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Lay summary 

Nitrous oxide (N2O) is a potent greenhouse gas which also contributes significantly to ozone 

depletion in the upper atmosphere. The modern-day concentration of N2O in the atmosphere 

is approximately 1000 times smaller in magnitude than carbon dioxide, but N2O has a global 

warming potential of approximately 300 times larger than CO2 per molecule. The production 

of N2O occurs rapidly in fertile agricultural soils containing readily available supplies of 

nitrogen provided by regular fertiliser inputs, crop residues and manures, which together 

account for 80 % of global man-made N2O emissions. In line with recent international climate 

commitments to maintain global temperature rise under 2°C before 2050, pressure has risen 

on livestock production systems to reduce their emissions. This pressure is also encouraging 

policy-makers to promote mitigation practices. However, N2O emission estimates for these 

systems are prone to large uncertainties due to high temporal and spatial variability 

associated with emission measurements, which undermine the ability to interpolate data and 

determine which farming practices are the most efficient for reducing emissions. The work 

carried out in this thesis contributes to improving the ability to measure and up-scale N2O 

emissions from grazed grassland using precise mapping of the soil and vegetation 

disparities in the field. The interactions between drivers of N2O production were studied to 

better integrate these factors into national and global greenhouse gas inventories. The novel 

methods developed using aerial imagery and precise soil mapping offer new tools to improve 

research on nitrogen use and national emissions reporting, as well as potential applications 

at the farm level to improve grassland management. 
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Lay summary in French 

Below I have translated the lay summary into French to facilitate knowledge exchange. 

Le protoxyde d'azote (N2O) est un puissant gaz à effet de serre qui contribue également de 

manière significative à l'appauvrissement de la couche d'ozone dans la haute atmosphère. 

La concentration actuelle de N2O dans l'atmosphère est environ 1000 fois plus faible que 

celle du dioxyde de carbone, mais le N2O a un potentiel de réchauffement climatique 

d'environ 300 fois plus grand que le CO2. Le N2O est rapidement émis dans les sols 

agricoles fertiles contenant des réserves d'azote facilement disponibles fournies par des 

intrants d'engrais réguliers, des résidus de récolte, des excréments du bétail et du fumier, 

qui représentent ensemble 80% des émissions mondiales de N2O liées aux activités 

humains. Conformément aux engagements internationaux récents en matière de climat 

visant à maintenir l'élévation de la température mondiale sous 2°C avant 2050, la pression a 

augmenté sur les systèmes de production animale pour réduire leurs émissions. Cette 

pression s ‘exerce aussi sur les décideurs politiques afin de promouvoir des pratiques de 

réduction des gaz à effet de serre. Cependant, les estimations des émissions de N2O et la 

prise en compte de des systèmes agricoles sont sujettes à de grandes incertitudes en raison 

de la grande variabilité temporelle et spatiale associée aux mesures des émissions. Celles-ci 

réduisent la capacité d'interpoler les données et de déterminer quelles pratiques agricoles 

sont les plus efficaces pour réduire les émissions. Les travaux menés dans cette thèse 

contribuent à améliorer la capacité de mesure et de mise à l'échelle des émissions de N2O 

des prairies pâturées grâce à une cartographie précise des disparités du sol et de la 

végétation. Les interactions entre les moteurs de la production de N2O ont été étudiées pour 

mieux intégrer ces facteurs dans les inventaires nationaux et mondiaux des gaz à effet de 

serre. Les nouvelles méthodes développées à l'aide de l'imagerie aérienne et d'une 

cartographie précise des sols offrent de nouveaux outils pour améliorer la recherche sur 

l'utilisation de l'azote et la déclaration des émissions nationales, ainsi que des applications 

potentielles pour système agricole afin améliorer la gestion des prairies. 
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Abstract 

Nitrous oxide (N2O) is a potent greenhouse gas mainly produced by microbial processes in 

the soil. Anthropogenic N2O is principally emitted from soils after nitrogen fertiliser and 

manure applications on agricultural land. This thesis focuses on emissions from grazing 

systems, which are known to be the largest source of uncertainty in global and national N2O 

emission inventories. Nitrogen-rich excreta deposits from grazing livestock are recognised as 

hotspots of N losses (N2O emissions in particular). The non-uniform distribution of these 

emissions hotspots within a typical field contributes significantly to the spatial heterogeneity 

of emissions often observed in addition to the natural variability of soil properties within the 

field such as pH, moisture and nutrient availability. However, it is extremely difficult to 

characterise the spatial and temporal pattern of these grazing inputs other than through the 

use of demanding and costly approaches such as manual observation or animal based-

sensors.  

Two separate experiments were conducted during this study, in Scotland on sheep grazed 

grasslands and in Ireland on a dairy cow grazed grassland. Both sites were commercially 

used and were intensively managed with a nitrogen fertiliser application rate of 225 kg ha
-1

 

yr
-1

 and 261 kg ha
-1

 yr
-1

, respectively. In Scotland, at Easter Bush fields the experiment was 

conducted during a 9 month campaign of gas, soil and grass sampling over the grazed field 

to study the spatial and temporal variability of the fluxes and soil properties to improve up-

scaling of the fluxes from the plot scale to the field scale. In Ireland, at the Johnstown Castle 

farm, the experiment was conducted during an 11 month campaign on an experimental plot 

excluded from grazing. At the Scottish site, gas, soil and grass samples were collected 

regularly on soil which received different treatments within a randomised block design (e.g. 

urine deposition, fertiliser application, urine and fertiliser application or no N addition as a 

control). At both sites Remotely Piloted Aerial System (RPAS) imagery was collected to 

study the spatial variability of the grass growth with the aim to map excreta depositions over 

the whole field. The Scottish site was used as a proof of concept of the method and the 

method was then used weekly on the Irish site over the entire grazing season.  

More generally, this thesis details the novel use of remote sensing techniques using high-

resolution cameras linked to RPAS to improve our understanding of the spatial and temporal 

patterns of excreta deposition. This method proved to be repeatable for future studies as it 

can be automated, is easily deployable in the field, low-cost and the measurements are non-

destructive (i.e. has no influence on the soil, vegetation or livestock). Excreta depositions 

contribute to very high emissions of N2O from relatively small areas of soil and can vary 

throughout the growing season in response to climatic conditions. Therefore, mapping of the 

excreta nitrogen inputs to the field facilitated a more accurate estimation of the annual field-
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scale N2O emission from grazing grasslands. Both experiments conducted in this study 

showed a high spatial and temporal N2O emissions variability due to the nature of N2O 

production within the soil and a high variability of the soil properties (soil pH, soil moisture 

content, soil temperature) which influence the microbiological processes. Interaction on N2O 

emissions between fertiliser application and urine deposition was proved to be statistically 

significant and the magnitude of the interactions depended on the time of application within 

the year. The results showed a link between the variability of the emission factors of excreta 

deposition and fertiliser application and to the variation in weather conditions. This technique 

can be employed to up-scale emissions to a national level.  

This study plays a part in the on-going development of precision agricultural tools, based on 

image analysis of the grass sward to mitigate emissions from grazed grassland. Possible 

mitigation approaches, based on the methods presented in this thesis, include the use of 

RPAS technology to deliver nitrification inhibitors to newly deposited excreta within the field 

to reduce the potential nitrogen losses to the environment. This research indicates the future 

potential to better adjust fertiliser application using variable-rate fertiliser applications 

matching the vegetation nitrogen needs and limit nitrogen losses.  

This thesis identifies opportunities to develop innovative approaches to N2O mitigation by 

better evaluating emission estimations from agricultural practices, which could then be 

implemented in the national and global greenhouse gas inventories established by the 

Intergovernmental Panel on Climate Change.   
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Chapter 1 Scientific background 

1.1 Greenhouse gas and climate change 

1.1.1 Climate change 

Climate change refers to large-scale, long-term shifts in the planet's weather patterns and 

average temperatures. For millions of years climate patterns have changed very slowly over 

thousands of years. However, over the last century the climate pattern has shifted faster 

than any time in recent history (Bereiter et al., 2015; Neukom et al., 2019). In 1979 scientists 

from 50 nations met at the first world climate conference in Geneva, where they reported on 

the alarming trends of climate change. The changes have been shown to result from rapid 

changes in atmospheric gases. In particular, the presence of what we now call the 

‘greenhouse gases’ (GHG) has considerably increased (IPCC et al., 2013). Greenhouse 

gases are gases, which contribute to the greenhouse effect by being transparent to incoming 

shortwave solar radiation and by absorbing the longwave radiation emitted from the earth's 

surface. This effect is a natural process in which thermal radiation from a planet’s 

atmosphere warms the planet’s surface and is essential to life on Earth. The currently 

dominant GHGs which are known to contribute most to the increase in global temperatures 

are water vapour, carbon dioxide (CO2), methane (CH4), nitrous oxide (N2O) and ozone (O3) 

(IPCC et al., 2013). The accumulation of GHGs in the atmosphere has become a major 

problem, which is now reported by policymakers, the scientific community and the public who 

urgently want actions to reduce the increase in the global temperature (Ripple et al., 2019). 

Even a slight increase in the global temperature can have damaging impacts on the Earth’s 

ecosystems. The changes in global temperature have already had consequences for the 

increase in extreme weather events such as storms, hurricanes, droughts, and forest fires, 

but also the decrease of crop yields, increased desertification and rising sea levels (Parry et 

al., 2004; Butler, 2018). 

1.1.2 Carbon dioxide 

There are both natural and anthropogenic sources of GHGs. CO2 is naturally produced by 

the biological process of respiration and the physical process of carbonate weathering. CO2 

is naturally removed from the atmosphere by the biological process of photosynthesis, and 

physio-chemical processes of ocean uptake and mineral weathering. Current CO2 

atmospheric concentration is 405 parts per million (ppm) which is 45% higher than the 280 

ppm estimated in pre-industrial times (< 1750) (NOAA, 2018). Anthropogenic sources of CO2 

are mainly from burning of fossil fuels, deforestation and chemical processes such as 

cement production. The top five regions that produce the most CO2 annually are China (> 25 

%), USA (15 %); EU-28 (10 %) then India (7 %) and Russia (5 %) (Quéré et al., 2018). The 

main source of these countries’ emissions is electricity generation, notably, burning coal.  
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1.1.3 Methane 

Non-CO2 GHG emissions are those arising from CH4, N2O and F-gases (HFCs, PFCs, SF6 

and NF3). CH4 is the second most important anthropogenic GHG in terms of climate forcing 

after CO2. CH4 has a stronger global warming potential (GWP) than CO2 but a shorter 

atmospheric lifetime than CO2 due to its reaction with hydroxyl radicals (OH) (Table 1-1). The 

atmospheric concentration of CH4 has increased by a factor of 2.55 from the concentration 

during the pre-industrial era (< 1750) to reach 1842.4 parts per billion (ppb) (Advanced 

Global Atmospheric Gases Experiment, 2016). CH4 can be emitted to the atmosphere 

through three main processes (i.e., biogenic, thermogenic and pyrogenic) (Saunois et al., 

2019). Biogenic CH4 is the final product of the decomposition of organic matter in anaerobic 

environments such as water-saturated soils, landfills, sewage, and wastewater or inside 

livestock digestive systems. Thermogenic CH4 is formed on geological time scales by 

breakdown of buried organic matter and can reach the atmosphere through gas seeps or 

through the distribution and exploitation of fossil fuels. Finally pyrogenic CH4 is produced by 

incomplete combustion of biomass such as peat fires, wildfires, and biofuel burning. 

Anthropogenic CH4 is mainly emitted during production and transport of fossil fuels (e.g. oil, 

natural gas and coal), from agricultural practices (e.g. livestock production, rice cultivation, 

biomass burning) and from landfilled waste (Reay et al., 2018; Saunois et al., 2019). 

1.1.4 Nitrous oxide 

N2O is the third most important GHG globally and has a GWP approximately 300 times 

greater than carbon dioxide (CO2), although its mixing ratio (concentration in dry air) is 329 

ppb which is a thousand times less than CO2 (Smith, 2010) (Table 1-1). N2O concentrations 

have risen from 270 ppb pre industrialisation to 329 ppb in 2016 (Fowler et al., 2009) 

(Advanced Global Atmospheric Gases Experiment, 2016; NOAA, 2018). N2O atmospheric 

concentration has increased rapidly by a mean of + 2.46 % over the last 10 years (Ripple et 

al., 2019). In particular, in the last two decades the increase rate of N2O in the atmosphere 

has accelerated with emissions increasing from 10 – 12 10
12 

g (Tg) N yr
−1

 before the 

industrial era to a mean of ~17 Tg N yr
−1 

in the last decade (Thompson et al., 2019). N2O has 

a radiative forcing of 0.15 W m
-2

, i.e. about 6 % of the combined global forcing (2.43 W m
-2

) 

attributed to the increases in the abundance of the well-mixed greenhouse gases from pre-

industrial to the present time (IPCC et al., 2006a). N2O is also known to contribute to the 

depletion of stratospheric ozone (O3) which protects the planet from ultraviolet radiation 

(Ravishankara et al., 2009; Revell et al., 2015; Smith, 2017). Due to its long atmospheric 

lifetime, N2O has a relatively high ozone depletion potential (ODP). Today, N2O is the single 

largest contributor to global stratospheric ozone depletion (Ravishankara et al., 2009). The 

destruction of N2O in the stratosphere (photolysis) is responsible for the formation of nitric 

oxide (NO). In the stratosphere, at roughly 17 km altitude, NO is formed by the reaction of 

N2O with O(
1
D) under powerful solar UV radiation. The NO then reacts with O3 to form N2O 
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and O2, which results in the depletion of ozone. The N2O is removed from the stratosphere 

by reacting with hydroxyl radicals (OH*) to form nitric acid (HNO3). HNO3 is soluble in water 

and returns to earth as acid rain completing the natural nitrogen cycle (Revell et al., 2015). 

The main natural sources of emissions of N2O to the atmosphere are associated with 

microbial reduction processes in soils, water bodies and sediments while the key 

anthropogenic sources are from agricultural industry, biomass burning, indirect emissions 

from reactive N leaching and runoff and atmospheric deposition (Galloway et al., 2008). The 

agricultural N2O emissions are separated into two pathways: direct emissions which include 

microbial nitrification and denitrification and indirect emissions which involve N that is 

transferred from agricultural soils and animal waste management systems into other 

ecosystems via volatilisation, runoff, leaching, or harvest of crop biomass. The N removed 

from agricultural soil provides substrates for microbial nitrification and denitrification with their 

associated N2O production. 

1.1.5 Global warming potential 

The GWP of a gas is measured by its impact on global warming relative to CO2 over a given 

time period. The more common method to quantify the GWP is to integrate the global mean 

radiative forcing over the time of a pulse emission of one kg of a gas relative to that of one 

kg of CO2 (IPCC, 1996). The average lifetime of N2O in the atmosphere is on average 120 

years. However, the N2O mixing ratio has an impact on this lifetime; the actual global mean 

atmospheric lifetime of N2O decreases by about 0.5 per cent for every 10 per cent increase 

in the amount of N2O present. The increase in lifetime means that the N2O emitted this 

decade will still have a major impact on the climate of the Earth during the next century. 
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Table 1-1: Global warming potentials of the long-lived greenhouse gases 

Greenhouse 

gas 

Global 

warming 

potentials 

100 years 
c
 

Radiative 

efficiency 

(W m
-2

 

ppb
-1

)
 c
 

Pre-industrial 

atmospheric 

concentration 

(Pre-1750) 
d
 

Recent 

atmospheric 

concentration 

(2016-2018) 

Lifetime in 

the 

atmosphere 

(years)
 c
 

CO2 1 1.4×10
-5

 ~ 280 ppm 
405 ppm  

(2018) 
a
 

100–300 

CH4 28–36 3.7×10
-4

 722 ppb 
1842 ppb 

(2016)
 b
 

∼ 12.4 

N2O 265–298 3.03×10
-3

 270 ppb 
329 ppb  

(2016)
 b
 

∼ 114 

a 
(NOAA, 2018) 

b
 (Advanced Global Atmospheric Gases Experiment, 2016) 

c 
IPCC 

d
 (Smith, 2017) 

1.1.6 Anthropogenic sources of GHGs 

Anthropogenic activities have significantly increased the GHG concentrations in the 

atmosphere since pre-industrial times (IPCC et al., 2013; Jacobs et al., 2015; Butler, 2018). 

The main sectors responsible for the global increase in GHG concentrations ordered from 

the more influential to the least, are the energy sector (including electricity, heat production, 

burning of fossil fuels and gas, manufacturing and construction industries), transport sector 

(including aviation, road and rail transportation), the residential and commercial sector, 

agriculture, land use and forestry sector (including deforestation, agriculture activities and 

other land use changes) and finally the industry sector (Food and Agriculture Organisation, 

2019).  

1.2 Nitrogen cycle  

1.2.1 The natural nitrogen cycle 

Nitrogen is a necessary element for all life on earth. There are two forms of N: i) unreactive 

N (typically in the form of gaseous N, N2), which is abundant in nature but is in an unusable 

form for most organisms; and ii) reactive nitrogen (Nr) compounds, which can readily 

undergo biochemical transformations. This form includes inorganic reduced N (i.e. ammonia 

(NH3) and ammonium (NH4
+
)), inorganic oxidised forms N (i.e. gaseous N oxides (NOx), 

nitrate (NO3
-
), nitrous acid (HNO2), nitrous oxide (N2O)) and organic N compounds (i.e. urea, 

amines, proteins, nucleic acids) (Sutton et al., 2011). The lifetime of reactive N, with the 

exception of N2O, is only a few weeks in the atmosphere; while in terrestrial ecosystems, the 

lifetime is a few decades (with the exception of peatlands) which creates a rapid turnover of 

global N which is described by the N cycle (Figure 1-1). The lifetime of reactive N is less 

studied in the oceans, but it is reported to be longer than in terrestrial ecosystems and 

represents an important long-term source of N2O (Ye et al., 2016). Nitrogen is exchanged 



Chapter 1 Scientific background 

7 

through the atmosphere, terrestrial and marine ecosystems. The conversion of N can be 

carried out through biological and physical processes including fixation, ammonification, 

nitrification and denitrification. Most global N is in the form of N2, accounting for 78 % of the 

atmosphere. However, atmospheric N has limited availability for biological use leading to 

scarcity in many ecosystems.  

Unreactive atmospheric N can be converted to reactive forms by biological N2 fixation (BNF), 

by chemical fixation, by the Haber-Bosch process used to produce synthetic N fertiliser and 

to a lesser extent by lightning and forest fires. N2 fixation requires either a lot of energy or 

enzymatic processes and occurs naturally through legumes and free living bacteria. Globally 

BNF is estimated to be 413 Tg N y
-1

, of which a little less than half is fixed in oceans, and the 

rest on land of which anthropogenic activities are responsible for 210 Tg N (Fowler et al., 

2015).  

 

Figure 1-1: Illustration of the simplified nitrogen cycle and key interactions between 
sectors of the environment (ocean and water bodies, livestock, forests, crops, 
peatlands, human activities, and the atmosphere). Adapted from (Boyer and Howarth, 
2008; Fowler et al., 2009, 2013) 

1.2.2 Disruption of the nitrogen cycle from anthropogenic 
sources 

The global N cycle has been disturbed by human activities over the last 100 years with 

approximately two-thirds of the annual flux of reactive N (Nr) entering the atmosphere at the 

beginning of the 21st century being anthropogenic in origin (Figure 1-2), (Galloway et al., 

2004). The natural supply of Nr is not sufficient to sustain the current human population. The 
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agricultural sector is under pressure to provide food to a growing population, which increases 

by more than 200,000 individuals per day. This is also the case for an increased demand for 

fossil and biofuels within the last decades and drastic changes toward a high animal protein 

diet (Ripple et al., 2019). To provide the growing demand for food, N fertilisers have been 

applied to maintain or increase yield, and increase the land area through deforestation to 

plant crops or grass for pastures (Butler, 2018). Without the Haber-Bosch process (invented 

in the early 20
th
 century, and which converts N2 into reactive N by industrial processes), over 

40 % of today’s human population could not be sustained under the current conditions 

(Galloway et al., 2008). However, one molecule of Nr can cause multiple negative effects 

within different ecosystems, in the atmosphere and on human health and this phenomenon 

is called the N cascade (Galloway et al., 2008). The use of N fixing crops such as legumes 

also played and is playing a crucial role in sustaining the increase in global food demand by 

increasing the Nr in the soil without the need for fertilisers (Sutton et al., 2011). Some of the 

Nr produced by the Haber-Bosch process is not used for fertiliser production but to produce 

nylon, plastics, resins, glues, melamine, animal/fish/shrimp feed supplements and 

explosives, for example (Galloway et al., 2008).  

 

Figure 1-2: Anthropogenic reactive nitrogen creation rates from the most contributing 
human activities. Source of data: (Galloway et al., 2008). Figure from (Ciais et al., 

2013) 

Human activities are not only emitting N molecules to the atmosphere, they are also 

responsible for decreasing the potential biological fixation of N (Sutton et al., 2011). In 

Europe, the total anthropogenic biological fixation is estimated to be 17 Tg N y
-1

 and the 

damage costs of Nr released to the environment have been estimated at EUR 70–320 billion 

annually (Fowler et al., 2015). 

1.3 N2O emissions 

1.3.1 Natural occurring N2O emissions 

N2O can be formed naturally from lightning strikes and forest fires, which account for up to 5 

% of the total natural N2O emissions. However, N2O is produced mainly (95 %) by natural 

microbial processes in terrestrial and aquatic systems, as the result of nitrification and 
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denitrification reactions (Figure 1-3). Most natural emissions of N2O come from soils and 

contribute some two-thirds of all global emissions (Fowler et al., 2013). In the soil, N2O is a 

by-product of nitrification and an obligate intermediate in the denitrification pathway, and is 

emitted by both microbial nitrifiers and denitrifiers. Also, biological N fixation, which is a 

natural process performed by a number of diazotrophs such as Anabaena (a cyanobacteria) 

and rhizobium (Sutton et al., 2011), is a significant source of N2O.  

 

Figure 1-3: Schematic of the part of the global nitrogen cycle concerning N2O 
emissions and sinks. Diagram from (Ciais et al., 2013) 

1.3.2 Microbial processes and drivers of N2O emissions  

Nitrification and denitrification are commonly considered as the main microbial processes 

producing N2O because they contribute 70 % of the global production (Braker and Conrad, 

2011). Nitrification is an aerobic process in which ammonium (NH4
+
) is oxidised to nitrate 

(NO3
-
). At a near optimum oxygen concentration, the oxidation of nitrate is incomplete and 

some of the ammonium is channelled into production of NO and NO2 (Equation 1-1). 

 
2NH4

+ + 3O2  → 2NO3
−  + 4H+ +  2H2O + Energy  (Smith, 2010) Equation 1-1 

Denitrification is an anaerobic process of reduction of NO3
-
 to NO2 and N2. This is the final 

step in the N cycle in which N from the biosphere is returned to the atmosphere as N2 

(Equation 1-2). 
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5(CH2O) + 4NO3
−  + 4H+  → 5CO2

−  + 7H2O + 2N2 + Energy  (Smith, 2010) Equation 1-2 

Nitrification is known to produce N2O at a lower rate than denitrification processes but 

optimal conditions for nitrification are more common than denitrification (Skiba and Smith, 

2000). Denitrification is a loss for agriculture because of the depletion of NO3
-
 from the soil, 

which is an important nutrient for plants. However, this process permits N removal from 

waters and sediments polluted by NO3
-
. The soil microbial reactions which create N2O are 

shown in Figure 1-4. 

 

Figure 1-4: Simplified microbial processes of N2O formation in soil, adapted from 

(Baggs, 2008) 

The topsoil layer of the soil is most relevant for N2O production and exchange with the 

atmosphere. This is due to the small scale length of N2O in soil representing the natural 

scale of the adaptation of N2O concentration in the open pore space of the soil or, in other 

terms, the length of potential diffusion of N2O within the soil which ranges from 0.7 cm to 2.8 

cm (Neftel et al., 2000; Grant et al., 2016). It means that N2O produced at greater depths is 

unlikely to reach the soil surface and the atmosphere before being consumed in soil 

microbial processes (Flechard et al., 2007). However, there are other microbial metabolic 

processes or abiotic processes that can produce or consume N2O. The current knowledge of 

these processes is summarised in Butterbach-Bahl et al. (2013). The processes contributing 

to its formation in soils are: 

- chemical decomposition of hydroxylamine (Frame and Casciotti, 2010), 

- chemodenitrification of soil nitrite and abiotic decomposition of ammonium 

nitrate (Baggs and Philippot, 2011), 

- nitrifier-denitrification (Wrage et al., 2001), 

- denitrification conducted under O2-limiting environmental conditions (Pilegaard 

et al., 2006), 
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- co-denitrification and nitrate ammonification or dissimilatory nitrate reduction to 

ammonium (Goldberg and Gebauer, 2009). 

1.3.3 Drivers of N2O emissions into the soil 

N2O has been studied for more than a century; however, a lot of the factors controlling its 

emissions from soil are still not well understood (Butterbach-Bahl et al., 2013). It is very 

important to consider that N2O emissions are due to multiple microbial processes (i.e. 

denitrification and nitrification) which are dependent upon many factors such as soil texture, 

soil temperature, soil moisture, and nutrient and oxygen availability. More precisely, the ratio 

of N2O/N2 emitted is controlled by nitrogen form (NH3, NO3
-
 and NH4

+
) and availability, 

organic matter content, oxygen availability (mainly through redox potential, soil water 

content, soil porosity and soil clay content), soil compaction (bulk density), soil pH, soil 

microbial community composition and temperature (Herold et al., 2012; Shcherbak et al., 

2014; Samad et al., 2016; Zhu et al., 2020). For instance, a fertilised field with a low rainfall 

rate, good drainage and aerated soil with a coarse texture is known to provide conditions 

that will stimulate N2O by nitrification. On the contrary, fertilised fields with high rainfall, high 

organic C content, and a fine textured soil with poor drainage are known to promote N2O and 

N2 by denitrification. Additionally, it has been proven that both processes (i.e. nitrification and 

denitrification) can happen simultaneously within the soil pores (Skiba and Smith, 2000; 

Smith, 2010; Jones et al., 2011). 

Soil water-filled pore space (WFPS) is a key indicator of the redox potential and so of the 

potential N2O emissions produced (Davidson, 1991). Maximum rates of N2O production have 

been measured in the range from 80 % to 95 % WFPS (Figure 1-5). Moreover, nitrification 

and denitrification have been shown to occur simultaneously in the soil between 53 % and 

78 % WFPS (Congreves et al., 2019) (Figure 1-5). The dependency between N2O emissions 

and drivers influencing these emissions, and potential interactions between several drivers, 

has an impact on the scale of the emission source (Velthof and Rietra, 2018).  
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Figure 1-5: Relative contributions of nitrification and denitrification processes to N2O 
production as a function of water-filled pore space, adapted from (Davidson, 1991; 

Congreves et al., 2019) 

Recently, some researchers have investigated the interactions between C and N cycles on 

N2O emissions. In particular, for the same soil conditions and N availability, the presence of 

dissolved organic carbon (DOC) can stimulate N2O emissions (Qiu et al., 2015). And so, 

crop residues removal from the field which has otherwise a strong effect on the availability of 

ammonium, nitrate and DOC in the soil can reduce N2O emissions (Bent et al., 2016). The 

dominant factors controlling N2O emissions from soil for individual sites have been 

extensively reported and are highly site-specific. For predicting N2O emissions at larger 

scales however, it is necessary to establish relationships with key controlling parameters. 

However, these parameters have to be easily measurable and readily available. Soil 

properties significantly influence N2O emission rates but the influence of these variables 

changes through the growing seasons and varies spatially (Skiba and Ball, 2002). In this 

context of high spatiotemporal heterogeneity of N2O production over agricultural land, the 

up-scaling of the emissions from plot measurements to field, landscape or national scale is 

one of the greatest challenges faced by soil scientists today. Accurate measurements and 

estimation of these emissions is essential to create efficient policy measures and farm 

management practices to reduce emissions rapidly without increases in other pollutants such 

as other N losses (NH3 volatilisation, nitrate leaching) (Reay et al., 2012; Hoekstra et al., 

2020).  

1.3.4 Anthropogenic sources of N2O emissions 

Globally, the single largest source of anthropogenic N2O emissions is the agricultural sector 

(Figure 1-6 and Figure 1-3) which accounts for 60 to 80 % of the total anthropogenic N2O 

emissions (IPCC et al., 2013). Europe (EU-28) produces 10 % of the global anthropogenic 

reactive N, even though its surface covers less than 3 % of the world’s continental area 
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(Sutton et al., 2011). The addition of N applied to soils in the form of fertilisers or livestock 

waste accounts for the majority of the agricultural N2O emissions (Figure 1-7). The industrial 

sources of the N2O emissions are essentially due to the production of synthetic fertilisers and 

emissions from aquatic ecosystems are strongly influenced by fertiliser leaching into ground 

waters or runoff (Fowler et al., 2013). In the United Kingdom, the total anthropogenic N2O 

emissions according to the FAO monitoring is decreasing with a majority of the emissions 

sourced from agricultural activities (Food and Agriculture Organisation, 2019). While in 

Ireland the total N2O emissions is stable with most of the emissions also coming from 

agricultural activities (Figure 1-7).  

 

Figure 1-6: Breakdown of total N₂O emissions by sector for the world, the European 

Union, United Kingdom and Ireland, measured in tonnes of CO2 equivalents. CO2eq 

measures the total GHG potential of the full combination of gases, weighted by their 

relative warming impacts, adapted from ourworldindata.org, data source from (Food 

and Agriculture Organisation, 2019) 

Within the agricultural sector, the sources of N2O are mostly from direct emissions from 

manure and N fertiliser (Figure 1-7). Moreover, an expanding body of evidence from 

research shows that the increase in N fertiliser is linked exponentially to the increase in N2O 

emissions (Fowler et al., 2013; Aneja et al., 2019; Makowski, 2019; Thompson et al., 2019). 

The non-linear relationship between both highlights an urgent need for more careful fertiliser 

use and increased nitrogen use efficiency (NUE) in agriculture (Cardenas et al., 2019). 

Fertiliser applications to agricultural land emit different amounts of N2O depending on the 

fertiliser type, soil properties and climate (Cowan et al., 2020a). 
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Figure 1-7: N2O emissions from agriculture for the world, the European Union, United 

Kingdom and Ireland, measured in tonnes of N₂O per year, adapted from 

ourworldindata.org, data source from (Food and Agriculture Organisation, 2019) 

The increase in N applied to soils as fertiliser or animal waste has altered the natural 

nitrogen cycle in a variety of ways, which are harmful to human health. For instance in areas 

of high agricultural intensity, high concentrations of nutrients can be found in rivers and 

ground water exceeding drinkable water recommendations which can create coastal dead 

zones from high level of eutrophication (WHO, 2008). Atmospheric NH3 and NOx are linked 

to respiratory diseases (Butler, 2018). As most nations have agreed to reduce their 

emissions of GHGs as part of their commitments to the Paris Climate Change agreement 

and the 2030 Agenda for Sustainable Development, including the 17 Sustainable 

Development Goals (SDGs), the ability to accurately report anthropogenic GHG emissions 

and in particular N2O emissions at national and global scales is of increasing importance 

(Kroon et al., 2008, 2010; Ehrhardt et al., 2018).  

1.4 Monitoring N2O emissions and mitigation policies 

1.4.1 Models and inventories 

N2O emission monitoring and mitigation from agricultural activities at a large scale is 

particularly difficult for policy makers due to a high spatial and temporal variability. The large 

variety of soil types, environmental conditions and farm management methods make scaling 

up to regional, national or global scales difficult without making large assumptions. The IPCC 

developed a general method to calculate large scale annual GHG inventories for agriculture 
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(IPCC et al., 2006a). The methodology involves relating direct N2O emissions measurements 

to the quantities of N being applied to the soils or aquatic ecosystem, and deriving an 

emission factor (EF) for each type of addition. The EF is the amount in kg of N2O-N emitted 

per kg of N applied. The total quantity emitted is the product of the N applied and the EF 

previously calculated in the field within similar conditions or modelled. The same 

methodology is applied to estimate indirect emissions from reactive N transferred from 

agricultural systems to natural terrestrial or aquatic systems, through volatilisation of NH3 

and NOx, subsequent atmospheric deposition and emissions resulting from leaching or 

runoff. 

The IPCC published guidelines to estimate the GHG emissions of a land-type use (IPCC 

1996-2006-2013-2019) (IPCC et al., 2006a) where “Grassland” is one of the six categories. 

In the case of N2O emissions from intensively managed grazed grassland, an example of the 

most basic IPCC emissions estimation (Tier 1) is the use of a 1 % emission factor of N2O-N 

released from synthetic N fertiliser. Tier 2 is more complex than Tier 1 and requires 

additional datasets and could be entirely based on field experiments representative of 

particular regions (Buckingham et al., 2014). Additional datasets used may be soil type and 

rainfall. Tier 3 emission estimation is based on process based modelling approaches (Li et 

al., 1992; Haas et al., 2013). This last Tier is useful for assessing the impact of new 

management practices and climate change on yields and GHG emissions. However, 

accurate simulations of N2O fluxes remain challenging as process-based models are limited 

by our understanding of soil, plant and microbe interactions and are poorly constrained due 

to their complex data requirements and the uncertainties associated with measured input 

parameters (Fuchs et al., 2019). To improve model performance, evaluations against in situ 

measurements are essential. 

The IPCC methodology which is relevant to “intensively managed grassland remains 

grassland” is divided into categories of direct and indirect emissions. N2O emissions from 

managed soils are usually estimated from aggregate (national-level) data on N supplied to 

soils, including N fertiliser usage or sales, crop residue management, organic amendments 

and land use conversions that enhance mineralisation of N in soil organic matter. The Tier 1 

methodologies do not take into account different land cover, soil type, climatic conditions or 

management practices (IPCC et al., 2006a). Model approaches are a partial way to estimate 

N2O emissions on a regional or global scale where there is a lack of complete datasets. The 

two types of models currently used are top down and bottom-up approaches. The top down 

approach calculates the atmospheric N2O budget based on current atmospheric 

concentration measurement at a Network of Global Watch stations and historic 

concentrations from air trapped in ice cores. From this method, the N2O EF for fertiliser was 

calculated to be up to 5 to 6 % including crop residues related emissions and indirect 
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emissions (Crutzen et al., 2007; Thompson et al., 2019). This approach does not rely on flux 

measurements, which suffer from spatial and temporal variability, and is a good way to 

monitor overall change in atmospheric concentrations. However, it does not provide the fine 

scale spatial information on specific sources of N2O or how to mitigate these emissions. The 

bottom-up approaches are based on an association of each of the known N2O sources and 

an EF based on field measurements. If the known source is not sufficient, it is necessary to 

consider EF for major events such as N fertiliser application (Skiba et al., 2012). The method 

uses EFs that can have large uncertainties associated with them, and may be propagated 

significantly depending on scale. The bottom-up approach is also used with different process 

based models to simulate N2O emissions produced via microbial processes in agricultural 

soils. The two main models are DNDC (Denitrification-Decomposition) and daily DAYCENT 

(Scheer et al., 2014). These models are based on soil properties and meteorological 

datasets and use known biochemical pathways. Models can be used to estimate emissions 

over time (years, decades and centuries), the evolution of the emissions and the impact of 

climate change; however, they require large initial datasets and they still have large 

uncertainties associated with their predictions (Ehrhardt et al., 2018; Aneja et al., 2019). The 

United Kingdom currently reports N2O emissions using a Tier 2 approach for the non-CO2 

GHGs (Committee on Climate Change, 2018) but is also assessing a Tier 3 approach using 

process based models such as the DailyDayCent (DDC) model which provide a spatially 

disaggregated assessment of annual emissions (Fitton et al., 2014). 

1.4.2 Policies and emissions mitigation 

The following intergovernmental organisations have been driving the N mitigation policy for 

up to 70 years: Food and Agriculture Organisation (FAO, 1945), World Health Organisation 

(WHO, 1948), World Meteorological Organisation (WMO, 1950), United Nations Environment 

Programme (UNEP, 1972), Intergovernmental Panel on Climate Change (IPCC, 1988) 

(Sutton et al., 2011). In European policy the “Nitrogen issue” is considered mainly as 

combustion sources (NOx by industry, power plants and traffic), waste water sources 

(dissolved and particulate N in discharges from industry and households) and agriculture 

sources (diffuse emissions of NH3 and N2O to air and NO3
-
 to waters) (Sutton et al., 2011). 

For agricultural purposes, the key EU directive is the Nitrates Directives in 1991 concerning 

the protection of waters against pollution caused by nitrates from agricultural sources 

implemented by the Common Agricultural Policy (CAP) (Sutton et al., 2011). In addition to 

this directive which sets guidelines for farmer practices to limit N losses into the environment, 

other directives which impact on N include the National Emissions Ceilings Directive, the 

Industrial Emissions Directive, and the Habitats Directive. The GHG mitigation policy in 

Scotland is the Climate Change Act 2008, which supports higher level UNFCCC initiatives. 
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N fertiliser application to grassland and crops increases N2O emissions. Therefore, 

mitigation measures, which improve Nitrogen Use Efficiency (NUE) may decrease GHG 

emissions from agriculture. NUE can be improved by applying only the required amount of N 

fertiliser and tailored to the demand of the crop (Rojas-Downing et al., 2017). Regular soil 

testing to ensure macro and micronutrients are at adequate levels and soil properties 

mapping to monitor the soil heterogeneity within the farm or the field can be part of the 

nutrient management plan to address this goal. Plant breeding, and genetic modification can 

reduce the application of fertiliser by increasing the crop uptake of N (Abalos et al., 2018). 

The rate of synthetic nitrogen application to grasslands can be reduced by growing grass-

legume mixtures (i.e. grass clover mixtures). Legumes promote symbiotic N2 fixation from 

which the non-legume crop will benefit, and the synthetic N input rate can be reduced 

(Barneze et al., 2020). In addition, legumes provide high quality forage because of their high 

fibre and protein content. Also, optimising N fertiliser type based on soil characteristics and 

climate conditions can reduce N2O emissions rate (Smith et al., 2012; Harty et al., 2016; 

Cardenas et al., 2019; Cowan et al., 2019a) or switching for organic fertiliser (Jones et al., 

2007). For instance, Cardenas et al. (2019) found in the United Kingdom that N2O emissions 

tended to be lower when applying urea instead of ammonium nitrate or calcium ammonium 

nitrate. Moreover, nitrification inhibitors have shown great potential for N2O mitigation from 

synthetic fertilisers (Hoogendoorn et al., 2008; Hinton et al., 2015; Simon et al., 2018; Cowan 

et al., 2019b) and livestock excreta (Di and Cameron, 2012), reducing N2O emissions by 30 

to 70 % (Misselbrook et al., 2014). Commercialised nitrification inhibitors such as 

dicyandiamide (DCD), 3, 4-dimethylpyrazole phosphate (DMPP) or pyrazole derivatives, 

work by deactivating the enzyme responsible for the conversion of NH4
+
 to NO2

-
 and NO3

-
 

and thereby slowing down the rate of the first step of the nitrification process. Moreover, 

changing soil properties, for instance increasing the soil pH by liming or improving soil 

moisture by installing/maintaining field drains, may change the bacterial community toward 

lower N2O emission rates (Samad et al., 2016; Giles et al., 2017). 

Although excreta deposited on grassland can produce high amounts of N2O, the mitigation 

measures are often challenging to apply due to the excreta dispersion on pasture (Shaw et 

al., 2016). Therefore, other mitigation practices are often used such as improving 

management practice by removing animals from areas of wet soil (Van Der Weerden et al., 

2017), and changing animal diets (Dijkstra et al., 2013; Minet et al., 2018). Livestock excreta 

are also sources of N loss when stored or spread as fertiliser. The N losses can be limited by 

improving timing of application of N input (M. J. Bell et al., 2016; Broucek and Brouček, 

2017), anaerobic digesters, or cover manure or slurry storage (Petersen and Miller, 2006). 

More precisely, anaerobic digesters may offer farmers increasing control of when and where 

to spread high nitrogen content residues to avoid N losses as well as adding the possibility of 

treating the by-product of the digestion before spreading on the field. 
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Precision agriculture or precision farming is practices adopted on farms based on information 

and technology to adapt the management practice to the specificities of the farm land or 

animals. Precision agriculture is used as a mitigation option in various sectors of agriculture. 

Precision technology provides an opportunity to manage heterogeneity in farmland in order 

to deliver improved productivity, profitability, resilience to climate change and better 

environmental outcomes (Balafoutis et al., 2017). In the last decade, there have been rapid 

development and adoption on farms of these technologies which have been categorised by 

Schwarz et al. (2009) into three categories: guidance systems including hardware and 

software technologies for machinery guidance/steering; recording technologies which include 

remote sensing observations, gathering spatial data and mapping (i.e soil properties, 

moisture content, canopy, yield monitoring); and reacting technologies which include variable 

rate irrigation, weeding, seeding or fertiliser application (Bacco et al., 2019). Evidence has 

also been published of the capacity of some precision agriculture technologies to reduce 

GHG emissions from soils (Rees et al., 2020). 

1.5 N2O emissions from grassland 

Studying N2O emissions or other GHG emissions from intensively managed grasslands is 

challenging due to the intensity of the N application to grassland and the heterogeneity of 

this input (Hutchings et al., 2007). Grasslands are globally the main form of agriculture by 

land area (Gerssen-Gondelach et al., 2017). In the United Kingdom and Ireland, grasslands 

cover two thirds of the agricultural land and are separated into three types: temporary, 

permanent and rough-grazing (DEFRA, 2017; Duffy et al., 2018). The British fertiliser 

practice survey showed an average field rate of N fertiliser application of 96 kg ha
-1

 in 2018 

and a dressing cover of 59 % for grassland (DEFRA, 2019). In Ireland, the rates are quite 

similar however, dairy grazed grassland can receive up to 188 kg N fertiliser ha
-1

 yr
-1

 for a 

stocking rate of > 210 kg organic N excreted ha
-1

 (Dillon et al., 2018). Grazing appears to 

enhance N2O emissions, which may be due to the consequences of the maintained 

presence of active hotspots of N2O production via a continuous supply of animal urine and 

dung and the trampling effect that increases soil compaction. 

In grazed grasslands soil properties are modified by animal excreta. Ruminants excrete 

around 70 % to 95 % of the N they consume (Selbie et al., 2015). The urine patch is the 

main conduit through which much of this N is recycled. Urine of grazed animals has an 

important impact on the soil microorganism population by changing the soil temperature, soil 

moisture, available soil N content, soil electrical conductivity and soil surface pH that lead to 

significant increase in N2O emissions by denitrifier and nitrifer microorganisms (i.e. bacteria, 

archaea, fungi). Typical values, as a percentage of the deposited urinary N, are estimated 

and rounded-up as: 13 % ammonia volatilisation; 2 % N2O emission; 20 % nitrate leaching; 

41 % pasture uptake and 26 % gross immobilisation (Selbie et al., 2015). These values do 
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not include the losses in the form of N2 and NO. However, these typical values do not match 

other findings, such as an N2O EF from urine of 1.07 % for all seasons found by Bell et al. 

(2015b). Urine contains a large source of labile N and C, which combined with a large water 

input, generally results in high denitrification rates. 

The mean EF for N2O from urine deposition is 1.7 to 2.1 (range 0-14 %) from different 

studies, and the IPCC 2006 guidelines assumes an EF of 2 % for urine N deposition during 

grazing (Bell et al., 2015b; Krol et al., 2016) while IPCC 2019 revisions recommend to use 

0.4 % EF for urine deposition in temperate grasslands (IPCC et al., 2019a). The frequency 

and volume of urination are also difficult to estimate, with an estimated mean urination 

volume of 2.1 L for dairy cattle and 0.5 L for sheep. The frequency of urination for cattle is in 

the range of 9–14 events per day and 18–20 per day for sheep (Selbie et al., 2015). The 

urine effect also depends on the season considered (Krol et al., 2016). The area of a urine 

patch can be defined by firstly the area wetted, where urine is directly excreted, and 

secondly the area immediately outside the wetted area where plants can access urinary N 

through root extension and N diffusion through the soil called the diffusional area. These two 

areas combined are called the “effective area” of a urine patch. The wetted area covered by 

a single urination for cattle ranges from 0.14 to 0.49 m
2
 with a mean area of 0.24 m

2
. For 

sheep, the mean wetted area has been reported as 0.03 m
2 

(Selbie et al., 2015). The 

effective area is estimated to range from 0.03 to 1.1 m
2 

for cattle, with a mean area of 0.68 

m
2
 (Selbie et al., 2015). In terms of timing, urination is followed by an increase in pH and soil 

N concentration mainly within the first 5 days. Then the conversion of NH4
+
 to NO3

-
 during 

nitrification leads to a decrease of pH over 2 or 3 weeks after urine deposition. This process 

is usually complete within 40 days (Krol et al., 2016). 

However, the grazing effect on N2O emissions from grassland is not systematically 

measurable (Ahmed et al., 2018). It may be linked to sampling bias and methodological 

difficulties (Flechard et al., 2007). Managed grasslands have generally high organic C 

content and can often be found where the conditions are too wet for arable cropping, thus 

providing good conditions for N2O production by denitrification (Jones et al., 2005). 

Intensively managed grasslands are clearly stronger sources of N2O than extensive 

systems. As a consequence, management of grassland is an important factor for improving 

GHG emissions from agriculture. 

The current knowledge in the literature on excreta depositions related information is 

summarised in Table 1-2 to Table 1-4. The compositions given in these tables are an 

approximation of the composition of urine and dung for cattle and sheep, however, the 

composition is highly dependent on the diets of the animal considered (Dijkstra et al., 2013). 
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Table 1-2: Summary of available information on excreta depositions from sheep or cattle grazing including frequency per animal, deposition 
volume, N loading, area coverage and impact on soil and plants. 

