 

CO₂ ha⁻¹ yr⁻¹, 𝐺𝑃𝑃𝑏𝑒𝑙 was -2.8 (±0.1 SE) t CO₂ ha⁻¹ yr⁻¹,  yielding 𝑁𝐸𝐸𝑏𝑒𝑙 of 45.0 (±0.4 SE)  t 

CO₂ ha⁻¹ yr⁻¹ . Above canopy CO₂ flux (NEE) estimates from the EC tower indicated significant 

atmospheric uptake, with an annual total of -30.2 t CO₂ ha⁻¹ yr⁻¹ based on the RF-derived 

dataset and -28.1 t CO₂ ha⁻¹ yr⁻¹ from the MDS-filled dataset. When the NEEbel adjusted 

annual NEE value is included, the annual flux becomes -28.9 t CO₂ ha⁻¹ yr⁻¹ (using the RF 

dataset). Total accumulated atmospheric CH₄ emissions for the study period were 

comparatively low, estimated at 0.00888 t CH₄ ha⁻¹ yr⁻¹ (8.88 kg CH₄ ha⁻¹ yr⁻¹) using the MDS 

method and 0.00999 t CH₄ ha⁻¹ yr⁻¹ (9.99 kg CH₄ ha⁻¹ yr⁻¹) from the RF model. 

To accurately estimate an EF that can be applied or upscaled to assess the sink/source 

function of this habitat on peat, other elements such as fluvial losses and N₂O emissions 

needed to be considered. Since measurements of these additional essential GHGs were 

beyond the scope of this research, default values from IPCC (2013) and Evans et al. (2018) 

were used to estimate the EF for this habitat type. The GWP of 28 was multiplied to the 
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annual CH₄ estimate, to calculate the emission factor in CO₂-eq. The total CH₄ emission 

(Using RF) including GWP was 0.28 t CO₂-eq ha⁻¹ yr⁻¹. Table 7.1 summarises the findings 

from this study and the default values from Evans et al. (2018) presenting the total annual 

EF derived for this habitat.  

Table 7-1 Estimated emission factor for Lullymore mixed woodland. 

This study This Study 
Evans et al. 

(2018) 
Evans et al. 

(2018) Total EF 
  ₂-eq   H₄-eq DOC & POC  ₂  

t CO₂-eq ha⁻¹ yr⁻¹ 
-28.9 0.28 1.44 0.79 -26.4 

 

Even when default literature values are used to account for other GHGs not directly 

measured in this study (e.g., DOC, POC, and N₂O), the estimated emission factor for the site 

indicates that Lullymore woodland remains a substantial GHG sink, at -26.4 t CO₂-eq ha⁻¹ 

yr⁻¹. These results demonstrate that the naturally regenerated Lullymore woodland 

effectively sequesters atmospheric carbon, providing a comprehensive picture of carbon 

dynamics at the site. The ecosystem removes a significant amount of CO₂ from the 

atmosphere, contributing meaningfully to climate mitigation, while comparatively low CH₄ 

emissions are counteracted by the uptake of CO₂ further reinforce the net climate benefit.  

Collectively, these findings highlight the potential of establishing low-maintenance 

woodlands on cutaway peatlands as a viable land-use management strategy to reduce GHG 

emissions from degraded peatlands. This approach contributes to climate mitigation 

through enhanced carbon sequestration, while also supporting ecosystem resilience. 

 

Below-canopy CO₂ flux estimates from the Lullymore woodland were compared with values 

reported in other studies to contextualise the site’s carbon dynamics within similar 

ecosystems. NEEbel estimated at 45.0 t CO₂ ha⁻¹ yr⁻¹, indicates that the woodland ecosystem 

at Lullymore is contributing substantially higher CO₂ emissions compared to similar 

ecosystems than those reported in the NIR (2024) and other studies (Badorek et al., 2011; 

Paul-Limoges et al., 2017). While the IPCC (2013) reports emission factors for drained 

organic soils under forest land ranging from 0.5 to 25 t CO₂-C ha⁻¹ yr⁻¹, depending on climate 
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zone, vegetation type, and rotation length, the emissions from the Lullymore site are higher 

than expected. It is important to acknowledge the methodological and environmental 

differences that may influence these findings, particularly since the reported values are not 

exclusive to below-canopy CO₂ emissions. In mineral soils, forest studies have shown that 

photosynthesis from forest floor vegetation can offset respiration from forest floor 

vegetation in spring, while during other seasons, the net ecosystem flux from the forest 

floor (NEFF) consistently remained negative (Kolari et al., 2009). 

A study by Jovani-Sancho et al. (2018) on soil carbon balance in afforested peatlands in 

Ireland found soil respiration, including heterotrophic, root, and litter respiration, varied 

between 26.7 and 40.6 t CO₂ ha⁻¹ yr⁻¹, which is more aligned to the values found in this 

research. However, their study focused solely on respiration, not NEE, and examined eight 

sites dominated by monoculture forestry plantations (Sitka spruce and lodgepole pine). 