Animal 
Type 

of 
excreta 

Frequency 
(event per 

day per 
animal) 

Weight/ 
volume per 
deposition 

Area (wetted) 
cover per 

deposition 

Nitrogen 
loading 

Impact on soil and plants 

Sheep, 
ewe 
and 

lamb 

Urine 

18-20 
(Haynes 

and 
Williams, 

1993) 

0.5-3.0L per 
day (Ledgard 
et al., 2008) 

70 mL per 
urination (Ma 
et al., 2006) 

0.03-0.05 m
2 

(Haynes and 
Williams, 1993) 

500-1,089 kg N 
ha

−1 
(Selbie et 

al., 2015) 

Increased likelihood of N leaching, ammonia volatilisation, and nitrous oxide 
emission. Increased grass growth (Hyde et al., 2016; Marsden et al., 2016), 
increased nitrogen and carbon pools in the soil. Urine depositions change 
soil pH, soil surface temperature, and soil moisture content (Marriott et al., 
1987; Moir et al., 2011; Boon et al., 2014; Selbie et al., 2015) 

Faeces - 

300-900 g 
per 

deposition 
(Ma et al., 

2006) 

0.04 m
2 

(Pan et al., 
2018) 

233-698 kg N 
ha

-1 
(Pan et al., 
2018) 

Increased concentration of exchangeable calcium in the soil (Weeda, 1977) 

No measurable herbage response and increase in soil nitrate, phosphate 
and organic carbon (Williams and Haynes, 1995) 

Cattle 
(dairy 
and 

beef) 

Urine 
9-14 

(Lantinga et 
al., 1987) 

2.1 L 

(Williams and 
Haynes, 

1994) 

0.24 m
2
 (range 0.14-

0.49 m
2
)
 
(Selbie et 

al., 2015) 

0.62 m
2
 (range 0.2-

1.8 m
2
)
 
(Minet et al., 
2016) 

0.36 m
2 

(White et al., 
2001) 

613 kg N ha
-1

 
(range 200-

2000 kg N ha
-1

)
 

(Selbie et al., 
2015) 

Increased likelihood of N leaching, ammonia volatilisation, and nitrous oxide 
emission (Bell et al., 2015b; Cardenas et al., 2016; Krol et al., 2016) 

High soil N concentration beneath the urine patch. Urea hydrolysis is rapid, 
with 80–90 % of urea being hydrolysed within 48 h (Williams and Haynes, 
1995). During the conversion from urea to NH4HCO3, hydroxide ions (OH

-
) 

are produced, which raises soil pH (Haynes and Williams, 1993) 

Dung 
8.9-12.1 
(Weeda, 

1967) 

2 kg per 
deposition 
(Krol et al., 

2016) 

0.062 m
2 

(Krol et al., 
2016) 

0.12 m
2 

(White et al., 
2001) 

0.05-0.14 m
2
 

(Petersen et al., 
1956) 

835 ± 31.9 kg 
N ha

−1 
(range 

625-1020 kg N 
ha

−1
)(Chadwick 

et al., 2018) 

720-1020 kg N 
ha-1 (Bell et 
al., 2015b) 

Small increase in pasture growth (Weeda, 1967) 

Increased mineral nitrogen content in the underlying soil. Increased 
respiration rate also in soil treated. Increased soil microbial biomass (Lovell 
and Jarvis, 1996) 

Decreased phosphate sorption and increased soil pH (During and Weeda, 
1973) 

First reduced herbage yield then after 40 days increased the herbage 
growth at the hedge of the deposition. Increased soil nitrate, phosphate and 
organic carbon. Increased microbial biomass C levels, arylsulphatase and 
arylphosphatase activities (Williams and Haynes, 1995) 
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Table 1-3: Composition of nitrogen containing constituents (in %) in cattle and sheep 
urine adapted from (Bristow et al., 1992) 

 Cattle Sheep 

Urea 69 83 

Allantoin 7.3 
4.3 

Hippuric acid 5.8 

Creatinine 2.5 5.3 

Ammonia 2.8 < 1 % 

Uric acid 1.3 < 1 % 

Amino acids 1.3 < 1 % 

(Hypo)xanthine 0.5 < 1 % 

Table 1-4: Composition of cattle and sheep dung. Adapted from (Weeda, 1977; 
Saunders, 1984; Aguerre et al., 2012) for cattle and (Jianzhang et al., 1999; Kyvsgaard 
et al., 2000) for sheep 

Cattle Sheep 

Dry matter (%) 10.1 Organic nitrogen (%) 1.33-2.39 

Total nitrogen (% of DM) 2.8 NH4-N (%) 0.02-0.29 

Organic N (% of Total nitrogen) 81.7 Acid detergent fiber (%) 23-33 

Total NH3-N (mg/dL) 53.8 Lignin (%) 8-22 

Organic matter (% of DM) 85.0 Crude fibre (%) 17-33 

Neutral detergent fiber (% of DM) 41.4 Carbon:Nitrogen ratio 12-35 

Total carbon (% of DM) 33.2 - - 

Carbon:Nitrogen ratio 12.2 - - 

To detect urine deposition in the field, different methods have been around for a long time 

such as a human observer or camera monitoring (Móring et al., 2016; Nakano et al., 2020). 

However, these methods are becoming increasingly ingenious. For instance, the device 

developed and published by Betteridge et al. (2010) is a thermistor sensor that detects and 

logs each urination event of female sheep and cattle by continuously measuring ambient 

temperature below the ewe’s vulva. When urine passes over it, causing the temperature to 

rise to near body temperature, it stores the GPS location of the animal. Field validation 

showed 85 % and 78 % of sensor-detected urination events by sheep and cattle sensors, 

respectively, were seen by the observer. The limitation is the accuracy of the GPS to log 

urine deposits close to each other. Another example is the device tested by Misselbrook et 

al. (2016) where an automated urination sensor attached to the animal works in conjunction 

with a GPS unit. The sensor collects a subsample of urine while it measures the volume of 

each urination event and its location. The use of LiDAR technology to detect the difference in 

grass height between urine patches and the rest of the field has also been developed (Roten 

et al., 2017). These sensors were developed to assess the temporal and spatial distribution 

of the urine patches that represent hotspots from which losses of N may occur through NH3 

volatilisation, NO3
-
 leaching and N2O emissions with associated environment damage. 

Furthermore, model representation of the urine patch location, with a high N deposition to a 
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small spatial area is more important than assuming an even distribution of grazing N returns 

(i.e. urine and dung deposition) across the whole paddock (Hutchings et al., 2007). This 

means that scaling up based on estimates of mean values for urine patch N deposition may 

differ substantially from that which takes into account the variation in N concentration and 

volume per urination event and the possibility of urine patch overlap (Li et al., 2012).  

1.6 Challenges of up-scaling N2O emissions  

Spatial and temporal variability of N2O emissions have been studied for decades providing 

extensive empirical sets of N2O flux measurements over a range of scales from field and 

laboratory incubation studies under controlled conditions. However, current national 

estimates are still highly uncertain and up-scaling N2O budgets from plot to farm, landscape, 

national or global scales remains an unresolved challenge (Reay et al., 2012; Butterbach-

Bahl et al., 2013). The challenge arises from the fact that small areas and brief periods 

called ‘hotspots’ and ‘hot moments’ of emissions often account for the majority of the 

emissions (Groffman et al., 2009). While the understanding of direct and indirect N2O 

emissions processes has improved, the complex interaction of factors controlling emissions 

in the environment makes them difficult to quantify and model. To improve model 

performance for up-scaling N2O emissions, evaluations against in situ measurements are 

needed (Smith, 2017). 

The spatial pattern of N2O emissions at various scales is still unpredictable due to the 

presence of emission hotspots, which limit the development of statistically valid 

measurement programmes to determine emissions from the plot to the field or landscape 

scales. It is difficult to model the commonly recorded log-normal distribution of soil N2O 

fluxes (Chadwick et al., 2014). Hotspots of emissions have been recorded even on what 

could be deemed ‘uniform’ agricultural soils, for instance, ranging from 2 to 79,000 µg N2O-N 

m
−2

 h
−1

 within the same livestock farm in Scotland (Cowan et al., 2015) or with an uncertainty 

ranging from 53 to 273 % in a grass sward in the Netherlands (Velthof et al., 1996). To 

capture mean emission rates within 10 % of the true mean, a very large number of 

measurements have to be undertaken from 375 to 1240 locations (chambers of 20-cm 

diameter) within a cut-only sward (Velthof et al., 1996). However, the precise spatial patterns 

driving N2O emissions can be mapped, the measurement requirement is greatly reduced 

(Van Der Weerden et al., 2014).  

Temporal variability of N2O emissions holds its own modelling challenges. Temporal 

evolution of N2O emissions after mineral N fertilisation often follows a short sharp pulse, and 

is mainly driven by short term changes of emission drivers such as mineral N content or soil 

physical conditions. Consequently, fertiliser application and rainfall events that cause step 
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changes in mineral N content and soil wetness are often associated with emission pulses 

(Rowlings et al., 2015; Cowan et al., 2020b). 

Various ways have been developed to estimate or model the temporal evolution of N2O 

emissions to calculate annual cumulative emissions needed to estimate EF. The most 

commonly used interpolation methods between measurements are linear or trapezoidal 

regression (Krol et al., 2016). More recently Bayesian regression methods have been 

employed to calculate EFs and their associated uncertainties from events such as rainfall or 

fertiliser application (Levy et al., 2017; Myrgiotis et al., 2018; Cowan et al., 2019a). This 

method is efficient to estimate emissions in the case of a singular peak of emissions after an 

event such as a fertiliser application. However, in some cases, the emissions after an event 

follow the shape of a double peak with a first pulse of emissions then another peak of 

emissions days later (Köster et al., 2011; Severin et al., 2015). This pattern is still not fully 

understood and often is found when one or multiple emission drivers have been limited at 

the end of the first peak and favourable conditions appear at the start of the second peak. 

The double peak shaped emissions, the interactions between events and the interactions 

between drivers effects remain a major challenge for integrating N2O measurements and so 

for national inventory and N2O emissions modelling (Styles et al., 2018).  

The multiple scales of temporal and spatial variability of N2O emissions are highly variable 

when looking at EFs measured over various land types, climate and land management 

practices. For instance, when considering EFs from commonly used synthetic fertilisers over 

the UK, the EFs range from 0.02 to 3.8 % and follow a log-normal distribution (Cowan et al., 

2020a). The range of EFs reflects the challenges associated with modelling and up-scaling 

N2O emissions to the large scale from plot measurements.  

Most published N2O emission studies have used static chambers to quantify their emissions 

(Flechard et al., 2007). Measurements using chambers are ideal on a small spatial scale and 

where a homogenous treatment has been applied. But for excreta emissions these 

measurements have often been performed under controlled conditions or manually applied 

excreta instead of studying excreta emissions under natural field conditions (M. J. Bell et al., 

2016; Voglmeier et al., 2019). Additionally, due to the spatiotemporal heterogeneity of N2O 

fluxes from grazed grasslands, chambers alone are not ideal to estimate field-scale 

emissions (Cowan et al., 2015). Other methods of larger scale measurements have been 

used, such as eddy covariance (EC), fast-box or automated chambers (Flechard et al., 2007; 

Brümmer et al., 2017; Voglmeier et al., 2019). These measurement methods enable better 

integration of emissions estimation over larger scales. However, they are subject to certain 

assumptions which can be hard to meet in a grazed grassland such as a homogenous field, 

and flat surroundings. More research is still needed to reconcile the annual N2O estimations 

from the various methods (Wecking et al., 2020).  
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1.7 The role of remote sensing in up-scaling N2O 
emissions 

Mapping spatial patterns in agricultural land has become more common following the 

introduction of precision agriculture. Precision agriculture has only been practised 

commercially since the 1990’s (Mulla, 2013). It is based on management practices involving 

more efficient use of farm inputs (i.e. fertilisers, herbicides, seed, fuel, lime) by applying 

correct rates at the right location and at the right time. This contrasts with conventional 

farming practices that apply uniform applications of fertiliser, irrigation, etc., regardless of 

crop needs. With precision agriculture, fields are divided into management zones and each 

zone receives input rates based on the optimal potential of production and lowest 

environmental impact (Hedley, 2015). Precision agriculture includes technological advances 

such global positioning system (GPS), auto steer guidance systems (real time kinetic 

technology), fertiliser and sprayers controllers, robotics, real-time decision making based on 

sensor networks or remote sensing (Zhang and Kovacs, 2012; Basso et al., 2016; Barač and 

Petrović, 2018). Remote sensing refers to measurements of radiation reflected or emitted 

from land without physical contact. The data are used to create management zones that can 

be identified from satellites (Lehmann et al., 2017), airplanes (Mulla, 2013), unmanned aerial 

vehicles (UAV) (Maire et al., 2018; Corti et al., 2019), (Chapter 5), tractors with on-board 

sensors (Bates et al., 2017) or attached to mobile robots (Yaghoubi et al., 2013). The data 

collected can be used to estimate weed densities, crop height, leaf reflectance, soil moisture 

status or other properties essential for management decisions making. 

In the last two decades, remote sensing has begun an agricultural revolution where farming 

has become dependent on high quality spatial and temporal data analysis. The quality of 

remote sensing data has dramatically improved from Landsat data in 1972 with a resolution 

of 80 m to GeoEye launched in 2008 and WorldView in 2017 with a sub-meter resolution. 

The availability of data and frequency of recording data has also rapidly improved from 18 

days return visit frequency with Landsat to 1 day with WorldView. Finally, the type of data 

recorded has a wider range now with hyperspectral imaging from 400 to 2500 nm in 10 nm 

increments than when only four imagery bands were available. As the spatial, temporal and 

spectral resolution of satellite imagery has improved, the use of satellite data for precision 

agriculture became more suitable. However, some limitations emerged from the use of 

satellite image with the most reported being the cloud cover (Singh and Komodakis, 2018), 

but also digital number calibration to true surface reflectance, correcting for atmospheric 

interferences, off-nadir view angles, and geo-rectification (Mulla, 2013). 

In the case of N2O emission estimation, remote sensing based on satellite imagery has been 

recently used to help estimate the national GHG inventory via land use mapping (Tomlison 

et al., 2016) and to help estimate yield-scaled N2O emission from biomass estimation (Corti 
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et al., 2019). Remote sensing has been employed to study grassland systems but it has not 

been used specifically for direct measurements of N2O emissions due to technological 

limitations such as the weight of instrumentation (Ali et al., 2016). Indirect measurements of 

GHG emissions from remote sensing have been attempted but have to date been focussed 

on other GHGs other than N2O (Malaver et al., 2015).  

As technology advances, the popularity of using unmanned aircraft systems (UAS) in 

agriculture is increasing (Mogili and Deepak, 2018). UAS are aircraft intended to be 

operated remotely without a pilot on board. Different terms are used to describe them, 

including Remotely Operated Aircraft (ROA), Remotely Piloted Vehicles (RPV), Unmanned 

Aerial Vehicles (UAV), Remotely Piloted Aircraft Systems (RPAS), or drones, which is a term 

often used by the media (Mogili and Deepak, 2018). The International Civil Aviation 

Organisation (ICAO) preferentially uses RPAS and so, RPAS will be the term used in this 

document to refer to UAS, which are controlled by human pilots. According to the Civil 

Aviation Authority (CAA), an UAS is “Any aircraft operating or designed to operate 

autonomously or to be piloted remotely without a pilot on board and the equipment to control 

it remotely” (Civil Aviation Authority, 2019). Any UAS is capable of sustained flight by 

aerodynamic means, is remotely piloted, is reusable and is not classified as a guided 

weapon.  

With the aim of measuring, estimating or mitigating N2O emissions from grasslands, in recent 

years, some researchers have developed various methods using novel technologies. These 

applications focus on detecting heterogeneity in soil or vegetation changes to predict 

emission variability within the field or the landscape. Excreta patch detection is particularly of 

interest. Approaches to identify excreta patches include visual monitoring (White et al., 2001; 

Móring et al., 2016), automated recording using electrical conductivity of the soil for urine 

deposits, sensor on animals or optical sensor (Betteridge et al., 2010; Moir et al., 2011; 

Dennis et al., 2013; Misselbrook et al., 2016) or ground-based sensors (Quin et al., 2016). 

More recently, UAS technology, LiDAR, temperature sensors and satellite imagery have 

been used to indirectly map excreta deposits from livestock (using vegetation indices) (Roten 

et al., 2017; Maire et al., 2018; Jolly et al., 2019), (Chapter 5). However, remote sensing 

currently is not capable of measuring N2O emissions directly in contrast to CH4 or CO2 

sensors which have already been developed to be integrated with a RPAS (Berman et al., 

2012; Malaver et al., 2015). Such a setup also struggles to identify direct drivers of N2O 

emissions, but can be useful for measuring proxies such as urine patch distribution or soil 

moisture pattern (Hassan-Esfahani et al., 2014). Improvements to the methodology are 

essential as field conditions are often not the ideal conditions for measurement. There is a 

particularly important role for RPAS technology to be a potential technology to develop a 
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low-cost, automated and widely accessible method of mapping the excreta deposits and 

would be useful to researchers and industry. 

1.8 Project aims 

This thesis aims to answer the question: Can Remotely Piloted Aircraft Systems (RPAS) 

imagery and better temporal/spatial estimation of field properties variability, improve N2O 

emission estimation of grazed grassland at the field scale? 

The objectives of this PhD research programme were to: 

1. Explore the spatial and temporal variability of a grazed grassland field 

to improve our understanding of N2O emission variability, their drivers 

and their emission factors. 

 

2. Investigate the effect of overlapping urine deposition over just 

fertilised field on N2O emissions 

 

3. Test the viability of using RPAS imagery to map the excreta deposition, 

which are key components of the spatial variability of N2O emissions at 

the field scale. 

 

4. Develop an up-scaling method from patch/ plot to field scale using 

RPAS imagery to map nitrogen input to the field. 

 

5. Estimate N2O emissions at the field scale using the methods 

developed to investigate the spatial and temporal pattern of these 

emissions. 

The research carried out in this thesis was funded by a Walsh fellowship grant from 

Teagasc, Ireland (fellowship number 2014079) and contributed to the following projects: 

‘Manipulation and Integration of Nitrogen Emissions’ (‘MINE’, National Development Plan, 

through the Research Stimulus Fund, administered by the Department of Agriculture, Food 

and the Marine), ‘UK-China Virtual Joint Centre for Improved Nitrogen Agronomy’ (‘CINAg’, 

funded by BBSRC-Newton),’ Mitigating Agricultural Greenhouse Gas Emissions by improved 

pH management of soils’ (‘MAGGE-pH’, funded by EU FACCE ERA-GAS) Scotland’s 

Strategic Research Programme (RESAS 2.3.6).  

As detailed within this chapter, the study of N2O emissions at various scales is uncommon 

due to the complexity of measurements and of up-scaling the fluxes spatially and temporally 

to the field scale. The work presented in this thesis presents a novel approach to study the 

emissions at a different scale from the micro-scale of soil properties using precision 

agriculture tools (sampling and mapping) to the larger scale of the whole field using eddy 

covariance measurements of emissions and a COsmic ray Soil Moisture Observing System 

(COSMOS) to quantity soil water content. It is the first published work showing a time series 

of the N2O emissions from grazed grassland for an entire year (including multiple grazing 
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events) and for a whole field of 1.42 ha. Moreover, this work has explored novel ways to 

approach the GHG national inventory problem by the study of interactions between nitrogen 

sources which is not commonly included in the calculations. However, the different sources 

of nitrogen (i.e. urine, dung and fertiliser) are usually deposited/ spread at a similar time and 

on same locations within grazed grassland. The methods and results of the work presented 

here will help to better design N2O measurement including: better characterisation of the 

spatial heterogeneity of the field prior to and during the experiments; the development of 

tools for precision agriculture and GHG mitigation methods; and finally highlighting the 

importance of considering the whole area of influence of excreta deposition and not only the 

wetted area to better capture the entirety of the N2O emissions. The work also highlights the 

urgent requirement to study the effect on nitrogen losses of overlapping excreta deposition 

over time.  

1.9 Outline of thesis 

This thesis is divided into seven chapters. The first chapter provides an overview of the 

importance of nitrous oxide (N2O) as a greenhouse gas and the current difficulties 

encountered in the literature to measure and up-scale emissions at the field, national or 

global levels. Chapter two describes the methods and methodology used in the project which 

extends upon details provided in the later chapters. The following chapters, three, four, five 

and six, present and discuss the results of the experiments conducted, taking the shape of a 

compilation of related studies. Finally, chapter seven summarises the overall findings and 

provides recommendations for future research.  

Chapter 1: summarises background knowledge on the subject, identifies the gaps in the 

literature, and provides the reasoning and justification for the research 

conducted in this PhD thesis. 

Chapter 2: provides more details on the materials and methods used consistently across the 

experiments, as well as the set up procedures of the experiments. 

Chapter 3: explores the natural variability of soil pH and N2O drivers at the field-scale over a 

full year of grazing. High spatio-temporal variability has been observed 

highlighting the difficulty to link N2O with its drivers from grazed grasslands. 

Chapter 4: investigates the potential interactions between sources of nitrogen within grazed 

grasslands on N2O emissions. The interactions between urine deposits and 

synthetic fertilisers were found to be synergetic and dependent on the timing of 

N application. This chapter allowed the study of the seasonality of N2O 

emissions. 
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Chapter 5: is a proof of concept showing the potential use of remotely piloted aircraft 

systems (RPAS) to be deployed to detect urine depositions over sheep grazed 

fields. The method presented in this chapter is based on a pixel based image 

analysis algorithm (unsupervised K-means). Further development and analysis 

are also carried out to find the best colour channel or vegetation indices to use 

for detecting urine patches. 

Chapter 6: is a time series analysis of the impacts of grazing and fertiliser applications on a 

dairy cow grazed field over a full grazing year, in terms of total nitrogen applied 

and cumulative N2O emissions. RPAS imagery and complex image analysis 

algorithms (supervised nearest neighbour) were used to detect features such as 

dung depositions and urine grass patches from grazed grasslands, which in turn 

can be used to up-scale potential N2O emissions for a full year. 

Chapter 7: discusses the output from the studies in the earlier chapters and highlights areas 

of research that are effective or need further exploration. It also details the utility 

and applicability of methods developed in this thesis. This chapter provides a 

more detailed discussion of the validity of the assumptions and models used, 

and assesses the difficulties encountered during the experiments. This chapter 

investigates how this work can contribute to further developments in the future 

study of N2O emissions from sources such as grazed grasslands. 

Further work which was originally planned to be part of the thesis included eddy covariance 

measurements and a comparison of the footprint of the eddy covariance and the detection of 

urine and dung deposits. Delays in the set-up of the eddy covariance system prevented the 

collection of these measurements. However, this work is a topic of Rachael Murphy’s PhD 

project (Teagasc, Ireland). 
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Chapter 2 Materials and methods 

2.1 Experimental sites 

2.1.1 Field sites 

The work presented in this thesis focuses on measurements of N2O emissions from 

intensively managed grazed grasslands on two separate farms. In 2016, measurements 

were conducted in a rural area, 10 km south of Edinburgh at Easter Bush Farm Estate, 

Penicuik (Scotland). The site consists of two intensively-managed grassland fields of 

approximately 5 ha each, hereafter referred to as the “South” and “North” field (Figure 2-1). 

The fields are regularly grazed by ewes and lambs. In 2017, field measurements were made 

at the Teagasc Johnstown Castle Environmental Research Centre, 5.5 km southwest of 

Wexford town (Ireland), where lactating and non-lactating dairy cows grazed in a rotation 

system (Figure 2-1). In the centre of the field a grazing exclusion area was erected for 

dedicated experimental trials. In the following sections of this chapter an overview of the 

methods used to measure N2O fluxes and their environmental drivers are provided. 

 

Figure 2-1: a) Locations of study fields, b) Easter Bush, c) Johnstown Castle and in 

the table description of the site characteristics. Images source: Map Publisher with 

version 9.119.0.1. 2020. 09/09/2020, https://earth.google.com/ 

These field sites were chosen as there are typical intensively managed temperate 

grasslands, however, each site are grazed by ewes, lambs and dairy cows which are the 

main sources of greenhouse gas emissions from European agriculture sector. These sites 

were also selected because they are long-term research experiments sites and soil 
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description monitoring was available long before the start of this experiment which enable a 

more precise experimental design to be developed. Moreover, these sites are equipped with 

multiple long-term measurement instruments such as eddy covariance towers and have a 

weather station nearby enabling the continuous measurement of rainfall and temperature 

among other variables of interest. 

2.1.2 Field agronomic management 

The two experimental sites were intensively managed and grazed for more than 20 years 

and were part of various research experiments (Jones et al., 2005; Krol et al., 2016; Cowan 

et al., 2019b). A summary of the management in 2016 for the Easter Bush fields (North and 

South fields) and in 2017 for the Johnstown Castle field in Table 2-1 shows that the fields 

received a regular amendment of mineral nitrogen (N) fertiliser. On the Easter Bush fields, 

the grass was harvested for silage on the South field in July 2016, while the North field was 

grazed by sheep. The field at Johnstown Castle was strip grazed by cattle during the period 

of high grass production (August 2017). 

Table 2-1: Management of Easter Bush fields and of Johnstown Castle field (Plot 10) 

 

2.1.3 Soil mapping 

Prior to starting the measurements, the fields were mapped for soil pH, bulk density, the 

water-filled pore space (WFPS) and elevation (Figure 2-2). At Easter Bush, the fields were 

mapped by the precision farming company Soil Essentials. A sampling grid of 25 x 25 m was 

used. If any sectors were less than half this size, they were added to the next largest full 

sector but if sectors were larger than half the 25 x 25 m then it became a sector of its own 

and soil was sampled accordingly. The centre of each sector was logged using a GPS 

sensor, and then the sampler took a minimum of 12 cores of 10 cm deep around a 5 – 8 m 

perimeter circle, also taking one from the centre. This soil was mixed and a sub-sample was 

placed into a numbered pot for measuring pH (modified Morgan’s method) in the laboratory. 

The same method was used to map the soil properties in Ireland (October 2016), but without 

the intervention of Soil Essentials. Figure 2-2 shows the heterogeneous results for a range of 

variables sampling and shows the difference between fresh soil pH and surface soil pH 

measured with a portable surface pH meter (Seven2go Pro S8, Mettler Toledo, Columbus, 

Ohio, USA) at Johnstown Castle site. However, the surface soil pH was not measured at 

Easter Bush and instead soil bulk density was plotted in Figure 2-2.  

Week 1 2 3 4 1 2 3 4 1 2 3 4 1 2 3 4 1 2 3 4 1 2 3 4 1 2 3 4 1 2 3 4 1 2 3 4

Urea application (kg N ha
-1

) 69 69 50 35

Grass harvest for silage

Grazing period

Urea application (kg N ha-1) 69 69 50 35

Grazing period

CAN application (kg N ha
-1

) 35 30 30 30 30 30 25 21 30

Grazing period

Scotland

Plot 10Ireland

September October November

South field

North field

March April Mai June July August
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Figure 2-2: a) Johnstown Castle field fresh soil pH (10 cm deep core), b) Johnstown 

Castle field soil surface pH, c) Easter Bush fields fresh soil pH (10 cm deep core), d) 

Easter Bush fields soil bulk density (g cm
-3

) 

2.1.4 Meteorology and environment 

At both experimental sites, measurements of soil temperature (0.35 m depth), air 

temperature (1.8 m height) and rainfall (tipping bucket) were made and averaged every 30 

minutes. From 2015 onwards at Easter Bush site only, soil moisture (0 –30 cm) was also 

measured by a COsmic ray Soil Moisture Observing System (COSMOS, 

https://.cosmos.ceh.ac.uk/) which was deployed by the UK Soil Moisture Real-time 

Monitoring Network: COSMOS-UK, built and operated by the Centre for Ecology & 

Hydrology, funded by NERC (Fry et al., 2014). The Network aims to provide UK wide field 

scale soil moisture measurements. COSMOS is a non-invasive soil moisture measurement 

probe, providing hourly to daily values of soil moisture measurements and integrating these 

at the field scale (Zreda, 2012). The concept of COSMOS is based on measurements of 

neutrons from cosmic rays moderated by hydrogen atoms located in the soil water, and 

emitted to the atmosphere. The density of neutrons emitted is inversely correlated with soil 

moisture within the footprint of the probe (Shuttleworth et al., 2013). The COSMOS system 

provides mean soil moisture measurement over a diameter of nearly 600 m in dry air 

(Desilets and Zreda, 2013) but the footprint of the instrument has recently been updated by 

https://.cosmos.ceh.ac.uk/
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Kohli et al. (2015) to a radius ranging from 130 to 240 m and 15 to 83 cm soil depth 

depending on air humidity, soil moisture, and vegetation.  

During the data collection at the Easter Bush fields, the mean air temperature was higher 

than the long-term average (LTA), making 2016 the fifth warmest year in the UK from the 

beginning of temperature monitoring (Met Office, 2016). In 2016, the rainfall recorded by the 

weather station was measured as lower than the LTA with the exception of the month of 

June, where twice the LTA rainfall was recorded (Table 2-2). In 2017 at Johnstown Castle 

farm, the mean air temperature was similar to the LTA, with the exception of a slightly 

warmer spring than expected. However, rainfall was atypical compared to the LTA (Met 

Éireann, 2019). The month of April had three times less rain than the LTA for April and the 

soil became very dry with a field-scale water-filled pore space lower than 40 %. On the 

contrary, during June and September 2017, the soil was particularly wet due to twice the 

amount of rainfall compared to the LTA for these months (Table 2-2). 

Table 2-2: Monthly total rainfall (mm) and monthly mean air temperature (°C) during 
the year of data collection and the long-term average at both experimental sites. 
Sources: (Met Office, 2016; Met Éireann, 2019) 

 

2.1.5 Simulation of field urine deposits 

At the Johnstown Castle experimental site, the urine deposition from dairy cows was 

simulated within the grazing excluded experimental area to monitor the effect of urine 

deposition on soil properties, grass nutrient content and grass production. A urine patch is 

composed of a ‘wetted area’ (where urine is deposited) and an ‘effective area’ which 

includes both the wetted area and the peripheral area of influence which is affected by the 

urinary N, primarily via soil N diffusion and plant root extension (Figure 2-3), (Buckthought et 

al., 2016). 

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Year

Mean temperature 

(degrees Celsius)
2.8 3.1 4.9 6.9 9.7 12.4 14.3 14 11.6 8.2 5.1 2.7 8.0

Mean monthly 

total rainfall (mm)
100 73 74 59 65 76 80 80 83 106 92 91 980

Mean temperature 

(degrees Celsius)
4.7 5.2 6.8 7.7 11.5 13.5 13.8 13.8 12.0 10.9 5.5 4.3 9.2

Mean monthly 

total rainfall (mm)
28 61 59 7 30 193 69 84 79 67 46 57 780

Mean temperature 

(degrees Celsius)
6.5 6.3 7.5 8.8 11 13.6 15.5 15.7 14.2 12 9 7.4 10.6

Mean monthly 

total rainfall (mm)
88 71 69 59 56 55 50 72 75 109 101 101 906

Mean temperature 

(degrees Celsius)
6.6 6.8 8.2 9.1 12 14.2 15.2 14.5 13.1 12 7.6 6.2 10.4

Mean monthly 

total rainfall (mm)
64 70 79 18 68 125 60.2 75.2 161 65 72 108 963

Easter 

Bush, 

Scotland

30-year 

average (1981-

2010)

2016

Johnstown 

Castle, 

Ireland

30-year 

average (1981-

2010)

2017
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Figure 2-3: Aerial view description of typical urine patches formed after urine 
deposition composed of the wetted area and diffusional area together called the 
effective area 

Estimated N losses from simulated urine deposits is often undertaken using a variety of 

methods based on the application of urine over a small uniform wetted area which is 

frequently smaller than the typical livestock urine deposit area. However, natural patches 

follow non-uniform infiltration patterns, expanding from a point of deposit to the edges of the 

diffusional area (non-wetted). According to Forrestal et al. (2016), for simulating urine 

deposition it is essential to use a similar quantity of urine and N that an animal of interest 

would naturally deposit to allow natural infiltration to permit tapering toward the edges of the 

effective/wetted area. Then, measurements should be made from the diffusional area in 

addition to the wetted area as made during the experimentation presented in this thesis.  

An experiment was designed to simulate the potential impact of overlapping urine patches 

and changes of urine N content on grass and soil properties at four N application rates: 

control (no urine deposited), full dose (urine homogenised and collected from the dairy farm 

cows), 0.5 dose (urine mixed with deionised water at 1:2 ratio), 1.5 dose (urine mixed with 

urea diluted in deionised water to obtain a 1.5 dose of N in the liquid) (Table 2-3). Each dose 

was applied in the same volume of 1.5 L of liquid in order to avoid impacting the soil 

moisture content. The application of 1.5 L of liquid instead of the averaged 2.0 L of urine by 

urine event reported by Selbie et al. (2015) was made to avoid saturation of the chamber 

during application and to maintain continuity with the experiment of Krol et al. (2016). Each 

treatment was applied once per season (27/04/2017, 03/07/2017 and 02/10/2017) to the 

centre of the allocated square plot (1.04 m
2
), inside a chamber (0.4 x 0.4 m) set on top of the 

soil. The chamber contained the urine for the time of its infiltration into the soil and was then 

removed after 15 minutes to leave the urine lateral diffusion to proceed. During the whole 

experiment of 45 days, the soil and grass was regularly sampled in three different areas of 

each plot: zone A within 20 cm from the centre of the square (0.16 m
2
), zone B between 20 

cm and 60 cm from the centre (0.32 m
2
) and zone C between 60 cm and 100 cm from the 

centre (0.64 m
2
). Then, the soil and grass samples of each treatment and within each zone 

were analysed for nutrients and moisture content as well as grass yield (dried biomass 
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content). In addition to the final grass harvest at the end of the experiment, weekly grass 

samples were harvested in a 0.032 m
2
 area in each zone.  

Table 2-3: Urine loading (total nitrogen content of the solution used and the equivalent 
application rate considering the wetted area for the calculation) and volume applied 
during the urine patch simulation experiment at Johnstown Castle field 

 Spring Summer Autumn 

Volume (L) 1.5 1.5 1.5 

Total nitrogen 

content (mg N L
-1

) of 

the urine doses 

1.0 dose 6110 7252 7158 

0.5 dose 3057 3626 3579 

1.5 dose 8887 10878 10737 

Nitrogen application 

rate (kg N ha
-1

) 

1.0 dose 286 340 336 

0.5 dose 573 680 671 

1.5 dose 859 1020 1007 

2.2 N2O flux measurements 

N2O flux measurements are the key component of the questions explored within this thesis. 

Measurements of N2O in laboratory experiments, field plots or at larger field and ecosystem 

scales are the required foundation of any estimation and model used to predict 

anthropogenic and natural sourced N2O emissions. Flux measurements within a controlled 

environment or within field conditions are essential for monitoring the impact of human 

activities, although they are associated with various ranges of uncertainties. Improvements 

of N2O fluxes measurement methods have been key steps to today’s understanding of the N 

cycle, it is still to this day a priority as much more work has to be undertaken (Rees et al., 

2013; Foltz et al., 2019). However, N2O fluxes vary both spatially and temporally and it 

unavoidably increases the amount of work necessary to collect reliable measurements. 

2.2.1 Static chambers 

Most of the N2O flux measurements at the plot scale are undertaken using chambers 

(Chadwick et al., 2014). This method is based on the measurement of accumulated N2O 

within the headspace of a chamber covering a small area of soil (usually less than 1 m
2
). 

The chamber-based method is the preferred method to measure N2O emissions from small 

plots, for example in randomised plot designs (Rees et al., 2020).  

Since the first deployment of chamber techniques, almost 100 years ago by Lundegardh in 

1926 for measuring respiration rates, various methods have been developed. These include 

employed steady-state, non-steady state, flow-through or non-flow through designs 

(Rochette and Eriksen-Hamel, 2008). The most advanced attempt to develop a global 

standard experimental protocol is probably by De Klein and Harvey (2015) in association 
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with the Global Research Alliance (GRA) and updated later that year 

(https://globalresearchalliance.org/library/nitrous-oxide-chamber-methodology-guidelines-

2015/). The most used method in the literature is the non-flow through non-steady state 

chamber, also called the ‘static chamber’. The principle of this method is to collect 

headspace samples during a set period of time when the chamber is closed. The samples 

taken are returned to the laboratory in glass vials for N2O analysis by gas chromatography. 

The chamber measurement method has the main advantage that the concentration signal is 

amplified over the incubation time, so that smaller fluxes can be evaluated with a given low 

instrumental precision (Pedersen et al., 2010). Furthermore, with this method, a single small 

area of the ecosystem can be studied without interference from other sources and linked 

directly to the associated soil or weather conditions. 

2.2.1.1 Chamber design 

The difference in chamber design may affect the accuracy of N2O flux measurements 

(Parkin et al., 2012). Therefore, it is of great importance to limit the measurement errors 

carried from chamber measurement to larger up-scaling estimation. In the experiments 

reported in this thesis, a careful design was followed to optimise the measurement 

uncertainties. The limitations and solutions adopted can be found in Table 2-4 which was 

first presented by Rochette and Eriksen-Hamel (2008). 

Table 2-4: Issues and potential solutions of static chamber design adapted from 
Rochette and Eriksen-Hamel (2008) 

Variable/design Consequences Solutions 

Chamber base 

Perturbation of the soil and vegetation and 
perturbation of the soil resistance to gas 
exchange resulting in a change of N2O 

emissions 

Insert base several days in 
advance 

Without 
Insulation 

Increase energy exchange with the 
atmosphere and increase temperature 

variation 

Insulate the chamber with 
reflective material 

when it is very sunny 

Without vent 
tube

1
 

Potential pressure inside the chamber 
increases the uncertainty of N2O flux 

measurements 
Add a vent tube 

Calculate mean 
or cumulative 

fluxes 

Increased uncertainty in N2O fluxes 
between days of sampling 

Measure at high frequency, 
especially immediately 

after fertilisation 

Flux 
integration 

models 

Increased uncertainty of N2O 
measurements 

Non-linear model, testing 
zero flux, add temperature 

correction 
1
 Vent tubes were not installed in the design used in the experiments presented within this thesis 

The base chamber collars were inserted into the soil at 5 to 10 cm depth. Two slightly 

different chamber designs were used at the Easter Bush fields and the Johnstown Castle 

field (Figure 2-4). At Easter Bush fields, the chambers were cylindrical PVC collars (39.9 cm 

in diameter and 22.4 cm high) with a headspace of approximately 30.4 L. At the Johnstown 

https://globalresearchalliance.org/library/nitrous-oxide-chamber-methodology-guidelines-2015/
https://globalresearchalliance.org/library/nitrous-oxide-chamber-methodology-guidelines-2015/
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Castle field, the chambers were square stainless steel collars (0.4 x 0.4 m) with a headspace 

of approximately 21 L (Figure 2-4). Each individual chamber headspace was measured after 

installation and volume of the vegetation inside the chambers were estimated to be 

negligible at less than 0.03 % of the total chamber volume. The two designs respected the 

GRA guidelines on optimised chamber flux measurements (De Klein and Harvey, 2015). For 

instance, the designs used in this project had an area to perimeter ratio of ≥10 and a 

temperature correction on the volume of the chamber calculation was applied based on the 

perfect gas law are required (Rochette and Hutchinson, 2005). 

 

Figure 2-4: Chamber designs deployed at the two experimental sites: A) at Johnstown 
Castle field and B) at the Easter Bush fields 

2.2.1.2 Headspace N2O concentrations 

During each sampling event, gas samples were collected between 11 am and 1 pm through 

a septum at the chamber top at Johnstown Castle, whereas at Easter Bush samples were 

collected from a silicon sample tube (4 mm diameter) fitted with a 3 port lock tap. At 

Johnstown Castle, sampling was conducted at 0, 15, 30 and 45 minutes from chamber 

closure, whereas at Easter Bush gas samples were collected at 0, 20, 40 and 60 minutes 

after chamber closure. The longer time between consecutive sampling per chamber at 

Easter Bush was necessary due to the greater distance to walk between chambers. 

Chambers were sampled approximately one hour after treatment application, then daily for 

the first week, every second day for the next two weeks, and then every third day for the 

remaining experimental period of minimum 40 days. At Easter Bush a double needle 

headspace sampling approach was used, flushing a volume of 100 ml of chamber air 

through a 20 ml glass vial sealed with a crimp-capped rubber plug. Samples were analysed 

using a gas chromatograph (7890B GC system, Agilent Technologies, UK) with a limit of 

detection of 7 ppb (Drewer et al., 2017). At Johnstown Castle samples were injected into 

pre-evacuated 7 mL screw-cap septum glass vials, and analysed in the laboratory using a 

gas chromatograph (Varian CP-3800, Varian Inc., Switzerland) with a limit of quantification of 

0.05 ppmv (Minet et al., 2018). Both GCs were fitted with an electron capture detector using 

high-purity helium as a carrier gas at Easter Bush and dinitrogen (N₂) in Johnstown Castle. 

The samples were automatically processed using autosamplers (7697A Headspace 

Autosampler, Agilent Technologies, UK and a CombiPal CTC Analytics, Zwingen, 

Switzerland). Areas under N2O peaks were integrated using the OpenLAB CDS 
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ChemStation software Agilent Technologies at Easter Bush and the software Star 

Chromatography Workstation, Varian at Johnstown Castle. Carbon dioxide (CO2) and 

methane (CH4) concentrations were measured in parallel with the N2O concentrations using 

a flame ionisation detector (FID) for CH4 and an attached methaniser for CO2, allowing the 

analysis of the three gases at the same time from the same sample. All fluxes results were 

calculated from instrument responses to calibration mixture standards. At Easter Bush a set 

of four certified standard (BOC Special Gases, UK) 199.5-1975 ppb N2O, 1.26- 101.1 CH4 

and 200-4941 ppm CO2 were used. At Johnstown Castle, the calibration used a set of five 

standards of 0.2–100 ppm N2O, 1.2–30 ppm CH4
 
and 300–7500 ppm CO2 at Johnstown 

Castle. Storage experiments were conducted to estimate the effect of gas samples storage. 

Moreover, calibration samples were stored with the samples and analysed within the same 

run of the GC and no storage effect was observed (n = 128 for the standard group and n = 

864 for sample group, Levene’s test of variances, p-value= 0.68 and a p-value greater than 

0.05 indicates that there is no significant difference between the group variances). 

Gas chromatography is based on the separation of compounds in a gas mixture (i.e. air). 

Compounds are separated by travelling through a column packed with unreactive polymers 

specific to the separation of the gases of interest. The travelling time and separation depend 

on the molecular size or dipole behaviour of each specific component. The different delay 

times can be used to split the mixed gas sample into its individual components, the 

concentration of which can then be evaluated. The electron capture detector (ECD) is used 

for N2O and detects molecules that have an affinity with free electrons. The GC can measure 

N2O concentrations below ambient concentrations of about 310 ppb range. The accuracy 

depends on how the GC is operated but can be as low as 0.2 ppb (Hensen et al., 2013). For 

each sequence of gas samples from a chamber, the flux was calculated as in Equation 2-1. 

 
F = Flux (nmol. m−2. s−1) =

dC

dt0

∗  
ρV

A
 Equation 2-1 

Where F is the gas flux from the soil, dC/dt0 is the initial rate of change in concentration in 

nmol.mol
-1

.s
-1

 calculated using linear and non-linear asymptotic regression methods (Levy et 

al., 2011), ρ is the density of air in mol.m
-3

, V is the volume of the chamber in m
3
 and A is the 

ground area enclosed by the chamber in m
2
. 

2.2.2 Hutchinson and Mosier model vs linear regression for 
flux calculation 

The technique used in the thesis to estimate fluxes using the chamber method allows the 

consideration of a non-linear increase in N2O concentrations. The linear interpolation 

approach (the most commonly used practice) has been shown to underestimate flux values 

when using chamber methods (Hutchinson and Mosier, 1981). In one analysis of almost 

1000 flux measurements from six sites in the UK, the choice of the model for calculating the 
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flux was the largest source of uncertainty (Levy et al., 2011). The non-linearity of the fluxes 

may occur due to a possible reduction of the gas concentration gradient at the soil-

atmosphere interface, horizontal diffusion beyond the chamber wall or possible chamber 

leaks (Chadwick et al., 2014). However, numerous measurements reported in the literature 

indicated that the N2O concentration in the chamber headspace increased linearly with time. 

Moreover, Clayton et al. (1997) found significant linearity in chambers with the largest fluxes, 

which are typically the most influential in calculating final emission estimates. Recently, 

techniques have been developed to limit the bias associated with the linear assumption of 

gas concentration over time. For instance, Pedersen et al. (2010) designed a revised 

Hutchinson/Mosier (HMR) model which was added to the list of other techniques such as the 

Quad method and the NDFE model. The HMR method has been transferred into an add-on 

package for the R software (R Development Core Team, 2019) called ‘RCflux’ (Levy et al., 

2011) which allows quick and easy determination of the optimal model to use for each gas 

sequence. Similarly, all fluxes calculated in this study during 2016 in Easter Bush fields (n = 

762 for each gas) were calculated using the ‘RCflux’ package in R. The resultant selection of 

59.7 % of N2O fluxes using HMR method (using HMR regression instead of linear when 

linear was judged not optimal) accounted for an increase of 39.1 % of the fluxes calculated 

compared to N2O fluxes calculated using linear regression only (Figure 2-5 and Table 2-5). 

Table 2-5: Results of HMR vs linear regression for the entire gas dataset collected in 
Scotland showing the number of samples, the number of gas series selected as 
having a better fit with HMR model, the percentage of increase using HMR model 
compared to linear regression for N2O, CO2 and CH4 fluxes from Easter Bush fields 

Gas N2O CO2 CH4 

Number of samples 762 762 762 

Selected as HMR fit (%) 59.7 35.2 61.4 

Fluxes increase (%) 39.1 29.7 56.2 
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Figure 2-5: HMR vs linear fluxes for N2O, CO2, CH4 from Easter Bush fields measured 
in 2016. The line is a 1:1 line; r-squared value results from a linear regression forced 
through the origin. 

2.2.3 Eddy covariance 

Between the two Easter Bush fields in Scotland, N2O fluxes were measured by a closed-path 

eddy covariance system from March 2016 onwards. An ultrasonic anemometer (WindMaster 

Pro 3-axis, Gill, Lymington UK) was used in parallel with the gas analyser to measure the 3D 

components of wind at 20 Hz. N2O, CO and H2O mixing ratios were measured and the inlet 

line of ¼’ Dekabon Synflex tubing measured approximately 14 m in length. The EddyPro (Li-

Cor, Lincoln, NE, USA) software was used to calculate fluxes from the covariance between 

gas mixing ratio and vertical wind speed, which were then plotted and analysed using R (R 

Development Core Team, 2019). The fluxes were calculated for every half-hour to account 

for the transport of larger eddies across the terrain. More precisely, the method is based on 

the vertical atmospheric transport of air by turbulent eddies. The 3D wind vector created by 

the sonic data can be used in conjunction with gas concentrations measured by the quantum 

cascade laser (QCL) gas analyser (CW-QC-TILDAS-76-CS, Aerodyne Research Inc., 

Billerica, MA, USA) to calculate fluxes from an area of the field determined by wind speed 

and direction. This technique is widely used for H2O and CO2 for ecosystem-scale 

measurements over flat homogeneous canopies, and more recently also for N2O. The flux 

tower measurements require certain meteorological conditions, and then numerous 

corrections before the data can be considered as reliable. These corrections can be applied 

uniformly over the dataset using the software EddyPro. The major assumptions of the eddy 

covariance method (Burba and Anderson, 2010) are: 

- Measurements at a point can represent an upwind area 

- Measurements are done inside the boundary layer of interest 

- Fetch/footprint is adequate - fluxes are measured only at the area of interest 

- Flux is fully turbulent - most of the net vertical transfer is done by eddies 
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- The terrain is horizontal and uniform: the mean of fluctuations is zero; air density 

fluctuations, flow convergence & divergence are negligible 

- Instruments can detect very small changes at very high frequency  

These assumptions were not met over the whole measurement period in this study and 

some data had to be removed (as is normal practice for all eddy covariance sites). Although 

eddy covariance measurements are at high frequency, with typically concentrations 

averaged every 30 min., they are not gap free. The data are assessed for quality and some 

need to be removed, for instance, for low wind speeds and for wrong wind directions (i.e. 

cause by buildings, trees) (Moncrieff et al., 1997; Kljun et al., 2004). Removal of missing 

data is still challenging for N2O studies using eddy covariance, despite the high temporal rate 

of measurements (Mishurov and Kiely, 2011; Zhao and Huang, 2015). A gap-filling model 

was required for the interpolation of missing data points to estimate cumulative emissions 

over the whole period considered. However, due to the limited literature on the validation of 

process-based models for N2O fluxes on which to base prediction, a custom method was 

applied. N2O fluxes from the EC were gap filled using a smoothing approach via a general 

additive model (GAM) method implemented using the ‘mpgv’ package in R software (R 

Development Core Team, 2019). The method accounted for temporal patterns and nonlinear 

responses to environmental variables and is presented in more detail in Cowan et al. 

(2020b). Nevertheless, a combination of static chamber within an experiment plot and eddy 

covariance flux measurements represents both the fine spatial data needed to study N2O 

production processes, and the wider field-scale fluxes required for up-scaling if the 

heterogeneity of the field is captured (Levy et al., 2020). 

In summary, this method integrates N2O fluxes at the field scale and in many ways is 

superior by providing more accurate estimates of the N2O flux than chambers alone. 

However for investigating different treatments, as is the case in this study, or working in 

remote areas, chambers would be the only option. Currently flux measurements made using 

chamber techniques are still dominant (Kroon et al., 2007; Butterbach-Bahl et al., 2013; 

Cowan, 2014). 

2.2.4 N2O measurement uncertainties and data distribution 

Uncertainties in N2O measurements can be complex to assess as these can arise spatially 

and temporally from the fluxes measured during field trials. Additionally, uncertainties of 

cumulative fluxes (i.e. the EFs used in inventories) are distinct from the uncertainties from 

the interpolation between field sampling points. To add to the complexity of the situation, the 

different uncertainties generally have to account for log-normal distributions of data, with a 

high probability of small fluxes and a low probability of very high fluxes (Levy et al., 2017; 

Cowan et al., 2020a). The log-normal distribution of the N2O data (both in space and time 
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and between fertiliser events) requires a robust data sampling design to ensure the 

appropriate representability of the measured fluxes as well as taking into account the 

potential for high fluxes. The high fluxes are real but may dominate small sample sizes, and 

may have a large influence on the total annual flux estimates. Two different experimental 

design were deployed in this thesis. In the approach applied in Scotland, the experimental 

field trial was based on static chambers located strategically to cover the whole range of 

replicated soil properties occurring within the two fields (considering soil pH, WFPS and soil 

bulk density). In the approach used in Ireland, a separate section of the field, where grazing 

was excluded, was allocated to gas, soil and grass sampling in a randomised-block design 

with at least five replicates, to reduce the sampling time constraint which allowed higher 

sampling frequency than the experimental design in Scotland. To up-scale the 

measurements to the field, the heterogeneity of the field was estimated using remote 

sensing imagery via the detection of excreta deposits over the entire field. 

CO2 fluxes were measured in tandem with N2O. CO2 respiration rates, from the soil and 

vegetation, were used in this study to quality check static chambers for leaks or non-linear 

responses (De Klein and Harvey, 2015). As CO2 accumulation inside the chambers is in 

theory linear, any changes of the linearity of the fluxes (above reasonable expectations) can 

be attributed to a malfunction of the chamber and the N2O fluxes were then discarded. 

Storage experiments were conducted to estimate the effect of gas samples storage. 

Moreover, samples of calibration standards were stored within the same storage box as the 

gas samples and analysed within the same run. 

2.3 Soil and grass sampling 

2.3.1 Soil sampling 

It is of key importance to analyse the soil for its physical and chemical properties in order to 

understand and model the drivers that influence N2O emissions emitted by soil 

microorganisms. Soil sampling protocols were developed and optimised over the last 

century of experimentation. Taking soil samples from within the flux chamber can disturb the 

soil structure and chemistry, with potentially large impacts on the resulting N2O emissions 

measured (De Klein and Harvey, 2015). In a typical experiment (such as in this thesis), each 

chamber in a fixed position would be sampled more than 45 times over the course of a study 

and each time three soil cores are taken. For this reason, in the Easter Bush fields, soil 

samples were collected in the close vicinity of the chamber, less than 10 cm away from it. In 

Ireland, the soil was sampled in an allocated area (less than 5 m away from the chambers) 

where similar treatments were applied at the same time as within the chambers, to be 

representative. The soil was sampled from the 0 to 7 cm depth using a 2 cm wide corer and 

stored in closed plastic bags at 4-5°C before same-day analysis in Ireland while in Scotland 
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soil samples (0-8 cm depth) were frozen (-18 ˚C) to allow laboratory analysis to take place 

outside the busy field measurement period during winter. 

Soil temperature, soil moisture content and electrical conductivity were measured on-site 

using handheld probes which were inserted into the soil inside the gas chambers to a depth 

of approximately 7 cm or in allocated areas of the experimental trials (Hydrosense II 

Campbell Scientific, USA at Johnstown Castle and the Theta probe ML2x with WET-2 

sensor, Delta-T, Cambridge, UK at Easter Bush). Measurements using the handheld probes 

were replicated three times and averaged.  

2.3.2 Laboratory analysis 

2.3.2.1 Soil pH and moisture 

For the Easter Bush site, soil moisture and soil pH (section 2.3.4) was measured by 

collecting soil from the top 8 cm of the sward. In the laboratory, 10 g of field moist soil was 

mixed with 20 mL of deionised water. The mixture was shaken and left for 60 min, before 

measuring the pH (pH meter MP220, Mettler Toledo, Columbus, Ohio, USA). The soil 

moisture is frequently expressed as the water-filled pore space (WFPS), which takes into 

consideration the bulk density and particle density of the soil. WFPS was calculated from the 

bulk density soil samples as described in Rowell (Rowell, 1994) (Equation 2-2). The bulk 

density was measured by pushing a stainless steel cylinder (7.4 cm diameter and 5 cm 

deep) into the soil and then the sample collected was dried at 105 
o
C over 24 hours and then 

weighed to obtain the dry soil matter occupying this volume.  

 
WFPS =

v𝑐𝑜𝑛𝑡 ∗ 100

1 − (
𝑟𝑏

𝑟𝑑
)

 Equation 2-2 

Where WFPS is the percentage of porous volume in the soil filled by water, Vcont is the 

volumetric water content of the soil, rd is the particle density of the soil (assumed as 2.65 g 

cm
-3

) (Rowell, 1994) and rb is the bulk density of the soil in g cm
-3

. 

2.3.2.2 KCl extraction for ammonium and nitrate analysis 

The procedures followed standard methods outlined in Rowell (Rowell, 1994). Soil mineral N 

components from defrosted soil samples were extracted using a 1 mol L
-1

 potassium chloride 

(KCl) solution. The soil samples were defrosted in a refrigerated room (5˚C) overnight prior 

to extraction. 50 mL of 1 M KCl was added to approximately 15 g of well mixed soil and 

placed onto an orbital shaker (Orbital Shaker SSL1, Stuart, Staffordshire, UK) for 60 

minutes. Then the samples were filtered through 2.5 µm Whatman filter papers and stored at 

-18 °C for later analysis. The concentrations of ammonium (NH4
+
) and nitrate (NO3

-
) were 

measured using SEAL (AQ2 discrete analyser, SEAL Analytical, USA). 
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For the samples collected at Johnstown Castle field, the procedures followed the 

conventions of the American Soil Society for soil analysis. Soil mineral N components were 

extracted using a 1 mol L
-1

 potassium chloride (KCl) solution, using sieved fresh soil samples 

(< 4mm). 100 mL of 1 M KCl was added to approximately 20 g of fresh soil and placed onto 

an orbital shaker (Orbital Shaker SSL1, Stuart, Staffordshire, UK) for 60 minutes. Then the 

concentrations of ammonium (NH4
+
) and nitrate (NO3

-
) were measured using an Aquakem 

600 Discrete Photometric Analyser (Thermo Fisher, US) within the next 48 hours.  

In both laboratories, blank samples with deionised water where used at each extraction and 

the results of the black samples were averaged and removed of the measurements 

(NH4
+
=0.06, NO3

-
=0.02, NO2

-
=-0.01 mg per kg of dry soil). To calculate the dry weight of the 

KCl extracted soil samples, sub-samples (20 g of fresh/frozen soil) were dried at 105 ̊C for 

24 hours. The gravimetric soil moisture content was used to calculate the dried mass of soil 

to correct the nutrient concentration of the soil using 

Gravimetric soil moisture content was used to calculate the dried mass of soil to correct the 

nutrient concentration of the soil using Equation 2-3. 

 
N =

C ×  V

m
 Equation 2-3 

Where N is the mass of nitrogen in the form of NH4
+
 or NO3

-
 in g per kg of soil, C is the 

concentration of NH4
+
 or NO3

- 
measured in the analysed KCl extract in mg L

-1
, V is the 

volume of the solution in which the soil sample was mixed with KCl in L, and m is the mass 

of dry soil mixed with the KCl solution in g calculated using the gravimetric water content. 

2.3.2.3 Dissolved organic carbon analysis 

At Easter Bush, dissolved organic carbon (DOC) concentrations in soil extracts were 

measured in deionised water (ratio: 15 g of soil and 75 ml water), shaken for 60 minutes, 

then filtered twice using Whatman filter (grade 40) and a 0.45 μm syringe-driven filter 

(Whatman) or using a vacuum filter system with 0.7 μm paper filter (GF/F, Whatman). The 

two filtration methods have been compared and were significantly proportional (n = 20, linear 

regression, r-squared=0.87). The method used is in accordance with the protocol advised by 

Jones and Willett, (2006). Samples remained in storage for less than 10 days after filtration 

in a refrigerated room (5 ̊C) before analysis using LABTOC (Laboratory Total Organic 

Carbon water analysis system from Pollution & Process Monitoring Company). This 

instrument has a detection range from 0.1-4000 mg L
-1

. 

At Johnstown Castle, DOC concentrations were measured within the following 48 hours from 

soil collection from the KCl soil extract (described in section 0) on an TOC Vcph with TN 

module TNM+1 (Shimadzu, Kyoto Japan) detection limit of 4 μg L
-1

. The same instrument 
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was used to determine the urine nitrogen content after collection, with the exception that 

before analysis, the urine was diluted with deionised water (1:500 ratio). 

Quality control of soil measurements is a difficult task due to the natural heterogeneity 

present in agricultural soils. In some cases, it is uncertain whether a particularly high or low 

outlier of soil properties is representative of the actual soil conditions. Replicate 

measurements and multiple soil cores samples were collected at each sampling time and the 

results were averaged to be used throughout this thesis. Furthermore, some samples were 

re-analysed when possible in the lab. For some of the instruments used, for instance, those 

that measure DOC content and the soil pH, multiple calibration curves were frequently 

applied from calibration procedures.  

2.3.2.4 Soil pH method comparison 

The soil pH was measured from the soil samples collected in Ireland sieved at 2 mm and 

dried at 40°C for four days. For the samples collected in Scotland, fresh soil defrosted 

overnight was subsampled without being dried beforehand. In both cases, soil pH (H2O) was 

measured using 10 g of soil mixed with 20 mL of deionised water with a pH meter (MP220, 

Mettler Toledo, Columbus, Ohio, USA). The main method used is based on a procedure 

developed by Rowell (Rowell, 1994) using a ratio of soil and deionised water (DI) of 1:2. The 

solution was shaken for one hour at 110 revolutions per minute. Then, the solution was left 

to stabilise for an hour prior to measurement. As well as the protocol applied during this 

project to measure soil pH, other standard procedures are advised by the American Soil 

Society (ISO, 2005; Miller and Kissel, 2010). Therefore, the protocol used was compared 

with these other standard procedures including calcium chloride (CaCl2) solution at 0.01 M 

and two dilution ratios 1:2 and 1:5. The CaCl2 and different dilution ratios are used when the 

level of salt in the soil solution may influence the measured soil pH (Miller and Kissel, 2010). 

The results showed a significant relationship between DI and CaCl2 procedures at ratio 1:2 

(r-squared of 0.84, n = 30) as well as for the two different ratios compared in CaCl2 solution 

(r-squared of 0.94, n = 30) (Figure 2-6). However, the relationship between ratio in DI water 

was less obvious and showed outliers (r-squared of 0.63, n = 30). Finally the comparison of 

the results from DI and CaCl2 solution at 1:5 ratio was also executively under the 

significance level (r-squared of 0.64, n = 30) (Figure 2-6). The variances of the pH measured 

with the four different methods were significantly similar (Levene's non-parametric test for 

homogeneity of variance, F-value = 0.35, p-value = 0.79). The method used for the whole 

thesis is measurement of soil pH in DEI at ratio 1:2 with 10 g of soil. 
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Figure 2-6: Comparison of the soil pH measured using four methods: in deionised 
water (DEI) and in CaCl2 solution at two ratios soil to solution of 1:2 and 1:5. Blue lines 
show linear regression between the variables, dashed grey lines represent the 1:1 
line. 

2.3.3 Grass sampling 

Grass samples were taken to measure their nutrient content and to estimate the grassland 

production. In the Easter Bush experiment, the grass was harvested according to normal 

farm practices in early and late spring and in mid-summer. Manual harvest from the 

chambers was done by cutting the entire area of the chamber at 2 - 3 cm from the soil level. 

The height of the grass within the gas chamber was measured to estimate biomass 

production at each gas sampling.  

At the site in Ireland, separate areas were dedicated for taking weekly grass samples to 

estimate the weekly changes in the nutrient level and weekly biomass production under the 

different treatments. Grass samples were weighed then stored in paper bags to be dried at 

70°C for four days then weighed to determine dry biomass and finally grounded before 

analysis of the total C and N content by elemental analysis with TruSpec Micro (LECO Corp., 

St. Joseph, MI, USA). 
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2.4 Remote sensing platform 

2.4.1 RPAS set-up 

In this project, remote sensing platforms were tested for surveying and identifying vegetation 

differences within grassland fields. To enable this, the remote sensing platform (the actual 

aircraft and the sensor package) was required to be: 

- relatively lightweight 

- easily deployable in the field 

- achievable with a limited budget 

- able to capture near-infrared (NIR) data as well as visual wavelengths red, green, 

blue (RGB, between 380 nm to 740 nm) to enable the use of a wider range of 

vegetation indices (Mirik et al., 2006; Rasmussen et al., 2016). 

In Scotland, the platform chosen was custom-built by Scotland's Rural College (SRUC), 

Edinburgh (by Simon Gibson-Poole), and comprised an eight motors multi-rotor system 

housed in a 1 m diameter Vulcan octocopter frame (VulcanUAV, Mitcheldean, UK) carrying a 

dual camera of two Canon A2200 point and shoot cameras (Canon, Tokyo, Japan). One of 

the cameras was un-modified, giving a RGB image, and the other was modified to sense 

near infra-red (NIR) wavelengths (Chapter 5, Maire et al. (2018)). The spectral sensitivity of 

the cameras was tested to identify their spectral characteristics (Berra et al., 2015). The set-

up used in Ireland was a Phantom 4 (DJI, Shenzhen, China) mounted with a standard RGB 

camera (1/2.3”, 12.4 M pixels). For some surveys, the Phantom 4 was mounted with a 

Sequoia multispectral sensor (Parrot Drones, Paris, France). 

2.4.2 Image collection and mission planning 

At the Easter Bush fields, the image collection over the South and North fields was made 

twice during 2016 to create a dataset to test the concept of using Remotely Piloted Aircraft 

System (RPAS) imagery to map urine patches from sheep grazing. For instance, on the 6
 

June 2016, four flights were operated at 35 m altitude above ground level. Mission Planner 

(ArduPilot development team and community) software was used to plan the flight path. 

The flight plan was programmed to fly at 2 m s
-1

 ensuring an image frontal overlap of 60 

% and image lateral overlap of 80 %. Such overlaps were used to optimise the process of 

image stitching.  

At the Johnstown field sites in Ireland, a DJI Phantom 4 was operated daily to weekly during 

the whole fieldwork period (April to November 2017). Every survey included, where possible, 

three flights at 35 m, 60 m and 100 m altitude above ground level (Table 2-6). Go app (DJI, 

China) software was used to plan the flight path. The flight plan was programmed 

ensuring an image frontal and lateral overlap of 80 %. 
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Table 2-6: Information on three flights operated in Johnstown Castle over the dairy 
grazed fields 

Flight Height (m) 35 60 100 

Overlapping frontal/lateral 80 % / 80 % 80 % / 80 % 80 % / 80 % 

Area surveyed (ha) 3.09 3.09 3.09 

Flight duration 16m 19s 7m 43s 4m 15s 

Number of images taken 316 114 35 

Total files size (GB) 1.57 0.57 0.17 

Precision (cm/pixel) 1.5 2.5 4.3 

Number of batteries 

needed 
2 < 1 < 1 

Distance travelled (km) 3.3 2.44 1.58 

Speed (m s
-1

) 3.5 6.1 10.1 

DJI Go App screenshot of 

the mission (blue circle is 

the potential take-off 

location) 

   

2.4.3 Image processing 

Images collected in Scotland were pre-processed using four software programs (Canon 

Hack Development Kit CHDK, ImageJ, DCRAW software, and PTlens software) to remove 

erroneous pixels, convert the image into a 16 bit TIFF file format, apply brightness, gamma, 

white balance and lens/edges distortion corrections before smoothing the images to further 

remove noise. After the corrections were applied, the TIFF files were processed using 

Agisoft Photoscan (Agisoft LLC), using high quality settings to produce a georeferenced 

orthomosaic (RGB and NIR) and a digital elevation model (DEM) (Figure 2-7). The resulting 

orthomosaics were orthorectified using ground control point (GCP). The GCP were located 

prior to the surveying using a Piksi real-time kinematic GPS (Swift Navigation, San 

Francisco, USA). 

The images collected in Ireland were pre-processed using the software Pix4D (Pix4D S.A, 

Prilly, Switzerland), and post surveying to assess visually the quality of the data collected. 

Then, the images were stitched together to create an orthomosaic and a digital surface 

model (DSM), which included vegetation and fences using Agisoft Photoscan (v1.2.0; Agisoft 
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LLC, St. Petersburg, Russia) (Figure 2-8). The highest image alignment options and high 

dense cloud settings with mild depth filtering were applied. The orthomosaic and DSM were 

created with a resolution of 1.37 cm
 
and 2.76 cm per pixel respectively. The location of the 

12 GCPs placed around and within the studied field was used to orthorectify the alignment of 

the stitched images. The GCP locations were recorded using a Trimble R8S GNSS Real-

Time Kinematic (RTK) GPS total station (Trimble Inc) with a maximum accuracy of 0.25 m 

+1 part per million (ppm) horizontally and 0.50 m +1 ppm vertically. 1 ppm means that for 

every kilometre the sensor goes away from the base, another 1 mm of error is added to the 

measurement. 

 
Figure 2-7: RBG orthomosaic (left) and digital elevation model (right) of both Easter 

Bush fields. Images captured the 6
th

 June 2016 process using Agisoft Photoscan 

Software 

For all images collected at each site, the orthomosaic and DEM or DSM were used to 

calculate Vegetation Indices (VIs). VIs are a combination of surface reflectance at multiple 

wavelengths to highlight a particular property of vegetation. VIs are commonly employed in 

image analysis from satellites (Hunt et al., 2010; Mulla, 2013). Various VIs were used in this 

project. For instance, the Normalised Difference Vegetation Index (NDVI) which is a ratio 

using red channel data and NIR reflectance to highlight photosynthesis (Equation 2-4), was 

used to identify urine potential deposits over sheep grazed fields (Chapter 5, Maire et al. 

(2018). 

 
NDVI =

NIR −  Red

NIR +  Red
 Equation 2-4 
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Figure 2-8: RBG orthomosaic (left) and digital surface model (right) of Johnstown 
Castle field. Images captured the 21th August 2017 and processed using Agisoft 
Photoscan software 

2.4.4 Image classification and excreta patch detection 

Image classification is the task of extracting information from images via allocating a 

category to each pixel or object of an image. To process an image at the object-level the first 

step is segmentation of the image. Segmentation is the process of partitioning an image into 

multiple segments (sets of pixels) via assigning a label to every pixel in an image such that 

pixels with the same label share certain characteristics. This process of classification can be 

automated using unsupervised or supervised methods. Unsupervised classification finds 

spectral classes or clusters in the image without the analyst’s intervention, whereas 

supervised classification requires spectral signatures obtained from training samples 

selected by the analyst. 

After pre-processing was performed, two different processes of classification were designed 

for this PhD project on the images collected with the RPAS platforms. The first procedure 

used open source software and was established on unsupervised pixel-based classification. 

The second was designed afterwards and used more advanced object-based algorithms for 

supervised classification. Both designs were developed to detect urine patches however the 

latter process, which was more advanced, was also able to detect dung deposits. They were 

designed on the fundamental assumption that urine deposits and dung deposits will create 

an excreta patch. An excreta patch (a.k.a. the effective area) is a region of the grassland 

sward where the influence of urine and dung deposits can be easily identifiable as an area of 
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tall, dense and dark green vegetation (Moir et al., 2011). The visual difference between 

grassland sward which has received excreta deposit (or is directly affected by it) and the rest 

of the sward is due to the rich nutrient content of the excreta which enhance the vegetation 

growth and change the foliage colour by an increase in nitrogen availability. 

The first image process design was inspired by the work of Samuel Dennis and his team in 

New Zealand (Dennis et al., 2013) and was undertaken in collaboration with Dr Simon 

Gibson-Poole, SRUC. The NDVI layers created during the pre-processing phase were 

imported into R software (R Development Core Team, 2019). Then, using the package 

“EBImage”, each section of 15 x 15 m of the layer was segmented using a K-means 

algorithm (Jain, 2010). This algorithm was chosen as the most efficient algorithm in terms of 

quality of the results, the speed of the task, the required computer specifications, and is 

commonly used among the developer community especially for satellite imagery analysis. 

The custom script written for this project was made open access in 2019 (Appendix A). 

To increase the number of images or the size of the image that can be classified at the same 

time and add more features to be detected to the classification, a second method was 

developed using the object-based image analysis (OBIA) software eCognition Developer 

(v9.3.1; Trimble, Munich, Germany). The analysis was performed to detect: i) urine patches 

(i.e. visible consequences of urine deposition on grass growth, such as greener, darker and 

taller grass), ii) dung deposit, iii) untouched areas in the field (i.e. areas with no visible 

enhanced grass growth or dung deposits). After pre-processing of the images to obtain the 

DSM and orthomosaic for each survey, the entire field area was segmented into individual 

image objects using eCognition’s multiresolution segmentation algorithm. Then, the 

classification was conducted using a Nearest Neighbour (NN) algorithm (Trimble Germany 

GmbH, 2013). The NN method is a supervised classification that is trained by using a set of 

samples and based on the calculated membership values of each object according to the 

distance in the feature space. The slope of the membership function is a combination of 

fuzzy functions (Benz et al., 2004). The spectral attributes considered as predictor variables 

for the classification included the object’s mean RGB values, brightness and skewness for 

each band, and colour indices. The geometric attributes considered were the object area, 

shape index, compactness and roundness. The classification accuracy assessment was set 

to unsure the best detection possible using the calculation of the kappa coefficient (Equation 

2-5) (Ramezan et al., 2019). 

 
𝐾𝑎𝑝𝑝𝑎 𝑐𝑜𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑡 (%) =  

Pr(𝑎) − Pr (𝑒)

𝑛 − Pr (𝑒)
 Equation 2-5 

A description of the process used on the data collected in Scotland is available in Figure 2-9 

while the process employed on the data collected in Ireland is described in Figure 2-10. 



Chapter 2 Materials and methods 

51 

 

Figure 2-9: Visualisation of the images processing undertaken for surveys collected in 
Scotland over sheep grazed field as a proof of concept 

 

 

Figure 2-10: Visualisation of the images processing undertaken for surveys collected 
in Ireland over dairy grazed field 
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A custom model written in R software was applied to the data extracted from 12 surveys 

collected in Ireland to estimate and map the annual N input to the field and the annual 

cumulative emissions with associated uncertainties. The model is able to account for the 

different N sources (fertiliser applications, urine and dung deposits) and the climate 

associated with the timing of the application (seasonal emissions). The N input or the 

emissions were allocated at a pixel base level for each survey post classification. Then the 

layers were summed by season or year and the errors associated with the estimations 

calculated using a Monte Carlo Chain.  

2.4.5 Solutions adopted for classification limitations 

Working with time series is a challenging task and one of the most critical tasks was to avoid 

counting urine or dung depositions twice over time, in other words detecting the same patch 

as a new one in the next survey. Firstly, the double-counting of dung deposits between 

surveys was very improbable as fresh dung (dark brown) is visually distinctive from old dung 

(dull white) even in the case of frequent surveys. To decrease the chance of miscounting, 

the survey used to detect dung deposits was always conducted immediately after grazing.  

Secondly, double counting of urine patches developing overtime after urine deposition was 

also of low probability. The urine patches changed rapidly becoming darker with time, which 

creates a distinctive visible difference between newly formed patches and older patches. 

However, during the summer period, the grazing is more frequent and a new class in the 

classification had to be used. A difference was then visible between old patches and new 

patches at the classification level with separate samples selected for the NN algorithm. 

Double-counting of dairy cow urine deposits was modelled from which it was estimated that 

less than 6.4 % of the patches would be overlapping between grazing (Moir et al., 2011). 

Finally, there was a high probability that a urine patch would be mistaken as a grass patch 

that had been formed by a deposited dung. To address this potential issue, which might 

result in substantial overestimation of the total emissions over a year, a solution was 

implemented based on the study of Dennis et al. (2013) where a buffer of 15 cm around 

dung deposited during the last two grazing events was considered as a dung patch and so 

not counted as a urine patch.  
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Chapter 3 The impact of soil pH on the spatial 
and temporal variability of nitrous 
oxide from grazed grasslands 

Summary 

Nitrous oxide (N2O) is a potent greenhouse gas (GHG) produced at a global scale, primarily 

as a result of microbial processes in fertile agricultural soils. The overall contribution to 

emissions from heterogeneous land use sources such as grazed grasslands is highly 

uncertain, especially when estimating national or global scale GHG inventories. The spatial 

and temporal heterogeneity of N2O production from a grassland sward is mainly due to i) the 

variability of the soil conditions which drives microbial processes, and ii) the random 

deposition of highly concentrated nitrogen source materials such as excreta from livestock 

and synthetic or organic nitrogen fertiliser applications. This study focused on the drivers of 

N2O emissions within two intensively managed fields grazed by ewes and lambs in a 

temperate climate. The goal of the study was to up-scale the N2O fluxes from static chamber 

measurements to the field scale, focusing on soil pH in particular, with the aid of precision 

agriculture tools. The unexpected results of an inherent high spatial and temporal variability 

of the soil pH at a fine scale within the fields resulted in very uncertain relationships between 

soil properties and measured fluxes. This uncertainty prevented the reliable up-scaling of 

fluxes. The emission factors measured from the application of urea fertiliser at three 

occasions during the year ranged from 0.72 to 2.10 %. The variability in individual flux 

measurements seemed to have been driven by the excreta depositions from the livestock. 

This study suggested that the influence of the timing of application is important when 

carrying out similar investigative work. Finally, this study revealed the limitations of using 

static chambers to study a heterogeneous field. A key finding was that a limited number of 

sporadic point measurements of both N2O and soil properties are not able to reliably 

determine relationships or up-scale emissions from grazed fields. 

 

Work presented in this chapter is based on the manuscript to be submitted to a peer 

reviewed journal with the authors list as: J. Maire, N. Cowan, C. McNeill, P. Levy, R.M. Rees, 

G. Lanigan, K Richards, D. Reay, U. Skiba 

Author Contributions: JM, US, and NC designed the experiment, JM and MP conducted the 

experiment and analysed the samples in the laboratories. JM with the help of NC and PL 

analysed statistically the results. JM wrote the article with the contributions from all co-

authors.  
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3.1 Introduction 

Nitrous oxide (N2O) is the third most important greenhouse gas in terms of global warming 

potential (GWP) and plays a significant role in the destruction of stratospheric ozone. It is 

mainly produced by microbial transformations of reactive nitrogen (N) which is supplied in 

the form of fertilisers and manures in agricultural systems (Reay et al., 2012). The production 

of N2O in soil is part of the natural N cycle and occurs principally as a result of two 

processes: i) nitrification, the oxidation of ammonium (NH4
+
) to nitrate (NO3

-
) and ii) 

denitrification, the anaerobic reduction of NO3
-
 to gaseous forms of N. Both processes are 

controlled by redox potential, substrate availability and temperature and so indirectly depend 

on soil pH and soil water content (Braker and Conrad, 2011; Butterbach-Bahl et al., 2013; 

Smith, 2017).  

Soil acidification (i.e. decrease in pH) has drawn major attention from the scientific 

community and policy-makers due to its negative influence on soil quality, soil heavy metal 

availability, crop yield, plant species richness, carbon (C) sequestration and N losses to the 

environment (Tian and Niu, 2015). The long-term intensive use of N fertilisers, N deposition 

and manure deposition on agricultural land are the main causes of soil acidification in 

agricultural ecosystems (Cai et al., 2015; Tian and Niu, 2015). Various management 

practices have already been designed such as liming (i.e. application of lime) to rebalance 

the pH of acidic soil. In addition to the positive effect on C sequestration and yield 

improvement, changing soil pH may be a potential mitigation practice to reduce N2O 

emissions from agricultural land (Goulding, 2016; Russenes et al., 2016; Wang et al., 2016; 

Hénault et al., 2019). It is accepted in the research community that soil with acidic conditions 

(lower pH) tends to have a higher N2O:N2 emission ratio while decreasing total N2O and N2 

emissions (Giles et al., 2012). Additionally it is accepted that to reduce N2O emissions, a 

neutral to slightly alkaline soil is advised (Bakken et al., 2012; Giles et al., 2017). However, 

the effects of changing soil pH on N2O emissions are complex and not well understood for 

grazed grassland environments (Butterbach-Bahl et al., 2013; Liu et al., 2018). 

Soil pH is generally considered as a stable property in soils with a high buffer capacity 

(Robson and Foy, 1990). However, grazed grasslands have been shown to have high spatial 

heterogeneity of soil pH and some studies have shown temporal variability in soil pH 

(Russenes et al., 2016; Zhang et al., 2018). This variability can be expected to be greater in 

grazed grasslands than croplands due to the effects of grazing on soil pH including 

compaction and excreta depositions (Haynes and Williams, 1992; Van Groenigen et al., 

2005). Moreover, pastures are more likely to be on steep land (≥ 15 % slope) or uneven 

ground as well as on imperfectly drained soils because the better land is often used for 

arable crops instead of grasslands (Qi et al., 2018). Furthermore, grasslands are less often 

ploughed than croplands reducing the opportunity to homogenise the texture and structure of 
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the soil. These factors contribute to the higher variability of soil pH on pasture than cropland 

which needs to be taken into account when measuring or predicting N2O emissions. 

Previous studies have demonstrated contradictory results when measuring N2O emissions 

after adjusting soil pH (Clough et al., 2004; Herold et al., 2012; Kunhikrishnan et al., 2016). 

These studies were mainly focused on the effect of lime application on N2O emissions and 

some have shown that lime application to acidic soils can increase the total available soil 

mineral N content which can enhance N2O production from the microbial community while 

other articles have shown that the effect of raising pH of acid soils was to reduce N2O 

emissions. Baggs et al. (2010) demonstrated a difference between the short-term and long-

term effect of liming on N2O emissions with a potential increase in N2O emissions in the 

short-term. It has also been shown that raising soil pH from 5 to 6 units can increase N2O 

emissions through nitrification (Feng et al., 2003). By contrast, when soil pH decreases, 

denitrification releases more N2O and the ratio N2O:N2 is increased (Šimek and Cooper, 

2002).  

With regard to grazed grassland, the two main microbial processes producing N2O can occur 

simultaneously (Davidson, 1991; Kremen et al., 2005; Congreves et al., 2019). Where a 

heterogeneous input of C and N from excreta deposits is applied regularly to the soil it 

makes it difficult to link the reduction of N2O emissions to changes in pH. This study was 

designed to investigate the link between N2O emissions and soil conditions including pH. As 

soil pH is not the only driver of N2O emissions, other soil properties such as water-filled pore 

space (WFPS), dissolved organic carbon (DOC), available nitrogen, rainfall and temperature 

were measured and added to the predictive model of N2O emissions in combination with soil 

pH. Several studies have reviewed the knowledge of factors driving N2O, for instance, Giles 

et al. (2012), Butterbach-Bahl et al. (2013), Saggar et al. (2013) and Regaert et al. (2015). 

The timescale at which these drivers influence N2O fluxes from soils varies within a wide 

range, from hours to decades. For instance, soil pH may have a long-term effect on microbial 

community structure which may influence N2O production rate while water content of the soil 

can have a direct and immediate effect on redox potential and nutrient availability which can 

enhance N2O emissions over short timescales (Davidson, 1991; Samad et al., 2016; 

Congreves et al., 2019). Moreover, soil pH is known to be spatially variable across a field, 

farm, and landscape, however, the temporal changes in soil pH are rarely considered in 

modelling of farming practices with the exception of the long-term acidification of the soil, 

some seasonal differences or the effect of an amendment such as liming (Russenes et al., 

2016). So, it raises the question of the impact of soil pH change over time on N2O emissions 

on grazed grassland. These emissions can be considered as daily emissions on the day of 

sampling or as the annual cumulative emissions often summarised by the N input as the 

Emission Factor (EF). N input and EFs are of use when estimating large scale emission 

budgets at the national or global scale. An EF is defined by the Intergovernmental Panel on 
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Climate Change (IPCC) as the amount of a particular gas emitted from a specific activity (i.e. 

fertiliser application, excreta deposition from livestock) (IPCC et al., 2006a) and is routinely 

used to report national greenhouse gas emissions inventories. Another means to estimate 

N2O emissions over large scales is to apply process-based to modelling detailed datasets 

that define the driving environmental parameters. Several models have been developed to 

predict N2O fluxes from soils such as DNDC (Li et al., 1992), ECOSYS (Grant et al., 1993), 

DAYCENT (Parton et al., 1998) and STICS (Brisson et al., 2003). Various research teams 

continue to develop new models or try to refine existing approaches, for instance based on 

the DNDC model (Gilhespy et al., 2014). The process-based models are split into two types: 

microbial growth models and soil structural models required for field experimentation to 

assess their quality and reduce the uncertainty associated with their results. However, even 

though our understanding of processes controlling N2O emissions has advanced remarkably, 

our ability to exploit this understanding in a modelling framework is still limited for grazed 

grassland (Butterbach-Bahl et al., 2013). 

Numerous projects, such as the Mitigating Agricultural Greenhouse Gas Emissions by 

improved pH management of soils (MAGGE-pH) project, have recently been funded to 

explore the mitigation potential of rebalancing soil pH on production, soil fertility and 

environmental impacts (https://www.eragas.eu/en/eragas/Research-projects/MAGGE-

pH.htm). This study was designed to help understand the importance of initial soil variability 

in terms of soil pH and N2O emissions before application of lime. This study was undertaken 

over two conventionally fertilised fields grazed by ewes and lambs over a full grazing 

season. A precise (25 m grid) soil pH map was prepared before experimentation and the pH 

at the location of each gas chamber was measured throughout the whole study period. Soil 

pH measurements were used to identify distinct areas of the field where pH was significantly 

different at the start of the experiment. At the end of the experiment, N2O fluxes were 

compared at each chamber location and with the initial soil pH. 

This study aims to provide an assessment of the potential link between soil pH and N2O 

emissions at the field scale. In order to clarify the relationship between soil pH and N2O 

emissions from grazed grasslands, this chapter attempts to answer the following questions: 

- Is the temporal and spatial variability of N2O in grazed grasslands explained 

by variations in soil properties and in particular soil pH? 

- Is soil pH a significant driver of change in N2O emissions? 

- Is the soil pH a significant driver underlying the difference in emissions from 

different nitrogen fertiliser applications? 

- Is managing soil pH over grazed grassland an effective N2O mitigation 

practice? 

https://www.eragas.eu/en/eragas/Research-projects/MAGGE-pH.htm
https://www.eragas.eu/en/eragas/Research-projects/MAGGE-pH.htm
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3.2 Materials and methods 

3.2.1 Easter Bush field site and meteorology 

This study was conducted from March 2016 to November 2016 over two 5 ha intensively 

managed grazed grasslands at the Easter Bush Estate located at approximately 10 km south 

of Edinburgh, 190 m above sea level (55°51’57.4“N 3°12’29.3”W) (Jones et al., 2017). The 

two adjacent fields were intensively grazed by sheep (ewes and lambs) at approximately 0.7 

livestock unit (LSU) per hectare for the last 20 years prior to the study. Lambs were present 

on the field from April to September 2016. In May 2016, the southern field was grown as 

silage and harvested in July before the sheep were returned to the field in August 2016. At 

all other times, both fields were managed similarly, accounting for the sheep grazing period 

and intensity as well as the fertiliser applications. During the period of study urea fertiliser 

(CO(NH2)2) was applied to both fields four times on the following dates 05.04.2016, 

13.06.2016, 26.07.2016 and 23.08.2016 at rates of 70 kg, 70 kg, 50 kg and 35 kg of N ha
-1

 

respectively, providing a total of 225 kg of N applied per hectare through the year. 

The underlying soil was an imperfectly drained Macmerry series, of the Rowanhill soil 

association (Eutric Cambisol, FAO classification). The top 30 cm had a pH (in H2O) of 5.1 

and a texture of approximately 53/26/20 % sand, silt and clay (Flechard et al., 2007). The 

main grass species was Italian ryegrass (Lolium perenne). The long-term mean annual 

rainfall (1981-2010) at this site is 980 mm and the mean daily temperature is 18.8  ̊C in 

summer (July) and 5.6  ̊C in winter (January) (Met Office, 2016). 

Measurements of meteorological data such as air/soil temperature, rainfall (tipping bucket) 

and soil moisture were conducted at the field site through the permanent meteorological 

station installed between the two fields, with measurements recorded every 30 min (Figure 

3-1). Moreover, a COsmic ray Soil Moisture Observing System (COSMOS) was used to 

measure the soil moisture over most of the North Easter Bush field (to a radius ranging from 

130 to 240 m and a depth of 15 to 83 cm depending on air humidity and vegetation). The 

concept of COSMOS is based on the measurements of neutrons from cosmic rays 

moderated by hydrogen atoms located in the soil water and emitted to the atmosphere. The 

density of neutrons then emitted is inversely correlated with soil moisture within the footprint 

of the probe (Shuttleworth et al., 2013). 
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Figure 3-1: (a) Daily mean air and soil temperatures measured at the weather station 
within the field. (b) Daily rainfall measured at the weather station and the soil moisture 
measured from the COSMOS and the weather station during the year of trial. Vertical 
black dashed lines represent fertiliser application events and red dashed vertical line 
marks the date when the South field was harvested. 

3.2.2 Experimental design and static chambers 
measurements 

An experiment was established during 2016 where gas and soil samples were taken from 

grazed grassland fields to establish a relationship between N2O fluxes and soil pH. Gas 

samples were collected to calculate fluxes using the static chamber method at 24 different 

locations within the two grasslands fields. To select the location of the gas chambers, soil pH 

was mapped in each of the two fields by a company called Soil Essentials 

(https://www.soilessentials.com/) (Figure 3-2). This company provides farmers with precision 

agriculture knowledge such as soil properties maps, allowing a better understanding of the 

crop nutrient requirements and the variability of important soil variables at a field scale. A 

sampling grid (25 m x 25 m) was generated and the centre of each grid polygon was logged 

(GPS) then the sampler walked a radius of 5-8 m circle formation to sample a minimum of 12 

cores and one in the middle. This soil was mixed before measuring the fresh pH (modified 

Morgan’s method), water-filled pore space and bulk density. Twelve locations were selected 

in each field to cover the range of soil pH, (Figure 3-2) and a single chamber was installed at 

https://www.soilessentials.com/
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each location. Three categories were created for the soil pH where ‘Low’ corresponds to pH 

less than 5.9, ‘Medium’ ranges from 5.9 to 6.2 and ‘High’ was greater than 6.2. A smaller 

number of locations were selected for the ‘Low’ category because each category was 

chosen based on soil pH but also within a range of soil moisture and soil bulk density values, 

while keeping a practical distance between them for sampling purposes (Table 3-1). The 

mean soil pH measured was 6.03 while the previously reported soil pH (measured without a 

grid methodology) is 5.1 (Flechard et al., 2007; Skiba et al., 2013). 

Table 3-1: Number of static chambers by soil pH category for each trial field 

Field Soil pH category Number of collar per category 

South 

Low 2 

Medium 5 

High 5 

North 

Low 2 

Medium 5 

High 5 

At these locations, static gas chambers were installed and samples for flux measurements 

were collected from April 2016 to November 2016 to cover the four fertiliser events, all of 

which were spread inside the static chambers when fertilisation occurred. The chambers 

were made from a 22 cm length polypropylene pipe of 40 cm diameter with a 4.5 cm-wide 

outward-facing PVC flange glued and screwed to a square aluminium lid. The chamber 

bases were inserted in the soil to a depth of approximately 5 cm, at least 48 hours before the 

first sampling. They consisted of a ring of PVC (40 cm diameter) with a 4.5 cm-wide outward-

facing PVC flange. The lid of the chambers was pierced in the centre to add a flexible 

resistant tube with a three-way tap for sampling. The volume of each chamber was around 

0.025 m
3
, the cover area of exactly 0.126 m

2
 and the headspace of approximately 30.4 L. 

The chamber collars had to be removed once during the year in the South field at the 

moment of the grass harvest (16.07.2016). The collars were repositioned after the harvest at 

the exact same location.  
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Figure 3-2: (a) Map showing the sampling grid used by Soil Essentials over Easter 
Bush fields to sample soil for soil pH measurement. The marked sectors filled with red 
are the chosen locations for the installation of static chambers. (b) Soil pH map 
carried out by Soil Essentials in April 2016 with the colours representing the pH 
categories 

Measurements of N2O fluxes were made daily following the recommendation of De Klein and 

Harvey, (2015) for two weeks after fertiliser application, then three times a week for two 

weeks and finally twice a week for an extra two weeks. The sampling was undertaken in the 

morning around 10 am or the afternoon around 2 pm, to avoid differences each field was 

sampled alternatively in the morning or the afternoon. The enclosure time was set at 60 

minutes, during this time 4 gas samples were taken at t = 0, 20, 40 and 60 minutes with a 

100 mL syringe through a three-way tap fitted on the top of the chamber. The four gas 

samples from each chamber were then stored in four separate 20 mL glass vials which were 

flushed with 100 mL of the sampled air from the syringe using a double needle set. Back in 

the laboratory, the gas samples were analysed using a gas chromatograph measuring N2O, 

CH4 and CO2 concentration with an electron capture detector 7890B GC system (Agilent 

Technologies, UK). 