The emission factors reported by IPCC and NIR are based on data from various sites across 

Europe, including total soil emissions for sites, not specifically below-canopy NEE. The NIR 

for Ireland (1990–2019) reports a much lower EF of 0.59 t CO₂-C ha⁻¹ yr⁻¹ for afforested 

peatlands, equivalent to approximately 2.17 t CO₂ ha⁻¹ yr⁻¹. This EF is significantly lower than 

both the IPCC default range and the NEEbel observed in this study. Duffy et al. (2021) 

proposed that this lower EF might result from the interpretation of soda-lime-derived soil 

respiration rates, originally reported by Byrne and Farrell (2005). Previous studies examining 

below-canopy habitats in woodlands have primarily focused on soil respiration (Janssens et 

al., 2001; Heinemeyer et al., 2011; Jovani-Sancho et al., 2018). There are limited studies in 

Ireland that investigate NEE below the canopy. 

Direct comparisons for total NEE using the EC method with other research sites are also 

challenging, as no similar Irish sites have been measured on mixed woodland with peat soils. 

The IPCC Wetlands Supplement (IPCC, 2013) offers default values for forestry on organic 

soils in temperate climates, with Tier 1 estimated to be 2.6 t CO₂-C ha⁻¹ yr⁻¹ and Tier 2 at 2 t 

CO₂-C ha⁻¹ yr⁻¹, both considerably higher than Lullymore’s results. When converted from CO₂ 

to C, the Lullymore values are -8.2 t CO₂-C ha⁻¹ yr⁻¹ (RF), -7.66 t CO₂-C ha⁻¹ yr⁻¹ (MDS), and -

7.87 t CO₂-C ha⁻¹ yr⁻¹ (adjusted NEE). These figures are lower than the IPCC default values, 

indicating a stronger carbon sink in this study. 
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A comparable EC-based study in Belgium on a mixed conifer deciduous woodland growing 

on mineral soil (100–150 cm depth) reported a total carbon uptake of approximately -6 t 

CO₂-C ha-1 yr-1 (Aubinet et al., 2001). This is slightly less that the estimate from this research. 

However, the differences could be attributed to the soil type difference and the 20-year gap 

in study periods and outdated gap filling methods used such as linear interpolation for 

nighttime values (Aubinet et al., 2001). 

A long-term study using the EC technique on a black spruce-sphagnum wetland in boreal 

Canada reported annual NEE values ranging from 0.41 (1995) to -0.21 (2004) t C-CO₂ ha⁻¹ 

yr⁻¹ (Dunn et al., 2007). This boreal wetland biome was a small source of CO₂ emissions 

becoming a very small sink, contrasting with this research site's substantial sequestration. 

The habitat and climate of this region differ significantly from that of the research area, 

making a direct comparison challenging, though it highlights the variability in CO₂ dynamics 

across different climatic regions. 

An additional study conducted over two years at two peatland sites in Germany, using the 

EC technique, examined a natural pine bog forest and an industrially planted forest. The 

natural pine bog forest had a peat depth of 5 meters, while the industrially planted forest, 

dominated by Sitka spruce trees, had a peat depth of 3.4 meters. In the first year the 

estimates for the natural bog pine forest were approximately -0.53±0.28 t C- CO₂ ha-1 yr-1, 

while the industrially planted forest had estimates of -1.3±0.31 t C- CO₂ ha-1 yr-1. In the 

second year, the estimates were -0.73±0.38 t C- CO₂ ha-1 yr-1 for the natural bog pine forest 

and -3.0±0.66 t C- CO₂ ha-1 yr-1 for the industrially planted forest (Hommeltenberg et al., 

2014). The NEE values from these German sites are lower than those from the current 

research site and the interannual variability showed a decrease between years. The 

significantly deeper peat at these sites could contribute to this variation. 

In a more recent study in Switzerland, Paul-Limoges et al. (2017) monitored a broadleaf 

woodland on mineral soils and found that the site acted as a CO₂ sink, with a reported 

uptake of −7.57 ± 0.10 t C ha−1yr−1. This number is very similar to findings from this study 

and provides a better comparison as it focuses on atmospheric CO₂ exchange. Although it 

differs from this study in that it involves mineral soils rather than organic soils.  
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An Irish study on industrial forestry on wet mineral soils, specifically a first-rotation Sitka 

spruce plantation in Co. Laois, measured NEE. The results from this study showed that the 

forest acted as a net carbon sink throughout the study period (2002–2009). Pre-thinning 

(2002–2006), the annual NEE ranged from -8.44 (±1.34) to -8.87 (±1.48) t C ha⁻¹ yr⁻¹, with a 

mean NEE of -8.66 (±1.43) t C ha⁻¹ yr⁻¹. Post-thinning (2007–2009), the annual NEE ranged 

from -6.75 (±1.19) to -10.33 (±1.41) t C ha⁻¹ yr⁻¹, with a mean of -8.41 (±1.42) t C ha⁻¹ yr⁻¹. 

The annual average NEE from this study are comparable to the findings from Lullymore 

study site, although the study was on mineral soils.  

Table 7.2 presents a comparison of previous research on forest carbon dynamics, with the 

results displayed in order from the highest levels of carbon sequestration to emissions. For 

simplicity, the term 'Forestry' refers to monoculture industrial forestry, typically including 

Sitka spruce, while 'mixed woodland' refers to woodlands with a diverse mix of tree species, 

which may include both broadleaf and conifer trees. The table highlights the trend that as 

forests age, their carbon sequestration decreases, with younger forests showing the highest 

rates of carbon uptake. The data suggest that the greatest reductions in carbon 

sequestration occur in forests that are 14-21 years old, which show negative NEE values. In 

contrast, the older forests, often aged 150-160 years or more, are very small sinks and in 

some cases a small source of NEE. This pattern aligns with the findings of Hargreaves et al. 

(2003) and Besnard et al. (2018) who also noted that younger forests are strong carbon 

sinks, while older forests show diminished sequestration capabilities, eventually reaching a 

carbon-neutral or emission state due to complex interactions between soil, plant, and 

microbial activity. Figure 7.1 shows a visualisation of the comparison between this site and 

the research sites discussed above, the brown dots represent organic soils based on table 

7.2.  
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Figure 7.1 Comparison of NEE studies on woodland sites (Photo: author). 
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Table 7-2 Comparison of NEE studies on woodland sites (table: author). 

Location  Forest Type  Forest Age                       
at time of study Soil Type  Peat 

Depth  climate  NEE                                 
(t C-  ₂   ⁻¹ yr⁻¹) Study Year  Reference  

Laois, Ireland  Forestry 14-21 years Mineral Soil  NA Temperate  -6.75 to -10.33 2007-2009 Saunder et al (2012) 
Laois, Ireland  Forestry 14-21 years Mineral Soil  NA Temperate  -8.44 to -8.87 2002-2006 Saunder et al (2012) 
Kildare, Ireland  Mixed Woodland  20 years  Organic soil  0.2m Temperate  -8.2 2022-2023 This study (RF) 
Kildare, Ireland  Mixed Woodland  20 years  Organic soil  0.2m Temperate  -7.66 2022-2023 This study (MDS) 
Switzerland Mixed Woodland NA Mineral Soil  NA Temperate  -7.57 2014-2015 Paul-Limoges et al. (2017) 
Belgium Mixed Woodland 59-89 years Mineral soil  1.0-1.5m Temperate  -6 1996-1997 Aubinet et at (2001) 
Germany  Forestry 44years Organic soil  5m Temperate  -3 2011-2012 Hommeltenberg et al (2014) 
Germany  Mixed Woodland  1-150years Organic soil  3.4m Temperate  -0.73 2010-2011 Hommeltenberg et al (2014) 
Canada Mixed Woodland 160 years  Organic soil  NA Boreal -0.21 2004 Dunn et al. (2007) 
Canada Mixed Woodland 159 years  Organic soil  NA Boreal 0.41 1995 Dunn et al. (2007) 
Global Forestry NA Organic soil  NA Temperate  2 Tier 2  IPCC (2013) 
Global Forestry NA Organic soil  NA Temperate  2.6 Tier 1  IPCC (2013) 
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Due to the limited availability of previous work on CH₄ emissions on mixed woodland peat 

soils in Ireland, the discussion draws primarily on studies from forestry sites and rewetted 

peatland environments to contextualise the findings. Methane emissions from this study are 

notably low, with estimates of 0.00999 t CH4 ha⁻¹ yr⁻¹ (RF) and 0.00888 t CH4 ha⁻¹ yr⁻¹ 

(MDS). These values are slightly higher than, the IPCC (2013), Tier 1 emission factor for 

drained organic soils under temperate forest, which is 0.003 t CH₄ ha⁻¹ yr⁻¹. They are also 

marginally above the Tier 2 woodland estimate of 0.005 t CH₄ ha⁻¹ yr⁻¹ reported for the 

United Kingdom (IPCC, 2013; Evans et al., 2017). Evans et al. developed these Tier 2 factors 

through a comprehensive meta-analysis, and their value of 0.005 t CH₄ ha⁻¹ yr⁻¹ aligns 

closely with, but remains slightly lower than, the CH₄ emissions observed in this study. 

Similarly, Tikkasalo et al. (2025) reported a CH₄ flux of approximately 0.004 t CH₄ ha⁻¹ yr⁻¹ 

from a drained boreal peatland forest in the year following clear felling, again indicating 

very low emissions from forested peat soils. 

When compared with rewetted peatland systems, the contrast becomes more pronounced. 

Holl et al. (2020) examined a degraded cutover bog in north western Germany and reported 

substantially elevated methane fluxes from the rewetted area. Emissions increased from 

0.133 (± 0.019) to 0.183 (± 0.015) t CH₄ ha⁻¹ yr⁻¹ over two consecutive years, while the 

adjacent drained area emitted 0.072 (± 0.018) and 0.121 (± 0.014) t CH₄ ha⁻¹ yr⁻¹. 

The low methane emissions observed at the Lullymore woodland site are also considerably 

below those reported for rewetted industrial extraction peatlands. Aitova et al. (2023) 

reports fluxes of 0.160 t CH₄ ha⁻¹ yr⁻¹ in nutrient rich rewetted sites and 0.110 t CH₄ ha⁻¹ yr⁻¹ 

in nutrient poor rewetted sites in Ireland, values that are an order of magnitude greater 

than those recorded in the present study.  

Figure 7.2 shows the relative position of methane emissions from this study within the 

wider range of values discussed in this section for forested and rewetted peatland systems. 