3.2.3 Gas fluxes calculations 

For each set of gas samples from a chamber, the flux was calculated following Equation 3-1. 

 
𝐹 = 𝐹𝑙𝑢𝑥 (𝑛𝑚𝑜𝑙 𝑚−2 𝑠−1) =  

𝑑𝐶

𝑑𝑡0

 
𝜌 𝑉

𝐴
 Equation 3-1 

Where F is the gas flux from the soil, dC/dt0 is the initial rate of change in concentration in 

nmol mol
-1

 s
-1

 calculated using linear and non-linear asymptotic regression methods (Levy et 

al., 2011), 𝜌 is the density of air in mol m
-3

, V is the volume of the chamber in m
3
 and A is the 

ground area enclosed by the chamber in m
2
. dC/dt0 was calculated using the RCflux 

package (Levy et al., 2011) available as an add-on package for the software R (R 
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Development Core Team, 2019). The volume inside the chambers was corrected for 

temperature variations. The fluxes were calculated either using a linear regression approach 

or an HMR procedure depending on the linearity of the data (Pedersen et al., 2010). The 

HMR procedure analyses non-linear concentration time series based on the model by 

Hutchinson and Mosier (1981).  

During the whole period of experimentation, an ultrasonic anemometer (WindMaster Pro, 

Gill, Lymington, UK) was used to measure the 3-D components of wind at 10 Hz. The wind 

measurements were combined with N2O, H2O and CO2 mixing ratios measured by a 

quantum cascade laser (QCL) gas analyser (CW-QC-TILDAS-76-CS, Aerodyne Research 

Inc., Billerica, MA, USA) at the same rate. These instruments were located between the two 

fields at Easter Bush. The resulting fluxes were calculated over 30 min intervals using the 

EddyPro software (Version 6.2.1, Li-COR, Lincoln, NE, USA), based on the covariance 

between gas concentration and vertical wind speed. During the process, corrections were 

applied to the dataset including spike removal, linear detrending, and time lag optimisation 

using CO2 fluxes, frequency losses using the method of Moncrieff et al. (1997) and for the 

density fluctuations using the Webb-Pearman-Leuning corrections. Then, the uncertainty in 

observed half-hourly fluxes was estimated using the method of Finkelstein and Sims, (2001). 

3.2.4 Annual cumulative fluxes and emission factors 
calculations 

An emission factor (EF) represents the amount of greenhouse gas of a certain type, here 

N2O, expressed as the proportion of the N source applied. To calculate the EFs of the three 

fertiliser applications, the total cumulative N2O emissions emitted during a period of 40 days 

were estimated. In the absence of a reliable predictive model for N2O emissions, a 

trapezoidal method (also called linear integration) between sampling points was used to 

estimate cumulative fluxes. An alternative approach has recently been used to estimate the 

cumulative fluxes with their associated uncertainties (which the trapezoidal method does not 

provide), using Bayesian statistics. This approach is described in detail in Lehuger et al. 

(2009); Zhou et al. (2015); Levy et al. (Levy et al., 2017) and Cowan et al. (2019a). This 

Bayesian method takes into account the log-normal distribution of the spatial samples and 

the log-normal peak and decay pattern in time of the N2O emissions. Based on these 

assumptions, the mean of the emissions distribution is given by Equation 3-2. 

 𝜇 = exp ( 𝜇𝑙𝑜𝑔 + 0.5 𝜎𝑙𝑜𝑔
2 ) Equation 3-2 

Where µlog and σlog are the mean and the standard deviation of the log-transformed variate 

The N2O fluxes following N fertiliser application over time are expected to rise to a peak and 

then decay exponentially which can be described by a log-normal equation (Levy et al., 



Chapter 3 The impact of soil pH on the spatial and temporal variability of nitrous oxide from grazed grasslands 

63 

2017). The parameters of this equation (µ and µlog and σlog) were estimated using the Markov 

Chain Monte Carlo (MCMC) method with Gibbs sampling (Gelman et al., 2013) using JAGS 

software and the package ‘rjags’ (Plummer, 2018) in R software. The prior distributions used 

are described in Levy et al. (2017) as well as the cumulative fluxes equation.  

The cumulative fluxes calculated with the trapezoidal and Bayesian approach were divided 

by the appropriate N applied in kg N ha
-1

 to calculate the EF and their associated 

uncertainty. The EFs reported in this study were calculated over 40 days instead of the year 

long period advised by the IPCC and did not take into account the background fluxes (IPCC 

et al., 2019a). 

3.2.5 Soil properties 

Measurements of soil properties such as soil moisture, soil temperature, nitrogen and carbon 

content (total or dissolved fraction), bulk density, soil pH were made using two different 

approaches. Some properties were measured directly in the field using probes (Hydrosense 

II, Campbell Scientific, USA); others were measured in the laboratory after bringing back soil 

samples stored in individual plastic bags and frozen at -18 ̊C until analysis. For each 

measurement, three 7 cm deep soil cores were taken within 30 cm from each chamber 

collar. In the laboratory, soils were homogenised manually and large, visible roots and 

stones were removed after being slowly defrosted at 5 ̊C for 12 h for analysis of ammonium 

nitrate, soil pH, soil dissolved organic carbon (DOC) and soil moisture content. Soil 

gravimetric water content and water-filled pore space (WFPS) were determined by drying 10 

g of soil at 105 ̊C for 24 h.  

The DOC concentration in soil extracts was measured in DI water (ratio: 15 g of soil and 75 

ml DI), which was shaken for an hour and then filtered twice with a Whatman filter (grade 40) 

and 0.45 𝜇m syringe-driven filters (Whatman) or using a vacuum filter system with 0.7 µm 

paper filter (GF/F, Whatman). The two filtration methods were compared and a proportional 

difference between the two methods was found. As a consequence, a correction factor was 

applied to level the measurements. The method used is in accordance with the procedures 

advised by Jones and Willett (2006). Then, the samples were stored for less than 10 days in 

a cold room (5 ̊C) before analysis using a LABTOC (Laboratory TOC water analysis system 

from Pollution & Process Monitoring Company). This instrument can produce precisely 

accurate TOC values with a range from 0-10 ppm to 0-4000 ppm. 

NH4
+
 and NO3

-
 concentrations were measured by mixing 15 g of soil in 50 mL of 1 M KCl 

solution and then shaking for one hour before filtration using 2.5 µm Whatman filter paper 

and storage at -18 °C prior to analysis. The analyses were undertaken using SEAL (AQ2 

discrete analyser, SEAL Analytical, USA) which measures concentrations of NH4
+
 and NO3

-

+NO2
-
 based on colorimetry by adding phenol-hypochlorite and sulfanilamide. 
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Concentrations of DOC, NH4
+
 and NO3

-
 were then calculated on a dry soil mass basis and 

the value of a blank sample was removed for each extraction. The blank used was deionised 

water or 1 M KCl solution which went through the exact same procedure than the soil 

extraction sample. 

3.2.6 Soil pH measurement method comparison 

As the soil pH measurements at each location were sampled on different dates, it was 

necessary to test the accuracy of the soil pH measurement. The main method used, based 

on a procedure developed by Rowell (Rowell, 1994), was to add DI water to homogenised 

fresh soil (ratio 1:2 with 10 g of soil) then the solution was shaken for one hour at 110 

revolutions per minute. The solution was left to stabilise for an hour before measurement of 

the solution pH using an MP220 pH meter (Mettler Toledo, Leicester, UK) and previously 

calibrated using two calibration points, pH 4 and pH 7. As advised by the American Soil 

Society, the method used in this study was compared to other standard procedures using 

calcium chloride (CaCl2) solution at 0.01 M and two dilution ratios 1:2 and 1:5 (ISO, 2005; 

Miller and Kissel, 2010).  

3.2.7  Statistical analyses: models and predictions of N2O 
fluxes 

Data analysis was performed using R (R Development Core Team, 2019). Variability 

between chamber N2O fluxes was assessed using the Kruskal Wallis non-parametric test 

due to the non-linearity of the dataset even after log transformation. Fisher's Least 

Significant Difference (LSD) was then used as a post hoc test to compare the chambers 

fluxes and to assess significant differences. Levene's non-parametric test was used to 

assess the homogeneity of variance for the various methods of pH measurement. 

An ANOVA with Tukey HSD was performed as normality assumptions were met (Shapiro 

test, p-value > 0.05) to compare N2O fluxes and grass yield grouped by initial soil pH 

category. The aim of the statistical analysis was to compute the performance of each 

variable studied to predict by it-self or in combination, individual N2O daily emissions. The 

significance of the variables in the model was tested by comparing the residual log-likelihood 

for a selected model with the variable dropped and the inclusion of the variable in the new 

model was assessed by computing Akaike’s Information Criterion (AIC) for each model 

(Lumley and Scott, 2015). The model of combined predictive variables with the smallest AIC 

was selected as the most efficient model for predicting N2O fluxes. To avoid multicollinearity, 

selected variables were tested for their Variance Inflation Factor (VIF). Variables with a VIF 

above four were removed from the model. The potential predictive variables of N2O 

emissions considered in this process were soil pH, soil moisture (Probe), WFPS measured 

at each chamber location and soil moisture (COSMOS), rainfall, temperature measured daily 
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for the whole set of chambers. The COSMOS values were considered on the day of 

sampling and as an average over three days. The rainfall values were considered on the day 

of sampling and an average over three days, six days or ten days prior and post sampling. 

Over the year in 2016, in total 576 samples were collected where values for N2O fluxes and 

all the proxies were quality controlled which represents 25 separate days of sampling and 13 

proxies. The proxies were grouped to avoid multicollinearity. In the case of multicollinearity, 

the variables were dropped using VIF values.  

3.3 Results 

3.3.1 Magnitude and variability of N2O fluxes 

An increase in N2O emissions was observed after the first three N fertiliser applications using 

static chambers and EC measurement methods. While no response in N2O emissions to 

fertiliser input was observed by both methods from the last fertiliser application of the year 

(Figure 3-3). Highest fluxes were measured by both methods in June, July and in August 

2016, with the maximum value of 33.8 nmol N2O-N m
−2

 s
−1

 measured by EC on 12/08/2016 

and 13.5 nmol N2O-N m
−2

 s
−1

 measured by the chambers on 05/07/2016. Negative fluxes 

were measured by the EC with the largest negative value of -0.47 nmol N2O-N m
−2

 s
−1

. The 

temporal variability of N2O emissions measured with the two methods followed an expected 

pattern of an initial increase in the fluxes described as a “peak” of emissions after application 

of N fertiliser to the field. The amplitude of the peak and its timing are difficult to predict but 

are characteristic of the temporal variability.  

 

Figure 3-3: Eddy covariance and static chamber (n = 24) measurements of N2O with 
standard deviation over the grazing period 2016. Vertical dashed black lines show the 
date of fertiliser application 

Spatial variability was measured using the chamber technique where a large range of 

emissions were measured in response to fertiliser applications (Figure 3-3). In summer 2016, 

the highest fluxes were measured in the ‘South’ field while the lowest fluxes of the year were 
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measured from the ‘North’ field in autumn 2016. The variability of the measurements from 

the individual chambers is presented in Figure 3-4. When averaged during the year the 

differences between the measurements are less visible but for each season, the fluxes are 

‘significantly’ different between chambers (Figure 3-4). 

 
Figure 3-4: Boxplots of chamber N2O fluxes measured per chambers (n = 24) over the 
whole year and each sampling season. Colours indicate pH category defined at the 
beginning of the experiment. Significance of difference evaluated with Kruskal Wallis 
test, Fisher’s LSD as post hoc test for significant letters. The horizontal line inside the 
box represents the median and the lower and upper box dimensions correspond to 
the first and third quartiles. The upper and lower whiskers depict the largest and 
smallest values respectively within 1.5 * the interquartile range (IQR). Dots are 
outliers. 

To study the spatial variability in fluxes, a semi-variogram was plotted for every day of field 

sampling to fit a function which could describe the spatial pattern. The totality of the 757 

measurement points which consisted of N2O fluxes (nmol m
-2

 s
-1

) and the GPS coordinates 

of the centre of each static chambers, were processed using R with the packages “automap” 

and “sp”. None of the models (i.e. linear, logarithm, nugget, exponential, Gaussian, 

spherical) applied were successfully able to fit to the dataset. 
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3.3.2 Variability of soil pH 

The various methods of soil pH measurement were found equivalent with a linear regression 

r-squared of 0.84 between DI water and CaCl2 methods, r-squared of 0.94 between 1:2 

ratios and 1:5 ratios in CaCl2. The variances of the pH measured with the four different 

methods were significantly similar (Levene's non-parametric test for homogeneity of 

variance, F-value = 0.35, p-value = 0.79).  

 
Figure 3-5: Soil pH measurement distribution from the initial measurement (dashed 
line) to the whole year measurements (unbroken line) at the static chamber locations 
for the three pH categories (Low, Medium and High) with the y-axis representing the 
frequency of the probability of the soil pH to occur or density 

The initial soil pH sampling over the whole field clearly demonstrated the spatial variability of 

soil pH (Figure 3-2). The soil pH initially ranged from 5.4 to 6.9. The lowest point of the two 

fields was 11.8 m lower than the highest point. The elevation of the fields had an effect on 

soil moisture, soil structure, and compaction which can in turn affect soil pH. The distribution 

of the pH measurement over the three pH categories and the two fields are presented in 

Figure 3-5. The measurements showed that pH changed over the year. The Low pH 

category which was distinct from the two other categories ranged from 4.5 to 7.5 in the South 

field and from 5.6 to 7.4 in the North field during the whole year.  

For each chamber location the initial soil pH was not maintained during the year (Figure 3-6). 

The temporal variability of the soil pH was unexpected and affected the predictions of N2O 

fluxes. 
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Figure 3-6: Whole year soil pH measurement distribution at each individual chamber 
location by pH category (Low, Medium and High) and by field (South and North) with 
the y-axis representing the frequency of the probability of the soil pH to occur or 
density. Vertical dashed lines represent the limits of the initial soil pH categories (soil 
pH = 5.9 and 6.2) 

3.3.3 Soil pH and N2O emissions 

ANOVA and Tukey Honestly Significant Difference (HSD) tests were used to determine if the 

pH category was a significant predictor of log(N2O) emissions. The normality of the residuals 

of the ANOVA was tested using a Shapiro test which concluded that the assumptions were 

respected (p-value = 0.0604). The emissions were not significantly related to soil pH (p-value 

= 0.116n.s, n = 576). The pH categories were then used to group the fluxes together 

depending on the initial soil pH measured. The emissions were significantly different 

between categories (p-value = 2.91e
-05

). In particular, the emissions from the Low and 

Medium categories were not significantly different but N2O fluxes from the high category 

were significantly lower than those from the two other categories (p-value = 0.076n.s, HIGH-

LOW = 7.62e
-04

, HIGH-MEDIUM = 4.66e
-03

). In the case of the South field dataset only, the 

emissions were not significantly different between pH categories (p-value = 0.0523n.s) but 

the fluxes from High and Low categories were different (p-value = 0.0435). In the North field 

only, the emissions were related to the initial pH category (p-value = 8.7e
-05

) and fluxes from 

the High category were significantly higher than the fluxes from the Low and Medium 

categories (p-value = 4.23e
-04

 and p-value = 4.57e
-03

 respectively). The temporal pattern of 

N2O emissions measured with the static chambers categorised by pH category is shown in 

Figure 3-7 for both fields. The N2O fluxes from the two fields were distinct during the year 

with a higher flux measured in June within the North Field at a ‘Low’ pH location. 
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Figure 3-7: Mean soil N2O emissions over the time of the experiment were grouped by 
pH category (total n = 24) and field (e.g. South and North fields).The colour represents 
the group of chambers selected with different pH categories at the beginning of the 
experiment. Dashed vertical lines represent the fertiliser application dates 

3.3.4 Grass yield 

The South field was harvested in mid-July 2016 and 12 sub-samples were collected with a 

total area of 1.5 m
2
. The dry matter (DM) grass yield was 8.0 tonnes ha

-1
 with a dry matter 

content of 243 g kg
-1

. The crude protein content was 79.3 g kg
-1

 DM and the metabolised 

energy 10.8 MJ kg
-1

 DM. From the same sub-samples, the DM grass yield was found to not 

differ significantly between pH categories (ANOVA, p-value = 0.041, n = 12).  

3.3.5 Soil nutrients and excreta depositions 

Nutrients such as available nitrogen (i.e. NH4
+
) and carbon (i.e. DOC) were considered as 

important parameters to predict N2O emissions. Urine deposition is well known to increase 

the N and C available in the soil (Haynes and Williams, 1992). The potential of the static 

chamber location to have received urine was considered as an additional factor. The 

parameters used to characterise a soil sample as having received urine were DOC > 128.5 

mg g
-1

 of dry soil and NH4
+ 

> 22.5 mg g
-1

. For the 576 samples, if a sample had parameters 

higher than the above mentioned limits it would be tagged as having received urine deposits. 

It was expected that soil samples receiving urine would emit more N2O (Krol et al. 2016), 

however, the data did not support this hypothesis as urine deposition did not coincide with 

high fluxes of N2O. Moreover, high concentrations of DOC or NH4
+
 in the soil samples did not 

necessarily coincide with high soil pH samples (141 samples had a soil pH over 6.48 and 

within them, only 14 samples had DOC > 128.5 mg g
-1 

and NH4
+ 

> 22.5 mg g
-1

). 
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3.3.6 Predicting N2O fluxes 

3.3.6.1 Predicting fluxes from individual chambers 

Individual chamber N2O fluxes were predicted using a combination of soil properties and 

environmental variables applying the AIC method. Prior to this analysis, multicollinearity 

between predictive variables was checked using the VIFs value. At first 17 variables were 

considered as predictive variables. The r-squared values obtained by simple linear 

regression of each variable one-by-one to the log (N2O flux) were compared. All single 

variables were unable to reliably predict N2O fluxes (r-squared
 
< 0.35). 

Four of the variables (rainfall on the day, COSMOS soil moisture, soil moisture measured at 

the weather station and WFPS) were removed prior to the analysis due to their direct 

correlation with soil moisture. Soil moisture measured with the probe at the chamber location 

and the cumulative rainfall over the three days prior to sampling were selected using the AIC 

method and VIFs to be the best fit for predicting N2O emissions over the various variables 

related to soil moisture. Based on the lowest AIC value, the model selected was log (N2O 

flux) as a function of 3 days rain average post sampling (p-value = 0.0163) + soil moisture 

measured with the probe (p-value = 2.67e
-08

) with an adjusted R-squared of 0.0515 (n = 

576). These results suggest that N2O emissions cannot be reliably predicted from 

environmental variables such as rainfall or soil moisture alone. 

In total 13 variables were investigated: NH4, log(NH4), NO3, log(NO3), pH, DOC, log(DOC), 

air and soil temperature, Total N, C/N ratio, three days rainfall cumulative and soil moisture 

measured with a probe. The AIC method was applied to select the “best” combination of 

these variables to predict N2O emissions over the 576 samples. The whole dataset had a 

consequent variability and so the prediction can be facilitated if the data are grouped by 

factors which have biological importance. The factors considered in this process were the 

categorised WFPS, the categorised soil pH, the absence or presence of urine inside the 

chamber and finally, from which field the samples were collected. The five WFPS categories 

considered were 0 – 50 %, 50 – 60 %, 60 – 70 %, 70 – 80 %, and 80 – 100 %. 
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Figure 3-8: N2O fluxes estimated using the multiple linear regression model selected 
using the AIC method against N2O fluxes observed. The dashed line represents the 
(1:1) line 

The AIC analysis suggests that none of the combinations of the variables were significant in 

predicting N2O and the ‘best’ fitted model had a poorly adjusted r-squared of 0.24 (Figure 

3-8). The selected model was a linear combination of log NO3
-
, soil pH, NH4

+
, NO3, DOC, soil 

temperature and soil moisture on the grouped data by field (north or south), pH categories 

(low, medium or high) and if the chamber location had received a urine deposit or not 

(n=182). Multivariate regression of the grouped data provided a better fit than that of the 

individual measurements (n = 576, p-value = 0.11). 

To validate the model, linear assumptions had to be verified using the Global Validation of 

Linear Model Assumptions package in R (gvlma), and for this model, all of the assumptions 

were satisfied. However, the model remains poor at predicting N2O emissions on a 

normalised scale due to the lack of a strong fit and the log-normal range over which fluxes 

are derived from variables. Where the model deviates from measured observations, there 

are several orders of magnitude of difference between measured and predicted values. 

3.3.6.2 Calculation of cumulative fluxes and emission factors 

The cumulative N2O fluxes over 40 days after fertiliser application were calculated using a 

trapezoidal, logarithmic interpolation and Bayesian approach (Figure 3-9). The estimated 

cumulative N2O of the three events using the Bayesian approach were similar to that with the 

trapezoidal interpolation. 
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Figure 3-9: Chamber N2O fluxes and their interpolated data (lines) over 40 days using 
three interpolation methods: log-normal Bayesian approach, Log-normal method of 
moments (MME) and trapezoidal (linear) for the three fertiliser application events (a): 
on the 13.06.2016 of 70 kg ha

-1
 of urea, (b): on the 26.07.2016 of 50 kg ha

-1
, (c): on the 

23.08.2016 of 35 kg ha
-
1. The fertiliser was applied on day 0 

The EF derived from the Bayesian interpolation had the advantage of association with its 

uncertainties (Figure 3-10). The EF from the first fertiliser application was 1.08 (95 % CI 

[0.92, 1.30], the EF from the second event was 2.10 (95 % CI [1.76, 2.56]) and the EF from 

the third event was 0.72 (95 % CI [0.62, 0.85]). 

 

Figure 3-10: EFs probability density curves for the three fertiliser application events 
using the Bayesian method of cumulative flux calculations. June application on 
13.06.2016 of 70 kg ha

-1
 of urea, July application on 26.07.2016of 50 kg ha

-1
 and 

August application on 23.08.2016 of 35 kg ha
-1
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3.4 Discussion 

3.4.1 Soil measurements limitations 

The measured soil proxies were not able to reliably predict N2O emissions either individually 

or in combination. R squared values of individual parameters with log-transformed fluxes 

were all below 0.35 even with a logical grouping of the data. To predict N2O emissions using 

soil proxies, it is essential to consider the relevant part of the soil that is responsible for gas 

production. In this context, sampling different soil depths could be expected to provide a 

better characterisation of the soil properties. In this study, 7 cm deep cores were collected 

which might provide an improved description of nitrogen and carbon concentrations but 

reduced the variation of soil pH associated with urine or dung deposition. It has been 

suggested that in the case of N2O estimation, that the upper 2 cm of the soil layer should be 

collected separately (Schmid et al., 2001). However, collecting different layers of the soil 

generates a large increase in the workload in the field and the laboratory. Furthermore, 

sampling only a 2 cm deep soil core requires a larger surface area of soil to obtain sufficient 

soil for multiple analyses. In this study, repeat samples were taken and so, soil samples 

could not be collected from inside the chambers, since the soil disturbance would have been 

too high (De Klein and Harvey, 2015). The soil samples were taken as close as possible to 

the chamber collar but still this sampling method reduced the chance of a sample “matching” 

with the measured gas production. In the case of not repetitive sampling, soil inside the 

chamber can be taken. It is a particular challenge in a grazed field receiving urine and dung 

which increases the variability of nitrogen, carbon, pH and moisture. New field sensors have 

recently become available to monitor available nitrogen, pH, and soil moisture in situ in the 

field (Shaw et al., 2016; Stirzaker et al., 2017; Patokar and Gohokar, 2018). The sensors 

have become more efficient, resistant, wireless, accurate, smaller and more intelligent (Ojha 

et al., 2015; Viscarra Rossel and Bouma, 2016). For instance, soil surface pH sensors can 

be used to measure more precisely the pH changes from urine deposition. These sensors 

could enable real-time monitoring of soil variables inside the gas chambers or inside a flux 

tower footprint. 

3.4.2 Soil pH as a key predictor of N2O emissions 

In recent decades, knowledge of processes producing N2O from soils has advanced 

tremendously. There is ample laboratory experimental evidence showing that soil pH is a 

driver of N2O production (Nägele and Conrad, 1990; McMillan et al., 2016; Shaaban et al., 

2018) and in particular its effect on denitrification (Šimek and Cooper, 2002). However, little 

evidence exists on the effect of soil pH in situ in an agricultural field, particularly in the case 

of grazed grasslands (Butterbach-Bahl et al., 2013). In the present study, the link between 

soil pH and N2O emissions was investigated in two pasture fields during the grazing season. 

When designing the experiment, the first question arising was to determine whether the soil 
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pH within the fields was uniform or if there was an intrinsic heterogeneity. The initial soil pH 

map covering the two fields suggests that there was a rather fine-scaled variability of pH with 

a range of ±1.5 pH units. This initial soil pH showed a positive but non-significant effect on 

N2O fluxes over the grazing season where higher pH was linked to lower N2O emissions. 

The temporal variability of soil pH was higher than expected as no treatment such as liming 

had been applied during the study period. Soil with low initial pH (< 5.9) was particularly 

variable during the grazing period. This could be attributed to the presence of ewes and 

lambs grazing on the experimental area and the response of soil pH to excreta deposition 

(Haynes and Williams, 1992). Unfortunately, the areas receiving urine deposits were not 

recorded during this experiment due to the lack of cost-effective methods to map large areas 

(10 ha). Excreta deposits have been widely reported to significantly increase N2O emissions 

from soil (Giltrap et al., 2014; Krol et al., 2016; Voglmeier et al., 2019). The available N and 

C in the soil samples collected was used as a key indicator of the potential presence of urine 

which creates high N and C concentrations (Haynes and Williams, 1992). However, in this 

study the soil where these conditions were recorded was not associated with high soil pH or 

higher N2O emissions.  

The N2O observed emissions were not linked to the intrinsic variability of soil pH in this 

study. The lack of significant relationships with pH highlights the need to look at N2O 

production in the wider context of biotic processes and as part of a large N cycle. It also 

implies the need for a more standardised protocol for pH monitoring and experimental design 

specific to grazed fields which can capture the intrinsic variability of the soil within the field. It 

is well established that liming or incorporation of dolomite to the grassland soil can increase 

pH of acidic soil and so, potentially reduce N2O emissions (McMillan et al., 2016; Russenes 

et al., 2016; Shaaban et al., 2018). Soil pH is also used as a key parameter for global or 

regional N2O emissions modelling as well as a parameter for the prediction of grass 

production (Wang et al., 2018). Grass N intake was not found to be increased by increased 

soil pH in this study. These results question the ability of experimental studies to assess the 

effect of soil pH on N2O emissions and so the ability to quantify mitigation potential of 

farming practices such as liming. Finally, the results of this study highlight the need to to 

improve N2O models for grazed grassland if excreta depositions were considered correctly.  

3.4.3 Livestock excreta influences 

Chamber measurements are commonly used in plot experiments, however, for grazed 

grasslands, the patchy nature of urination generates very high levels of spatial variability in 

N2O emissions which are hard to capture with static chambers (Giltrap et al., 2014; Cowan et 

al., 2015). Urinary N, mainly in the form of urea, is important because it is quickly hydrolysed 

to NH4
+
 and NH3 after deposition which is then oxidised to NO3

-
 through nitrification under 

aerobic conditions. Any NO3
-
 not recovered by plants or immobilised by microorganisms, can 
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either leach through the soil or be emitted to the atmosphere as N2O, N2 by nitrification, 

denitrification or co-denitrification (Baggs, 2008; Minet et al., 2016; López‐Aizpún et al., 

2020). These processes are influenced by seasonal factors such as temperature, oxygen 

availability in the soil, and nutrient availability, and can occur up to two months after urine 

deposition (Krol et al., 2016). Studies such as the one published by Giltrap and Godfrey, 

(2016) looked at the impact of flux calculation methodologies for data describing urine 

deposition in a grazed grassland. Their conclusions were that no mathematical corrections 

were able to correct for the skewed means due to the high emissions associated with urine 

deposition. They advised that to improve the estimation of N2O emissions from a grazed 

grassland using chambers, it is crucial that techniques are developed to identify urine patch 

and non-urine patch areas before sampling (Giltrap and Godfrey, 2016). New methods are 

needed for mapping with efficient ways to study the influence of the urine deposition on the 

soil/grass emissions and their relationship with other conditions (e.g. soil moisture, rainfall, 

temperature). 

3.4.4 Other variables to estimate N2O emissions 

Rainfall and soil moisture along with other nutrient variables can be used to predict N2O 

fluxes from soils. Often in the literature, little explanation or lack of clarity has been provided 

on the choice of variables used or other variables that could be considered. In papers on 

modelling N2O emissions using a model such as SPACSYS or DNDC, rainfall and moisture 

are considered but often the source of the data is unclear (Myrgiotis et al., 2018), or it is not 

mentioned whether the cumulative or daily rainfall or soil moisture was used (Deng et al., 

2018; Liu et al., 2018). Similarly, in papers focusing on N2O emissions at the field or 

landscape scale, meteorological data is sometimes recorded at a long distance from the 

experiment (450 m to 25 km east of the experimental site) (Schelde et al., 2012; Cowan et 

al., 2016; Abalos et al., 2017). Therefore, even if some studies have shown that heavy 

rainfall events or high variation in soil WFPS can be used to simulate N2O emissions, it is 

important to consider where the explanatory data were collected in relation to the gas 

measurements. 

There is the need for near-real-time recording of the variables (e.g. soil moisture, 

temperature and rainfall) to predict with more precision the emissions of N2O (Rowlings et 

al., 2015; Abalos et al., 2017). Measuring soil moisture content and rainfall at the time of 

sampling might not be sufficient to capture their influence on N2O production (Martins et al., 

2017; Deng et al., 2018; Liu et al., 2018). It is essential to note that a non-significant 

relationship between the soil moisture and log (N2O fluxes) was observed in this study. 

Futhermore results showed that soil moisture measured from the probe at the time of gas 

sampling and at each location was the most significant predictive variable. Based on these 

data, it is essential to measure soil moisture at the location of the gas sampling at the 
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moment of sampling. Continuous monitoring of soil moisture becomes essential when N2O 

emissions are monitored at near-real-time scale when linking to flux tower measurements or 

when trying to up-scale spatially or temporally the emissions estimated using process-based 

models (Uzoma et al., 2015; Wang et al., 2018). 

3.4.5 Spatial up-scaling of fluxes 

Predictive variables are essential for up-scaling N2O emissions measurements from plot 

experiments to the whole field or to regional and global scales (Fowler et al., 2009, 2013). 

Measuring mean fluxes from larger scales with an approach such as an Eddy Covariance 

could improve up-scaling methodologies when the heterogeneity of the field is estimated 

(Levy et al., 2020). However, the larger scale fluxes have inherent uncertainties which can 

be high in the case of grazed grassland due to N2O hotspots inside the footprint of the 

measurements (Cowan et al., 2015; Voglmeier et al., 2019). To better constrain the 

magnitude of the fluxes at a larger scale, mapping the variability of proxies at a larger spatial 

scale could provide significant improvement. Current development of new tools for 

application in precision agriculture enables high precision mapping of critical parameters 

such as grass quality, urine and dung distribution, nutrient availability, and soil moisture 

(Hedley, 2015; Stoorvogel et al., 2015; Roten et al., 2017; Maire et al., 2018) (Chapter 5). 

3.4.6 Annual cumulative fluxes and emission factors 

Observed N2O fluxes are commonly reported to follow a log-normal distribution in both time 

and space (Stehfest and Bouwman, 2006; Levy et al., 2017). The data reported in this study 

were also found to fit a log-normal distribution. Two major issues arose from the distribution 

of the fluxes. Firstly, based on the variability of the observations, it is necessary to have a 

large number of replicates to assess treatment effect. Secondly, the log-normal distribution 

of the data complicates the analysis of time-series and interpolation of the fluxes between 

sampling points. However, the Bayesian method applied in this study provides a means of 

tackling these limitations. The commonly used linear interpolation method for analysing N2O 

fluxes was evaluated against the Bayesian. The two methods gave similar results for the 40 

days following the three fertiliser applications. However, the Bayesian method gave a 

confidence interval of between 5 – 95 % which would not be possible to calculate with the 

linear interpolation (trapezoidal) method.  

The cumulative N2O fluxes were used to estimate EFs for each fertiliser application event. 

The EFs calculated in this study need to be considered with caution for modelling purposes 

due to the fact that the EFs were calculated only for a 40 day period from the application and 

not the recommended 365 days (IPCC et al., 2006a). Moreover, the background fluxes were 

not subtracted from the cumulative emissions. Finally, the observed emissions might be 

emitted from the N from the fertiliser but it is also possible that urine or dung could have 
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contributed to emissions which are not considered by the IPCC’s default Tier 1 approach. 

The calculated EFs gave an interesting insight into the emissions during 2016 with EFs 

ranging from 0.72 to 2.10 (95 % CI [0.62, 2.56]. These values are in accord with the value of 

EF currently recommended for use in Tier 1 inventories (EF1) which is a static 1 % (0.3 – 3 

%) (IPCC et al., 2006a) when quantifying N2O emissions from synthetic fertiliser. More 

recent revisions of the IPCC methodology have added a new more adaptable EF1 which 

depends on fertiliser rate (non-linear response), climatic conditions (wet, dry, temperate or 

tropical) and the type of fertiliser (synthetic, organic or mixed) (IPCC et al., 2019b). These 

latest recommendations set the EF1 values to 1.0 % with an uncertainty range of 0.1 – 1.8 

%. The UK inventory has developed country specific (Tier 2) EFs for the climate, soil type, 

rainfall and application practice. However, more recent research focusing on EFs from the 

UK has shown that the EF1 for urea application would be 0.29 ± 0.22 which is slightly lower 

than the mean UK inventory EF1 of 0.70 ± 0.30 (Committee on Climate Change, 2018; 

Cowan et al., 2019a). 

3.5 Conclusions 

Experimental measurement of N2O emissions from grazed grassland is associated with high 

uncertainties that can be linked to both the intrinsic nature of the emissions and the 

measurement approach. Measurement uncertainties may be of a magnitude that makes it 

difficult to develop robust conclusions regarding on-farm mitigation practices. Considerations 

have to be taken when designing experiments on grazed grassland to avoid the random 

effect of urine and dung deposition as well as considering the soil characteristics at the 

location of gas sampling. Progress must be made on the use of statistical models to improve 

interpolation of chamber flux measurements. We recommend the use of Bayesian tools to 

allow the calculation of uncertainties to link to the interpolation. To better consider N2O 

emissions in response to soil pH, it is likely to be necessary to continuously monitor temporal 

changes of soil pH in grazed grassland in conjunction with flux measurements. It is also 

necessary to standardise the sampling methodology in order to capture the log-normal 

distribution of fluxes. From this study, we recommend consideration of not only the daily soil 

moisture but also the cumulative, mean and relative change of the soil moisture and rainfall 

over three to ten days prior to the gas measurement. Where soil nutrient availability is used 

to predict N2O emissions, it is recommended that nitrogen (NH4
+
, NO3

-
) as well as the carbon 

(DOC) and soil pH should be measured. Such measurements can potentially indicate the 

presence of urine or dung deposits. Future work is essential to improve the measurement 

design and calculation of N2O emissions from grazed grassland. The use of tools to capture 

the spatial and temporal variability of the soil conditions is crucial to improve N2O modelling 

and up-scaling. A wide range of stakeholders including industrialists, farmers and 

researchers are working to develop these new tools in the context of precision agriculture. 
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Chapter 4 Nitrogen fertiliser interactions with 
urine deposit affect nitrous oxide 
emissions from grazed grasslands 

Summary 

Cattle excreta deposited on grazed pastures are responsible for one fifth of the global 

anthropogenic nitrous oxide (N2O) emissions. One of the key nitrogen (N) sources is urine 

deposited from grazing animals, which contributes to very large N loadings within small 

areas. The main objective of this plot study was to establish whether the application of N 

fertiliser and urine deposit from dairy cows synergistically interacts and thereby increases 

N2O emissions, and how such interaction is influenced by the timing of application. The 

combined application of fertiliser (calcium ammonium nitrate) and urine significantly 

increased the cumulative N2O emissions as well as the N2O emission factor (EF) from 0.35 

to 0.74 % in spring and from 0.26 to 0.52 % in summer. By contrast, EFs were lower when 

only fertiliser (0.31 % in spring, 0.07 % in summer) or urine was applied (0.33 % in spring, 

0.28 % in summer). In autumn, N2O emissions were larger than in other seasons and the 

emissions from the combined application were not statistically different to those from either 

the separately applied urine or N fertiliser (EF ranging from 0.72 to 0.83, p-value < 0.05). 

The absence of significant synergistic effect could be explained by weather conditions, 

particularly rainfall during the three days prior to and after application in autumn. This study 

implies that the interactive effects of N fertilisation and urine deposit, as well as the timing of 

the application on N2O emission need to be taken into account in greenhouse gas emission 

inventories. 
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4.1 Introduction 

Globally, livestock currently accounts for about 14.5 % of the world’s total greenhouse gas 

(GHG) emissions, with bovine beef and dairy cattle production contributing about 41 % and 

20 % of the sector’s emissions, respectively (Rojas-Downing et al., 2017). Most of GHG 

emissions from bovine beef and dairy systems arise from (i) enteric fermentation in the guts 

of the ruminants, leading to methane (CH4) emissions (Moraes et al., 2014) and (ii) 

nitrification and denitrification processes associated with animal excreta, manure and slurry 

spreading, resulting in nitrous oxide (N2O) emissions (Butterbach-Bahl et al., 2013). Cattle 

excreta deposited on grazed pastures are estimated to be responsible for one fifth of the 

global anthropogenic N2O emissions (Jacobs et al., 2015). N2O is a particularly potent GHG 

and plays a role in stratospheric ozone depletion (Ravishankara et al., 2009). The mitigation 

of N2O and reactive nitrogen (N) emissions in general, are crucial challenges facing the 

agricultural sector due to their consequences for the climate, environment, productivity and 

soil fertility (IPCC et al., 2006b).  

In Ireland, grassland-based livestock agriculture is considered as the main source of N2O, 

with less than 24.4 % of the N applied utilised by grass (Lynch et al., 2019). This is primarily 

due to low N use efficiency, where livestock such as dairy cows return 75 % to 95 % of the N 

intake to the grassland as excreta (Van Middelaar et al., 2013). The N content of excreta and 

in particular urine deposits exceeds the potential of the soil and the vegetation to assimilate 

it. This excess N is leached to the lower soil horizons, ground and freshwaters as nitrate and 

dissolved organic N, and released to the atmosphere as N2O (Saggar et al., 2015; Van Der 

Weerden et al., 2017; Chadwick et al., 2018), nitric oxide and ammonia (Cai and Akiyama, 

2016). Soil N2O emissions can occur from nitrification of ammonium (NH4
+
) to nitrate (NO3

-
) 

following hydrolysis of urea and denitrification of NO3
-
 to N2O (Harty et al., 2016). The 

principal environmental drivers of N2O emissions include soil moisture content, oxygen 

availability inside soil pores, soil pH, soil temperature and nutrients availability (Butterbach-

Bahl et al., 2013; Giltrap et al., 2014). The rate of urine N deposited by dairy cows can vary 

from 200 to 2000 kg N ha
-1

 depending on the sward protein content, water content, type of 

breed, herd variability, age and lactation stage (Haynes and Williams, 1993; Selbie et al., 

2015). Each urination event has an approximate volume of 1.5 to 2.5 l, occurs 10-12 times 

per day and covers a mean surface area of 0.25 m
2
 (in the range of 0.16-0.50 m

2
) (Williams 

and Haynes, 1994; Selbie et al., 2015; Shepherd and Carlson, 2018).  

N2O emissions from urine deposits are highly variable and can result in large temporal and 

spatial uncertainties at plot, field, regional or national scales (Misselbrook et al., 2011; Fitton 

et al., 2014; Milne et al., 2014). The resulting heterogeneous distribution of the N input 

makes the measurements and estimations of the emissions at the field scale particularly 

challenging. New technologies (e.g. remote sensing, LiDAR sensor) have been used to map 
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the areas of excreta depositions that can be used to develop better estimation of the 

emissions (Roten et al., 2017; Maire et al., 2018), (Chapter 5). To standardise the reporting 

of GHG emissions the IPCC have developed a method based on emission factors (EF), 

using a tiered approach. Using the Tier 1 approach (which directly estimates N2O emissions 

with a single value multiplied by the amount of N applied to the field), EF1 refers to the 

percentage of N lost as N2O emissions per kg of N applied in the form of synthetic N (EF1SN) 

or organic manure (EF1ON). These EFs multiplier are set to a default value of 1 %. EF3PRP 

refers to the N2O emission produced per kg of N from animal excreta applied directly to 

pasture, which is set by default at 2 % for cattle, 1% for sheep (IPCC et al., 2006b).  

In dairy systems, approximately 14-30 % of the total grazed area is potentially covered by 

excreta (Dennis et al., 2011; Selbie et al., 2015), but it is common practice to apply mineral 

fertiliser shortly after grazing, which can accumulate over deposited excreta. Consequently, 

a part of the mineral N applied as fertiliser is adding to the already excessive pool of urinary 

N in the soil and can enhance N losses. In terms of inventory reporting, emissions 

associated with these N applications will be additive and constant irrespective of the timing 

of application. There have been few studies investigating consequences of the interaction 

between the excreta deposit and the fertiliser applied on the N2O emissions or seasonal 

variability of the emissions (Anger et al., 2003; Buckthought et al., 2015a; Krol et al., 2017). 

Krol et al. (2016) studied the seasonal differences of EFs of urine and dung deposit applied 

separately and found that emissions from urine deposit were significantly higher in autumn 

than in other seasons.  

Currently, more data is needed to assess the interactive effect of N fertiliser applied to 

excreta deposits on N2O emissions. The understanding of this interaction is key to improve 

the reporting and definition of effective N2O mitigation measures. Firstly, this study aimed to 

constrain the uncertainty associated with emissions of N2O following urine deposition, to 

improve understanding of how urine interacts with fertiliser in intensively managed dairy 

grassland and affects N2O emission rates at different times of the year. Secondly, this study 

aimed to disentangle the urine N loading effect from soil and climate effects on N2O 

emissions. It was hypothesised that (1) fertiliser application on a urine deposit would 

enhance N2O emissions with the response varying between seasons, and (2) the causes of 

this difference in emission rates would be mainly due to the amount and forms of N and C 

available under urine patch and controlled by climatic conditions and grazing practices. 

4.2 Materials and methods 

4.2.1 Experimental design and site description 

The study was designed to measure the N2O emissions from fertiliser, dairy cattle urine and 

the combination of both on a typical intensively managed grassland in Ireland. Work was 
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undertaken between March and November 2017 on a clay loam soil site at the Teagasc, 

Johnstown Castle Research Centre, Co. Wexford, Ireland (52°18′N, 6°30′W). The 

experiment was conducted on established perennial ryegrass (Lolium perenne) dominated 

grassland. Livestock was excluded from grazing areas in October 2016 prior to the start of 

any experimentation to minimise any direct effect of the previous deposition of excreta. The 

experiment had three different sub-trial areas dedicated to each season. Each seasonal 

experiment was deployed in a randomised block of five replicate blocks of four treatments 

(Figure 4-1): i) control without N application (Control), ii) calcium ammonium nitrate fertiliser 

(CAN, containing 27 % N), iii) urine (U), and iv) a combination of urine and CAN fertiliser 

(CANU). Each trial area had designated areas for N2O sampling and additional area for 

grass and soil sampling throughout the experiment (Figure 4-1.b).  

 

Figure 4-1: Experimental set-up. (a) Map showing paddocks at Johnstown Castle farm 
with the chamber trial and experimental field. (b) Experimental chamber trial details 
with designated static chamber and soil/grass sampling areas for each season of 
application and each treatment. (c) Photograph of the open static chamber with the 
square base inserted into the soil, the lead cover and the ballast weight placed on top 
during measurements. (d) Photograph of the chamber trial area set-up in spring 

Applications were made in spring (27/04/2017), summer (03/07/2017) and autumn 

(02/10/2017) to simulate urine deposit in the early, mid and late grazing seasons. The winter 

season was not included as the Nitrates Directive bans the application of inorganic N 

fertiliser after 15
th
 September and this season is often associated with low N2O emission 

rates. The CAN+U treatment, which represents an addition of the effect of the urine (U) and 

the fertiliser (CAN) treatments applied separately, was calculated as the sum of N2O 

emissions from U and CAN treatments within each block. In that way it was possible to 

https://www.sciencedirect.com/topics/earth-and-planetary-sciences/grassland
https://www.sciencedirect.com/topics/earth-and-planetary-sciences/grassland
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compare the CANU treatment and the composite CAN+U treatment to evaluate the 

interaction effect between urine and fertiliser. Urine was collected for each season from the 

research farm of Teagasc Johnstown Castle, Ireland. The homogenised urine was stored at 

5°C prior to analysis and application. Representative sub-samples of urine were analysed for 

total N and carbon contents, NH4
+
, Total Organic Carbon (TOC), Total Oxidised Nitrogen 

(TON, NO2
-
 + NO3

-
) and urea-N (Table 4-1). The N content of the urine varied depending on 

the season of the collection resulting in N loading ranging from 573 to 671 kg N ha
-1

 (Table 

4-1). The grass was mechanically cut over the whole experimental area before each season 

trial set-up. The urine was removed from cold storage prior to application to leave enough 

time to attain ambient temperature. A volume of 1.5 L of urine was applied to the surface of 

the soil within each chamber. Urine treatments were applied to an area of 0.4 m × 0.4 m 

within a chamber frame to limit runoff outside of the chamber through soil pores. To facilitate 

infiltration, urine was applied using a watering can, which is in compliance with the work of 

Forrestal et al. (2016). To match fertilisation rate with surrounding grazed areas, the CAN 

application rates varied depending on the season, with 62 kg of N ha
-1

 in spring, 108 kg of N 

ha
-1

 in summer and 30 kg of N ha
-1

 in autumn. Fertilisers were applied by hand. The rate of 

fertiliser application can be compared with typical intensively managed grassland. 