Emissions from the Lullymore woodland fall clearly within the lower end of the spectrum, 

clustering with other forest and mixed-wood sites. The underlying values for all studies are 

provided in Table 7.3, which accompanies the plot. In contrast, rewetted peatlands 

consistently occupy the highest part of the distribution, illustrating a strong separation 

between the two land-use types.  



180 
 

The pattern shown in the comparison plot highlights the clear distinction in CH₄ dynamics 

between woodland peat soils and rewetted peatlands. Woodland sites consistently exhibit 

much lower emissions, whereas rewetted peatlands occupy the higher emissions. Although 

the emissions measured in this study sit slightly above some values reported for drained 

temperate forest soils, they remain far below those typical of rewetted peatlands. These 

findings point to woodland establishment on degraded cutaway peat as a promising low-CH₄ 

land-use option in Ireland. They also demonstrate the need for further targeted research on 

woodland peat soils in Ireland, as existing studies have focused mainly on forestry or 

rewetting scenarios and have rarely addressed naturally regenerated or planted woodland 

systems on peat. 

 

Figure 7.2 Comparison of CH₄ studies on peatland sites, figures rounded to three decimal places (Photo: author). 
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Table 7-3 Comparison of CH₄ studies on peatland sites (table: author). 

Location  Habitat 
Soil 
Type  Climate                 t CH4 ha⁻¹ yr⁻¹ Reference  

Germany Rewet Peat  Temperate  0.183 Holl et al. 2020 (Rewet Y2) 
Ireland Rewet Peat  Temperate  0.160 Aitova 2023 (Nutrient-rich) 
Germany Rewet Peat  Temperate  0.133 Holl et al. 2020 (Rewet Y1) 
Germany Forest Peat  Temperate  0.121 Holl et al. 2020 (Drained Y2) 
Ireland Rewet Peat  Temperate  0.110 Aitova 2023 (Nutrient-poor) 
Germany Forest Peat  Temperate  0.072 Holl et al. 2020 (Drained Y1) 
Kildare, Ireland  Forest Peat  Temperate  0.010 This study (RF) 
Kildare, Ireland  Forest Peat  Temperate  0.009 This study (MDS) 
UK Forest Peat  Temperate  0.005 Evans et al. (2017) 
Finland  Forest Peat  Boreal  0.004 Tikkasalo et al. (2025) 
Global Forest Peat  Temperate  0.003 IPCC Tier 1 (2013) 
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The results also reveal that NEEbel makes a substantial contribution to total CO₂ exchange. 

Although the overall NEE remained a CO₂ sink, the below-canopy fluxes accounted for 

approximately 61% of the total NEE underscoring the importance of ground-layer processes 

in mixed woodland on peat soils.  

One notable study conducted in Finland on diverse below-canopy vegetation beneath a 

forest canopy on peat soils assessed both photosynthesis and respiration (Badorek et al., 

2011). The findings indicated that the total contribution of fluxes from the below-canopy 

area represented 20-30% of the total ecosystem CO₂ exchange, as determined by an EC 

study conducted at the same site (Ojanen et al., 2012). This constituted almost a third of the 

total CO₂ emissions estimated at 2700 g CO₂ m-2 yr-1 (Badorek et al., 2011). When 

considered alongside these studies, the substantially higher below-canopy contribution 

observed in this research reinforces the need to explicitly quantify ground-layer fluxes in 

emerging woodland ecosystems on peat soils. Such measurements are essential for 

accurately characterising whole-site CO₂ exchange and for understanding how vegetation 

development, soil conditions, and management choices influence carbon outcomes during 

the early stages of woodland establishment on degraded peatlands. 

 

7.1 Model evaluations  

On evaluation of model performances for estimating CO₂ fluxes using the chamber method 

the results showed that Gradient Boosting and XGBoost achieved the highest accuracy 

during training but tended to overfit, resulting in reduced performance on testing data. 

Random Forest, while not the top performer in training, demonstrated more consistent and 

reliable results across both training and testing sets, indicating better generalisability. In 

contrast, k-Nearest Neighbours and Generalised Additive Models performed less effectively, 

with lower accuracy and higher errors. Overall, Random Forest was considered the most 

balanced and robust model for predicting both GPPbel and Rbel. 
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The EC flux time series for both CO₂ and CH₄ required substantial gap filling and two 

approaches, Marginal Distribution Sampling (commonly used  by Reichstein et al., 2005; 

Wutzler et al., 2018; Pastorello et al., 2020) and Random Forest, were evaluated to 

determine the most suitable method for this woodland peatland site. Prior to gap-filling, 

relationships between CO₂ fluxes and key environmental drivers (PPFD, Ta, VPD, and Ts in 

winter) were examined. CO₂ fluxes showed strong negative correlations with several drivers, 

particularly PPFD, reflecting expected biological behaviour and supporting findings from 

previous work in similar ecosystems (Reichstein et al., 2005; Wutzler et al., 2018; Pastorello 

et al., 2020). Methane fluxes showed no strong correlations with the environmental drivers 

examined. Nonetheless, VPD, Ts, and PPFD were selected as the primary driver variables for 

the MDS approach, as these have been widely applied in previous studies (Kim et al., 2020) 

and are known to capture seasonal variation effectively. 

Across the full time series, the RF model consistently outperformed the MDS approach for 

CO₂ flux estimation. RF achieved higher explanatory power, lower error metrics, and 

substantially lower standard error, providing more realistic temporal dynamics and avoiding 

the winter overestimation of CO₂ emissions observed in MDS. While both models followed a 

similar trend throughout the year, the RF estimates of CO₂ sequestration were more 

consistent with observed flux patterns. The MDS method, however, tended to estimate 

higher fluxes during the winter period, suggesting a potential underestimation of 

sequestration in the MDS model when compared to the RF model. Regardless of model 

accuracy and performance in both instances the site was an overall sink for atmospheric CO₂ 

fluxes.  

 

A similar pattern emerged for CH₄. The weak relationships between environmental drivers 

and CH₄ fluxes meant that MDS performed poorly, with negative R² values and large residual 

errors. RF again demonstrated clearly superior performance, producing lower RMSE and 

MAE values and more stable predictions, although the R² remained modest compared with 

studies where CH₄ fluxes show stronger driver response relationships (Kim et al., 2020). The 

findings indicate an approximate 12% difference between the overall annual estimates of 

CH₄ emissions for both methods, with the RF model yielding a slightly higher value. This 

percentage difference suggests a level of discrepancy between the two methods. 
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Overall, the findings show that RF was the more accurate reliable method for gap filling both 

CO₂ and CH₄ fluxes at this site. Its performance advantages for both gases underscore the 

value of machine learning approached in complex peatland ecosystems, where nonlinear 

responses and weak driver correlations can limit the effectiveness of traditional empirical 

model such as MDS.  

 

7.2 Implications of findings  

This study set out to contribute to the broader body of research focused on developing 

more effective management strategies for peatland restoration to mitigate GHG emissions.  

Ireland has extensive raised peatlands, many of which have been heavily degraded, leaving 

large areas of cutaway peatlands that require rehabilitation to meet national climate action 

objectives (Hammond, 1981; Feehan and O’Donovan, 1996; Clarke, 2010; Malone and 

O’Connell, 2009; David Wilson et al., 2013). These areas of cutaway peatland in Ireland 

remain significant sources of CO₂, with recent estimates indicating annual emissions of 

65,705 t CO₂ -C yr⁻¹ using Tier 2 emission factors and 152,046 t CO₂–C yr⁻¹ using Tier 1 for 

the 54,302 ha of cutaway peatlands nationwide (Habib et al., 2024). These landscapes are 

among the most degraded peatlands in the country and typically support very little 

vegetation following decades of industrial extraction(Renou-Wilson et al., 2011). Rewetting 

has been promoted as a primary restoration pathway, yet outcomes on cutaway peatlands 

have been highly variable. Studies across Ireland and elsewhere show that rewetted 

cutaway sites can remain substantial carbon sources for many years and are often sensitive 

to drought (Wilson et al., 2015; Wilson, Farrell, et al., 2016; Renou-Wilson et al., 2019) 

(Farrell and Doyle, 2003; Holden, 2005; Holden et al., 2007; Waddington et al., 2010; Holden 

and Connolly, 2011; Günther et al., 2015; Wilson, Farrell, et al., 2016; Hambley et al., 2019). 

This vulnerability highlights the risk of certain peatlands continuing to function as carbon 

sources even after restoration (Wilson, Farrell, et al., 2016).  

This variability makes it difficult to predict when or whether restored sites will return to net 

carbon sequestration (Wilson et al., 2016; Peichl et al., 2014). Alongside the uncertainty 

surrounding the recovery of CO₂ sink function, there is considerable concern regarding 

elevated CH₄ emissions across many rewetted and near intact peatlands, where emissions 
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typically increase as the WT is closer to the surface (Abdalla et al.,2016; Ingle, Habib, et al., 

2023). Vegetation also plays a key role because vascular plants can efficiently transport CH₄ 

to the atmosphere through their hollow stems (IPCC, 2013; Wilson, Blain, et al., 2016; Holl 

et al., 2020; Wilson et al., 2022).  

In contrast, CH₄ emissions from this woodland on cutaway peat were extremely low, and 

the water table did not play a major role in controlling fluxes. This difference highlights the 

potential for woodland establishment to avoid the high CH₄ emissions commonly associated 

with rewetting and suggests that such systems may offer a more stable short to medium 

term pathway for reducing GHG emissions from degraded peat soils. 

 

Given these uncertainties, there is a clear need to expand carbon flux monitoring across a 

wider range of peatland restoration trajectories. This study contributes to that effort by 

evaluating an alternative management option for degraded cutaway peatlands: the natural 

establishment of woodland systems on shallow peat. The findings demonstrate that this 

approach can maintain low CH₄ emissions and promote substantial uptake of CO₂ while 

providing a contrasting pathway to restoration in comparison to conventional rewetting, 

which can often produce elevated CH₄ emissions and variable CO₂ outcomes. 

The IPCC (2013) does not differentiate between forestry types (such as evergreen, 

broadleaf, or monoculture) on peat soils, Evans et al. (2017) reports an emission factor of 

9.91 t CO₂-eq ha⁻¹ yr⁻¹ for drained forests on peat soils, accounting for direct CO₂ emissions, 

fluvial losses, CH₄, and N₂O, indicating that forests are a net source of GHGs. Aitova et al. 