Table 4-1: Rates of application per season (kg ha
-1

) of total nitrogen (TN), ammonium 
(N-NH4

+
), total oxidised N (TON), urea-N, total carbon (TC) and total organic carbon 

(TOC) (n = 60). Treatments were: untreated (Control), Urine (U), calcium ammonium 
nitrate (CAN), CAN and urine applied together (CANU), and CAN and urine applied 
separately (CAN+U) 

Season Treatment 
Application rates (kg ha

 -1
) 

TN N-NH4 TON Urea-N TC TOC 

All seasons Control 0 0 0 0 0 0 

Spring 

U 573 59 18 - - 1369 

CAN 62 31 31 - - - 

CANU / CAN+U 635 90 49 - - 1369 

Summer 

U 680 12 2 373 1849 1569 

CAN 108 54 54 - - - 

CANU / CAN+U 788 66 56 - 1849 1569 

Autumn 

U 671 3 0 545 1582 1317 

CAN 30 15 15 - - - 

CANU / CAN+U 701 15 15 - 1582 1317 

4.2.2 Soil and crop analyses 

Soil cores were sampled on a weekly basis and on the day of application in a randomised 

block design sampling area adjacent to the chambers receiving the same treatment as the 

static chambers (Figure 4-1). The cores were sampled from the 0-7 cm depth and then 
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mixed, homogenised and analysed in the laboratory within 24 h. The soil N and C species 

concentrations (e.g. NH4
+
, NO2

-
, NO3, total N, total organic C,) were analysed using 20 g of 

fresh soil sieved at 2 mm, extracted with 100 mL of KCl (1 M) and determined using an 

Aquakem 600 discrete analyser (Rigas Labs S.A). The KCl soil extracts were stored for less 

than 48 h at 5 °C before analysis. The gravimetric water content was determined by oven-

drying soil samples at 105 °C for 24 h. Another fresh soil subsample was used to measure 

soil pH after the sample has being dried at 40 °C for 4 days and being rewetted. Bulk density 

was measured at the start of the experiment using 300 cm
3
 bulk density rings (7 cm deep, 

3.7 cm radius) and dried at 105 °C until constant weight was reached. The grass was 

harvested at the end of each sampling period and used to measure the above-ground 

biomass, the total C and N content by elemental analysis with TruSpec Micro following 

drying at 70 °C for 4 days and grinding (LECO Corp., St. Joseph, MI, USA).  

4.2.3 Weather data 

Daily rainfall, soil moisture deficit (SMD) and hourly air and soil temperature were recorded 

at Johnstown Castle weather station (within 100 m of plots) during the experimental period 

(Figure 4-2). SMD is the quantity of rain necessary to bring the soil moisture content back to 

field capacity (Schulte et al., 2005). Additionally during each day of gas sampling, a 

frequency domain dielectric sensor Delta T WET-2 probe (Delta-T Devices, Burwell, 

Cambridge, UK) was used inside each static chamber to measure temperature (T, °C), bulk 

electrical conductivity (σ, dS m
-1

) and permittivity (Ɛ), simultaneously with a 3 % accuracy. 

4.2.4 N2O flux measurements 

All N2O emission measurements were made by the closed static chamber method (De Klein 

and Harvey, 2015), which allows for the measurement of the accumulation of gas traces 

within a sealed chamber of a known volume, inserted into the soil to form an airtight seal. 

The chambers consisted of a 0.4 m by 0.4 m square stainless collars inserted into the soil at 

5-10 cm depth at least two weeks prior to sampling, and a cover of the same dimensions 

(Figure 4-1). Chamber covers were 10 cm high which created an approximately 20-22 L 

headspace. Chambers were sampled one hour after treatment application then daily for the 

first week, every second day for the next two weeks, and every third day for the remaining 

experimental period of minimum 40 days. At 0, 15, 30 and 45 min from chamber closure; a 

10 mL air sample was removed through a septum using a 20 mL polypropylene syringe fitted 

with a needle. Each sample was injected into a pre-evacuated 7 mL screw-cap septum glass 

vial. The gas concentration of each vial was measured in the laboratory using a gas 

chromatograph (GC, Varian CP 3800 GC, Varian, USA) fitted with an electron capture 

detector.  
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For each sequence of gas samples from a chamber, the flux was calculated following 

Equation 4-1. 

 
F = Flux (nmol. m−2. s−1) =

dC

dt0

∗  
ρV

A
  Equation 4-1 

Where Flux is the gas flux from the soil, dC/dt0 is the initial rate of change in concentration in 

nmol mol
-1

 s
-1

 calculated using linear or non-linear asymptotic regression methods, ρ is the 

density of air in mol m
-3

, V is the volume of the chamber in m
3
 and A is the ground area 

enclosed by the chamber in m
2
. The choice between linear and non-linear asymptotic 

regression and the calculation of dC/dt0 was made using the RCflux package version 4.0 

(Levy et al., 2011) available as an add-on package for the R software (R Development Core 

Team, 2019). The fluxes were calculated either using a linear regression approach or a 

Hutchinson/Mosier (HMR) model based on a non-linear model proposed by Hutchinson and 

Mosier (1981). 

4.2.5 Data analysis and statistics 

Data analysis was performed using R software. Hourly fluxes were assumed to be 

representative of the whole day emissions and were used to calculate daily emissions (De 

Klein and Harvey, 2015). To estimate the total N2O produced from the different treatments, 

cumulative fluxes were calculated by linear interpolation between the daily fluxes estimated 

on each sampling occasion. For the linear interpolation, chambers emissions were treated 

separately and uncertainty was calculated as a sum of the standard deviation of each 

measured replicate following a conventionally used methodology (Skiba and Smith, 2000; 

Krol et al., 2016; Jones et al., 2017). From the cumulative fluxes, N2O emissions factors 

(EFs) for each treatment and each season were calculated following Equation 4-2. EFs 

represent the % of N content of each treatment were emitted as N2O-N. 

 
EF =

𝑁2𝑂𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡𝑠 − 𝑁2𝑂𝑐𝑜𝑛𝑡𝑟𝑜𝑙

𝑁𝑎𝑝𝑝𝑙𝑖𝑒𝑑

∗  100  Equation 4-2 

Where N2Otreatments and N2OControl are the cumulative mean emissions in kg N2O-N ha
-1

 yr
-1

 for 

the five replicate treatment plots and the control plot respectively, and N applied is the 

treatment N content in kg of N ha
-1

 yr
-1

. The EFs were calculated on a 40 days period after 

application to ensure the comparability of the treatments between seasons (Skiba et al., 

2013). For the composite emissions of fertiliser and urine called “CAN+U” treatments, the EF 

was estimated using Equation 4-3 where the cumulative emissions from the control 

treatment were subtracted from the sum of the emissions from urine (N2OUrine) and fertiliser 

(N2OCAN) treatments over the total N loading applied (Snell et al., 2014). 

 
EF𝐶𝐴𝑁+𝑈 =

𝑁2𝑂𝐶𝐴𝑁 +  𝑁2𝑂𝑈𝑟𝑖𝑛𝑒 − 𝑁2𝑂𝑐𝑜𝑛𝑡𝑟𝑜𝑙

𝑁𝑎𝑝𝑝𝑙𝑖𝑒𝑑 𝐶𝐴𝑁 + 𝑁𝑎𝑝𝑝𝑙𝑖𝑒𝑑 𝑈𝑟𝑖𝑛𝑒

∗  100  Equation 4-3 
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To compare emissions between treatments while accounting for the bias caused by the 

difference in grass production per season, yield-scaled EFs were calculated by dividing the 

EF per total dry matter yield per season. The yield-scaled EFs represent the percentage of N 

lost per tonne of dry matter produced per hectare. To compare treatment and season effects, 

non-parametric statistics were applied because the data were not meeting the classical 

linearity assumptions, even when using common log-normal data transformation 

approaches. N2O emissions, in particular, are well-known to be highly variable, making the 

statistical difference between treatments difficult to assess. Statistical analyses were 

performed separately for seasonal effect and treatment effect. The significance was 

estimated using Kruskal-Wallis test from the agricolae package of the R software to test for 

differences in N2O emissions or EFs depending on treatment. A post hoc test using the 

Fisher's least significant difference was applied to test for significant differences between 

pairs of treatments. The significance threshold of all statistical tests performed was set at 

0.05.  

The interaction between the treatment and season effects on the emissions was assessed 

using the aligned rank transform analysis of variance (Leys and Schumann, 2010). This 

method is an alternative non-parametric method to linear ANOVAs with the advantage of 

having a greater robustness than the parametric test when the assumption of normality is 

violated. This test was performed using the R package ARTool (Wobbrock et al., 2011). 

Drivers of N2O emissions were assessed using the method described by Krol et al. (2016), 

which is based on a stepwise multiple regression analysis performed in SAS (SAS Institute 

Inc., Cary, NC, USA). The potential drivers measured in the field were fitted as polynomial 

variables following the method described by Krol et al. (2016) and Minet et al. (2018). The 

robustness of the model was assessed by Akaike Information Criterion (AIC) and the 

assumptions of the analysis were checked. The model calculated correlations between N2O 

EFs and the influence of weather conditions at 3, 5, 7 and 10 days prior and post application 

as well as on the day of application. The data collected in this study were added to the 

datasets presented in Krol et al. (2016) and Minet et al. (2018) with a total of 80 observations 

applied in spring, summer or autumn (15 observations from the present study, 55 from Krol 

et al. (2016) and 10 from Minet et al. (2018)). Statistical analysis was performed on the urine 

treatment, the common treatment of the three studies, to investigate the drivers of the 

emissions in the case of urine deposit. 

4.3 Results  

4.3.1 N2O emissions following urine application 

While the control plots emitted approximately 80-150 g N2O-N ha
-1

 during the 40 days of 

measurement (cumulative emissions), treatments receiving N additions resulted in an 

immediate large increase in N2O emissions. The treatments receiving urine (i.e. U, CANU 
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and CAN+U treatments) resulted in a major peak of N2O emissions on the first day of 

application in spring and summer, following an increase in soil NH4
+
 (Table 4-2). The 

temporal distribution of N2O emissions followed a commonly reported episodic pattern; 

however, the magnitude of the ‘spikes’ depended on the treatment and the season of 

application. For the CANU treatment, the maximum daily N2O emissions were measured in 

summer on the day of application with emissions of 1636 g N2O-N ha
-1 

day
-1

 (Figure 4-2).  

 

Figure 4-2: Daily N2O emissions over the three seasons (a- spring, b- summer, c-
autumn) for all four different treatments (C-control, CAN-fertiliser, U-urine, CANU-
urine and fertiliser applied together) and the urine and fertiliser aggregated data 
(CAN+U) (error bars represent standard deviation). Vertical black lines represent the 
day of application of the four treatments; points prior to these lines are background 
measurements. The secondary y axis is inverted and represents the daily rainfall 

For the CAN treatment, the highest daily emission was recorded in spring 18 days after 

application with 44 g N2O-N ha
-1 

day
-1

. For the U treatment, the highest emissions were 

recorded 11 days after application with daily emissions of 390 g N2O-N ha
-1 

day
-1

. In spring, 

a second peak of emissions was measured 16 days after application for the treatments 

containing urine (U and CANU) with a maximum of 480 g N2O-N ha
-1 

day
-1

 for CANU and 

coincided with a rainfall event of 9.8 mm. The same pattern was observed in autumn, where 

the highest fluxes were observed for urine treated plots after a heavy rainfall event (12.4 

mm), 11 days after application, and in summer, 9 days after application following a rainfall 

event of 9.4 mm (Figure 4-2). 
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Table 4-2: Soil NH4
+, soil pH and soil dissolved organic carbon (DOC) measured 

right after application (n = 5 for each treatment*season combination). 
Treatments are: untreated (Control), Urine (U), fertiliser in the form of 
ammonium nitrate (CAN), fertiliser and urine applied together (CANU) and 
CAN+U a composite treatment based on the results from U and CAN 
treatments 

Season 
Treatment 

Soil NH4
+
 (day of 

application) 

Soil pH (day 
of 

application) 

Soil DOC (day of 
application) 

Units mg kg
-1

 dry soil ± SD SU ± SD mg kg
-1

 dry soil ± SD 

All seasons Control 7.1-57.9 1.4 - 10.6 6.4 0.2 - 0.05 16.3-25.5 2.5 - 9.3 

Spring 

U - - - - - - 

CAN 39.6 20.8 6.4 0.2 26.9 6 

CANU 302.1 124 6.9 0.1 61.7 32.7 

CAN+U - - - - - - 

Summer 

U 278.5 89.3 6.9 0.3 56.5 24.2 

CAN 51.6 39.5 6.1 0.1 19.5 1.1 

CANU 436.3 104.4 6.6 0.2 52.2 10.3 

CAN+U 330.1 64.4 - 0.2 76 12.6 

Autumn 

U 309.4 33 6.8 0.04 33.1 12.8 

CAN 21.8 - 6.7 - 20.4 - 

CANU 736.7 - 7 - 68.3 - 

CAN+U 331.2 - - - 53.5 - 

4.3.2 Treatment effects on cumulative N2O emissions 

Cumulative N2O emissions were significantly lower for CAN than for U, CANU and CAN+U 

treatments. The treatment effect of U, CANU and CAN+U differed between the three 

seasons (Figure 4-3). In spring and summer, emissions from U and CANU treatments were 

significantly different, with approximately twice as much N2O emitted from the treatment 

containing urine during these periods compared to the autumn application. As expected, the 

control treatment with no N input emitted a low quantity of N2O over the experimental period. 

Emissions from the different treatments followed the same pattern in spring and summer with 

low N2O emissions from CAN and significantly higher emissions from the fertiliser applied 

with urine, compared to urine alone (Figure 4-3). Unexpectedly, the CAN treatment emitted 

low emissions through the year; they were not significantly different from the control in 

summer. The N loading applied to the treatment plots was different between seasons due to 

the difference of urine N content and fertiliser rates (Table 4-1). EFs were calculated to 

remove the bias stemming from the different N loading rates. 
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Figure 4-3: Cumulative N2O emissions (0-40 days after treatment application) all four 
different treatments (C-control, CAN-fertiliser, U-urine, CANU-urine and fertiliser 
applied together) and the urine and fertiliser aggregated data (CAN+U) and per season 
(a- spring, b- summer, c-autumn). Different letters indicate significance differences 
between treatments at p < 0.05, statistical tests run separately per season (n = 60). 
CAN+U treatment represent aggregated data from the urine and fertiliser treatments. 
Error bars represents standard errors of the mean 

4.3.3 Seasonality of treatment effects 

Studying seasonal dependency of soil N2O emissions requires a detailed analysis of the role 

of weather conditions for the entire experimental year. The long term average (LTA, 1981-

2010, Met Éireann, 2019) from the Rosslare weather station (< 15 km from experimental 

site) showed that 2017 was a year with lower rainfall in spring (- 20 mm) and higher rainfall in 

both summer (+ 84 mm) and autumn (+ 32 mm) compared to the LTA. In particular, the LTA 

rainfall for the month of June was 54.9 mm, while in 2017 rainfall of 124.8 mm was recorded. 

However, July and August were drier in 2017 than the LTA. The summer experiment started 

in July; therefore the treatments were applied in dry conditions. The seasonal differences in 

soil moisture conditions can be highlighted with the daily mean soil moisture deficit 

measured at the experimental site, with 32.7 mm in spring, 25.5 mm in summer, and 1.1 mm 

in autumn, on the day of application. However, the temperature remained close to the LTA (± 

3.5 degrees max) for the whole year. Every treatment had a significant seasonal influence on 

EFs apart from the treatment CANU, where urine and fertiliser were applied together (Table 

4-3). Spring and summer were drier and found to correspond to lower EFs than the wetter 

autumn season (Figure 4-4). The treatment*season interaction on the EF from the five 

treatments and the three seasons (n = 60) was not significant (p-value = 0.17). An estimation 

of marginal means (a.k.a. the least-squares method) was used to test for the effect of the 

time of application on the difference between treatments, when significant. None of the 

potential treatment and season interactions were significant. 
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Table 4-3: Results of the experiment per season of the grass dry matter yield, 
cumulative N2O emissions and EF (n = 5 per treatments*season). Treatments are: 
untreated (Control), urine (U), fertiliser in the form of calcium ammonium nitrate 
(CAN), fertiliser and urine applied together (CANU) and CAN+U a composite of the 
results from treatment U and CAN 

Season Treatment 
Grass Yield 

Mean 
Cumulative N2O 

emissions 
Partial Emission 

factor 

 
Unit t ha

-1
 ± SD 

kg N2O-
N ha

-1
 

± SD 
p < 

0.05* 
% ± SD 

p < 
0.05* 

All 
seasons 

Control 
1.6-
2.2 

0.2-
0.5 

0.09-
0.15 

0.02-
0.10 

d c c- 
A A A 

- - - 

Spring 

U 4.1 0.9 2.06 1.19 b B 0.33 0.21 ab B 

CAN 3.5 1.2 0.33 0.14 a C 0.31 0.22 b B 

CANU 4.5 0.9 4.87 2.22 a A 0.74 0.35 a A 

CAN+U 3.8 1.2 2.39 1.29 b B 0.35 0.20 b B 

Summer 

U 5.0 0.3 2.00 0.50 b B 0.28 0.07 b B 

CAN 4.3 0.8 0.16 0.10 b C 0.07 0.09 c C 

CANU 5.0 0.9 4.18 1.43 a A 0.52 0.18 a A 

CAN+U 4.6 0.9 2.16 0.52 b B 0.26 0.07 b B 

Autumn 

U 1.4 0.3 5.60 1.96 a A 0.82 0.29 a A 

CAN 1.6 0.6 0.30 0.13 ab B 0.72 0.43 a A 

CANU 1.6 0.4 5.39 1.36 a A 0.76 0.19 a A 

CAN+U 1.7 0.8 5.90 2.02 a A 0.83 0.29 a A 

* Lower case and capital letters indicates significant treatment differences between and within 
seasons, respectively 
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Figure 4-4: Daily cumulative N2O emissions for the CANU treatment (i.e. fertiliser and 
urine applied together) and CAN+U (i.e. a sum of the results from U and CAN 
treatments) per season (a- spring, b- summer and c-autumn) with the uncertainty 
ribbons representing the daily non-cumulated 95 % confidence interval of the mean 

4.3.4 Interactive effect of urine and fertiliser application on 
N2O emissions and yield 

To assess the difference of emissions between urine application and fertiliser application 

separately compared with applied together, the two treatments CANU and CAN+U were 

compared. Adding fertiliser to urine patches significantly increased total N2O emissions in 

spring and summer compared to the expected total additive emissions represented by the 

CAN+U treatment (Table 4-3). In spring and summer total cumulative emissions were 

respectively 51.0 % and 48.4 % higher for urine and fertiliser applied together than for the 

sum of emissions from urine and fertiliser applied separately. For each urine deposit where 

fertiliser was applied, the increase in emissions represents a total of 2.5 kg and 2.0 kg of 

N2O-N emitted per hectare in spring and summer, respectively. By contrast, for autumn 

applications, the cumulative emissions from CANU and CAN+U treatments were not 

significantly different with a mean of 5.6 ±1.7 kg of N2O-N emitted per hectare. The EFs from 

the CANU and CAN+U treatments followed the same trend with a significant difference in 

spring and summer which was not noticeable in autumn (Table 4-3). One of the observed 
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differences in the early season compared to the autumn was the delayed peak of N2O 

emissions in autumn which can be observed from the daily cumulative N2O emissions 

(Figure 4-4). The initial difference in emissions from CANU and CAN+U treatments on the 

day of application was maintained during the whole study period. Consequently, the 

magnitude of the initial peaks in emissions following application can be a major driver of the 

differences observed. Yield-scaled EFs (Figure 4-5), demonstrate the percentage of N lost 

as N2O per N applied and per tonne of dry matter (DM) produced per hectare. Total dry 

matter yields of the control treatment were 3.46 t DM ha
-1

, 4.29 t DM ha
-1

 and 1.46 t DM ha
-1

 

in spring, summer and autumn (Table 4-3). Yield-scaled EFs were significantly different only 

for the summer application which could suggest a better N uptake in the case of separated 

applications of urine and fertiliser compared with applied together (Figure 4-5). 

 

Figure 4-5: Yield-scaled EF for treatment fertiliser and urine applied together (CANU) 
and CAN+U a composite of the results from treatment U and CAN per season (a- 
spring, b- summer and c-autumn). Different letters indicate significance difference 
between treatments at p < 0.05, statistical tests run separately per season, error bars 
represent standard error 

4.3.5 Drivers of N2O emissions 

Seasonal treatment applications were strongly influenced by the difference in weather and 

soil conditions as well as grass production. Significant relationships were observed between 

the EF from the urine treatment and climatic factors. The results of the stepwise multiple 

regressions model developed by Krol et al. (2016) and Minet et al. (2018) (see section 4.2.5) 

are presented in Table 4-4. The model utilising weather parameters showed 73 % of the 

variation in the EF was explained by cumulative rainfall in the three days prior to and after 

application as well as the average temperature over the ten days prior to the application. The 
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relationship with precipitation was found to be a squared relationship which is in accordance 

with the findings of Krol et al. (2016) (Table 4-4). 

Table 4-4: Key parameters selected from the model of stepwise multiple 
regression analysis for N2O-N EF from urine treatment using cumulative 
rainfall,  mean soil moisture deficit and soil temperature between 10 days 
before application to ten days after application 

Parameter Estimate Standard Error t Value 

Intercept -0.60 0.84 -0.71 

Temperature 10 days average after application 0.67 0.15 4.35 

Cumulative rainfall 3 days prior application -0.12 0.04 -3.36 

Cumulative rainfall 3 days after application ^ 2 0.09 0.04 2.39 

Soil temperature average 7 days after application ^ 2 -0.48 0.09 -5.26 

4.4 Discussion 

4.4.1 Seasonal variations of N2O fluxes 

Peak N2O emissions occurred on the day of application in both spring and summer. Other 

studies have also observed high N2O emissions from urine treatment on the day of 

application (Qiu et al., 2015; Forrestal et al., 2016; Krol et al., 2016). This initial increase in 

emissions can be attributed to both mineralisation of labile carbon and N and the increase in 

soil moisture that enhances soil nitrification and denitrification rates (Chadwick et al., 2000; 

Burchill et al., 2014; Luo et al., 2017). Moreover, the increase in soil moisture and DOC from 

the urine application was reported to mobilise the indigenous N pool of the soil, resulting in 

the production of N2O (Saggar et al., 2015). The DOC is sourced from the urine itself and 

released from the soil pool due to the high pH of the urine which was supported in this study 

by a significantly different soil pH between treatments on the day of application.  

However, other studies showed differences in the response to the urine application with a 

delay in elevated N2O emissions, which was observed during the autumn application from 

the urine in this study (11 days delay). Some studies observed a delay of approximately 10 

days after urine application before the major emission peak (Van Groenigen et al., 2005; 

Hyde et al., 2016; Minet et al., 2018). The delay in emission following urine application could 

be explained by the high soil moisture content and the higher percentage of N leaching in 

autumn, (Hyde et al., 2016) and due to a less active microbial population in the soil (Anger et 

al., 2003). Consequently, an emission peak on the day of application could be linked to the 

increase in the availability of existing N pools in the soil and the dissolution of existing 

fertiliser pellets from the addition of water contained in the urine to dry soil. Half of the N from 

CAN fertiliser is in nitrate form which can be quickly lost via denitrification. In the same way, 

rainfall might enhance N2O emissions after a drier period (Scheer et al., 2014; Rowlings et 
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al., 2015). Therefore, with the exception of the day of application, peaks of N2O emissions 

for all treatments were recorded following rainfall events and subsequent decrease in soil 

moisture deficit.  

4.4.2 Drivers of N2O emissions from urine deposit 

A simplistic statistical model used by Krol et al. (2016) and Minet et al. (2018) was applied to 

extract the weather parameters best explaining the EF measured from urine deposition. The 

urine EF was strongly influenced by short-term weather conditions before and after the day 

of application. The model selected a number of parameters: 1) mean air temperature over 10 

days after application and mean soil temperature over 7 days after application; 2) cumulative 

rainfall 3 days prior application and cumulative rainfall 3 days after application, explained 73 

% of the N2O emissions variations. The results reported by Krol et al. (2016) and Minet et al. 

(2018) are in accordance with the results presented in this study and highlight the key role of 

rainfall and soil temperature close to the time of urine deposit. Rainfall has been widely 

considered as the main driver of N2O emissions after substantial N input to the soil (Scheer 

et al., 2014; Rowlings et al., 2015; Abalos et al., 2017). Rainfall is a proxy of soil moisture. 

The soil moisture deficit at the spring and summer application was 32.7 mm and 25.5 mm, 

whereas in autumn the soil moisture deficit was only 1.1 mm due to a significant difference in 

rainfall in the 3 days before each seasonal application. Soil moisture is particularly influential 

when urine and fertiliser are applied to dry soil (Ambus et al., 2007; Curtin et al., 2017). 

Whereas, temperature affects the microbial activity with an optimal temperature for N2O 

production of 30 °C (Maag and Vinther, 1996) along with indirect effects of temperature on 

oxygen availability by increased respiration rates, it is the soil moisture effect on 

mineralisation rates, which limits the substrate availability, and plays an essential role in N2O 

production rates (Saggar et al., 2013). Adding the data from this study to the regression 

model from Krol et al. (2016) and Minet et al. (2018) did not change the significance of the 

regression and highlights the importance of the weather conditions for predicting N2O 

emissions from urine application. 

Precipitation rates and amounts considered in this study did not reflect the past long-term 

seasonal trends, with a much drier spring and summer in 2017 than expected. The results of 

this study therefore may underestimate the ‘typical’ fertiliser induced N2O emissions in spring 

and summer, while overestimating it in autumn. However, these results may reflect future 

Irish climate influence on N2O emissions which are predicted to change with wetter autumns 

and winters and drier springs and summers (Nolan et al., 2017). This change in long term 

weather patterns suggests that if production of N2O is to be minimised, grassland 

management is a key element to consider. Weather conditions are variables commonly 

recorded and predictable in the short and long term. Linking N2O emissions to these 
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parameters offers a great opportunity for N2O modelling over larger scales (Foltz et al., 

2019). 

4.4.3 Treatment effect and emissions factors 

An EF is a representative value that relates the quantity of N2O emitted to the atmosphere 

with the amount of N added as either fertiliser or as urine-N (IPCC et al., 2006b). The IPCC 

Tier 1 methodology assumes a constant EF for the entire year (IPCC et al., 2006b). In this 

study, however, the EF was calculated over a period of 40 days (for urine treatment of 0.28-

0.82 %, fertiliser of 0.07-0.72 % and the combined treatment of 0.52-0.76 %). Due to the use 

of control plots in these studies including the current study, and the subtraction of 

‘background’ emissions from the treated plots, the reported EFs are unlikely to vary from 

those calculated from annual studies. For most reported results, the vast majority of annual 

N2O emissions are emitted within 40 days after application (Skiba et al., 2013; Buckthought 

et al., 2015b; Cowan et al., 2019a). In this study, small fluxes near the natural variability in 

emissions from the control treatment (after 40 days) were not considered. In Krol et al. 

(2016), the N2O emissions post-urine application had returned to background levels after 44 

days, with comparable results in the UK (Bell et al., 2015b) and New Zealand (Van Der 

Weerden et al., 2013). Therefore, the results of this study can be considered representative 

of the annual difference in emissions between treatments. However, these results should be 

used carefully if considered in terms of annual EF due to the well-known variability of N2O 

emissions which require measurements to be replicated a substantial number of times to 

reduce uncertainties to an acceptable level for global modelling. 

The urinary-N seasonal variability was due to the natural variability of dairy cow urine 

composition mainly influenced by the supply of water and the N content of the grass or feeds 

(Dijkstra et al., 2013). Cumulative emissions and EFs were low for the CAN treatment in 

each season and not significantly different to the control treatment in summer. CAN’s EF has 

previously been reported twice as large as that measured in this study (Harty et al., 2016; M. 

J. Bell et al., 2016; Committee on Climate Change, 2018) and up to 3.93 ± 1.17 % in 

Hillsborough, Co Down, Northern Ireland in 2003 (Smith et al., 2012). However, the EFs for 

CAN of 0.33 % and 0.72 % in spring and summer, respectively are within the range of 0.3-

3.0 % provided in the IPCC guidelines (IPCC et al., 2006b). It is likely that the low EF from 

CAN treatment might be due to the weather conditions with an exceptionally dry spring and 

summer. Indeed, a higher EF was observed during autumn, which coincided with higher soil 

moisture content and could suggest a high denitrification rate as shown by Rex et al. (2018). 

In this study, U and CANU treatments emitted lower emissions than estimated using default 

EF from IPCC of 2 % or the Irish country-specific EF of 1.2 % (Duffy et al., 2018). The urine 

EFs of 0.28 % to 1.05 % measured in this study were in the range but lower than those 

reported by Krol et al. (2016) of 0.30-4.81 %, by Chadwick et al. (2018) of 0.05-2.96 % and 
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by van der Weerden et al. (2017) of 0.30-0.75 %. These EF values are much larger than 

those measured by Hyde et al. (2016) who reported an EF of 0.12 % for urine application. In 

spring with 0.74 ± 0.35 %, in summer with 0.52 ± 0.18 % and in autumn with 0.76 ± 0.19 % 

the EFs from CANU treatment were not significantly different between seasons and were all 

lower than the IPCC default. 

4.4.4 Interactive effect of urine and fertiliser applications 

Despite the number of studies investigating N losses from urine patches (Van Groenigen et 

al., 2005; Li et al., 2012; Selbie et al., 2015; Cai and Akiyama, 2016; Chadwick et al., 2018), 

the interaction between urine and fertiliser applications to temperate grassland is limited 

(Buckthought et al., 2015a; Hyde et al., 2016; Krol et al., 2017). This study demonstrates the 

existence of an interactive effect between urine deposit and N fertiliser application on N2O 

emissions for spring and summer periods which was characterised by low soil moisture 

content. The application in autumn, where higher soil moisture content promotes higher N2O 

emissions did not show an interactive effect. It is a common practice to apply fertiliser to 

grassland between one and three days after grazing instead of on the same day of grazing, 

as done in this study. The difference between this study and common practice might have 

increased the effect of the urine moisture on the dissolution of the fertiliser applied. The 

study conducted by Krol et al. (2017) showed a potential 20 % underestimation of N2O 

emissions from urine and fertiliser applications when the interaction was ignored. This 

research also agrees with the work of Hyde et al. (2016) who showed that the cumulative 

N2O emissions from CAN fertiliser and urine applied together were more than double 

compared to the emissions from separate applications. These two studies were conducted 

with an application date in May and under low soil moisture conditions which is in 

accordance with this study. By contrast, Buckthought et al. (2015b) found no significant 

difference between urine applied alone and combined to N fertiliser (urea) with an application 

at high soil moisture content due to the soil being wetted with 800 mm of water before 

application of the treatment.  

More data is needed to build a more robust model that can predict N2O emissions from urine 

deposition across seasons and soil types. Such a model could be used as a farming decision 

support system and might guide management decisions to reduce N loss during grazing 

(Minet et al., 2018). The interaction between fertiliser and urine application in grazed 

pastures combined with the climatic drivers influencing N2O emissions should be included in 

future modelling to up-scale N2O losses from the chamber to field and regional scales. 

4.4.5 Yield-scaled N2O emissions and productivity 

Grass dry matter yield differed significantly between treatments. The grass N uptake and 

biomass production are major drivers of N2O emissions by controlling the nutrient pool 
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available for nitrifier or denitrifier microorganisms and thereby could influence the interactive 

effect of urine and fertiliser applications. To support this hypothesis, the yield-scaled EFs 

from CANU and CAN+U treatment were compared.  

Yield-scaled N2O emissions, also called emission intensities, represent the cumulative N2O 

emissions expressed as a fraction of grass yield. Emission intensities were about 0.04 to 

0.22 kg N2O-N t
-1

 for the Control and CAN treatments, which is similar to the results of Snell 

et al. (2014) who found a rate of 0.13 to 0.25 kg N2O-N t
-1

 for fertiliser application in 

Nebraska, USA with rainfall and temperature conditions during the month of experimentation 

similar to the present study. For urine and CANU treatments, we found an emission intensity 

ranging from 0.40 to 3.38 kg N2O-N t
-1

,
 
which was substantially higher than those found by 

Snell et al. (2014) which were all lower than 1.0 kg N2O-N t
-1

. For the autumn application, the 

lack of significant differences in emission intensity between CAN, CANU and U treatments 

suggests the increase in N2O emissions in this season could be the result of N applications 

exceeding the plant’s requirement. Bell et al. (2016) reported a plateau effect for N 

applications above 240 kg N ha
-1

 input to a temperate grassland on grass yields. In autumn, 

the N input from the U and CANU treatments exceeded this amount by at least 200 kg N ha
-

1
. The increase in soil moisture content and the slow grass growth rate constrained by 

daylight and temperature in autumn left a greater pool of available N to microorganisms to 

produce additional N2O emissions than in spring and summer. In terms of yield-scaled EF, 

the difference between CANU and CAN+U treatments was less pronounced than the 

comparison in terms of N2O, in particular in spring, which showed that plant nutrient 

requirements may play an important role in the fertiliser and urine interaction between 

spring/summer and autumn application. The results of the present study emphasise the need 

to advise farmers on the appropriate N fertiliser inputs and application timing to match N 

plant needs in addition of recommendations of avoiding intense grazing or fertiliser 

application at high soil moisture content. This study implies the need for further replication 

under varying conditions, also considering the interaction between dung deposits and 

fertiliser applications on N2O emissions. 

4.5 Conclusion 

Globally, large areas of grazed grasslands are simultaneously covered by urine and N 

fertiliser. This study provides evidence of enhanced N2O emissions in areas of overlapping N 

fertiliser and urine deposit. The emission rates of urine-based N2O and fertiliser-based N2O 

and their interaction from grassland soil under different seasonal environmental conditions 

were quantified. Areas where the combined urine and fertiliser was applied are hotspots of 

N2O emission. Dietary and pasture management practices, which may reduce N losses as 

N2O emissions, could have crucial impacts on the global warming footprint linked to 

intensively managed grasslands. Although the EF factors measured in this study are partial 
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and would require replicated studies before being fully validated, the higher autumn EFs for 

urine deposition of 0.82 ± 0.29 and fertiliser application of 0.72 ± 0.43 highlight the potential 

for carefully extending grazing during wet periods to reduce emissions. Global weather 

conditions are currently well modelled and this study showed the potential to use weather 

conditions (i.e. soil moisture content, rainfall, temperature) as proxies to model the type of 

interaction (additive or synergistic) between urine and fertiliser application on N2O emissions. 

Climate change estimations have predicted more frequent wetter autumns in European 

temperate climates in the future therefore favouring conditions for the increase in total N 

losses into the environment. The increased understanding of N2O emission drivers provides 

scope for adapting grassland and grazing management practices to reduce emissions. 
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Chapter 5 Identifying urine patches on 
intensively managed grassland 
using aerial imagery captured from 
remotely piloted aircraft systems 

Summary 

The deposition of livestock urine and feces in grazed fields results in a sizable input of 

available nitrogen (N) in these soils; therefore significantly increasing potential nitrogen 

pollution from agricultural areas in the form of nitrous oxide (N2O), ammonia (NH3), and 

nitrate (NO3
−
). Livestock deposition events contribute to high spatial variability within the field 

and generate uncertainties when assessing the contribution that animal waste has on 

nitrogen pollution pathways. This study investigated an innovative technique for identifying 

the spatial coverage of urine deposition in grasslands without the need for manual soil 

measurements. A Remotely Piloted Aircraft System (RPAS) using a twin camera system was 

used to identify urine patches in a 5 ha field, which had been grazed by sheep 3 weeks 

previous to measurements. The imagery was processed using Agisoft Photoscan (Agisoft 

LLC) to produce true and false colour orthomosaic imagery of the entire field. Imagery of five 

areas (225 m
2
) within the field were analysed using a custom R script. For a total of 1,125 m

2
 

of grassland, 12.2 % of the area consisted of what was classified as urine patch. A simple 

up-scaling method was applied to these data to calculate N2O emissions for the entire field 

providing an estimate of 1.3–2.0 kg N2O-N ha
−1

 emissions from urine and fertiliser inputs. 
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5.1 Introduction 

In order to improve Nutrient Use Efficiency (NUE) and reduce unnecessary losses in the 

food supply chain, management of nutrients in agricultural systems has to be considered in 

its entirety. One potential solution to improve NUE is to use precision farming techniques 

which take into account the spatial heterogeneity and temporal variability of nutrients already 

present at the field scale before further fertilisers are applied (Mulla, 2013; Hedley, 2015). In 

the context of precision agriculture in intensively grazed grassland management, it is of 

particular interest to study excreta deposited by grazing animals. Nutrient losses from 

livestock at the field scale are difficult to assess in full due to the randomness of the 

deposition of urine and dung from grazing animals (Auerswald and Mayer, 2010; Cowan et 

al., 2015). Past research has focused primarily upon the overall control and management of 

livestock waste and its impacts on the environment, grass production, and soil quality (Boon 

et al., 2014; Selbie et al., 2015; Hyde et al., 2016) with little attention paid to spatial 

heterogeneity. 

In the case of sheep urine, the nitrogen (N) content is reported in the literature only 

sporadically and the uncertainties about these values are large as shown in the meta-

analysis reported by Selbie et al. (2015). The nitrogen loading was reported to vary from 500 

to 1,089 kg N ha
−1

 for sheep urine deposits based on the findings that the urine contains 5–

10 g N L
−1

 and a volume per urination of 0.5 L would cover an area of 0.03–0.05 m
2
 (Haynes 

and Williams, 1993). In our study, using these values, the amount of urine N deposited 

represents an equivalent of 2.0–4.8 times the annual amount of N fertiliser (225 kg N ha
−1

). 

This excess of applied nitrogen leads to an increased likelihood of N leaching, ammonia 

(NH3) volatilisation, and nitrous oxide (N2O) emission, but also increased grass growth (Hyde 

et al., 2016; Marsden et al., 2016), as well as increasing nitrogen and carbon pools in the 

soil, urine depositions change soil pH, soil surface temperature, and soil moisture content 

(Marriott et al., 1987; Moir et al., 2011; Boon et al., 2014; Selbie et al., 2015). All factors are 

likely to change the N2O emission rate (Clough et al., 2004; Hoogendoorn et al., 2008; De 

Klein et al., 2014). 

Typical apportionment values for deposited sheep urine are estimated as 13 % NH3 

volatilisation; 2 % N2O emission; 20 % NO3
−
 leaching; 41 % pasture uptake and 26 % gross 

immobilisation of the total deposited urinary nitrogen (Selbie et al., 2015). Monitoring 

deposited urine in soils is difficult due to the fact that the urine itself is not directly visible. 

However, urine patches do have visible consequences for the grass growth, most noticeably 

colour and density of the leaves (Dennis et al., 2011). These properties may serve as a 

useful proxy for tracking urine deposition, but the response in grass growth to urine 

deposition also depends strongly on soil type, soil moisture content, seasonal and climatic 

conditions and the nitrogen content of the urine (Clough et al., 2004). 
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Existing urine deposition detection methods include simple visual observations of variations 

in vegetation growth and colour (Auerswald and Mayer, 2010). Recent advancements in 

technology have made it possible to detect urine patches by fitting the grazing animals with 

GPS collars and thermal sensors (Betteridge et al., 2010), or with cameras footage or urine 

sensors (Misselbrook et al., 2016); all of which typically require considerable investment in 

time, human and material resources. These methods are usually either only effective over 

small areas, a small number of grazing animals or require installing sensors on the animals. 

Moreover, post-grazing methods to detect urine patches manually or electronically are 

limited in their ability to capture reliable and good quality data (Misselbrook et al., 2016). The 

method developed in this study could help to mitigate these issues by increasing the 

frequency of observations, allowing the study of overlapping urination during the same or 

different grazing events. In other words, a low-cost, high-frequency, non-destructive method 

that is easy to deploy in the field is required. 

In agricultural studies, practices that make use of remote sensing technologies have been 

widely developed to map a variety of spatial factors such as crop production estimation 

(Jensen et al., 2007; Hunt et al., 2010), grass nutrient content (Capolupo et al., 2015; 

Pullanagari et al., 2016), weed distribution (Jensen et al., 2003), soil spatial variability 

mapping (Stoorvogel et al., 2015), and diseased or damaged crops (Mirik et al., 2006). 

Remotely Piloted Aircraft Systems (RPAS) can fly at low altitude allowing acquisition of high 

spatial resolution imagery to observe small individual objects, such as grass patches, and 

can be deployed even in cloudy conditions for which the acquisition of satellite imagery or 

helicopter videography become difficult. The effort required to deploy an RPAS platform has 

greatly reduced in recent years, contributing in some cases to more flexible and affordable 

experimentation than with other aerial image acquisition systems (Zhang and Kovacs, 2012). 

Use of other remote sensing techniques (e.g., piloted aircraft, helicopter, satellite platforms) 

can be limited in its ability to provide adequate field-scale image acquisition, image quality, 

and spatial and temporal resolutions partly due to cost and sensitivity to weather conditions 

(Dennis et al., 2013; Ali et al., 2016; Lopes et al., 2017). 

In the case of urine patch detection and grass quality studies, good preliminary results have 

already been obtained using aerial or ground-based imagery (Moir et al., 2011; Dennis et al., 

2013; Roten et al., 2017). Nevertheless, development of automated pre- and post-

processing of images covering large areas, enabling automated detection of patches, is still 

required. The challenge of automating patch-detection presents complex difficulties, such as 

the light variability effect on similar reflectance properties, the requirement of a high-

resolution image, the identification and removal of unwanted plants and object reflectance 

interfering with the detection. Recently, numerous approaches have been developed to 

perform feature or land-cover detection on images from satellite imagery (Sammouda et al., 
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2014), phenology cameras (Filippa et al., 2016), microscopic or X-ray imagery, and remote 

sensing imagery from RPAS (Hunt et al., 2010; Mulla, 2013; Capolupo et al., 2015). For high 

resolution remotely sensed imagery (where image pixels are much smaller than the objects 

to be identified), an object based image analysis (OBIA) technique is more appropriate to 

use compared to a pixel based approach (Blaschke, 2010). Commonly used software 

packages that use OBIA techniques include eCognition (Gupta and Bhadauria, 2014) or 

python scripts combined with OpenCV, however, these programs can carry expensive 

licenses or may not be user-friendly for most environmental and agricultural science 

researchers. 

The method developed in this study is a remote sensing-based approach, aimed at enabling 

the collection of a large number of urination events at numerous times in an automated way 

(Mulla, 2013). This method is based on grass growth response and does not measure the 

area over which the urine has been deposited (wetted area), but considers the effective area 

(Buckthought et al., 2016). The effective area of a urine patch includes the wetted area, the 

diffusional area and the pasture response area. The wetted area has been distinguished 

from the diffusional and pasture response area which incorporates the diffusive edge of the 

nutrients and the plants able to access, via their roots, these nutrients (Marsden et al., 2016). 

Often N2O emission estimates of urine patches focus on the wetted area only and do not 

account for the diffusional areas (Williams and Haynes, 1994; Hoogendoorn et al., 2008). By 

measuring nitrogen input from urination and spatially determine their locations, the 

development of this method has the potential to help farmers to control their fertiliser 

management, improving NUE, and reducing associated N pollution to the environment. 

The objective of this study was to evaluate the potential and the limitations of using a 

combined tool of RPAS orthoimagery and a script written in R (R Development Core Team, 

2019) to allow feature detection. The aim was to provide an efficient tool to map urine patch 

coverage over grazed grassland in order to improve N2O estimates at the field scale and to 

better explain field soil spatial variability. 

5.2 Materials and methods 

Urine patch detection was undertaken by: (1) Collection of pictures in the field using a RPAS; 

(2) Stitching the collected pictures together to obtain an orthoimage of the entire surveyed 

area; (3) Automated identification of the urine patches from the pictures; (4) Aggregation of 

detected urine patch data. This step-wise method was designed to allow the characterisation 

of field scale urine deposition coverage, size, and colour. 
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5.2.1 Remotely Piloted Aircraft Systems (RPAS) and on board 
camera system 

The RPAS used in this study was a custom-built, eight-motor multi-rotor system housed in a 

1 m diameter Vulcan octocopter frame (VulcanUAV, Mitcheldean, UK; Figure 5-1), controlled 

via a 3DR Pixhawk autopilot running Arducopter (v3.2.1) firmware (3D Robotics, Berkeley, 

USA). The autopilot contained an inertial measurement unit, a barometer, a magnetometer 

and an external GPS for navigation. The RPAS was powered by two 14.8 V, 10,000 mAh 

lithium polymer batteries which provide a flight time of ~14 min whilst carrying the dual 

camera payload of ~320 g. The dual camera system was housed in a stabilised gimbal and 

contained two Canon A2200 point and shoot cameras (Canon, Tokyo, Japan). One of the 

cameras was un-modified, giving a typical red, green, blue (RGB) image, and one was 

modified to sense near infra-red (NIR) wavelengths of light through the removal of its internal 

NIR filter and the addition of an acrylic 585 nm long pass filter (Knight Optical, Harrietsham, 

UK). 