(2023) derived an emission factor for forestry on peat soils by combining data from Ireland's 

NFI (DAFM, 2017), which includes both emissions and removals. The combined emission 

factor for forestry on drained peat soils was 0.38 t C ha⁻¹ yr⁻¹, and for rewetted forestry, it 

was 0.93 t C ha⁻¹ yr⁻¹, both indicating a slight net source. These values include living biomass 

and litter sinks, alongside CO₂ and CH₄ default emissions from the IPCC (2013). The default 

values for forestry on organic soils in temperate climates, as outlined in the IPCC Wetlands 

Supplement (IPCC, 2013), are 2.6 t CO₂-C ha⁻¹ yr⁻¹ for Tier 1 and 2 t CO₂-C ha⁻¹ yr⁻¹ for Tier 2 

for carbon dioxide (CO₂), and 3 kg CH₄ ha⁻¹ yr⁻¹ for Tier 1 and 5 kg CH₄ ha⁻¹ yr⁻¹ for Tier 2 for 

methane (CH₄). 
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However, these values contrast significantly with the findings of this study, where the 

emission factor for mixed woodland on cutaway peatlands was calculated to be a 

substantial net carbon sink of -26.4 t CO₂-eq ha⁻¹ yr⁻¹. The emission factors derived from the 

IPCC (2013) apply to forests on peat soils, including emissions associated with harvesting. In 

contrast, Lullymore is not a site for harvesting, which could explain the significant difference 

in emission factors between the two. 

This difference highlights the importance of establishing a separate emission factor category 

for mixed woodlands on shallow cutaway peatlands, as they function differently from other 

forest types. Recognising these unique carbon dynamics could significantly alter the 

management outlook for degraded peatland sites in Ireland, where mixed woodlands may 

offer a more effective strategy for carbon sequestration. This further reinforces the fact that 

removing naturally established mixed woodlands on degraded peatland sites would be 

highly impractical and counterproductive, given their significant potential as carbon sinks. 

The strong CO₂ uptake observed at Lullymore shows that this habitat and soil type has 

considerable capacity to contribute to national climate mitigation, particularly when 

compared with heavily degraded cutaway sites that continue to act as substantial sources of 

carbon (Wilson et al., 2015; Habib et al., 2024).The study highlights that woodland 

establishment on cutaway peatlands may provide an overlooked yet highly effective 

management option in Ireland, distinct from conventional forestry and deserving 

recognition as a separate land use category. Such systems offer near term climate benefits 

by supporting sustained CO₂ sequestration while avoiding the elevated CH₄ emissions often 

associated with rewetting. As Ireland works toward ambitious climate targets, 

acknowledging current woodland areas on cutaway and developing strategies that deliver 

rapid and reliable GHG reductions is essential. The evidence from this research indicates 

that low maintenance woodland establishment has significant potential to meet this need. 
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While the results from Lullymore clearly demonstrate the strong carbon-sink potential of 

naturally established woodland on cutaway peat, the analysis is based on a single year of 

flux data. This may not be sufficient to capture the full range of environmental variability, 

particularly in terms of long-term trends or extreme weather events. As a result, the 

magnitude of the sink observed here, although substantial may fluctuate in wetter or drier 

years, and as the stand continues to develop. Extended monitoring over a longer period 

would provide a more comprehensive understanding of interannual variability, offering 

deeper insights into how these ecosystems function as carbon sinks under varying climatic 

conditions and across different stages of stand development.  

Some uncertainty also stems from model-based estimates, particularly regarding nighttime 

respiration, which remains challenging to represent accurately. Although the RF model 

performed strongly and provided the most reliable framework for gap-filling and integrating 

below-canopy fluxes, the absence of a below-canopy PAR sensor limits the precision of 

GPPbel estimates and may have contributed to a slight overestimation of NEEbel.  

Data gaps in the meteorological records similarly introduce uncertainty. Continuous, high-

quality meteorological inputs are essential for robust gap-filling and flux calculations; 

therefore, more complete long-term datasets would strengthen future estimates of NEE and 

CH₄ fluxes. 

Despite these caveats, the results provide a strong foundation for recognising woodland on 

cutaway peatlands as a meaningful carbon sink. Combining site-based flux measurements 

with remote-sensing approaches could offer a promising route for scaling these findings to 

the wider network of sites across Ireland. Advanced remote sensing techniques could aid in 

mapping peat, soil, and vegetation classifications (Gilet et al., 2024; Habib et al., 2024; 

O’Leary et al., 2025), helping scale carbon fluxes to broader areas with similar woodland 

characteristics.  
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8 Conclusions and Recommendations  

The primary objective of this study was to quantify the emissions of key GHGs specifically 

CO₂ and CH₄, from a cutaway peatland that has naturally established with mixed tree 

species. Both gases are critical contributors to climate change, with CO₂ playing a dominant 

role in long-term warming and CH₄ having a higher short-term warming potential (Günther 

et al., 2020; Wilson et al., 2022). This research aimed to continuously monitor NEE (CO₂) and 

CH₄ exchange from the peatland to assess its GHG dynamics and role in climate mitigation.  

An estimation of the overall emission factor for the site was established, incorporating 

literature values for gases not monitored directly in the study. In addition, the study trialled 

machine-learning gap-filling methods alongside more traditional approaches, allowing a 

direct comparison of their performance and reliability in modelling fluxes. 

Through detailed quality control and data analysis, this research revealed that the mixed 

woodland on degraded cutaway peatland functions as a substantial carbon sink. The NEEbel 

from chamber measurements had negligeable impact on the total NEE, increasing the total 

by just 1.3 t CO₂ ha ⁻¹ yr⁻¹, when values from NEEbel were used to replace low-quality NEE 

values in the timeseries. However, when the total contribution of NEEbel to NEE was 

assessed directly, the results were notable, indicating that NEEbel accounted for 

approximately 61% of total NEE, underscoring its importance in ecosystem carbon 

dynamics.  

Overall, the site was a minor source of atmospheric CH₄. While the emissions were lower 

than those reported for rewetted peatland sites, they were higher than the estimates 

provided by the IPCC (2013) for forested sites. Incorporating the measured atmospheric CO₂ 

and CH₄ from this research with default values for other GHGs (DOC, POC, and N₂O), from 

Evans et al. (2017) (not measured in this study), the estimated GHG emission factor is a 

strong sink for GHG’s (-26.4 t CO₂-eq ha⁻¹ yr⁻¹). This value contrasts with IPCC (2013) 

emission factors for drained forests and rewetted peatlands, demonstrating the strong 

carbon-sink capacity of naturally established woodland on cutaway peat.  

One of the key strengths of this study was the application of machine learning, particularly 

the RF algorithm, for gap filling flux timeseries. RF proved to be the most effective method 

for handling missing data, outperforming traditional gap-filling techniques such as MDS and 
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other ML used in the chamber flux modelling. Its ability to model complex relationships 

between environmental variables and CO₂ fluxes allowed for more accurate estimations of 

annual CO₂ uptake, making it a valuable tool for improving the reliability of flux data in this 

study. RF also outperformed MDS for estimating CH₄ gaps in the dataset. Its performance 

metrics were lower than those reported in other studies (e.g., Kim et al., 2020). This 

suggests that while RF was the strongest performer within this study, there remains 

potential for further optimisation. Additionally, alternative ML algorithms, such as Artificial 

Neural Networks (ANNs), as explored in previous research (Kim et al., 2020), could offer 

additional improvements in accuracy and further strengthen the gap-filling process. 

Additionally, this study used default values for fluvial carbon losses and did not include 

carbon that may be leached into the watercourse, which could affect overall carbon 

estimates. To address this, future research should involve a dedicated study to map and 

assess the site's old drainage network, as this data is currently lacking. A study focused on 

measuring fluvial carbon losses could be conducted. This would provide a clearer 

understanding of the hydrological pathways and the potential GHG losses from the 

watercourse. 

Further research could also incorporate remote sensing techniques to improve site-specific 

emission estimates by using classification maps to assign emissions based on vegetation 

communities. The vegetation classification map (Figure 3.6) shows a significant area of 

birch-willow woodland, with birch-willow scrub also identified as a dominant vegetation 

type across the site. This indicates the substantial role woodlands could play in influencing 

the site's overall emission factor. Lullymore is just one example of a revegetated cutaway 

peatland on Bord na Móna sites, with potential for scaling this approach to larger areas. This 

approach would offer greater accuracy compared to applying a generic emission factor to 

sites with a mosaic of vegetation cover, with potentially significant implications for national 

climate mitigation policies and reporting emissions. Additionally, these findings highlight the 

importance of preserving such habitats rather than clear-felling woodlands to rewet, 

particularly where degradation is too severe for successful peatland restoration. 

Looking ahead, longer-term monitoring is essential to better understand how these 

ecosystems perform under changing climatic conditions. As highlighted by both Hargreaves 

et al. (2003) and Besnard et al. (2018), younger forests are effective carbon sinks, while 
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older forests exhibit reduced sequestration capabilities, eventually reaching a plateau. Such 

long-term studies would provide a more comprehensive understanding of the role of mixed 

woodlands on peat soil in mitigating climate change and offer clear guidance on the future 

trajectory of GHG emissions. As the woodland matures, adjustments to the measurement 

infrastructure, such as raising the tower height to above canopy, would be necessary to 

maintain accurate data collection. In addition, replicating elements of the EC 

instrumentation below-canopy where resources allow would further reduce uncertainty in 

NEEbel these estimates and should be prioritised in future woodland flux studies.  

In closing, this research demonstrates the significant potential of naturally established 

mixed woodlands on degraded peatlands to act as effective carbon sinks. Despite the low 

CH₄ emissions observed at the site, the strong and sustained uptake of CO₂ ensured that the 

ecosystem operated as a clear net carbon sink, underscoring the climate mitigation value of 

this habitat. A major contribution of this work is its evidence that low-maintenance mixed 

woodland on shallow cutaway peatlands can serve as an effective carbon mitigation 

strategy, distinct from both conventional forestry on organic soils and rewetted peatland 

categories. These findings challenge current emission factors used in national (EPA, 2024) 

and international (IPCC 2013) reporting frameworks and strengthen the case for recognising 

mixed woodlands on shallow cutaway peatlands as a separate land-use class for GHG 

accounting. Such recognition would support more accurate reporting, more effective 

conservation, planning, and policies that maximise the climate benefits of peatland 

restoration. Finally, the study also highlights the value of advanced gap-filling approaches, 

with random forest proving to be a reliable method for improving EC flux continuity and 

strengthening carbon budget estimates. Continued research will be essential to refine 

understanding of the long-term dynamics of these ecosystems and to fully harness their 

potential in national climate strategies. 
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Appendices 

 

Time Series of PPFD observed versus predicted data using GAMs model, original values in 

blue and red dotted line shows the gap filled data. 