 

Figure 5-1 (a) Octocopter used for this project mounted with an unmodified (b, left) 
and a modified Canon A2200 measuring visible light and near infra-red light (b, right) 

The spectral sensitivity of the cameras was tested to identify their spectral characteristics, 

revealing that for the modified camera, NIR was captured across all channels with the blue 

channel showing the purest signal (Berra et al., 2015). Both cameras used the Canon Hack 

Development Kit (CHDK) modified firmware (v1.2) and the KAP UAV exposure control script 

(v3.1) to enable RAW imagery to be acquired when commanded via the autopilot. The script 

also allows the shutter speed and ISO to vary within a specified range (1/200 to 1/2,000 s 

and 200 to 400 ISO, respectively). The internal neutral density filter was not used. The 

aperture (f 2.8) and zoom level (default) were fixed with focus set to infinity and the white 

balance was calibrated against a gray card before the flight to provide reliable visual results. 
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5.2.2 Unmanned aerial survey 

On the 6 June 2016, four flights were operated to survey the entire field, from two take-off 

positions which ran perpendicular to the slope of the field to maintain an altitude of 35 m 

above ground level. The images captured during the four flights were then considered as 

one dataset. All flights used pre-programmed automatic waypoints facilitated by Mission 

Planner (http://ardupilot.org/planner) to ensure an image overlap of 60 % and a side overlap 

of 80 % in order to optimise the image stitching. The flight speed was 2 m s
−1

 to allow for the 

camera system to capture images at the rate of one image every ~6 s. Georectification of the 

imagery was performed by surveying the centre of twelve fixed collars (used for static 

chambers measurements) distributed within the field using a Piksi (Swift Navigation, San 

Francisco, USA) real-time kinematic GPS with an expected accuracy of ±13 cm (Figure 5-2). 

 

Figure 5-2 The Easter Bush grassland orthoimage from images captured using a 
RPAS on the 6 June 2016 (1a, 2a, 3a) and a square of 15 by 15 m used for the urine 
patch detection script (1b, 2b,3b). (1) Orthoimage with RGB visible colours, (2) Digital 
elevation model, and (3) Orthoimage with near infrared information 

5.2.3 Field site 

The survey was conducted over a 5 ha intensively managed grazed grassland ~10 km South 

of Edinburgh, 190 m above sea level (3°12′W, 55°52′N) over the period March 2016 to June 

2016 (Jones et al., 2017). The field is predominantly grazed by sheep, which is annually 

grazed at 0.7 livestock unit (LSU) per hectare rate. Before the RPAS survey, the field was 

grazed from the third week of March 2016 to mid-May 2016 (7 weeks), by 100 ewes and was 

fertilised in early April 2016 with 69 kg of N ha
−1

 in the form of urea. After the grazing period, 

no animals were present in the field. The field was harvested mid-July 2016 and 12 sub-

samples were collected at the static chamber locations for a total area of 1.5 m
2
. The dry 

http://ardupilot.org/planner
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matter (DM) grass yield was 8.0 tone ha
−1

 with a dry matter content of 243 g kg
−1

. The crude 

protein content was a mean of 79.3 g kg
−1

 DM and the metabolised energy 10.8 MJ kg
−1

 DM. 

From the same sub-samples, the DM grass yield was found to be significantly different 

between patch areas, areas where urine was deposited and areas visually not affected by 

urine (one-way ANOVA, p = 0.0015, n = 12) with a mean of 9.5 and 6.0 tone ha
−1

, 

respectively. The protein content and the metabolised energy of the grass did not show 

significant differences between the two areas of grass visually assessed as patch area or not 

affected area. The field consists of an imperfectly drained MacMerry soil series, Rowanhill 

soil association (Eutric Cambisol) with a pH (in H2O) of 5.1 and a clay fraction of 20–26 % 

(Jones et al., 2011). The main grass species is Italian ryegrass (Lolium perenne). The long-

term average annual rainfall (1981–2010) at this site is 980 mm and the mean daily 

temperature is 18.8 °C in summer (July) and 5.6 °C in winter (January) (Jones et al., 2017). 

5.2.4 Pre-processing using Agisoft Photoscan 

The RGB and NIR images were initially processed to remove erroneous pixels using the 

Canon Hack Development Kit CHDK (http://chdk.wikia.com/wiki/PTP_Extension), followed 

by further processing using a custom script in ImageJ (Schindelin et al., 2013) converted 

each image to a 16 bit linear tagged image file format (TIFF) file (white balance set to 1, no 

gamma correction) using DCRAW software (Coffin, 2016), which utilised a dark image of the 

same ISO and shutter speed in order to reduce dark current signal noise. Each image was 

then smoothed using an ImageJs despeckle filter to further remove noise before the PTlens 

software (T.Niemann, Portland, Oregon, USA) was used to correct lens and edges distortion. 

The RGB images were processed a second time to produce a better visual set of data in 16 

bit TIFF format (gamma corrected, white balance as set for each flight, utilising highlight 

recovery options) and sharpened using ImageJs sharpen filter. The TIFF files were 

geotagged using the GPS information from the RPAS flight log and were then processed 

using Agisoft Photoscan (Agisoft LLC), using high settings (Highest alignment, High Dense 

cloud with mild depth filtering) to produce a georeferenced orthomosaic for each dataset: 

RGB and NIR (Figure 5-2). 

5.2.5 Detection of urine patches algorithm 

5.2.5.1 Algorithm step 1: Cropping of the orthoimages and NDVI calculation 

The RGB and NIR orthimages of the surveyed field were stacked on a raster layer then 

clipped to select smaller areas resulting in a more manageable file sizes of 15 by 15 m of 

grassland (1107 by 1107 pixels, format .tiff, 20.6 MB, resolution of 1.84 cm
2
 pixel) (Figure 

5-2). 

 
NDVI =

NIR −  Red

NIR + Red
  Equation 5-1 

http://chdk.wikia.com/wiki/PTP_Extension
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Red and NIR stands for the red reflectance and near-infrared reflectance. The NIR images 

allowed the calculation of the Normalised Difference Vegetation Index (NDVI) based on the 

data from the blue channel of the modified camera (to give NIR) and the red channel of the 

un-modified camera (to give the red). NDVI is a ratio using red and NIR reflectance to 

highlight photosynthesis (Equation 5-1). NDVI varies between −1.0 and +1.0 and is mostly 

used for satellite pictures due to its link with differences in vegetation type, biomass and 

photosynthetic potential. NDVI is commonly used for feature detection in vegetation 

environments (Jensen et al., 2003; Hunt et al., 2010; Mulla, 2013). Red and NIR cropped 

images were also studied in addition to NDVI cropped images to estimate the efficiency of 

using NDVI to supplement the use of either Red or only NIR images. 

5.2.5.2 Algorithms step 2: Pixel clustering 

To detect urine patches in each picture the clustering method based on pixel segmentation 

was chosen to be applied to the NDVI raster layer created from the RBG and NIR images. 

Clustering is the task of grouping a set of pixels in a way that pixels of the same group called 

a cluster (K) are more similar in terms of colour characteristics, to each other than to those of 

the other groups. In this study, the algorithm was written to perform an unsupervised 

classification using K-means clustering method (Jain, 2010) on each pixel of the NDVI layer. 

This method is designed to handle large datasets and follows four consecutive steps for 

each cluster: 

1. Selection of the K cluster centroids 

2. Attribute pixel to its closest centroid 

3. Set position of each cluster to the mean of all pixel values belonging to that 

cluster 

4. Reiteration of the steps 2 and 3 until convergence or until the maximum number 

of iterations is reached (default is 10 iterations) 

 

The algorithm implemented in R was developed by Hartigan and Wong (1979) for the 

purpose of partitioning data points into k groups to minimise the distance from the data 

points to the cluster centroid. In other words, in the Lloyd's algorithm (Equation 5-2), for each 

iteration, each pixel is assigned to the cluster with the smallest value of: 

 𝑆𝑆(𝐾) =  ∑ ∑(𝑥𝑖 −  𝜇𝑖)
2

𝑥∈𝑐𝑖

𝑛

𝑖=1

 Equation 5-2 

Where n is the number of pixels, K the given cluster, i is the pixel considered, ci is the set of 

pixel that belong to the cluster k and xi−μi the Euclidean distance between the pixel i and the 

centroid of the cluster K.  
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The selection of the cluster first centroid is normally randomised inside the whole image. But 

in this study, the starting point to the K-means method was arbitrary set to ensure that the 

results would be the same if the process was to be repeated. The clustering was performed 

for a set number of clusters per image that needed to be predetermined. For this purpose, 

the elbow method (Figure 5-3) which is a hierarchical cluster analysis was performed using a 

set of dissimilarities for the number of objects (n) being clustered. The method selected was 

the Ward's minimum variance method (Ward, 1963) that allows the identification of compact, 

spherical clusters. Through this method, the optimal number of clusters was found to be 4 for 

the 15 by 15 m squares of grassland. 

 

Figure 5-3 Step by step description of the urine patch detection script and result of 
the elbow method for determining the optimal number of clusters 
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5.2.5.3 Algorithms step 3: Isolation of each urine patch 

The next step was to isolate the urine patches from each other. For each image, inside the 

cluster corresponding to the urine patch, the connected adjacent pixels were grouped 

together to form a patch. For this step, a virtual window of 9 by 9 pixels was created to 

screen the whole image to remove small groups of pixels which were noise from the 

clustering step. Then using the same method, gaps inside the same patch were dissolved 

and pixels belonging to the same patch were connected. Before moving to the next step, the 

function rasterToPolygon() (from the R package “raster,” 

https://www.rdocumentation.org/packages/raster/versions/2.6-7) was used to convert each 

patch as a polygon. 

5.2.5.4 Algorithms step 4: Patch selection and calculation of their 

characteristics 

To avoid the detection of unwanted objects such as weed patches, small shadows and 

groups of denser grass, objects < 300 cm
2
 were discarded, which correspond at the minimal 

potential size of a urine patch (Selbie et al., 2015; Marsden et al., 2016). Finally, the patch 

characteristics such as size, centroid coordinates, patch mean colour values, and shape 

index (giving information on the shape of the patch) were calculated and converted to square 

meters. These values were used to estimate the total coverage of urine patches at the field 

scale. A step-by-step synthetic diagram of the script is provided in Figure 5-3. 

5.3 Results and Discussion 

5.3.1 RPAS and image stitching limitations 

The orthoimages (i.e., RGB and NIR) obtained from the RPAS survey undertaken on the 6 

June 2016, were generated using Agisoft Photoscan (Agisoft LLC). The Figure 5-2 shows 

the output of this software: RBG orthoimage and NIR adding the red digital channel and the 

Digital Elevation Model (DEM) representing the elevation from the sea level. The stitching of 

the images captured by the RPAS into an orthoimage is necessary to create an image 

appearing as though it was taken from a uniform altitude, a rectilinear lens, with limiting edge 

distortions and with accurate details. The image stitching software is limited by the quality of 

the pictures captured and the weather conditions (e.g., influenced by light and wind speed). 

The quality of the camera can also be problematic in some cases. To account for the images 

distortions, the surveyed area must be at least 10 m wider than the actual study area. 

Moreover, colour calibration of the pictures is required to enable time series monitoring and 

the comparison between fields. The proximity and the size of the urine patch deposition 

required a high pixel resolution but also required the images to be as close as possible to 

true-colours to ensure accurate patch detection. A more detailed review on the challenges 

https://www.rdocumentation.org/packages/raster/versions/2.6-7
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and limitations of using RPAS over grassland environments is presented in Von Bueren et al. 

(2015). 

5.3.2 Image segmentation using K-means algorithm 

Orthoimages of the whole field were cropped to 225 m
2
 squares (15 by 15 m) of grassland 

(Figure 5-2). Five of these cropped images, corresponding to locations close to the middle of 

the field surveyed, were processed using an R script (see location of the first square in 

Figure 5-2) as a proof of concept. 

To automate the patch detection, the K-means method (Hartigan and Wong, 1979), 

commonly used for image segmentation (Lopes et al., 2017; Singh and Misra, 2017), was 

implemented in the R script. The advantage of this algorithm is that it has a low 

computational complexity, it is an unsupervised learning mechanism and the resulted 

clusters of this method are not overlapping. This method was able to detect the urine 

patches on image with high colour similarities, patches in close proximity, and overlapping. 

However, the K-means methods can work efficiently only if the optimal number of clusters is 

correctly determined. In this script, the elbow method (Strobl et al., 2017) was used to 

determine that four clusters were the optimal number of clusters required (Figure 5-3). The 

K-means results (Figure 5-4B) were compared visually to the RGB images (Figure 5-4A) to 

assess the certainty of patch detection. The specific cluster corresponding to the urine patch 

was allocated visually and processed using custom functions to isolate each patch (Figure 

5-4C, D). This step is the limiting step in terms of computational complexity, and therefore it 

is the slowest step in the process (Table 5-1). An object-based detection instead of a pixel-

based method could improve the efficiency of this step but would require a supervised initial 

classification of some of the areas by the script-user (Rastner et al., 2014). Other features 

may be mistakenly be labelled as patches when in reality they are weed patches, fence 

poles, or tractors tracks. These issues have not been assessed in this study due to the fact 

that the study area did not contained any of these items, but it will be important to include a 

correction in a future version of this script. 
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Table 5-1 Mean processing time of the R script for five squares of grassland (225 m2 
each) expressed in seconds ± standard deviation 

 
Cropping 
and NDVI 

calculation 
Clustering 

Cluster 
number 

determination 

Isolation 
and 

coverage 
calculation 

Total time 

Processing 
time (s) 

2.28 ± 0.21 2.14 ± 0.17 20.07 ± 3.66 23.88 ± 1.55 48.37 ± 4.01 

 

Figure 5-4 Examples of results from urine patch detection script on a 15 by 15 m 
square of grassland (example 1 in the Table 5-3). (A) RGB image, (B) K-means 
clustering results, (C) selected cluster, and (D) patch isolation results 

The typical wetted area of the sheep urine patch, based on field measurements, is estimated 

to be between 300 and 500 cm
2
 (Selbie et al., 2015; Marsden et al., 2016). Additionally, the 

effective area of a sheep urine deposition has been shown to not exceed 20 cm beyond the 

wetted area (Ducau et al., 2003). Therefore, the total area of the visible patch can range 

between 400 and 1,600 cm
2
 (Marsden et al., 2016). The effective area may vary with the 

volume, the urine nitrogen concentration, soil texture, soil moisture content as well as the 

topography of the area, vegetation type, and root architecture (Haynes and Williams, 1993; 

Dennis et al., 2011). Using this information, the script was written to select effective patch 

areas larger than 300 cm
2
. 
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5.3.3 Validation of the use of NDVI 

NDVI used in this study was chosen for the analysis based on references belonging to other 

scientific disciplines such as satellite images analysis (Zha et al., 2001; Colombo et al., 

2003), feature detection for self-driving cars (Cho et al., 2014) and other RPAS studies as 

described in the section 5.1. It was chosen in this study due to its capability to detect the 

small differences of the green and red spectra inside the images (Rasmussen et al., 2016). 

The NDVI is based on Red digital numbers and NIR reflectance values which required 

modifying the camera to measure NIR. Multispectral sensors such as the parrot sequoia or 

red edges (https://www.parrot.com/us/business-solutions/parrot-sequoia), are often used to 

measure NIR values. These devices are about five times more expensive than the modified 

Canon camera used in this project. Moreover, the necessity of having an extra device on the 

RPAS would have increased payload capacity of the RPAS and cost. The downside of 

having two different cameras to ensure that each pixel in both orthoimages are 

corresponding to the exact same location in the field. For this task, the images have been 

georeferenced using GPS data collected in the field. 

The next step was to identify if the Red digital numbers or the NIR data alone could 

differentiate efficiently the area affected by urine deposition from the rest of the field. After 

running the script using the NDVI data, a t-test was used to compare the values of pixels 

allocated to the patch area and the ones allocated to the “non-patch” area. The F-value and 

the r-squared from the t-tests were used to compare the performance of the colour indices 

(Figure 5-5). The difference between pixels allocated to the patch and non-patch area was 

significant for the three indices (Red, NIR, NDVI). Nonetheless, in this study, Red and NIR 

values for pixels allocated to urine patches were significantly different than the non-patch 

pixels. However, from the F-stats and r-squared values, it is clear that NIR and Red digital 

numbers did not perform as well as the NDVI values (Table 5-2). 

 

 

 

 

 

 

 

https://www.parrot.com/us/business-solutions/parrot-sequoia
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Table 5-2 Summary of the Student's t-test performed (implemented as an ANOVA with 
two groups) to test the difference in mean values between pixels belonging to patch 
and pixels not belonging to patch (non-patch) for the three colour indices Red digital 
number (Red), Near Infra-Red (NIR), and Normalised Difference Vegetation Index 
(NDVI) 

Index p-value Fstats r-squared 

Red < 0.0001 318,500 0.206 

NIR < 0.0001 24,720 0.020 

NDVI < 0.0001 556,300 0.312 

 

Figure 5-5 Colour composition of pixels allocated as urine patch (red) or non-patch 
(white) for Red digital number (A), Near infra-red values (B), and Normalised 
Difference Vegetation Index value (C). Differences between categories were significant 
for the three indices (t-test, p < 0.00001) with n(Patch) = 168,670 pixels, n(Non−patch) = 
1,056,779 pixels 

5.3.4 Urine patch coverage and characteristics 

The detection of individual urine patches using the RPAS during four flights on one single 

day allowed us to calculate the area covered by patches over a sub-section of the field of 

1,125 m
2
 (Table 5-3), which was 12.2 ± 2.2 %. This coverage value has been used as an 

estimate of the whole field coverage which corresponds to an area covered by urine patch of 

0.7 ha for the 5 ha field. This value is at the low end of urine patch estimation compared to 

repeated estimates (14–31 %) over a year of urine depositions from repetition grazed cattle 

using field observations or RPAS imagery and grazed by cattle (Moir et al., 2011; Dennis et 

al., 2013; Selbie et al., 2015). This difference is likely due to the short grazing period before 

the survey (7 weeks), smaller animals (sheep) as well as the urine nutrient content difference 

(Kelliher et al., 2014). To evaluate the annual coverage in our study, it would be necessary to 

repeat the survey regularly throughout the year. Moir et al. (2011) 's experiment was 

conducted for 4 years (2003–2007) where the urine patches were identified visually in the 

spring, summer, and autumn periods each year. This identification was time-consuming and 

took 12 weeks for each season and was considered to be relevant for the previous 3 months 

of urine deposition. By comparison, RPAS survey could be undertaken weekly, pre- and 

post- grazing and will generally take < 2 h. 
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Table 5-3 Urine patch coverage estimation in m
2 

and percentage of the total area 
considered using the R script of five squares of grassland of 225 m

2
 (1–5) with an 

image resolution of 1.84 cm pixel
−1

 and the sum of the five squares (1,125 m
2
) 

 1 2 3 4 5 Mean ± std Total 

Total area 
considered (m

2
) 

225 225 225 225 225 225 1125 

Urine patch area 
(m

2
) 

30.7 31.7 30.2 21.5 22.7 27.4 ± 4.9 136.9 

Urine patch 
coverage (%) 

13.6 14.1 13.4 9.6 10.1 12.2 ± 2.2 12.2 

In this study, every grass patch detected using the RPAS survey was considered as a urine 

patch. However, dung patches are likely to form grass patches under specific conditions of 

accumulation of sheep dung. In contrast to cattle dung which forms a grass patch of > 50 

cm
2
 after degradation of the dung (taking up to 12 months), sheep dung is in the form of 

pellets scattered over large areas and are unlikely to generate a discernible pasture 

response (Williams and Haynes, 1995). Moreover, within the period between the grazing 

ends and the RPAS survey the sheep dung depositions were probably fully degraded 

(Williams and Haynes, 1995). Therefore, dung deposition was not visible in the output 

images. For these reasons, grass patches visible in the output image have been assumed to 

be due to urine and not dung depositions. In the case of potential prior excreta depositions, 

in this study, the previous grazing event was over 5 months prior to the grazing period 

studied. Therefore it was unlikely that previous depositions were visible on the RPAS survey 

images. 

5.3.5 Estimation of N2O emissions from patches at the field 
scale 

In this study, the urine patch coverage was used to estimate urine and fertiliser induced N2O 

emissions. A homogeneous amount of urine deposited on the patch has been assumed to 

calculate the total N2O emissions of the studied field. The calculations have been based on 

the national greenhouse gas inventory methodology (IPCC et al., 2006a). The emission 

factor of mineral nitrogen fertiliser application and of urine deposition is 1 %, i.e., 1 % of the 

nitrogen applied is emitted as N2O. During the period of study, a treatment of 69 kg of N ha
−1

 

was applied and we estimated that 12.2 % of the field was covered by urine patches. The 

amount of nitrogen in sheep urine is required to use the emission factor but this is poorly 

reported in the literature (De Klein et al., 2014; Hyde et al., 2016; Marsden et al., 2016). For 

these calculations, the data summarised by Selbie et al. (2015) on sheep grazing urine N 

content were considered. The N loading for sheep urine ranged from 500 to 1,089 kg N ha
−1

. 

A mean value of 800 kg N ha
−1

 was assumed. From these data, the total emissions of N2O 

from both urine and N fertiliser application was estimated at between 1.3 and 2.0 kg N2O-N 
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ha
−1

 for the period of grazing studied (Table 5-4). The emissions from dung depositions and 

the potentially combined effect of urine and fertiliser were not considered. 

Table 5-4 Results from up-scaling of the urine deposition and fertiliser application N2O 
emissions using the IPCC emission factor of 1 % and the value of urine patch 
coverage estimated over a 7 week period (12.2 %) 

 500 kg N ha
−1

 800 kg N ha
−1

 1,100 kg N ha
−1

 

Contribution of urine deposition 
to total emissions (%) 

46.9 56.4 66.0 

Contribution of fertiliser 
application to total emissions (%) 

53.1 43.6 34.0 

Total field N2O emissions (kg N2O-
N ha

−1
) 

1.30 1.66 2.03 

To provide an order of magnitude, the contributions of the N2O emissions from 7 weeks of 

grazing of 100 ewes and from the mineral fertiliser applied during the same period have 

been determined. The urine depositions from the grazing ewes contribute 47–66 % of the 

total N2O emissions (Table 5-4). From these estimations, emissions induced by urine 

deposition are not negligible compared to the N2O emissions induced by fertiliser application. 

To improve the up-scaling of the emissions, more specific emission factors are required for 

sheep urine patches (De Klein et al., 2014; Marsden et al., 2016), as they vary with season, 

soil properties (texture, pH, moisture content), and as it has been done for cattle urine 

deposition (Clough et al., 2004; Boon et al., 2014; Forrestal et al., 2016; Minet et al., 2016). 

These calculations were based on the percentage of urine patch coverage calculated 

previously and so, on the effective area of the urine deposition. The difference in emissions 

between the wetted and the effective areas was assessed for cattle urine by Marsden et al. 

(2016). They concluded that the cattle urine patch diffusional area is an extremely important 

source of emissions from urine patches and needs to be considered when measuring EFs. 

This study justified using the total area affected by urine deposition instead of the wetted 

area for N2O emissions calculation. 

These results (Table 5-4) are an example of how the urine patch coverage can be used to 

improve our understanding and estimation of emissions. Furthermore, the automated 

detection of urine coverage can improve model validation when compared with field data, up-

scaling from individual patches to field scale as well as allowing the consideration for 

temporal changes of the emissions. 

5.3.6 R script efficiency 

This study has led to the production of a script written in the R software. This software is 

largely used in the scientific community as a statistical tool but more and more researchers 



Chapter 5 Identifying urine patches on intensively managed grassland using aerial imagery captured from remotely 
piloted aircraft systems 

116 

are using it for spatial and image analysis. OBIA techniques can be implemented to optimise 

the processing time and increase the accuracy of the detection (Blaschke, 2010). The R-

package currently under further development, will allow researchers working in this area to 

easily replicate a similar analysis. For a 225 m
2
 square of grassland, the script will take 48.4 

s to process (on a computer with limited power capacity, 4GB RAM, processor Intel
®
, 

Core™, i5-5200 CPU, 2.20 GHz). Each step of the script time processing is shown in Table 

5-2. While considering 1 ha of grassland, the script takes about 35 min to run (Figure 5-3). 

This accounts for the image segmentation, clustering, and the calculation of the parameters 

of each grass patch and plotting the results, but does not include the generation of the 

orthomosaic. In future, it will be important to expand this code to run with object-based 

detection software such as eCognition by Trimble or ArcGIS software by Esri. This would 

prevent multiple counting or miscounting of patches at the edges of the smaller images by 

processing the entire field image at once. It will also allow the analysis of larger datasets, 

such as farm scale or entire grazing period datasets. 

5.4 Conclusions 

In this study, RPAS and R image analysis have proven to be effective when carrying out 

high-resolution, non-destructive, near real-time, and low-cost assessment of the size and 

distribution of urine patches from aerial surveys. This process has been automated and kept 

unsupervised. The process is based on R software which allows researchers to easily adapt 

this script to their research purposes as well as directly using it for urine patch coverage 

estimation. An outcome of this study is the R package which facilitates easy and quick 

processing of the orthoimages collected with a RPAS. The script efficiency has shown 

promise for analysing small and homogenous areas which seem to work sufficiently for plot-

based experiments or individual occasions. However, for long-term monitoring of grazing and 

management impacts on grassland, a more efficient software would be required. Using low-

cost RPAS, on-board cameras and an open source software, this method offers new 

perspectives for nutrient management, precision agriculture, and greenhouse gas emissions 

estimation in grassland systems. 
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Chapter 6 Can nitrogen input mapping from 
aerial imagery improve nitrous 
oxide emissions estimates from 
grazed grassland? 

Summary 

Most nitrogen (N) lost to the environment from grazed grassland is produced as a result of N 

excreted by livestock, released in the form of nitrous oxide (N2O) emissions, nitrate leaching 

and ammonia volatilisation. In addition to the N fertiliser applied, excreta deposited by 

grazing livestock constitute a heterogeneous excess of N at a field scale, creating spatial 

hotspots of N losses. This study presents a yearlong N2O emissions map from a typical 

intensively managed temperate grassland, grazed periodically by a dairy herd. The excreta 

deposition mapping was undertaken using high-resolution RGB images captured with a 

remotely piloted aircraft system combined with N2O emissions measurements using closed 

static chambers. The annual N2O emissions were estimated to be 3.36 ± 0.30 kg N2O-N ha
-1

 

after a total N applied from fertiliser and excreta of 608 ± 40 kg N ha
-1

 yr
-1

. Emissions of N2O 

were 1.9, 3.6 and 4.4 times lower than that estimated using the default IPCC 2019, 2006 or 

country-specific emission factors, respectively. The spatial distribution and size of excreta 

deposits was non-uniform, and in each grazing period, a mean of 15.1 % of the field was 

covered by urine patches and 1.0 % by dung deposits. Some areas of the field repeatedly 

received urine deposits, accounting for an estimated total of approximately 2410 kg of N ha
-

1
. The method reported in this study can provide better estimates of how management 

practices can mitigate N2O emissions, to develop more efficient selective approaches to 

fertiliser application, targeted nitrification inhibitor application and improvements in the 

current N2O inventory estimation. 

 

 

Work presented in this chapter is based on the manuscript to be submitted to Precision 

Agriculture journal with the authors list as: J. Maire, S. Gibson-Poole, N. Cowan, D. Krol, C. 

Somers, D.S. Reay, U. Skiba, R.M. Rees, G.J. Lanigan, K.G. Richards 

Author Contributions: JM, KR and DM designed the experiment. JM conducted the 

experiment and analysed the samples in the laboratories in Teagasc Johnstown Castle with 

the support of laboratory technicians. JM with the help of SGP designed the image analysis 

method. JM wrote the article with the contributions from all co-authors. 
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6.1 Introduction 

Nitrous oxide (N2O) plays a major role in the depletion of the ozone layer (Ravishankara et 

al., 2009), as well as being a powerful greenhouse gas (GHG) (IPCC et al., 2013). N2O is 

naturally produced in the soil, predominantly by two microbial processes; i) nitrification, 

which is an aerobic process that depends on the availability of oxygen and ammonium 

(NH4
+
), and ii) denitrification, an anaerobic process that depends on the availability of nitrate 

(NO3
-
), oxygen and carbon (C) (Davidson, 1991). N2O emissions are enhanced by the 

anthropogenic supply of nitrogen (N), largely due to agricultural activities such as fertiliser 

application and livestock waste management. As well as N availability (e.g. fertiliser, 

livestock excreta, mineralising crop residues), microbial N2O production is also dependant on 

soil conditions (e.g. texture, pH, and moisture content) and weather conditions (e.g. rainfall, 

temperature) (Rowlings et al., 2015; Samad et al., 2016; Martins et al., 2017). These 

conditions can be highly spatially and temporally variable within fields and the wider 

environment, leading to high uncertainties in reporting of N2O emissions from heterogeneous 

ecosystems such as grazed grasslands (Hutchings et al., 2007; Cowan et al., 2015; Luo et 

al., 2017; Chadwick et al., 2018). 

The N content of livestock excreta depends on multiple of factors such as livestock diet 

(percentage of crude protein), gross energy, air temperature and livestock N use efficiency 

(NUE) (Angelidis et al., 2019). In grazing systems, a large proportion of N ingested by 

livestock is returned to the soil as excreta (75 % to 95 %) (Van Middelaar et al., 2013). The 

excreta deposits become hotspots of N loss due to their high N loading in a small 

concentrated area, exceeding the potential of the soil and vegetation to assimilate it 

(Chadwick et al., 2014). The heterogeneity of the emissions at the field scale is reflected in 

very large uncertainties associated with the national inventory of N2O emissions. For 

instance, the UK GHG inventory was estimated to include over 250 % uncertainty for N2O 

emissions from soil (Misselbrook et al., 2011). The default emissions factor (EF) for excreta 

often overestimates observed pasture emissions (Bell et al., 2015a; Chadwick et al., 2018) 

with EFs associated with urine deposition ranging from 0 % to 14 % (n = 40) (Selbie et al., 

2015; Aarons et al., 2017). N2O emissions have been observed to have a nonlinear 

response to N loading and in particular cattle urinary N have high N loading rates up to 2000 

kg N ha
-1

, making them especially prone to high N2O losses (Selbie et al., 2015; Cai and 

Akiyama, 2016).  

Other studies have attempted to improve field scale N2O emission measurements using 

eddy covariance flux tower or fast-box methods (Scanlon and Kiely, 2003; Jones et al., 2011; 

Brümmer et al., 2017; Voglmeier et al., 2019). However, grazed grassland has an additional 

challenge due to the randomly deposited excreta which makes the use of conventional up-

scaling methods difficult (e.g. kriging) without a map of the precise location of the depositions 
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(Cowan et al., 2015; Levy et al., 2017; Jolly et al., 2019). Currently, modelling N losses from 

grazed systems requires data on excreta deposition (i.e. frequency, volume, N loading, 

composition, their spatial distribution) (Cook and Kelliher, 2016; Snow et al., 2017). Better 

models will improve our understanding of N cycling from a grazed landscape and enable the 

location of critical source areas of N emissions so that emissions mitigation can be targeted 

(Betteridge et al., 2010).  

In this study, small-scale plots were utilised to quantify N2O emissions from animal excreta 

using static chambers, and then overall pasture emissions were estimated based on the up-

scaling of these emissions combined with excreta deposits maps. The maps were created 

from a Remotely Piloted Aircraft Systems (RPAS) survey before and after each grazing 

period, to estimate the areas where urine or dung was deposited. The method employed for 

this experiment uses the grass response to the N input for urine and directly assesses the 

dung deposits through an object-based algorithm improved from Chapter 5 (Maire et al., 

2018).  

The main goal of this study was to quantify and map the N input to an intensively managed 

dairy farm field grazed over the whole year, in the forms of fertiliser or livestock excreta to 

estimate their related N2O emissions. The knowledge of the spatial pattern of the N input is a 

fundamental need to create variable rate application (VRA) of N fertiliser or to target 

nitrification inhibitor applications to the field to mitigate N2O emissions (Balafoutis et al., 

2017). Therefore, the objectives of this study were to 1) calculate EFs for cattle urine, cattle 

dung and, fertiliser; 2) calculate total excreta N input into the field using excreta patches 

mapping; 3) apply EFs to the N input map to estimate total N2O emissions and the source 

partitions of these emissions. 

6.2 Materials and methods 

6.2.1 Site description and grassland management 

The methodology used during this experiment is detailed in Chapter 4 (Maire et al., 2020). 

The experiment was conducted at an intensively managed grazed field, which formed part of 

the research dairy farm at Teagasc Johnstown Castle research centre, co. Wexford, Ireland 

(52°17'54.1"N, 6°30'01.1"W). The grassland sward mainly consisted of perennial ryegrass 

(Lolium perenne L). The field was managed as a rotational grazing system with a typical 

rotation period of about 20 days. As well as chamber flux measurements, soil and grass 

samples were collected during the experimentation period in an excluded experimental area 

within the middle of the 1.42 ha field from March 2017 to December 2017. The whole field 

was surveyed using a small RPAS before and after each grazing period (Figure 6-1 and 

Figure 6-2). During the experiment, the intermittent grazing started in early April and finished 

mid-November. During this time, nine full rotations took place, corresponding to a total of 29 
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days grazing (stocking density of 3.4 LSU ha
-1

, 60 dairy cows). Over the same period, the 

field was fertilised nine times with calcium ammonium nitrate (CAN) at a total of 261 kg of N 

ha
-1

. During the grazing period, N input to the field mainly occurred in the form of N excreta 

and to a lesser extent as synthetic mineral N fertiliser. 

 

Figure 6-1: Timeline of the experimental field management including mineral fertiliser 
application events in the form of CAN and days of grazing for a herd of 60 dairy cows. 
Images show detailed field conditions (urine and dung patches) of the exact same 
spot on the ground at each RPAS survey (~4 m

2
) marked in surveyed chronological 

order with letters from (a) to (l). 

6.2.2 Field N2O flux measurements 

As described in Chapter 4 (Maire et al., 2020), a randomised block plot experimental design 

was used, conducted in the grazing excluded area in the centre of the field. Five replicates of 

a) untreated control; b) cattle urine; c) CAN mineral fertiliser; and d) cattle urine with CAN 

mineral fertiliser, were applied inside static chambers and over the separate area for gas, 

soil and grass samples. Applications were made in spring (27/04/2017), summer 

(03/07/2017) and autumn (02/10/2017). Urine was collected for each season from dairy cows 

and stored at 5°C prior to analysis and application. Urine N loading was measured in each 

season by analysing N content (Aquakem 600 discrete analyser Rigas Labs S.A) of the urine 
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collected at the farm during milking, while dung N loading was taken from an experiment 

conducted in 2014 on the same farm by Krol et al. (2016) (Table 6-1). The N applied in the 

urine ranged from 573 to 671 kg N ha
-1

 (Table 6-1). Urine was applied in compliance with the 

work of Forrestal et al. (2016) where the urine patch simulation method mimics natural 

deposits by using a urine volume and N content similar to that of the animal. This practice 

allows for natural infiltration of the urine volume into the soil, replicating real conditions. To 

match the fertilisation rate with surrounding grazed areas, the CAN application rates varied 

depending on the season (Table 6-1). From this experiment, EFs were calculated for the 

treatments applied in spring, summer, and autumn and are presented in Table 6-1 named as 

“field-specific EFs”. The EFs were calculated over a 40 day period after application to ensure 

the comparability of the treatments between seasons (Skiba et al., 2013). 

Table 6-1: N input and calculated EFs associated with the 2017 experimental set up for 
CAN, urine and dung application under the different EFs hypothesis (field-specific, 
country-specific, IPCC 2006 and IPCC 2019 revisions) 

 
Spring Summer Autumn 

Fertiliser (CAN) 

N input (kg N ha
-1

) 125 106 30 

EF field-specific (%) 
c
 0.31 0.07 0.72 

EF country-specific (%) 
a
 1.49 1.49 1.49 

lPCC default 2006 EF (%) 1 1 1 

lPCC default 2019 EF (%) 
b
 1 1 1 

Urine 

N input (kg N ha
-1

) 573 680 671 

EF field-specific (%) 
c
 0.33 0.28 0.82 

EF country-specific (%) 
a
 1.2 1.2 1.2 

lPCC default 2006 EF (%) 2 2 2 

lPCC default 2019 EF (%) 
b
 0.4 0.4 0.4 

Dung  

N input (kg N ha
-1

)
 a
 490 469 420 

EF field-specific (%) 
a
 0.06 0.16 0.24 

EF country-specific (%) 0.31 0.31 0.31 

lPCC default 2006 EF (%) 2 2 2 

lPCC default 2019 EF (%) 
b
 0.4 0.4 0.4 

a 
Data from (Krol et al., 2016) 

b 
Table 11.1 (updated) IPCC 2019 revisions GHG guidelines 

c 
Data from Chapter 4, Maire et al. (2020) 

6.2.3 IPCC calculations for annual N2O emissions estimation 

The spatial calculations performed for this study were compared to the IPCC methodology 

results based on an annual account of the N2O emissions from the herd of grazing dairy 

cows and the fertiliser applied during the year. The calculations followed the IPCC 

methodology published in 2006 in the IPCC guidelines for national greenhouse gas 

inventories (IPCC et al., 2006a) but also the 2019 revisions of the IPCC guidelines (IPCC et 

al., 2019a). In brief, in the Tier 1 approach, the amount of N applied to the field is multiplied 
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with the EF; EF1 refers to the percentage N lost as N2O emissions per kg N applied in the 

form of synthetic nitrogen which is set to a default value of 1 %; EF3 refers to the N2O 

emission associated per kg N animal excreta applied directly to the pasture, which has a 

default value of 2 %. The Tier 2 approach is similar to the Tier 1 approach, except it applies 

more defined emission factors and other parameters which are specific to the country. IPCC 

methodology is commonly used to quantify total emissions at a country level; however, 

similar approaches can be used to estimate annual emissions at a field level using Equation 

6-1 and Equation 6-2. 

 
𝑁2𝑂 𝐷𝑖𝑟𝑒𝑐𝑡 = [𝑛 ∗ 𝑁𝑒𝑥 ∗ 𝐴𝑊𝑀𝑆 ∗ 𝐸𝐹3 +  𝑁𝐶𝐴𝑁 ∗ 𝐸𝐹1 ] ∗  

44

28
 Equation 6-1 

N2O Direct: annual direct N2O emissions produced from soils from urine and dung 
deposition, kg N2O yr

-1
 (per ha if divided by the total area of the field in ha) 

n: number of livestock head 
Nex: annual amount of urine and dung N deposited on pasture by grazing animals, kg 
N yr

-1
 

AWMS: fraction of total annual nitrogen excretion that is managed in manure 
management system (pasture/ paddock) = ratio of annual days of grazing per year 
EF3: emission factor for N2O emissions from urine and dung N deposited on pasture, 
range and paddock by grazing animals, kg N2O –N (kg N input)

-1
 

NCAN: annual amount of synthetic N fertiliser applied on pasture 
EF1: emissions factor for N2O emissions from synthetic fertiliser kg N2O –N (kg N 
input)

-1
 

(44/28): conversion of N2O –N emissions to N2O emissions 
 

 
𝑁𝑒𝑥 = 𝑁𝑟𝑎𝑡𝑒 ∗

𝑇𝐴𝑀

1000
∗ 365 Equation 6-2 

Nex: annual amount of urine and dung N deposited on pasture by grazing animals, kg 
N head

-1
 yr

-1
  

Nrate: default N excretion rate, kg N (1000 kg animal mass)
-1

 day
-1

 
TAM: typical animal mass kg animal

-1
 

To calculate the total N excreted by the herd during the year of grazing, two approaches 

were used: i) calculated using Equation 6-2 from IPCC recommendations with 0.54 as Nrate 

and 600 kg as TAM which are the default revised 2019 IPCC value for west European 

agriculture (IPCC et al., 2019a) which is equivalent to 0.32 kg of N deposited per animal per 

day of grazing in the form of dung and urine (Oenema et al., 2014; Velthof et al., 2015); ii) 

using the default Irish-specific value for Nex which is 100.9 kg head
-1

 yr
-1

 (Duffy et al., 2018). 

The proportional excreta N allocation to urine and dung of 78.4 % and 21.6 % respectively 

was prescribed (Lantinga et al., 1987; Selbie et al., 2015). Predictive models are available 

and could have been used to determine a more precise value for N by excreta type although 

the models depend on knowledge of intake and forage characteristics which were not 

available for this experimentation (Reed et al., 2014). Based on the calculations above and 

the data in Table 6-1 the total emissions produced in the field during 2017 were calculated 
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and presented in Table 6-2. Grass residues related emissions were not accounted for in the 

calculations. 

Table 6-2: Parameters and results of the calculations of the total N2O-N emissions 
emitted from the herd of 60 dairy cows grazing a field of 1.42 ha in 2017 based on 
IPCC methodology (Tier 1 and Tier 2). 

 Tier 1 Tier 2 

 IPCC 2006 
IPCC 2019 
revisions 

Irish country-
specific 

Field-specific 

n 60 60 60 60 

AWMS 29/365 29/365 29/365 
spring: 8 days;  

summer: 12 days; 
autumn: 9 days 

NCAN 
261 (kg ha

-

1
)*1.42 (ha) 

= 370.62 kg 

261 (kg ha
-

1
)*1.42 (ha) 

= 370.62 kg 

261 (kg ha
-1

)*1.42 (ha) 
= 370.62 kg 

spring: 177 kg 
summer: 150.5 kg 
autumn: 42.6 kg 

TAM 600 600 - - 

Nex 

(*600/1000)*365 
118.3 118.3 

100.9 from (Duffy et 
al., 2018) 

 
Nex allocation: urine = 

78.4 % and dung = 
21.6 % from (Lantinga 
et al., 1987; Selbie et 

al., 2015) 

100.9 from (Duffy et 
al., 2018) 

 
Nex allocation: urine 
= 78.4 % and dung = 

21.6 % from (Lantinga 
et al., 1987; Selbie et 

al., 2015) 

EF3 2 % 0.4 % 
1.18 % Urine 
0.31 % Dung 

See Table 6-1 

EF1 1 % 1 % 1.49 % See Table 6-1 

Field area 1.42 ha 1.42 ha 1.42 ha 1.42 ha 

Comment - - - 
Sum of all season 
results for each N 

source 

Total N (kg yr
-1

 
ha

-1 
) 

658.2 658.2 599.7 599.7 

Total N2O (kg 
N2O-N yr

-1
 ha

-1
) 

16.58 6.60 11.39 3.17 

6.2.4 Remote sensing 

6.2.4.1 Aircraft, inboard sensor and image acquisition 

The aircraft deployed for surveying was a small RPAS (DJI Phantom 4, Shenzhen, China) 

with a 1/2.3” CMOS camera (effective pixels:12.4M). The small RPAS followed the same 

flight plan for each survey conducted. The flight plan was created prior to the survey, for a 

flight at 35 m altitude, taking 182 pictures over the whole area with 80 % forward and side 

overlapping. The JPEG images collected were orthorectified and turned into an orthomosaic 

using the photogrammetric software Agisoft Photoscan (v1.2.0; Agisoft LLC, St. Petersburg, 

Russia), using highest image alignment options and high dense cloud settings with mild 
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depth filtering. The red, green, blue (RGB) orthomosaic and digital surface model (DSM) 

were created with a resolution of 1.37 cm
 
and 2.76 cm per pixel respectively. Twelve ground 

control points placed around and within the studied field were recorded using a Trimble R8S 

GNSS Real-Time Kinematic (RTK) GPS total station (maximum precision of 8 mm 

horizontally and 15 mm vertically) (Trimble Germany GmbH, 2013) and were used to 

improve the geolocation accuracy of the RGB orthomosaic and DSM.  

6.2.4.2 Object-based classification in eCognition 

Each orthomosaic was classified using the object-based image analysis (OBIA) software 

eCognition Developer (v9.3.1; Trimble, Munich, Germany). The goal of the classification was 

to detect three different classes of vegetation/terrain: i) urine patches (i.e. visible 

consequences of urine deposition on grass growth, such as greener, darker and taller 

grass), ii) dung deposits, iii) untouched areas of the field (i.e. areas with no visible enhanced 

grass growth or dung deposit). For each survey, the entire field area was segmented into 

individual image objects using eCognition’s multiresolution segmentation algorithm 

(parameters: RGB weight of 1 each; scale = 20; shape = 0.3; compactness = 0.9). Then a 

supervised classification was applied based on sample objects selected from areas 

representing each of the three classes. The classification was performed using eCognitions 

Nearest Neighbour (NN) method (Trimble Germany GmbH, 2013). The NN method is a 

supervised classification that is trained by using a set of samples of different classes 

selected by the user, to assign membership values to all other objects. Membership values 

in the range 0 (no assignment) to 1 (full assignment) are assigned to each object, according 

to the distance in the feature space using an exponential membership function. The slope of 

the membership function is a combination of fuzzy function and is adjusted from the samples 

selected by the user, with each image object being allocated a membership value to each 

class (Benz et al., 2004). The closer the image object is located in the feature space to a 

sample of a class, the higher the membership degree to this class, with the highest 

membership being the class selected for each particular image object (Trimble Germany 

GmbH, 2013). 21 spectral and geometric attributes were considered as predictor variables 

for the classification (Table 6-5). The spectral attributes included the object’s mean RGB 

values, brightness and skewness for each band, colour indices (Table 6-3) and the 

geometric attributes of object area, shape index, compactness and roundness. A total of 12 

surveys were classified, each using a different combination of samples selected for each 

survey date with a total of 793 samples (Table 6-4) and optimised set of attributes for the NN 

method (Table 6-5). 
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Table 6-3: Colour indices description and references. 

Abbreviation Name Formula References 

DGR Dark Green Index g-r 
(Golzarian et al., 

2012) 

NDI 
Normalised 

Difference Index 
(g-r)/(g+r) (Zhang et al., 2019) 

ExG 
Excessive Green 

Index 
2g-r-b 

(Yang et al., 2015; 
Zhang et al., 2019) 

ExGR 
Excessive Green 
Index - Excessive 

Red Index 
ExG-(1.4*r-g) 

(Yang et al., 2015; 
Zhang et al., 2019) 

VEG Vegetative Index g/(r 
0.667

*b 
0.333

) (Yang et al., 2015) 

VARI (also 
named EVI) 

Visible 
Atmospherically 

Resistant Index 

(g-r)/(g+r-b) 
(Gitelson et al., 2002; 
Zhang et al., 2019) 

CIVE 
Colour Index of 

Vegetation 
Extraction 

0.441*r-
0.881*g+0.385*b+18.78745 

(Ponti, 2013; Yang et 
al., 2015) 

GLI Green Leaf Index  (2g−b−r)/(2g+b+r)  (Zhang et al., 2019) 

HSI 
Hue Intensity 

Saturation 
Tan

-1
(sqrt(3)*(g-b)/[(r-g)+(r-

b)]) 
(Chien and Tseng, 

2017) 

The purpose of considering surveys for detecting only dung or only urine patches was to 

minimise classification error by choosing the best survey available in terms of time period 

after grazing. Indeed, dung was more visible just after grazing when it was untouched and 

fresh in contrast to being dried (whiter) and dispersed by birds or animals at later time 

periods after deposition. Urine patches were easier to detect 10 days after grazing, as the 

effect on grass becomes more obvious (Dennis et al., 2011; Jolly et al., 2019). 

6.2.5 Accuracy assessment 

The eCognition version used did not offer a tool for selecting random samples for accuracy 

assessment, therefore the assessment for each supervised classification was completed 

using Quantum GIS (QGIS Development team, 2019). For each survey date, points were 

generated randomly following a stratified random sampling method, where a minimum 

number of 50 observations are randomly placed within the classified objects of each class. 

The objects that were selected as the samples for the classification were not used for the 

accuracy assessment. All the points were then manually identified by the user before being 

compared with the classification from the producer (the NN classification) (Ramezan et al., 

2019). User’s and producer’s accuracies, overall accuracy and the kappa coefficient were 

calculated for each survey classified. In this study, a minimum of 85 % of overall accuracy 
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was considered as an effective classification. This threshold is the traditionally accepted 

objective and the mean accuracy reported in the literature according to Ye et al. (2018). 

6.2.6 Annual N input and N2O emissions mapping 

A model was created for this study to map total N input across the field and calculate the 

associated N2O emissions. The model takes into account the different sources of N in 

grazed grassland; synthetic fertiliser as well as urine and dung deposited on pastures by 

grazing animals. However, the N from crop residues above or below-ground N from N-fixing 

crops such as clover were not taken into account and only the direct N2O emissions were 

estimated (i.e. no secondary emissions from NH3 deposition). The N input or emissions were 

allocated to each pixel of each survey depending on the classes assigned and the timing of 

the survey. The layers were then summed by season and for the whole year using code 

written in the statistical data handling program R software (R Development Core Team, 

2019). 

6.2.7 Statistics and uncertainty calculations 

Urine patches detected using the RPAS imagery can be described by i) the wetted area, 

where the urine is directly discharged and ii) the area directly adjacent to the wetted area 

where the grass has some access to the urinary N through horizontally reaching root 

systems and where the N can diffuse through the soil pores (Selbie et al., 2015). The area 

detected by the method presented in this article is named the “effective area” (i.e. the area of 

grass that can be observed to be impacted by the additional N) of the urine patch which 

combined these two areas (Buckthought et al., 2016; Marsden et al., 2016). Accounting for 

the effective area and not only the wetted area is essential for accurately estimating NUE of 

the grass and for estimating areas of over fertilisation. Estimating the N loading on these 

areas was the most complex task of the model. The urine loading presented in this study (in 

kg N ha
-1

) is in accordance with the literature (Hoekstra et al., 2020); however, it only 

considers the wetted area of the patch. The difference in extent of the wetted area and 

effective area has been reported to be approximately 2.83 with a mean of 0.24 m
2
 for the 

wetted area and from 0.03 to 1.1 m
2
 with a mean of 0.68 m

2
 for the effective area (Williams 

and Haynes, 1994; Moir et al., 2011; Selbie et al., 2015). In the Johnstown Castle farm, urine 

patches have been measured with a larger area from 0.2 to 1.8 m
2
 with a mean of 0.68 m

2
 

(Minet et al., 2016), To capture a more realistic N input to the field in the form of urinary N, 

the N loading for urine was divided by the wetted area ratio of 2.83 and uncertainty analysis 

was conducted on N loading. This analysis was undertaken using a Monte Carlo method 

with a range in input values from a normal distribution of the N loading (n=10000) with 

means presented in Table 6-6 and a standard deviation of 50. The output was used to 

calculate the total N input and associated emissions. 
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6.3 Results 

6.3.1 Performance of the object-based classification 

The urine patches and dung deposits were detected efficiently for each grazing period and 

allocated a hypothetical N loading depending on the season of deposition. The performance 

of the classification was estimated and appears to be satisfactory according to the standards 

published of over 85 % of overall accuracy and over 70 % for user’s and producer’s accuracy 

(Ramezan et al., 2019). The supervised object-based classification revealed an accuracy 

level minimum of 85 % and maximum of 96 % over all the surveys classified (n = 793, Table 

6-4). The survey captured on 21/08/2017 was used to first train the classification algorithm 

and so more samples were used to assess the accuracy of the classification on this survey. 

The overall kappa coefficient had a maximum value of 0.92 and minimum value of 0.71. 

Details of the producer and user accuracy for each survey are shown in Appendix B. 

Table 6-4: Summary of the classification confusion matrix and accuracy results of the 
object-based analysis excreta deposits in each of the 12 surveys. The accuracy 
represents the ratio between the number of all correctly classified objects and the 
total number of samples. The kappa coefficient measures the proportion of agreement 
after removing random effects. 
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(%) 

92 85 83 88 77 77 71 82 86 78 75 87 71 92 - 
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e 
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55 53 52 - - 793 

a
 survey used for dung only 

b
 survey used for urine patches only 

In this experiment, the NN algorithm was found to be a viable algorithm to detect the excreta 

patches over the year. For each survey the NN algorithm used the same group of initial 

features but was optimised prior to running the classification. This optimisation of the NN 

features for each survey meant that the final feature set selected for each classification 

differed for some of the surveys (Table 6-5). These differences were implemented 

automatically by drawing new sample areas to more accurately distinguish patches in 

different states of grass growth or different states of dryness of the dung deposits.  
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Table 6-5: Selection of attribute features as predictors for the NN algorithm used for 
classifying each survey to detect urine and\or dung patches. A cross signifies that the 
feature has been selected as necessary after the classification optimisation. The 
percentage of surveys using each feature represents the features most selected 
across the year of surveys. 
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Area       x   x x x       x 42 

Roundness       x x         x x x 42 

Compactness       x   x x     x   x 42 

Skewness B x x x x   x x x x x   x 83 

Skewness G x x x x x x x x x x x x 100 

Skewness R x x x x       x x x   x 67 

Skewness 
DEM 

      x     x x   x   x 42 

Shape Index       x     x     x   x 33 

Mean B x x x           x       33 

Mean G x x x   x     x x   x x 67 

Mean R   x x x x x   x x x x x 83 

Hue intensity x x x   x x     x x x x 75 

Hue 
saturation 

x x x           x x   x 50 

EXG x x x   x       x x x   58 

CIVE x x x   x       x x x x 67 

DGR x x x x x x x x x x x x 100 

VARI (also 
named EVI) 

x x x     x x x x x     67 

NDI   x x x x x x x   x x x 83 

ExGR         x x       x x x 42 

VEG                         0 

GLI                         0 
a
 survey used for dung only 

b
 survey used for urine patches only  
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Figure 6-2: (a) Entire orthomosaic of the field captured on the 21
st

 of August 2017 
showing the classified deposition of urine and dung and showing the different 
sections of the field (experimental plot, scientific instrument area and hedges) which 
were excluded from the classification; (b) A section of the original orthomosaic of (a), 
the area covered is approximately 65 m

2
; (c) Classification map of the excreta 

deposition showing the same area as (b). The class “untouched” including the area 
where no excreta have been detected is not represented. 

An example of the classification results is shown in Figure 6-2 along with the field features 

which have been excluded from the classification (hedges, instrument area and experimental 

plot). For instance, the selected features from samples from the survey captured on 

21/08/2017 are presented in Figure 6-3. Some features such as EVI and DNI in Figure 6-3 

showed differences between all classes whereas some features such as CIVE, 

Compactness and DGR where more efficient at discerning between two classes. The 

classes which are more efficient at discerning between urine, dung and the untouched 

category are the main ones selected after NN optimisation per survey. 
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Figure 6-3: Differences between classification object features and classes. The 
features have been normalised between 0 and 1. Features presented are a selection of 
the features used for the survey on the 21/08/2017. 

6.3.2 Total excreta coverage and nitrogen input to the field 

During the typical year of grazing (April 2017 to November 2017), the mean urine patches 

coverage for one event of 2 to 4 days (60 cows in a 1.42 ha field) was 15.1 % with a 

maximum reached at the last grazing event of the year with 23.2 %. The dung coverage was 

lower than expected, covering a mean of just 1.0 % of the field on average, and reached a 

maximum of 1.4 % per grazing event (Table 6-6). The resulting map of total N input to the 

field from the excreta deposits classification and mineral fertiliser is presented in Figure 6-4.  
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Figure 6-4: (a) Resulting map of the whole field presenting the annual N from fertiliser, 
urine and dung deposition in kg of N ha

-1
 based on the addition of the nine grazing 

times of the 60 dairy cows over 2017, (b) and (c) two different sections of the annual N 
map showing location of high aggregation of N input. The area covered by each 
section is approximately 100 m

2
. 

Up-scaling the urine, dung and fertiliser N input to the entire field from the map resulted in a 

total N loading during the year of 608 ± 40 kg N ha
-1 

(Table 6-6). Some areas of the field 

were potentially touched by urine up to eight times and received an estimated total of 2405 

kg of N ha
-1

. 

To test whether the excreta were deposited randomly over the field, a “Global Moran’s I” 

spatial correlation were applied to the annual N input map after averaging the N input over a 

1 m
2
 scale. The N input was not randomly distributed (p-value < 10

-6
) over the field with a 

Morgan index of 0.57 and a Z-score of 94.85. 
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Table 6-6: Total area covered by excreta resulting from the classification of the RPAS 
surveys over the year per hectare or as a percentage of the total area of the field. The 
total N input to the field was summed over the season or whole year and presented in 
this table as the total value loading.  

  Unit Spring Summer Autumn Year 2017 

Percentage urine area 
covered 

% ± SD 
12.7 ± 14.7 ± 19.5 ± 15.1 ± 

9.4 4.7 4.4 6.1 

Percentage dung area 
covered 

% ± SD 
0.6 ± 1.2 ± 1.1± 1.0 ± 

0.3 0.3 0.2 0.4 

Urine N input per 
urination 

kg N ha
-1

 per 
urination 

202 ± 240 ± 237 ± 
- 

50 50 50 

Dung N input per deposit 
kg N ha

-1
 per 

deposit 
490 469 420 - 

Total annual urine N 
input 

kg N ha
-1

 
76.9 ± 141.1 ± 93.3 ± 311.3 ± 

19.0 29.3 19.5 39.9 

Total annual dung N 
input 

kg N ha
-1

 8.2 22.0 7.7 37.9 

Total annual fertiliser N 
input 

kg N ha
-1

 124.8 105.8 29.9 260.5 

Total annual N 
applied (urine and dung 
depositions, fertiliser) 

kg N ha
-1

 
209.8 ± 268.9 ± 130.9 ± 609.7 ± 

19.0 29.3 19.5 39.9 
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6.3.3 Cumulative N2O emissions from the field 

From the 2017 N input map of the field, the cumulative N2O emissions were estimated using 

field-specific EFs for the entire year and seasonally excluding winter when the field was not 

grazed (Figure 6-5 and Table 6-7). The spatial variability of the N2O emissions at the field 

scale is notable with higher emissions located closer to the hedges and gates of the field due 

to the non-uniform distribution of the N applied. 

 

Figure 6-5: Cumulative N2O emissions maps in kg N2O-N ha
-1

 for the entire field over 
the three seasons and the entire year. The emissions were calculated using the field-
specific EFs and the N input map. 

The cumulative emissions over the three seasons were estimated to be 14.40 kg N2O-N ha
-1 

across the field with the higher emissions estimated in autumn. In contrast, using the other 

defined EFs, summer was estimated to be the larger emissions season followed by spring 

then autumn (Table 6-7). The field-specific EFs fully take account of the seasonality of the 

fluxes and the specificity of the year of measurement. 
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Table 6-7: Total annual N2O emissions calculated using the RPAS imagery 
classification and based on the different EFs. Mean, maximum, minimum and 
standard deviation values were estimated with the Monte Carlo runs (n = 10000). 

 

Total N2O emissions (urine, dung and fertiliser) 

(kg of N2O-N ha
-1

) 

Emission factor Field-specific Country-specific IPCC 2006 IPCC 2019 

Spring 

mean 1.01 4.40 4.62 2.49 

min 0.67 3.15 2.54 2.08 

max 1.36 5.67 6.73 2.91 

sd 0.10 0.36 0.59 0.12 

Summer 

mean 0.79 5.24 6.78 2.69 

min 0.24 2.86 2.81 1.89 

max 1.23 7.13 9.93 3.32 

sd 0.13 0.55 0.92 0.18 

Autumn 

mean 1.56 2.48 3.60 1.10 

min 0.57 1.01 1.07 0.61 

max 2.57 3.97 6.60 1.59 

sd 0.25 0.37 0.61 0.12 

6.3.4 Nitrogen loading uncertainties calculations 

The total annual N2O emissions (from urine and dung deposition and fertiliser) were 

estimated to be 3.36 ± 0.30, 12.13 ± 0.75, 15.01 ± 1.26 and 6.28 ± 0.25 kg N2O-N ha
-1

 yr
-1

 

for the field-specific EFs, country-specific EFs, IPCC 2006 EFs and IPCC 2019 respectively. 

The annual N2O emissions from the field were measured with this method with an 

uncertainty of 6.9 % on average (Table 6-7). The annual N2O emissions uncertainty includes 

only the urinary N loading effect. The seasonal partitions are reported in Table 6-7 and the N 

source partitions in Figure 6-6. 

6.3.5 Comparison of the IPCC methodology and the mapping 
results 

The most commonly used method to estimate N2O emissions from grazed grassland is to 

follow IPCC calculations methodology which is based on the total N excreted by animals 

grazing and the fertiliser N applied to the field multiplied by EFs. The results from the IPCC 

calculations and the results from the mapping of excreta calculations are shown Figure 6-6, 

along with the partition of the emissions from the different sources considered in this study. 

Both the “calculated” and the “modelled” methods give similar results for the emissions from 

application of mineral fertiliser. In terms of excreta (urine and dung) related N2O emissions, 

the modelled estimates based on mapping resulted in higher total annual emissions than the 

calculated results for field-specific and country-specific EFs. In contrast, map-based 

modelled estimates were lower than the total emissions calculated for the IPCC 2006 and 

IPCC 2019 EFs (Figure 6-6). 
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Figure 6-6: Annual N2O emissions partitions from different sources of nitrogen (urine, 
dung and fertiliser CAN). The emissions have been calculated using the IPCC 
calculations methodology based on herd information (“Calculated”) and calculated 
using the maps of layered urine and dung deposits presented in this article 
(“Modelled”). The calculations were performed with four EF levels: 1) field-specific 
measured seasonally, 2) country-specific, 3) IPCC guidelines 2006 and, 4) IPCC 
revisions 2019. In the “IPCC” calculations the partition between urine and dung 
emissions was calculated by applying the 21.6 % dung vs 78.4 % of urine to the Nex. 

6.4 Discussion 

6.4.1 Excreta deposits detection using RPAS imagery 

The methodology of this study begins with the measurement of the emissions from excreta 

deposition and fertiliser application (Chapter 4, Maire et al. (2020)). Mapping of the excreta 

depositions using the RPAS surveys is then utilised to spatially and temporally scale the 

emissions from discrete grazing events to field scale for the entire year. Therefore the 

foundation of this method is the precision and accuracy of detecting excreta deposits in the 

field under variable conditions throughout the year. The choice of using a supervised 

classification with a NN algorithm proved to be an efficient and easy way to quickly classify 

the entire field with the advantages of only requiring a small number of images to give some 

insights into which variable or colour indices are the most useful for the classification. This is 

a step forward for a more precise, repeatable and reliable detection process compared to 

more subjective or manual detection methods employed in previous published research 

(Dennis et al., 2013; Maire et al., 2018; Jolly et al., 2019), (Chapter 5). Nonetheless, in 

remote sensing, other classification methods are available, such as random forest algorithms 

or convolution neural networks which, with a high number of input samples, can help to 
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produce highly accurate algorithms to detect objects in images captured under diverse 

conditions (Thanh Noi and Kappas, 2017). Although, the accuracy reached with the NN 

algorithm for this study was over the suggested overall accuracy level (Ye et al., 2018), 

some objects were misclassified. 

To limit misclassification, the central experimental plot, hedges, fences and the instrument 

areas were removed from the classification. When shadows, bare soil and other plant 

species (weeds) were misclassified, further samples were added to improve the NN 

classification. Consequently, different NN classifications were applied to the surveys. 

Nevertheless, some object features were recurrently chosen in the NN optimisation such as 

Skewness G and B, DGR, NDI, Mean R, HUE intensity which can be recommended to 

detect urine and dung patches from images captured with a low-cost RGB camera. The use 

of remote sensing and RPAS in particular is expanding across all types of farms and 

applications (Kim et al., 2019). Subsequently, the market for agricultural RPAS is expected 

to continue growing along with related technologies. Using RPAS imagery is reasonably 

easy to implement, gives timely results that can be integrated into existing management 

practices and application systems, and more importantly, is cost effective to operate (Zhang 

and Kovacs, 2012). Therefore, RPAS technology appears to be well placed to gain traction 

with the farming and advisory community with repeatable and non-invasive sampling, 

offering a quick and systematic way to treat and analyse the data from the images, while 

limiting potential human error. Moreover, their applications are spreading in many areas of 

agriculture, including for instance landscape prospecting and fertiliser spreading, seed 

planting, variable rate application of fertiliser, lime or other treatments, fertility assessment 

and crop yield forecasting (Lehmann et al., 2016; Wang et al., 2017; Mogili and Deepak, 

2018; Kim et al., 2019).  

Despite the recent technical progress, the development of variable N fertiliser rate spreaders 

which avoid application of N fertiliser on deposited excreta or deliver precise application of 

nitrification inhibitors are not yet fully commercialised (Shaw et al., 2016). The results of this 

study indicate that RPAS could offer a new approach to the monitoring and measurement of 

excreta deposition by grazing livestock, but further academic and commercial research is 

currently developing different methods to map the urine deposits. For instance, the Spikey© 

is based on using electrical conductivity to map urine patches shortly after deposition, with 

the objective to spread a nitrification inhibitor to the area where the urine was deposited to 

limit the N losses with a targeted product application (Bates et al., 2015). Recently, the 

Spikey results from a plot experiment have been compared to thermal camera and RPAS 

imagery on its capacity to detect urine patches (Jolly et al., 2019). In Jolly et al. (2019), the 

RPAS imagery was successful in detecting all urine patches 14 days after deposition. Roten 

et al. (2017) used an on-board tractor system with LiDAR technology to detect taller grass 
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patches created by the increase of grass growth after excreta deposition. A similar approach 

could be investigated using RPAS imagery to detect urine patches through the creation of 

grass height data from motion photogrammetry (Rueda-Ayala et al., 2019). To help the fast 

development and encourage adoption of this method, the cost related to this technology 

must stay low and for this reason the images, in this article, were captured with a low-cost 

standard RGB camera and a widely commercialised RPAS. This type of camera is provided 

with the purchase of most RPAS and is also commonly on-board farm machinery for 

obstacle avoidance or positioning (Bacco et al., 2019). 

6.4.2 Nitrogen input map at the field scale  

The management of the experimental field is comparable to that of a typical temperate dairy 

farm with rotational grazing and intensive management to optimise grass production and 

grass quality (Duffy et al., 2018). Fertiliser applied to the field was considered as a 

homogenous application over the whole area for the calculations whereas, in practice, the 

mineral fertiliser pellets spreader creates a spotted layer of N fertiliser. Allocating nitrogen 

loading to the area receiving urine, dung or fertiliser N during the entire year was challenging 

for the following reasons.  

Firstly, the wetted area of a urine patch and the actual response of the grass may differ 

(Buckthought et al., 2016). The allocation of the N loading to the area detected as a urine 

patch was modelled with a range of possible values and divided by 2.83 to keep the ratio 

between effective area and wetted area (Williams and Haynes, 1994; Moir et al., 2011; 

Selbie et al., 2015). The urinary N loading was modelled with the summer N content which 

was slightly higher than the autumn N content and does not follow reported values but was in 

accordance with the measured urinary N content used for the N2O fluxes measurements 

(Hoekstra et al., 2020; Maire et al., 2020) (Chapter 4). 

Secondly, urine patch overlaps cannot simply be ignored in modelling N losses when 

comparing dairy systems with contrasting management practices (Romera et al., 2012). This 

study considered overlapping urine patches over different periods of grazing but did not 

include the potential consequences of overlapping urine patches in terms of N2O and NO3 

losses. The effects of overlapping urine deposition have been reported and modelled for N 

leaching (Betteridge et al., 2010; Romera et al., 2012; Cichota et al., 2013), but the effect on 

N2O emissions is still understudied. The mapping undertaken in this study could be improved 

by the addition of urine, dung or fertiliser overlap effect as a non-linear response of the N 

input to the field over the year.  

Thirdly, the size of the urine patch depends on the response of the grass to the N input 

which is a function of the soil moisture content and time from urine deposition to allow 

diffusion of N into the soil pores (Forrestal et al., 2016; Marsden et al., 2016). Increasing soil 
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water content has been shown to generally result in greater N2O production and emission 

from urine patches (De Klein et al., 2003; Van Der Weerden et al., 2014; Jolly et al., 2019). 

The RPAS surveys were captured within a variable period after grazing, 3 to 30 days after 

grazing. Consequently, for the same N input of one urination event, the area detected as a 

urine patch could be different depending on the date of survey. Furthermore, the mapping of 

the excreta deposits facilitates the separation between N input sources and so the emissions 

and mitigation practices can be allocated appropriately (fertiliser or type of excreta). 

6.4.3 Avoiding patch double-counting 

Remarkably, some areas of the field received urine deposition up to 8 times over 9 grazing 

events, with an estimated total N input from urine, dung and fertiliser of 2409 kg N ha
-1

. It is 

essential for the model to avoid double-counting of patches between grazing periods. 

Double-counting of dung deposits is highly unlikely as the fresh dung deposits (dark brown) 

are very different from the old dung deposits (dull white). To reduce the likelihood of double-

counting, the RPAS imagery used to detect dung deposits were collected just after grazing. 

However, dung deposit can fertilise grass and grass patches can appear at the location of 

the dung deposits which can be misclassified as a urine patch. Though grass patches from 

dung deposits have previously been reported negligible (Weeda, 1967). A 15 cm buffer 

around freshly deposited dung (Dennis et al., 2013) from the two previous grazing events 

was created and subtracted from the urine patch layer. Finally, double-counting of urine 

patches is less likely due to the distinct difference between fresh and old urine patches 

during most of the year. The likelihood of this event is high when grazing is more common 

(i.e. in summer). Moir et al. (2011) measured double-counting of urine patches using a 

modelling approach. Their results showed that about less than 6.4 % of the patches would 

overlap between grazing. The potential overestimation of the emissions from urine patches 

in this study corresponded to 4.2 % of the total annual emissions (0.14 kg N2O-N ha
-1

 yr
-1

). 

There is a lack of knowledge on the impacts of overlapping excreta deposition on N2O 

emissions and other N losses (Cichota et al., 2013; Draganova et al., 2016; Voglmeier et al., 

2019). Using the mapping of the excreta depositions at the field scale combined with the 

knowledge of the effects of overlapping depositions could have a considerable impact on the 

improvement of emissions estimations (Betteridge et al., 2013). This method could also be 

deployed to study the impact of grazing systems (i.e. strip, mob, free, marble, and rotational) 

on excreta deposits distribution and overlapping rate in order to help estimate their 

environmental impacts. 
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6.4.4 Using N input mapping to estimate cumulative N2O 
emissions 

In addition to the spatial variability due to the microorganisms, soil properties, and the spatial 

heterogeneity of N input across the field, N2O emissions are characterised by a random 

temporal variability (Smith, 2017). Most studies utilised static chambers to quantify N2O 

emissions, which are suitable for quantifying emissions on a small spatial scale but are not 

ideal to measure field scale emissions from heterogeneous grazing systems (Flechard et al., 

2007; Bell et al., 2015a; Cowan et al., 2015). Therefore, measuring cumulative N2O 

emissions over a full grazing year at the field scale is rarely reported due to the challenging 

nature of the N2O emissions and the lack of large-scale precise measurement instruments. 

The modelling and prediction of the N2O emissions at the field scale is also complicated 

because of: i) the heterogeneous distribution of excreta patches of high N concentration (Di 

and Cameron, 2012; Snow et al., 2017), ii) excreta patches can overlap which can change 

the N2O emission rates from urine patches (Cichota et al., 2013; Cook and Kelliher, 2016), 

iii) the fields considered are often grazed many times each year, iv) the effect of a single 

urination on soil can last for several months after deposition and v) the fate of the nitrogen 

from excreta strongly depends on the timing of deposition (Haynes and Williams, 1993; 

Ahmed et al., 2018), in relation to climate conditions at urination and the following weeks. 

The modelled emissions using the excreta maps in this study are likely to be close to the real 

emissions, although it is difficult to compare it to existing field measurements. Only studies 

deploying eddy covariance flux towers can measure at large enough scales to capture field 

scale emissions, but this method also has its own limitations in terms of reliance on 

meteorological conditions and a lack of reliable gap-filling procedure (Cowan et al., 2020b). 

The mapping model presented in this study estimated the N deposited per day per animal to 

be 284 g of N with 253 g of urinary N and 31 g of faeces N which is similar to the reported 

value of approximately 320 g of N deposited per day of grazing in the form of dung and urine 

(Velthof et al., 2015). The study of the spatial distribution of deposition has historically been 

limited due to the difficulties of efficiently mapping at the field scale (Hutchings et al., 2007; 

Schnyder et al., 2010; Dennis et al., 2011). This method allows a better approximation of the 

N input to the field and its spatial distribution than a mean value determined at the global or 

national level (Draganova et al., 2016; Lush et al., 2018). As farm nutrient management is 

becoming more regulated to reduce environmental impacts and audited through modelling, 

assumptions made in those models should be adequate to reflect the effects of mitigation 

and practices.  

Furthermore, the IPCC 2019 revisions of the EF for urine and dung deposits was updated 

from IPCC 2006 EFs based on the work of Cai and Akiyama (2016) and 27 additional 

studies with a total of 461 recently measured EFs. The updated EFs for excreta deposits are 

disaggregated by climate (dry and wet), and are much lower than the IPCC 2006 EFs and 
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are also lower than the Irish country-specific EFs. The IPCC 2006 and field-specific EFs 

enhance the emissions from excreta depositions compared to other calculations which show 

fertiliser related emissions to be larger. The Irish country-specific EFs are specific to the 

temperate oceanic climate observed there which is characterised by high rainfall and a lack 

of temperature extremes. These conditions are known to enhance N2O emissions from soils 

(Van Der Weerden et al., 2014; Rowlings et al., 2015; Dace and Blumberga, 2016) and could 

explain the higher EFs compared to the default revised IPCC EFs.  

However, 2017 was not a typical year in terms of weather, which could explain the low field-

specific EFs. The long-term average weather data for the experimental field (measured at 

Rosslare weather station, < 15 km from the site) showed that 2017 was a year of lower 

rainfall in spring and higher rainfall in autumn and at the end of the summer compared to the 

LTA (Met Éireann, 2019). On the days of application of treatments the daily mean soil 

moisture deficit was 32.7 mm in spring, 25.5 mm in summer, and 1.1 mm in autumn. Dry soil 

conditions in spring and summer were linked to low EFs for all the treatments and the wet 

conditions in autumn with high EFs. In this study, wetter conditions were observed during the 

autumn application compared to spring and summer applications, which are in line with 

climate change predictions of wetter autumns and winters and drier springs and summers in 

the future (Nolan et al., 2017). This change in long term weather patterns suggests that if 

production of N2O is to be minimised, grassland management is a key element to consider. 

The emissions calculated from the mapping of the N input showed that the autumn season is 

likely to have been the higher emitting season in 2017, when using field-specific EFs. On the 

contrary, using the other EFs revealed the higher emitting season to be summer, when the 

livestock has been in the field the longest. This difference could be attributed to the fact that 

the approaches other than field-specific EFs, did not account for the seasonal variability of 

N2O fluxes which could have led to further agreement between estimations (Wecking et al., 

2020). Accounting for N2O seasonal variability could improve the national greenhouse gas 

emissions inventory (Smith, 2017) and shows the potential of mitigating N2O and manure-

derived methane emissions by removing cows in response to wet soil conditions (Van Der 

Weerden et al., 2017).  

6.4.5 Spatial distribution of excreta deposition  

Excreta deposits mapping in combination with precise EFs allowed us to capture data on the 

temporal and spatial behaviour of dairy cows. A visual assessment of these data tends to 

suggest spatial autocorrelation or clustering. Annual N input was not randomly distributed 

over the field indicating that there was aggregation of excreta patches within the field. The 

spatial density patterns of the excreta deposits indicated the physical properties of the field 

have an effect on the excretion behaviour in this study. However, to date, there are few 

published studies on excretion behaviour by grazing cattle because measurements in the 
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field are difficult to make. Current research is however showing a non-uniform urine patch 

distribution, with some studies reporting that it is influenced by factors including fence line, 

water tank positions, field slopes and night resting areas (Auerswald and Mayer, 2010; 

Betteridge et al., 2010; Misselbrook et al., 2016). On the contrary, Draganova et al. (2016) 

related urine patch density to the duration the cows spend in each paddock instead of the 

physical properties of the field. In the current study, high urine and dung density were 

observed close to the hedge and the gates, which is the main resting area. Resting areas 

have been linked to location of high rates of urination and defecation (Auerswald and Mayer, 

2010). During the summer, the cows were strip grazing, and some of the strips did not 

include this shaded and wind protected area. The RPAS imagery approach of the current 

study can offer new ways to model animal behaviour. Moreover, the improvement of the 

image classification methodology can be used in conjunction with other methods, such as 

ground based cameras or animal GPS collars already applied to monitor livestock behaviour 

(Nakano et al., 2020). 

6.4.6 Applications of the method and perspectives 

Remote sensing has been employed to create variable N rate input for crops (e.g. wheat or 

maize) but the scale of the heterogeneity in grazed grassland was considerably more difficult 

to take into account (Basso et al., 2016; Bacco et al., 2019; Corti et al., 2019). The 

importance of RPAS imagery or other forms of remote sensing is increasing in Precision 

Agriculture scope (Pallottino et al., 2018). Precision Agriculture technology adoption can be 

increased if the end-users (farmers) receive quantified information of the potential 

improvements to farm profits and positive impacts on sustainability (Balafoutis et al., 2017; 

Moral and Serrano, 2019). There is a requirement for more research to be carried out on 

quantifying the impact of these technologies on GHG emissions, cost-efficiency and grass 

yield, and specific attention should be given to the possibility of multi micronutrients variable 

rate application. Along with the improvements of excreta patches detection, variable rate 

spreader technology needs to become more precise and cheaper for farmers to purchase as 

well as a modification of the European rules on RPAS flying and spreading limitations. 

Spreader technology is advancing quickly (Hijazi et al., 2014; Bacco et al., 2019) as well as 

RPAS imagery (Mulla, 2013; Mogili and Deepak, 2018). In the case of the current study, 

potential variable rate (VR) applications are focused on avoiding spreading fertiliser on 

already over fertilised areas of the field due to the excreta patches, or spreading nitrification 

inhibitor directly on the excreta deposits to limit the emissions from it (M. J. Bell et al., 2016; 

Minet et al., 2016). Inorganic fertiliser is either spread as liquid or solid granules, while 

manure is spread as slurry or solid manure. Currently, VR application is executed by 

applying a prescription map which can be generated from RPAS imagery, satellites, manned 

aircraft data or invasive soil sampling. The data are processed into zones for different levels 

of application across the field. Real-time application uses sensors mounted on tractors which 
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vary the fertiliser rate depending on the data sensed (Bacco et al., 2019; Wolters et al., 

2019). The carbon footprint (including N2O emissions and direct CO2 emissions) from the 

production, distribution and use of fertilisers is estimated at between 2-3 % of the global 

GHG budget (Brentrup et al., 2016). Reducing inorganic N fertiliser application in grazed 

grassland by avoiding spreading on excreta patches could undoubtedly mitigate N2O 

emissions and other N losses by better matching N supply with N demand of the crop. 

Finally, having a precise N input map and N2O emissions spatial variability can be of great 

use to improve or apply N cycle modelling. This would offer the potential to apply different 

emission factors depending on the field properties such as high soil moisture, soil pH, soil 

type to better represent the high spatial variability of the N2O production from the soil. 

6.5 Conclusions 

RPAS technologies are rapidly evolving into low-cost, easy-to-use sensor platforms that can 

be deployed to collect fine-scale vegetation and soil data over large areas. However, it is 

necessary to develop quickly effective, reliable and parsimonious methods in time for their 

exploitation. In this study, RPAS imagery was employed to detect excreta deposits over a 

dairy cow grazed field during a full year. The method demonstrated a great potential of 

precise mapping of the excreta depositions. However, further investigations and cross-

calibrations are needed, mainly with regard to overlapping excreta depositions and more 

specific N2O emission measurements. It was also demonstrated that the IPCC default EFs 

and Irish country specific emissions factors might have overestimated N2O emissions during 

an exceptionally dry year with a wet autumn, conditions which are predicted to be more likely 

in future years due to climate change. Additional research could be conducted to assess the 

ideal time for an RPAS survey to better detect excreta patches. With the development of 

GPS on-board farm machinery and image processing, it is possible to generate datasets for 

agricultural decision making and highly precise variable rate spreading to limit unnecessary 

fertiliser application, and thus limit some of the negative environmental impacts of livestock 

grazing. There is a significant potential in precision agriculture for combining RPAS 

technology with real-time data for improved agricultural management and the evaluation of 

mitigation practices. 
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Chapter 7 General discussion and 
perspectives 

7.1 The key project findings  

Preeminent soil drivers of nitrous oxide (N2O) emissions such as nitrogen (N), soil moisture 

and soil pH, follow heterogeneous spatial and temporal patterns within a field, which can 

lead to a high level of complexity and uncertainty when trying to link N2O emissions and its 

drivers. This is true in particular for intensively managed grazed grasslands, which receive a 

large amount of N from fertiliser applications or excreta depositions. Their application follows 

a non-uniform spatial and temporal distribution during the year. Moreover, mineral N 

applications, urine and excreta depositions interact when applied at the same time in the 

same place and can produce more N2O emissions than previously expected (Chapter 4, 

Maire et al. (2020)). As N2O emissions change, depending on the timing of application and 

seasonal variations, it is crucial to determine when and where the N is deposited to the 

sward to better estimate annual cumulative N2O emissions (Betteridge et al., 2013). Thanks 

to the current development of technology and the work presented in this thesis, it is now 

possible with a low-cost, automated and easy to deploy platform. Imagery captured using a 

remotely piloted aircraft system (RPAS), and image processing based on an object-based 

nearest neighbour algorithm, can be used to detect urine and dung deposits at the field scale 

over the entire year (Chapter 5, Chapter 6, Maire et al. (2018)). It is nowadays feasible to 

measure N2O emission rates and its drivers more precisely at the field scale than previously 

reported (Chapter 6). For instance, in Chapter 3 an experimental design, which takes into 

account the natural spatial and temporal variability of the soil and improved flux-integrating 

techniques was applied. In practice, this work can offer a more precise methodology for N2O 

emission measurement and flux calculations for intensively managed grazed grassland. It 

also plays a part in the on-going development of precision agriculture tools, based on image 

analysis of the grass sward to improve agriculture production and reduce environmental 

impacts (reducing fertiliser requirement which would reduce potential nitrogen losses to the 

environment and applying nitrification inhibitors for direct reduction of N2O emissions from 

fertiliser or livestock excreta depositions) (Chapter 3, Chapter 6, Rees et al. (2020)). The 

following chapter provides a more in-depth discussion of the areas mentioned above and 

describes the future perspectives of this work. 
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7.2 Seasonal variations of N2O emission and its 
drivers 

The principal reported sources of N2O emissions from intensively managed grazed 

grasslands are livestock excreta depositions and soil emissions from N fertiliser applications 

(Reay et al., 2012; Schelde et al., 2012; M. J. Bell et al., 2016). During this project, various 

treatments were applied to a grassland sward at different periods throughout the year to 

estimate N2O emissions from these sources. The treatments were N fertilisers (calcium 

ammonium nitrate or urea), cattle urine, and cattle urine with the addition of fertiliser, to study 

their potential interactions. The resulting emission factors (Table 7-1) contrast with those 

reported in the literature. For instance, emissions from application of CAN were lower or 

equal to the emissions from urea application which is contradictory to the results of a meta-

analysis of 20 years of data reported in Cowan et al. (2020a) who found in Ireland and the 

United Kingdom a mean EF from CAN of 1.11 % (CI 0.81–1.51) and from urea of 0.58 % (CI 

0.47–0.72). These differences can be attributed to the natural large range of potential N2O 

emission rates following a log-normal distribution (Milne et al., 2014), but also the potential 

influence of the weather conditions (Schelde et al., 2012). The emissions measured from 

urine deposition were also in accordance with the United Kingdom emissions inventory value 

of 0.69 % (Chadwick et al., 2018) and slightly lower than the Irish inventory value of 1.18 % 

(Krol et al., 2016). Globally, the measured EFs for application of urine (cattle and sheep) 

range from 0.01 % to 5.50 % (López‐Aizpún et al., 2020). The weather conditions during the 

experiments conducted in Scotland and in Ireland were particularly dry with a low soil 

moisture content on the day of the treatments application and low rainfall the following weeks 

(Chapter 3 and Chapter 4). These conditions could explain the lower observed emissions 

factor for the fertiliser and the urine application treatments compared to the IPCC default and 

the country-specific EFs (Chapter 6). A simplified model based on weather conditions (i.e. 

soil moisture content, rainfall, temperature) was used to predict N2O EFs from urine 

treatment in Chapter 4 (Krol et al., 2016; Minet et al., 2018; Maire et al., 2020), (Chapter 4). 

Using country-specific EFs, which are adapted to the local climate, is of great relevance to 

improve the emission inventories from the standard IPCC Tier 1 approach. For instance, in 

Brazil, using region-specific EFs for fertiliser applications changed the country inventory 

figures with an increase in total N2O emissions of 21 % (Mazzetto et al., 2020). 
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Table 7-1: Emission factors (%) with their confidence interval (CI, 95 %) measured at 
the Scottish sites (EB) in 2016 and at the Irish site (JC) in 2017 for different 
treatments: Calcium ammonium nitrate (CAN) in JC, urea (UREA) in EB, cattle urine 
(Urine) in JC and cattle urine applied with calcium ammonium nitrate (Urine + CAN) in 
JC. All treatments were applied three times during the year corresponding to spring, 
summer and autumn applications (UREA treatment (n=24) CI was measured using 
standard deviations and n = 5 for the Irish site while the Scottish site results CI was 
estimated using Bayesian statistics and explained in Chapter 3) 

 
Easter Bush Johnstown Castle 

 
Urea 95% CI CAN 95% CI Urine 95% CI 

Urine + 
CAN 

95% CI 

Spring 1.08 
0.92-
1.30 

0.31 
0.12-
0.50 

0.33 
0.15-
0.51 

0.74 
0.43-
1.05 

Summer 2.10 
1.76-
2.56 

0.07 
0.01-
0.15 

0.28 
0.22-
0.34 

0.52 
0.36-
0.68 

Autumn 0.72 
0.62-
0.85 

0.72 
0.34-
1.10 

0.83 
0.58-
1.08 

0.76 
0.59-
0.93 

1
 There was no autumn application at Easter Bush field but two applications in summer 

The literature review in Chapter 1, has demonstrated the variety of drivers that influence soil 

N2O emissions. Over the course of this PhD project, a great number of these drivers have 

been monitored such as soil pH, soil moisture, rainfall, temperature and nutrients availability 

within the soil. Most of these drivers change over time following seasonal patterns. In this 

study, the variance between EFs measured during early, mid or late-season grazing was 

more important than the spatial variability observed within the plot studied (Chapter 3 and 

Chapter 4). The seasonal variations of N2O emissions from fertiliser applications or livestock 

excreta depositions have been widely reported (Van Groenigen et al., 2005; Hyde et al., 

2006; Buckthought et al., 2015b; M.J. Bell et al., 2016). The Tier 1 approach of the IPCC 

does not fully account for the seasonal variability of N2O fluxes, which can influence 

massively the total emissions reported (IPCC et al., 2006a; Wecking et al., 2020). However, 

the microbial pathways producing N2O emissions are complex which makes the predicting of 

N2O emissions at large scale difficult and associated with large uncertainties (Butterbach-

Bahl et al., 2013). Due to the lack of links between the N2O emissions measured in Chapter 

3 and its drivers, the up-scaling of the annual cumulative emissions from the chambers to the 

field scale was not conducted at Easter Bush fields. However, the N2O emissions emitted 

from urine and fertiliser application during a part of the experiment period (7 weeks) were up-

scaled and showed that 47 – 66 % of the emissions derived from urine deposits (Chapter 3). 

In Chapter 6, the up-scaling of the annual cumulative N2O emissions from dairy cattle 

grazing has shown that 65.6 ± 8.9 % derived from urine deposits, 2.7 % derived from dung 

deposits and 31.6 % originated from the fertiliser application (CAN). The contribution of 

livestock excreta to the global greenhouse gas budget is not negligible (Velthof et al., 2015; 

Jones et al., 2017; Chadwick et al., 2018). However, during this project, it was not possible 

to study the inter-annual variability of N2O emissions, which also add another level of 
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complexity to the whole understanding of their drivers (Burchill et al., 2014; Rowlings et al., 

2015; Jones et al., 2017).  

Nevertheless, the studies presented in this thesis explored the potential effect of interactions 

between sources of N on N2O emissions. The methodology published by the IPCC considers 

each N source separately (IPCC et al., 2006a), however, in the case of intensively managed 

grazed grassland the simultaneous availability of synthetic N fertiliser and livestock excreta 

is highly possible (Chapter 6). The effect of these potential interactions on N2O emissions 

has not been studied before for dairy cattle. This thesis has demonstrated that the impact of 

the interactions of livestock urine and mineral N fertiliser on N2O emissions are not negligible 

(Chapter 4) and should be considered in the IPCC methodology. Additionally, the effects of 

overlapping excreta depositions on N2O emissions are likewise under-studied. The research 

conducted during this project has shown the need for more research in these areas to better 

estimate grazed grassland N2O emissions, and so to better inform mitigation efforts. The 

non-uniform distribution of the deposition of N from livestock was observed (Chapter 6) 

however, more research is needed on its effect on monitored N2O emissions compared to a 

modelled uniform distribution (Hoogendoorn et al., 2018; Hoekstra et al., 2020). 

7.3 Improvement of N2O emission measurement 
techniques for grazed grassland 

7.3.1 Specific experimental design for grazed grassland 

Grazed grasslands pose a large problem when measuring N2O emissions due to the 

occurrence of “hotspots” and “hot moments” (spatial and temporal variability of high fluxes) 

which can account for the majority of the field’s N2O emissions (Groffman et al., 2009). From 

the results presented in this thesis, it seems necessary to employ multiple techniques, 

including field scale eddy covariance flux measurements (Cowan et al., 2020b), and a large 

number of targeted chamber measurements on potential hotspots (Chapter 3) but also on 

low emissions areas to capture the whole filed scale emissions. Moreover, the potential of 

using process-based modelling to estimate N2O emissions from the soil is highly difficult. 

The difficulties come firstly from the diversity and number of processes involved in the 

production of N2O in the soil. Secondly, it would require adding to the model all the other N 

emissions including nitric oxide (NO) and dinitrogen (N2), as well as each biological pathway 

(Haas et al., 2013; Myrgiotis et al., 2018). N2 is currently rarely measured due to the 

complexity of measuring small changes in a high N2 concentrated atmosphere (Butterbach-

Bahl et al., 2013; Haas et al., 2013). However, high 
15

N isotopic enrichment N coupled with 

isotope-ratio mass spectrometry can be employed to measure N2 emissions from urine 

deposits. Selbie et al. (2015) and her team have reported strong evidence co-denitrification 

is a crucial N2 production pathway from urine deposits, which advocates for more research to 

be conducted on N2 production from grazed grassland systems. Additionally due to the high 
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complexity of biological pathways, the variability of soil properties and inability to measure 

these properties at the appropriate scale within the gas chambers, it is difficult to apply 

process-based model to estimate N2O emissions. The comparison between the estimations 

from process-based models and field data measurements is severely limited especially due 

to the log-normal variability of the fluxes (Jahangir et al., 2011; Cowan et al., 2015; Levy et 

al., 2017). Mapping of heterogeneity of the soil properties (soil pH, excreta depositions, 

nutrient availability) is required (Chapter 5 and Chapter 6) while monitoring weather 

conditions (Chapter 3 and Chapter 4) is also important when trying to capture the emissions 

from the hotspots and hot moments in grazed fields. This is in line with other studies trying to 

improve emission estimations from grazed grasslands. For instance, Voglmeier et al. (2019) 

measured N2O emissions using a fast-box chamber and two eddy covariance systems, and 

mapped manually the urine patches and dung depositions over two un-fertilised fields where 

cattle had been grazing to better estimate excreta-related emissions.  