 

 

 

 

 

 

 

 

 

 

Timeseries of observed and predicted global radiation using GAMs model, original values in 

blue and red dotted line shows the gap filled data.  
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 Pearson Correlation Matrix Below canopy fluxes and meteorological variables 
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 Model performance on training data plotted with observed data for Respiration below canopy 
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 Model performance test data plotted with observed data for Respiration below canopy 
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 Model performance training data plotted with observed data for GPP below canopy 
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 Model performance test data plotted with observed data for GPP below canopy 
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 Pearson correlation matrix for above canopy CO₂ and CH₄ fluxes and all meteorological data available 
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CR200 data logger Cambel Scientific, USA, programme to run soil sensors from 

Lullymore site: 

'CR200/CR200X Series 

'Created by Short Cut (4.4) 

 

'Declare Variables and Units 

Public BattV 

Public T109_C 

Public Rain_mm 

Public VW 

Public PA_us 

 

Units BattV=Volts 

Units T109_C=Deg C 

Units Rain_mm=mm 

Units PA_us=us 

 

'Define Data Tables 

DataTable(Lullymore_Soil,True,-1) 

 DataInterval(0,30,Min) 

 Average(1,BattV,False) 

 Average(1,T109_C,False) 

 Totalize(1,Rain_mm,False) 

 Average(1,VW,False) 
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EndTable 

 

DataTable(Table2,True,-1) 

 DataInterval(0,1440,Min) 

 Minimum(1,BattV,False,False) 

EndTable 

 

'Main Program 

BeginProg 

 'Main Scan 

 Scan(60,Sec) 

  'Default CR200 Series Datalogger Battery Voltage measurement 'BattV' 

  Battery(BattV) 

  '109 Temperature Probe (CSL) measurement 'T109_C' 

  Therm109(T109_C,1,1,1,1,0) 

  'Generic Tipping Bucket Rain Gauge measurement 'Rain_mm' 

  PulseCount(Rain_mm,P_SW,2,0,0.2,0) 

  'CS625 Water Content Reflectometer measurement 'VW' 

  If IfTime(0,1,Hr) Then 

    PeriodAvg(PA_us,2,0,100,10,2,1,0) 

    VW=-0.0663-0.0063*PA_us+0.0007*PA_us^2 

  EndIf 

  'Call Data Tables and Store Data 
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  CallTable Lullymore_Soil 

  CallTable Table2 

 NextScan 

EndProg 

CR3000 Data Logger Programme for Biomet Sensor Measurements at Lullymore Site 

(Campbell Scientific, USA) 

'CR3000 Series Datalogger 

'EddyPro compliant biomet example 

'Modified , added 107 and Hygroclip TA and RH 

'Updated 30.08.2021 with net radiometer 

'Updated 27.01.2022 with CS320 pyranometer and SW,LW net radiometer CNR100 

'update 10.06.2022 change from 1m to 30 m 

 

'Declare Variables and Units 

'================== 

' Temperature/RH data from top of tower (vertical loc 1) 

' from HC2S3 combined Temp/RH sensor - use array TRHsensorvalues to contain both  

Public TRHsensorvalues(2) 

Alias TRHsensorvalues(1) = TA_2_1_1_1_1 

Alias TRHsensorvalues(2) = RH_19_3_1_1_1 

' CS107 temperature data from top of tower, vertical loc 1, replicate 2 

Public TA_2_1_1_1_2  

 

'CNR100 radiometer shortwave in & out, longwave in & out, and temperature 
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Public SWIN_6_10_1_1_1 

Public SWOUT_6_11_1_1_1 

Public LWIN_6_14_1_1_1 

Public LWOUT_6_15_1_1_1 

Public CNR1TC              ' CNR100 radiometer body temperature 

Public Batt_Volt   'declared but not used  

Public CM3Up 

Public CM3Dn 

Public CG3Up 

Public CG3Dn 

Public CNR1TK 

Public NetRs 

Public NetRl 

Public Albedo 

Public UpTot 

Public DnTot 

Public NetTot 

Public CG3UpCo 

Public CG3DnCo 

'PAR sensors skye 215  

Public PPFD_6_21_1_1_1 

'Range Gauge  

Public P_8_18_1_1_1 



230 
 

'CS320 Global Pyranometer 

Public CS320(6) 

Public SlrMJ 

Public DewPtC 

Public HtrCtrl As Boolean 

 

Alias CS320(1)=RG_6_4_1_1_1 

Alias CS320(2)=Raw_mV 

Alias CS320(3)=CS320_Temp 

Alias CS320(4)=CS320_X 

Alias CS320(5)=CS320_Y 

Alias CS320(6)=CS320_Z 

 

Units SlrMJ=MJ/m^2 

Units DewPtC=Deg C 

Units RG_6_4_1_1_1=W/m^2 

Units Raw_mV=mV 

Units CS320_Temp=Deg C 

Units CS320_X=degrees 

Units CS320_Y=degrees 

Units CS320_Z=degrees 