Table 7-2: Comparison of different soil related sensors currently available 
commercially. Table adapted from (Ojha et al., 2015) 

Sensor 
Soil 

moistu
re 

Rain/wa
ter flow 

Water 
level 

Soil 
temperat

ure 

Condu
ctivity 

Sali
nity 

Pogo portable soil sensor 
(http://www.stevenswater.com) 

√ √ - √ √ √ 

Hydra probe II soil sensor 
(http://www.stevenswater.com) 

√ √ √ √ √ √ 

ECH2O EC-5 
(http://www.decagon.com) 

√ - - - - - 

VH-400 
(http://www.vegetronix.com) 

√ - √ - - - 

EC-250 
(http://www.stevenswater.com) 

√ √ √ √ √ √ 

THERM200 
(http://www.vegetronix.com) 

- - - √ - - 

Tipping bucket rain gauge 
(http://www.stevenswater.com) 

- √ - - - - 

AquaTrak 5000 
(http://www.stevenswater.com) 

- - √ - - - 

WET-2 
(http://www.dynamax.com) 

- - - √ √ √ 

In attempting to link N2O emissions to its main drivers, particular caution needs to be taken 

when measuring overall emissions from grazed grassland. The emission hotspots and hot 

moments from excreta deposition can be the source of high uncertainty in measurements 

made using chamber or flux tower methods (Levy et al., 2011, 2020). It is a priority, when 

designing an experiment in these conditions to take into consideration the need for spatial 

up-scaling and use the best methods currently available (Chadwick et al., 2014; De Klein 

and Harvey, 2015; Shaw et al., 2016; Wecking et al., 2020). To monitor over time soil 

properties such as soil moisture, soil pH or available N and C concentrations, it is necessary 

http://www.stevenswater.com/
http://www.stevenswater.com/
http://www.decagon.com/
http://www.vegetronix.com/
http://www.stevenswater.com/
http://www.vegetronix.com/
http://www.stevenswater.com/
http://www.stevenswater.com/
http://www.dynamax.com/
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to develop non-invasive, field measurement methods such as hand-held sensors and 

sensors network (Ojha et al., 2015; Stirzaker et al., 2017; Patokar and Gohokar, 2018); or 

use remote sensing methods that are able to measure proxies of some of these soil 

properties (Zhang and Kovacs, 2012; Capolupo et al., 2015; Näsi et al., 2018). Some of 

these sensors (Table 7-2) are already becoming more efficient, resilient, wireless, accurate, 

smaller and more connected (Ojha et al., 2015; Viscarra Rossel and Bouma, 2016). 

7.3.2 Integrating fluxes from chamber measurements 

Despite the supposed simplicity of static chamber measurements; chamber design, 

deployment and analysis of the measured concentrations can all greatly impact on the 

quality of the fluxes derived. The scientific community has questioned the accuracy of this 

method (Rochette and Eriksen-Hamel, 2008; Parkin et al., 2012; De Klein and Harvey, 

2015). Criteria have been developed for assessing the reliability of the method such as 

chamber design, measurement procedures and data analyses. The meta-analysis by 

Rochette and Eriksen-Hamel (2008) meta-analyses covering 365 studies indicated that, for 

60 % of the fluxes reported, their accuracy was low or very low. The dominant bias found 

was associated with the flux calculation method from the gas concentration measured. 

Numerous mathematical methods have been developed to calculate soil gas flux from 

chamber measurements using a linear or a non-linear model such as linear regression, the 

Hutchinson/Mosier (HM) method, the quadratic method, and the revised Hutchinson/Mosier 

(HMR) method (Hutchinson and Mosier, 1981). The latter method is a modification of the HM 

method to account for chamber leaks and horizontal gas diffusion. For this study, the 

HMR/Linear regression was used to ensure the reliability of the fluxes measured. The 8562 

gas concentration samples taken during 2016 were used to calculated fluxes of N2O, CO2 

and CH4 processed with the RCflux package (Levy et al., 2011). These calculations showed 

that estimated fluxes increased by 16-40 % (depending on the gas taken into account, CO2, 

CH4 or N2O) when using the HMR approach instead of the linear regression method usually 

adopted (0). Other research has shown the underestimation of N2O fluxes using linear 

regression and reported a 32-60 % increase in N2O flux estimates when using the HMR 

method (Kroon et al., 2008; Schelde et al., 2012). During the current research, the difference 

between fluxes calculated with a linear or the HMR method was most apparent during 

periods of low moisture, of high rainfall, or of extreme temperature, all of which could have 

had increased leakage from chambers (0).  

Another difficulty in estimating N2O fluxes using the chamber-based method is the log-

normal nature of the N2O production across space and time, which results in a large 

proportion of very low fluxes not discernible from zero, and few measurements with high 

magnitude which skew the distribution. This pattern leads to high uncertainties in the 

statistical analyses of the data for two main reasons (Parkin et al., 2012). Firstly, the high 
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fluxes could be considered as “rare events” and so change the statistical method to apply, as 

well as it increases the difficulty in differentiating these measurements from spurious outliers. 

Logarithmic transformation of the flux values can reduce these problems. Secondly, there 

are a non-negligible number of flux estimations that are under the threshold of detection. 

Compared to the log-normal distribution of the concentration measured, the linear 

regression-based method to estimate fluxes will give apparent positive or apparent negative 

fluxes which should be instead deemed as zero fluxes (Shcherbak et al., 2014; Cowan et al., 

2017). In other words, applying a linear model to chamber measurements, which are not 

respecting a linear increase over time, can significantly underestimate fluxes and so in these 

cases; the HMR method should be applied. 

A similar issue arises from integrating emissions between dates of measurements to 

estimate annual cumulative emissions and EFs. The common method of integration is a 

trapezoidal method (linear) which has been used in Chapter 4 and Chapter 6. This method is 

known to add uncertainties to the resulting estimated cumulative fluxes without having any 

way to estimate the uncertainties created. In contrast, a Bayesian-based methodology (Levy 

et al., 2017) using log-normal probability distribution of the Bayesian prior can be more 

precise and this method gives an estimation of the associated uncertainties as used in 

Chapter 3.  

The recommendations for estimating field-scale N2O emissions from an intensively managed 

grazed grassland over a full year of grazing therefore are: 

 Create an experimental design for N2O flux measurements using chambers and 

soil and/or grass sampling, which can inform on the spatial up-scaling (Li and 

Heap, 2014; Kumar and Sinha, 2018). 

 Check for linearity of the concentration curves when calculating fluxes for each 

chamber. If not respected, use the HMR method. 

 When calculating cumulative fluxes over a period of time, use a Bayesian 

approach based on log-normal priors for each event. 

 To up-scale spatially to the entire field or landscape, include all key drivers of 

soil N2O emissions (such as soil pH, texture, soil moisture content, water-filled 

pore space (WFPS), N and C species in the soil and leaching losses) to 

spatially up-scale the fluxes. When up-scaling temporally, use soil moisture 

content and temperature or rainfall for gap-filled measurement if possible. 
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7.4 Detection of livestock excreta depositions 

7.4.1 RPAS platform 

The development of a remote sensing methodology to better map excreta depositions over 

grazed grasslands, better understand the excreta distribution within the field and improve 

estimates of N2O emissions from these systems was a key element of the work presented in 

this thesis. Urine deposits were not detected directly but the growth response of the grass, 3 

- 30 days post grazing, where the urine was deposited and its surrounding was mapped as 

darker, denser and greener grass patches. Unfortunately, finding greener patches of grass 

covering about 300 cm
2
 each over a wide green field of 1 to 10 ha is still a complex task 

even with the tools currently available. Firstly, the level of quality of the images collected is 

crucial to the quality of the resulting detection. The quality of the images collected depends 

on: i) the Remotely Piloted Aircraft System (RPAS) parameters (camera angle, sensor 

distance), ii) the sensor parameters (resolution, focal length, exposure time, imaging rates, 

flight time, image processing time), iii) the set-up of the flight pathway (altitude, flight speed, 

image overlap, ground resolution obtained with the ground control points (GCPs), images 

per area) (Seifert et al., 2019). 

During this research, various RPAS were used to capture aerial views of the grazed fields. 

The systems were associated with different sensors to capture Red, Green, Blue (RGB) 

images and Near Infra-Red (NIR) images. The advantage of the RPAS platform is that it can 

be deployed easily and at short notice whenever environmental conditions are suitable for 

flying and so can capture changes over small time scales (daily for instance) (Zhang and 

Kovacs, 2012). However, it is expected that different sensors will give significantly different 

results. Chapter 5 explored the difference in patch detection obtained using normalised 

difference vegetation index (NDVI, calculated from NIR and Red colour channel) compared 

to RBG images significant differences were identified in colour composition between urine 

patches and the rest of the field using Red, NIR or NDVI values (t-test), but which were most 

significant using NDVI. This had consequences for the next experiment (Chapter 6) where 

only the RGB images were used to detect urine patches and dung depositions over the field, 

excluding the NIR. In this way, the cost of the RPAS platform and the need for image storage 

was drastically reduced, as well as simplifying the steps of the image analysis process for 

potential future applications (Von Bueren et al., 2015). 

Moreover, every survey required to have its images aligned to enable the comparison 

between surveys captured at a different time or with different sensors and it is mostly used 

for time series analysis. An offset could be seen between datasets, most likely due to the 

use of natural features as ground control points (GCPs), (the centre of which may not have 

been perfectly identified) and the distortion resulting from the stitching process. Additionally, 

the orthomosaic had to be corrected for the effect of topography and sun angle (Lopatin et 
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al., 2017). In terms of to the number and distribution of the GCPs, Sanz-Ablanedo et al. 

(2018) suggested at least 3.5 per 100 images. In Chapter 5 and Chapter 6, 6 to 10 GCPs per 

100 images were used. And in Chapter 6, the post-processed datasets had < 2.31 cm of 

horizontal error with a high resolution of 1.37 cm per pixel. 

During the project, the survey used to detect excreta depositions was captured at 35 m 

altitude (Chapter 6); however, different flight heights were also acquired, including 60 m and 

100 m. The higher altitude of flight has consequences through a reduction of the resolution 

of the images, with the resolution at 35 m of 1.37 cm per pixel, 2.43 cm per pixel at 60 m and 

3.92 cm per pixel at 100 m (Figure 7-1). Additional work will have to be conducted to 

understand the impact of the altitude of the survey on the excreta detection quality to give 

general advice on the optimal altitude to use. If the resulting advised altitude is higher than 

35m that will allow more area to be surveyed at once and could allow the use of fixed-wing 

RPAS. Fixed-wing RPAS provides a simpler structure than rotary wing RPAS thus allowing 

the user more operational time at a lower cost. 

 

Figure 7-1: Sections of three orthomosaics captured on the same day (25.08.2017) but 
at three different altitudes of flight a) 35 m altitude, b) 60 m altitude, c) 100 m altitude 
of the same area of grazed grassland.  

7.4.2 Image analysis capture from RPAS 

Literature regarding the detection of excreta deposits using sensors and other technologies 

such as RPAS is scarce to date (Dennis et al., 2011; Betteridge et al., 2013; Draganova et 

al., 2016; Misselbrook et al., 2016; Jolly et al., 2019). This thesis is the first study using this 

technology to identify and measure areas affected by livestock excreta depositions to 

quantify N2O emissions of grazed grassland over a full grazing period. Other previous and 

ongoing studies have also used RPAS to detect urine patches (Dennis et al., 2013; 

Draganova et al., 2016; Jolly et al., 2019) or to estimate grass biomass and grass quality 

(nutrients content) (Beeri et al., 2007; Näsi et al., 2018; Grüner et al., 2019; Lussem et al., 

2019).  
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Dennis et al. (2013) and Jolly et al. (2019) detected urine patches from the imagery using the 

ImageJ software and manually adjusted the threshold of the different filters following the 

methodology from Schneider et al. (2012). In this thesis, the objective was to provide a more 

automated process to be able to: firstly, apply the process uniformly to multiple surveys; 

secondly to process numerous and large images at once; and thirdly to share the process 

with many (Chapter 5, Chapter 6 and Appendix A). The first method of image analysis used 

to detect urine patches is presented in Chapter 5. This method is based on an unsupervised 

pixel-based K-means clustering method (Jain, 2010). The method was efficient to detect 

urine patches over small images capturing 15 x 15 m of the sward. However, up-scaling this 

method is limited when detecting different classes and over large images including fences, 

paths or trees. To improve the classification, another method was developed and used in 

Chapter 6. This method is based on a supervised object-based image analysis using a 

Nearest Neighbour (NN) algorithm (Thanh Noi and Kappas, 2017). Assessment of the 

difference in quality between the two methods of image analysis used in this project to detect 

urine patches was not possible due to the difference of set-up between the two. In one case, 

the dung deposits were not visible and in the other case the NIR layer was not available to 

calculate the NDVI.  

Another point which was highlighted during the project was the importance of the number of 

days between the excreta being deposited and the RPAS survey being undertaken. In 

particular, the appearance of urine patches can change over time, becoming darker and 

creating wider patches following the grass growth (Giltrap et al., 2020). For instance, in 

Dennis et al. (2013) and Jolly et al. (2019), the surveys were captured 14 days from 

deposition. However, this project showed the possibility to detect the urine patches earlier - 

down to 3 days in the appropriate conditions (Chapter 6), but more work is necessary before 

advice on optimal timings for surveying and capturing the urine patches can be given. 

Furthermore, the NN algorithm allows the estimation of total areas per category (e.g. urine 

patches, dung deposits, untouched sward area) and separated areas of patches into 

different polygons. However, for the urine patches on an intensively managed dairy farm, it is 

commonly seen that urine patches can overlap, which is the main difficulty in accounting for 

the number of urine patches. In Chapter 5, the number of patches was easier to estimate 

because the distribution of the urine patches was more dispersed. Complex algorithms from 

the packing theory area of mathematics exist to estimate the number of polygons of an 

expected shape inside a larger object, which could be used in the mentioned situation to 

estimate the number of patches. However, the expected shape and size of a urine patch 

from a dairy cow is still not precisely described in the literature (Baule and Makse, 2014). 

The development of a method to estimate the evolution of shape and size of a urine patch 

depending on the date of deposition, soil moisture conditions (Forrestal et al., 2016) and 
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topography could help to better investigate and quantify the number of urine patches and 

their distribution over a field to a level of precision that was previously not possible. 

Furthermore, spatial information on the distribution of urine patches is important for 

modelling and managing N in grazed pasture systems (Moir et al., 2011; Draganova et al., 

2016). 

7.5 Future work and perspectives 

7.5.1 Improvement of image analysis for real-time detection 
of excreta deposition  

7.5.1.1 Machine learning  

With the technology currently available, it is possible to imagine the potential to develop real-

time detection systems for excreta depositions. The work presented in Chapter 6 provided 

multiple thousands of urine patches and dung deposits, which were identified on RPAS 

images. This dataset could be used to train machine learning algorithms to detect the 

excreta deposits in a more efficient way, and in more widely varying conditions than is 

currently possible. A machine learning approach was not used in this project for two main 

reasons i) machine learning is data-hungry and needs a large training sampling set which 

was not available at the time of this work, ii) the NN or K-means algorithm used in this 

project give a better insight into the parameters, which are necessary to detect the excreta 

depositions, and which would not be possible with the machine learning approach (Thanh 

Noi and Kappas, 2017). The machine learning approach could improve the efficiency of the 

detection to allow real-time imagery and potentially mobile-app based technology to be used. 

7.5.1.2 Wider detection 

The application of the method developed in this thesis focussed on excreta deposition 

detection due to their high influence on N2O emissions. Other applications have been 

discussed, such as detecting legumes species (e.g. clover) within the field (Lopatin et al., 

2017) or detecting signs of stress in the vegetation cover (e.g. drought, burn areas from 

urine depositions, lack of other nutrients) (Pullanagari et al., 2016). To achieve this goal, the 

method would require a high level of quality control of the detection. Moreover, it would be 

interesting to see the influences of light and sun angle on the detection through surveying at 

different times in the day, under various weather conditions and at various altitudes. 

7.5.2 Up-scaling of N2O emissions  

7.5.2.1 Temporal 

The method developed in this thesis allowed us to estimate annual cumulative N2O over a 

grazed grassland for an entire grazing season (Chapter 6). However, the methodology used 

did not include the potential effect of overlapping excreta deposition on N2O emissions and N 
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uptake during the same period of grazing or between different periods of grazing. It was 

principally due to the lack of information found in the literature on the effects of overlapping 

of fertiliser, urine or dung deposits. The overlapping of large N input may enhance a different 

adaptation of the soil biology (Baggs et al., 2010; Braker and Conrad, 2011; Giles et al., 

2017). When this information is available, the fluxes allocated to each area (or pixel) of the 

field could be updated depending on what was on this area (or pixel) before. 

7.5.2.2 Spatial 

The potential of using the excreta detection methodology, developed in this thesis, is on-

going through another PhD project conducted by Rachael Murphy at Johnstown Castle, 

Ireland. It is planned to compare the up-scaled N2O emissions from the excreta detection to 

the footprint of an eddy covariance flux tower. Excreta detection within the footprint of an 

eddy covariance flux tower has already been undertaken in a less sophisticated manner, by 

mapping the excreta depositions through rather time consuming manual acquisition 

(Voglmeier et al., 2019), or by counting the average number of excretions per day (Wecking 

et al., 2020). Moreover, studying the excreta deposition on farm roadways and yards could 

help to inform farmers, researchers and modellers on the percentage of excreta deposited 

on the farm and a pasture (Hoekstra et al., 2020). It is also of crucial importance when 

studying N losses to the environment into water bodies and for water quality perspectives. 

Besides, the detection of excreta depositions and estimation of annual cumulative N2O 

emissions using the method presented in this thesis could be immediately used on a larger 

scale from farm scale to land-scape scale due to the efficiency of the images acquisition and 

image analysis method, its automated steps and the potential larger scale which can be 

surveyed with currently available RPAS. 

7.5.3 Policy strategies and decision support tool 

In the global and national policy context, there is an urgent need to inform policy-makers and 

land management decisions to meet the climate targets to maintain global temperature rise 

under 2°C before 2050. However, the policy context is changing rapidly with the United 

Kingdom exiting from the European Union and the replacement of income support for 

farmers from the Common Agricultural Policy (CAP) with a national support fund. The new 

emphasis will be on public money for public goods in the United Kingdom agriculture sector 

(Bateman and Balmford, 2018). This will require the incorporation of innovative decision-

making support approaches to participate in the improvement and implementation of the 

Monitoring, Reporting and Verification (MRV) of GHG emissions. Moreover, care for the 

environment and reducing the impacts of climate change is seen as a key public good. The 

Farmers’ Intention Survey in Scotland showed that 27 % of the respondents (n = 2,494) 

intended to increase the level of public good-type activities by 2023 in the agro-

environmental sector (Mcmillan et al., 2019). Moreover, it is of general interest to develop 
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and evaluate the performance of novel measures to mitigate emissions. The research 

presented in this thesis is part of this development and applicable for temperate grazed 

grassland around the world. The RPAS methodology detailed in this thesis is in support of 

better accounting of GHG emission from grazed grassland and also, a potential tool in 

precision agriculture which has high potential in reducing GHG from agriculture (Balafoutis et 

al., 2017; Rees et al., 2020). The environmental land management (ELM) predictions for the 

United Kingdom in 2050 as well as the predictions for the Irish agricultural sector is an 

increase in the intensity of use of the grasslands which involves an increase in the rate of 

nitrogen fertiliser application and the increase in grazing livestock density (Qi et al., 2018). In 

this context, there is an urgent need to improve grassland management decision-making 

support and the MRV of N2O emissions for the livestock sector (Cook and Kelliher, 2016). 

Moreover, accounting for potential interaction between sources of nitrogen within the grazed 

grassland (e.g. urine and nitrogen fertiliser) in the national inventory demonstrated 

considerable scope for increasing the accuracy of N2O emissions reporting. Finally, the 

remote sensing method developed during the project presented in this thesis, has various 

commercial and research applications which can improve the MRV of the GHG emissions 

from livestock systems. 

7.5.4 Applications 

The main commercial applications of this research relate to the improvement of precision 

agriculture tools, such as automated application of nitrification inhibitors on excreta deposits 

to reduce direct N2O emission (Misselbrook et al., 2014; Bates et al., 2017; Giltrap et al., 

2020), precision fertiliser application that could avoid over-application of N fertiliser on 

already highly concentrated excreta patches (more details in Chapter 6), improved use of 

RPAS in precision agriculture for mapping soil (Mogili and Deepak, 2018), and creation of 

better decision support tools for grassland management (i.e. detecting overgrazing, 

suggesting an optimal time for grazing and when to remove the animals from fields to 

minimise environmental impacts). It is of high priority to test this method under various 

conditions such as different livestock types (other than ewes and dairy cattle presented in 

this thesis), different climatic conditions, or types of grasslands (i.e. extensive grazing). 

However, the effectiveness of this method could be much reduced in conditions such as high 

soil moisture content or mixed grazing (where more than one type of livestock is grazing). 

Finally, the main research applications could focus on better greenhouse gas (GHG) 

emission reporting, studying livestock behaviours (Venter et al., 2019) and studying 

grassland species biodiversity (Lopatin et al., 2017). 
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Chapter 8 Conclusions 

In conclusion, the work presented in this thesis has contributed to the following findings in 

the field of emission measurements and up-scaling of N2O emissions from grasslands, at the 

plot and field scale: (i) This research made it possible to analyse the contribution of soil pH 

on the heterogeneity of soil nitrous oxide (N2O) emissions in a grazed grassland. (ii) It 

contributed to improve our understanding of interactions between mineral N fertilisers and 

urine depositions on N2O emissions, suggesting this interaction needs to be accounted for in 

the monitoring, reporting and verification of the national emissions. (iii) It developed a remote 

sensing methodology to map and better understand the heterogeneity of the nitrogen input 

into grasslands. Using this technology, annual cumulative N2O emissions of grazed 

grasslands, including nitrogen fertiliser and excreta depositions related emissions, were 

estimated to better report these ‘previously hard to measure’ sources in national greenhouse 

gas budgets. However, there are still many hurdles to overcome before implementing these 

methods into practices and commercial applications for N2O mitigation, in particular for 

precision agriculture applications. Future research needs to continue to ensure the reliability 

and the applicability of this work for a wider range of grasslands environment. 
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Appendix A 

Urine detection R script 

This project is dedicated to making the code used for the data of this article: “Identifying 

Urine Patches on Intensively Managed Grassland Using Aerial Imagery Captured From 

Remotely Piloted Aircraft Systems” in open access 

(https://www.frontiersin.org/articles/10.3389/fsufs.2018.00010/full available). 

Juliette Maire led the project as part of her Ph.D. to investigate the possibility and efficiency 

of detecting urine patches from images captured using Remotely Piloted Aircraft System. A 

urine patch is a visual delimitation between the grass that responded to an input of urine and 

the rest of the field. The urine patch includes two elements: 1) the wetted area where the 

urine was applied 2) the effective area which combines the wetted area and where the grass 

has had access to the urinary nitrogen through their root or where the nitrogen diffused 

through the soil pores. The grass inside the effective area of a patch is greener, darker and 

higher. These areas can be detected using RGB and NIR cameras mounted on an RPAS. 

To automate the patch detection, the K-means method was implemented in the R script. The 

advantage of this algorithm is that it has low computational complexity, it is an unsupervised 

learning mechanism and the resulted clusters of this method are not overlapping. 

In this project, RPAS and R image analysis have proven to be effective when carrying out 

high-resolution, non-destructive, near real-time, and low-cost assessment of the size and 

distribution of urine patches from aerial surveys. Using low-cost RPAS, on-board cameras, 

and open-source software, this method offers new perspectives for nutrient management, 

precision agriculture, and greenhouse gas emissions estimation in grassland systems. 

Funded by the Walsh fellowship program by Teagasc, Ireland, the BBSRC–Newton project 

UK-China Virtual Joint Centre for Improved Nitrogen Agronomy (CINAG) and UK-SCAPE. 

For more information on the method read the article mentioned above. 

To run the code: 

1. Download the whole folder, open the R script called 'Urine-patches-detection.R' 

2. Change the file path of the test.image (line 55) 

3. Select the layer of the image to use (line 72) 

4. If you want to use another image than the test.image. Run Cluster number function 

to get the optimal cluster number (open R script called 'Cluster_number.R') and 

change the number of cluster to fit your image (line 79) 

5. Run 'Urine-patches-detection.R' 

https://www.frontiersin.org/articles/10.3389/fsufs.2018.00010/full
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6. The results will automatically be plotted in R and the results table save on the 

working directory 

Citation: Juliette Maire. (2019, October 9). Identifying Urine Patches on Intensively Managed 

Grassland Using Aerial Imagery Captured From Remotely Piloted Aircraft - data generation 

code (Version v1.01). Zenodo. https://doi.org/10.5281/zenodo.3477996 

File1: Determination of the number of clusters 

require("stats") 

#If you go over to Michael Grogan's site, you will see he has a great method for figuring out how many clusters to 

choose.  

#http://www.michaeljgrogan.com/k-means-clustering-example-stock-returns-dividends/ 

#https://analytics4all.org/2016/12/11/r-k-means-clustering-deciding-how-many-clusters/ 

# Elbow method 

wss<- rep(0,25) 

for (i in 1:25) wss[i]<-sum(kmeans(all_z_scale, centers=i)$withinss) 

#withinss = Vector of within-cluster sum of squares, one component per cluster. 

plot(1:25, wss, type="b", xlab="Number of Clusters",ylab="Within groups sum of squares") 

#Visually choose the elbow of the curve as the number of optimal cluster. 

File 2: Urine patch detection 

#Adaptable R script for urine patch detection 

# Read the README.md file 

# Required packages (updates 2017) 

install.packages(c("raster","igraph","SDMTools")) 

require("raster")# version 2.6-7, 11/2017 maintainer Robert J. Hijmans, http://www.rspatial.org/ 

require("igraph") # for clump() 

require("SDMTools") # for PatchStat() and ConnLabel() 

 

## Extra functions 

# Function 'fill.na' fills the holes inside the detected patches 

fill.na<-function(x,h=5) { 

  if(is.na(x)[h]) { 

    return(round(mean(x,na.rm=TRUE),0)) 

  } else{ 

    return(round(x[h],0)) 

  } 

} 

#Function 'erode_pix' deletes the isolated pixels groups 

erode_pix <- function(j,x) { 

  maskpatch<-clump(x, directions=8, gaps=FALSE)  

  #'clump' was used to detect connected pixel into clump (id), NA or 0 = background 

  p<-PatchStat(maskpatch) 

  # get frequency table 

  f<-freq(maskpatch) 

  f<-as.data.frame(f) 

https://doi.org/10.5281/zenodo.3477996
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  # which rows of the data.frame are only represented by clumps under 15pixels? 

  str(which(f$count <= j)) 

  str(f$value[which(f$count <= j)]) 

  excludeID <- f$value[which(f$count <= j)] 

  # make a new raster to be saved 

  formaskSieve <- maskpatch 

  # assign NA to all clumps whose IDs were identified in excludeID 

  formaskSieve[maskpatch %in% excludeID] <- NA 

  # plot(formaskSieve) 

  formaskSieve 

} 

#Function 'cover_calcul' calculates urine patches' cover in each image 

cover_calcul <- function(j,x) { # j=total surface of the field in m2, x=layer to consider after kmeans and isollation of a 

patch 

  df<-summary(x)   # number of Na;s 

  tot_pix<-nrow(x)*ncol(x) # number of pixels in the layes 

  tot_cover_pix<-tot_pix-df[6] # number of pixel detected as part of urine patches 

  resolution<-j/tot_pix # image resolution 

  tot_cover_surf<-tot_cover_pix*resolution # coverage of urine patches in m2 

  tot_cover_perc<-(tot_cover_surf*100)/j # percentage of area detected as urine patches 

  results<-data.frame(tot_pix,tot_cover_pix,resolution,tot_cover_surf,tot_cover_perc) 

  colnames(results)<-c("tot_pix","tot_cover_pix","resolution","tot_cover_surf","tot_cover_perc") 

  results 

} 

## Read images 

images.path <- "~/Downloads/Urine-patches-detection-master" # add your image to the folder or use the 

Test_image.tif provided. 

all.images <- list.files(images.path, recursive=TRUE, full.names=TRUE, pattern = ".tif$") 

# 'all.images' lists the different images present in the folder (images.patch) that will be analysed: 

# Each image is a 15 x 15 m square of grassland 

# Each image contents a Red, Green, Blue, NIR+Red channel, NIR and DSM (elevation meters from sea level) 

## Kmeans segmentation 

lapply(all.images, function(file.path){ 

  z<-brick(file.path) 

  names(z)<-c("red","green","blue","NIR+red","NIR","DSM") 

# Calculation of NDVI layer 

  NDVI<-((z$NIR-z$red)/(z$NIR+z$red)) 

  z_multi<-addLayer(z,NDVI) 

  names(z_multi)[7] <-  "NDVI" 

# In this example of the script, only the NDVI is considered/processed.  

# Choose the layer you wish to use here. 

  all_z<-(z_multi$NDVI) 

# Center and/or scale raster data 

  all_z_scale<-scale(values((all_z))) 

# 'set.seed' set the start point of the clustering to make this process reproducible 

  set.seed(2)  

## Run Cluster number function to get the optimal cluster number, here the cluster optimal number was 4 

  km<-kmeans(all_z_scale, center=4,iter.max=500,nstart=1,algorithm = "Lloyd") 
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  kmr<-setValues(all_z, km$cluster) 

# Visual selection of the cluster corresponding to the patches using the function  

#'calc' {raster}. Essential step to be done for each image. Here value selected is 3. 

  patch<-calc(kmr, function(x){x[x!=3]<- NA;return(x)})  

## Refinement 

# Applied 'erode_pix' to remove isolated pixels detected between urine patches 

# Chose 200 pixels which correspond to approximately 300cm2 if resolution 1.56cm/pixel 

  maskpatch<-erode_pix(200, patch)   

  # Applied 'fill.na' to remove gaps inside the urine patches detected 

  maskpatch_fill<- focal(maskpatch,w=matrix(1,3,3),fun=fill.na,pad=TRUE,na.rm=FALSE) 

## Visualisation of the results 

  par(mfrow=c(1,4)) 

  plotRGB(z,r=1, g=2, b=3) 

  plot(kmr, legend=FALSE) 

  plot(patch, col="red", legend=FALSE) 

  plot(maskpatch_fill, col="red", legend=FALSE)  

   

  par(mfrow=c(1,1)) 

  plotRGB(z,r=1, g=2, b=3) 

  plot(maskpatch_fill, col="red", legend=FALSE, add=T)  

   

## Calculation of the resulting covers areas and compilation in a csv file 

  df<-cover_calcul(225,maskpatch_fill) 

  namefile<-paste("coverage_data_300cm",i,".csv") #specific name for each input (image file) 

  write.csv(df, namefile) 

}) 
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Appendix B 

Confusion matrices for the classification of each of the 12 surveys conducted 
in 2017 (supplementary materials for Chapter 6). 

Survey 
date 

Categories Untouched Dung Urine Total 
Producer 
accuracy 

User 
accuracy 

Pe (Expected 
Agreement) 

Po (Observed 
Agreement) 

Kappa 
Number 

04-
Apr 

Untouched 32 2 - 34 94% 100% 

55% 96% 92% Dung 0 18 - 18 100% 90% 

Total 32 20 - 52 - - 

02-
May 

Untouched 14 0 0 14 100% 82% 

35% 90% 85% 
Dung 2 19 2 23 83% 100% 

Urine 1 0 14 15 93% 88% 

Total 17 19 16 52 - - 

23-
May 

Untouched 16 5 0 21 76% 94% 

34% 89% 83% 
Dung 1 13 0 14 93% 72% 

Urine 0 0 18 18 100% 100% 

Total 17 18 18 53 - - 

02-
Jun 

Untouched 29 - 2 31 94% 97% 

51% 94% 88% Urine 1 - 21 22 95% 91% 

Total 30 - 23 53 - - 

09-
Jun 

Untouched 35 4 - 39 90% 97% 

60% 91% 77% Dung 1 14 - 15 93% 78% 

Total 36 18 - 54 - - 

01-Jul 

Untouched 35 4 - 39 90% 97% 

60% 91% 77% Dung 1 14 - 15 93% 78% 

Total 36 18 - 54 - - 

13-Jul 

Untouched 40 - 2 42 95% 91% 

63% 89% 71% Urine 4 - 10 14 71% 83% 

Total 44 - 12 56 - - 

31-Jul 

Untouched 24 0 0 24 100% 80% 

36% 88% 82% 
Dung 3 11 0 14 79% 100% 

Urine 3 0 10 13 77% 100% 

Total 30 11 10 51 - - 

21-
Aug 

Untouched 59 7 0 66 89% 82% 

34% 91% 86% 
Dung 4 76 0 80 95% 92% 

Urine 9 0 59 68 87% 100% 

Total 72 83 59 214 - - 

25-
Sep 

Untouched 14 2 1 17 82% 74% 

35% 85% 78% 
Dung 0 24 0 24 100% 92% 

Urine 5 0 9 14 64% 90% 

Total 19 26 10 55 - - 

13-
Nov 

Untouched 34 - 1 35 97% 87% 

55% 89% 75% Urine 5 - 13 18 72% 93% 

Total 39 - 14 53 - - 

23-
Nov 

Untouched 9 2 0 11 82% 82% 

40% 92% 87% 
Dung 2 26 0 28 93% 93% 

Urine 0 0 13 13 100% 100% 

Total 11 28 13 52 - - 
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Appendix C 

Nitrogen use efficiency and N2O and NH3 losses attributed to three fertiliser 
types applied to an intensively managed silage crop 

Permission has been obtained from the co-author (in which the candidate is a co-author) to 
have this article included into the thesis. The pre-publication version of the article (Cowan et 
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Abstract 

Three different nitrogen (N) fertilizer types, ammonium nitrate, urea and urea coated with a 

urease inhibitor (Agrotain®), were applied at standard rates (70 kg N ha
-1

) to experimental 

plots in a typical and intensively managed grassland area at Easter Bush Farm Estate 

(Scotland). The nitrogen use efficiency of the fertilisers was investigated as well as nitrogen 

losses in the form of nitrous oxide fluxes (N2O) and ammonia (NH3) during fertilisation events 

in the 2016 and 2017 growing seasons. Nitrous oxide was measured by the standard static 

chamber technique and analysed using Bayesian statistics. Ammonia was measured using 

passive samplers combined with the FIDES inverse dispersion model. On average, 

fertilisation with ammonium nitrate supported largest yields and had the highest nitrogen use 

efficiency, but as large spatial and seasonal variation persisted across the plots, yield 

differences between the three fertilizer types and zero N control were not consistent. Overall, 

ammonium nitrate treatment was found to increase yields significantly (p-value < 0.05) when 

compared to the urea fertilisers used in this study. Ammonium nitrate was the largest emitter 

of N2O (0.76 % of applied N) and the urea was the largest emitter of NH3 (16.5 % of applied 

N). Urea coated with a urease inhibitor did not significantly increase yields when compared 

to uncoated urea; however, ammonia emissions were only 10 % of the magnitude measured 

for the uncoated urea, and N2O emissions were only 47 % of the magnitude of those 

measured for ammonium nitrate fertiliser. This study suggests that urea coated with a urease 

inhibitor is environmentally the best choice in regards to nitrogen pollution, but because of its 

larger cost and lack of agronomic benefits, it is not economically attractive when compared 

to ammonium nitrate.  
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Introduction 

Due to a large and rapidly expanding global population, modern-day agriculture requires 

regular inputs of industrially produced reactive nitrogen fertilisers (Nr) (i.e. nitrogen 

compounds that plant life can consume through root systems such as ammonium nitrate 

(AN) and urea) in order to keep up with increasing food demand (Lassaletta et al., 2014). 

This wide-scale intensive application of Nr has resulted in significant anthropogenic 

alterations of virtually every process in the natural global nitrogen cycle (Fowler et al. 2013; 

Vitousek et al., 1997). Typically, more than half of applied Nr is lost to the environment 

through various biological pathways and chemical processes (Lassaletta et al., 2014; Raun 

and Johnson 1999), such as nitrate (NO3
-
) run-off into streams and waterways (Lu and Tian 

2017) as well as gaseous losses in the form of ammonia (NH3) (Bouwman et al., 1997), 

nitrous oxide (N2O) (Reay et al., 2012), and nitrogen oxides (NOx) (Bertram et al. 2005). This 

relatively low nitrogen use efficiency (NUE) results in significant environmental damage at a 

global scale.  

After fertiliser application, the resulting volatilization of NH3, especially from urea, will often 

contaminate the surrounding environment with deposition of Nr, in some cases causing 

significant damage to fragile biodiversities by increasing nitrogen loading (Phoenix et al. 

2006). Fluxes of NH3 also contribute to an increase of particulate matter (PM2.5) in the 

atmosphere which has negative implications for human health (Paulot and Jacob 2014). 

Agricultural sources contribute an estimated 60 % of global anthropogenic N2O emissions 

(Syakila and Kroeze 2011), primarily due to increasing the quantity of Nr in soils and aquatic 

systems in which N2O is released as a byproduct of the microbial processes of nitrification 

and denitrification (Davidson et al. 2000). N2O is a potent greenhouse gas as well as the 

most significant contributor to global stratospheric ozone depletion (Ravishankara et al., 

2009) which doubly increases the incentive to mitigate these emissions. 

Current projections predict that global rates of Nr fertiliser will continue to rise over the next 

century in order to cope with a growing population and an increase in meat production (FAO, 

2017), and therefore, it has become increasingly urgent to address the issue of nitrogen 

pollution from agriculture sources. However, food supply is a sensitive issue both politically 

and economically, with limited options available to governments or environmental regulators 

that may attempt to mitigate the damage caused by agricultural nitrogen pollution. One 

favorable option which potentially benefits all parties is to attempt to increase the NUE of Nr 

applied to crops, therefore maintaining high yields while reducing Nr lost to the environment 

in its various damaging forms. Typically, when fertiliser is applied, the water soluble nitrogen 

compounds permeate into the rhizosphere allowing plant roots to absorb the nitrogen and 

the microbial community to convert Nr through the processes of nitrification and 

denitrification into gaseous compounds (N2O, NOx & N2) which may then be lost to the 
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atmosphere (Davidson et al., 2000). In theory, by slowing the release of the Nr, plants can 

outcompete the microbial populations and less N escapes into air and ground waters as 

leachate. This can result in increased NUE, decreased environmental impact, improved crop 

yields and reduced fertiliser costs for farmers making these efforts an attractive prospect for 

combatting global nitrogen pollution. 

Several methods have been tested to slow down the release of Nr from synthetic fertilisers. 

In its simplest form, this can be achieved by increasing the particle size of the applied 

fertilizer pellets (Azeem et al., 2014; Shamsudin et al., 2014). More complicated methods of 

Nr inhibition come in the form of microbial inhibitors which directly target and slow a specific 

biological pathway (Abalos et al., 2014; Modolo et al., 2015). Synthetic fertilisers (typically 

urea) coated with chemical inhibitors that target urease hydrolysis and microbial nitrification 

are already commercially available.  

Microbial inhibitors have been shown to reduce Nr losses for both N2O and NH3 under 

laboratory conditions and in field trails, but with varying success (Sanz-Cobena et al., 2016; 

Ni et al., 2014; Singh et al., 2013; Rose et al., 2017; Ruser and Schulz 2015). Although there 

are positive studies which promote the pollution reducing capabilities of these chemicals 

(Misselbrook et al., 2014), some questions remain over the overall effectiveness of the 

inhibitors which face claims that reduction of one form of Nr pollution may increase another. 

This is most commonly observed for nitrification inhibitors in which the slowing on the 

conversion of NH4
+
 to NO3

-
 in soils results in a decrease in N2O at the expense of an 

increase in NH3 volatilisation (Lam et al., 2016; Zaman et al., 2009). In theory, the use of a 

urease inhibitor should reduce both the emission of NH3 by reducing the rate at which urea is 

converted to NH4
+ 

in soils, thus limiting available nitrogen in all forms. This may however, 

limit the rate at which crops also receive Nr and reduce yields. The use of inhibitors in 

farming remains uncommon, mostly due to a reluctance to change to an uncertain practice, 

compounded by the drawback that treated fertilisers are typically more expensive than 

traditionally used products. Further work using specific products in different environments is 

needed to supply evidence that will provide the agricultural community with the confidence to 

make the changes required to meet future NUE demands globally. 

This study aims to specifically investigate the effect of the Agrotain® urease inhibitor (Koch, 

KS, USA) on a typical grassland silage crop in Scotland, comparing it with the two most 

commonly used synthetic nitrogen fertilisers: Ammonium nitrate (Nitram®) and urea. 

Grasslands account for approximately 60 % of agricultural land use in the UK (approximately 

74,000 km
2
) to which an estimated 120 kt of ammonium nitrate and 26 kt of urea are applied 

annually (BSFP, 2017). The results presented in this study are intended to represent to 

some extent this large coverage of agricultural land in the UK to which urease inhibitors may 

be applied in the future.  
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In this study we aim to: 

- Compare the nitrogen use efficiency of equivalent applications of pellet fertilisers in the 

form of ammonium nitrate (Nitram), urea and urea with a urease inhibitor (the 

percentage of applied nitrogen fertiliser that is converted into plant matter as a result of 

increased crop growth). 

- Investigate differences in crop quality and yield as a result of the fertilisers applied. 

- Quantify gaseous losses of nitrogen from the fertiliser types in the form of NH3 and 

N2O. 

Materials and methods 

Experimental Design 

Fieldwork was carried out between May 2016 and September 2017. During this time, five 

applications of three different nitrogen fertiliser types were added to a grid of experimental 

plots (including a control) in intensively managed silage grassland fields (Lolium perenne L.) 

at Easter Bush Farm (Midlothian, UK, 55°51’57.4“N 3°12’29.3”W). The three fertiliser types 

used in the experiment were ammonium nitrate pellets (Nitram, NH4
+
NO3

-
), urea pellets, and 

urea pellets with a coating of powdered urease inhibitor (N-(n-butyl) thiophosphoric acid 

Triamide; Agrotain®). In 2016, fertiliser was applied twice to experimental plots known as the 

Engineers Field (Cowan et al., 2016). In 2017, fertiliser was applied three times to 

experimental plots in an adjacent similarly managed field (known as the Upper Joiner field).  

The soil in both fields is classified as a clay loam for the top 30 cm in fields, with a pH (in 

H2O) of 6.5 and 6.1 for the Engineers and Upper Joiner fields, respectively. They are classed 

as an imperfectly drained Macmerry soil of the Rowanhill association (eutric cambisol, FAO 

classification). All fertiliser applications were of 70 kg N ha
-1

 (Table 1) which was consistent 

with the typical management regime of the fields. Both fields are used as grazing pastures 

for mainly sheep at high stocking densities of approximately 20 ewes per hectare. The sheep 

were vacated before and throughout the duration of the experiment and instead the grass 

was grown for silage. While sheep were vacated from the 2016 field a month prior to the 

experiment, the 2017 plots had not been grazed for more than six months before the 

experiment. 

For each of the five fertiliser events there were a total of sixteen plots; four treatments 

(including the control) replicated four times. The layout of the experimental plots varied in the 

two different fields. In 2016 the sixteen (Engineer’s Field) plots were separated into strips of 

2 m by 8 m (with a 0.5 m spacing between them). The treatments were assigned a random 

plot position in order to capture the spatial variability across the experimental area during 

measurements. In contrast, in 2017 the (Upper Joiner Field) plots were arranged in a square 

grid, each measuring 20 m by 20 m with no spacing between them. The treatments were 

also assigned at random across the grid in 2017 to capture spatial variability. For each 
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fertiliser event the grass was allowed to grow for as long as the farm manager recommended 

for a full harvest (weather dependent), then all plots were harvested on the same day (see 

Table 1). 

Crop Yield and Quality Measurements 

Each of the plots was harvested and above-ground biomass was dried at 60 
o
C for 24 hours 

and both wet and dry weights were recorded. For the smaller 2016 plots, a 1 m
2
 section of 

each plot was harvested manually using sheers (i.e. 1 sample per plot). For the larger 2017 

plots, a small harvester with onboard weighing capabilities (Haldrup F-55) was able to 

harvest an area of 30 m
2
 from which yield data were obtained. After wet yield was recorded, 

subsamples were taken from each of the individual plots for further analysis (at SRUC 

Analytical Services, Midlothian, UK). The dry matter content, metabolizable energy (ME), 

crude protein, modified acid detergent (MAD), decimal reduction time (D value), total carbon 

and total nitrogen contents were all analysed from the subsamples. 

The nitrogen use efficiency (NUE) reported in this study refers to the crop uptake efficiency 

of the total nitrogen fertiliser applied. This was calculated by subtracting the mean total 

nitrogen content of the harvested grass from the control plots from the mean of the treatment 

plots for each individual event. The NUE for each treatment was then calculated by dividing 

this difference by the input of N fertiliser for a known area, thus providing the overall impact 

of the fertiliser on crop growth. Uncertainties in in these values are represented by 95 % 

confidence interval of the mean, calculated by multiplying the standard deviation by 1.96. 

The least squares method is used to combine uncertainties when subtraction or addition is 

used.  

N2O Flux Measurements 

Measurements of N2O fluxes were taken for both 2016 and 2017 experiments using the 

static chamber approach. The chambers consisted of a cylindrical polyvinyl chloride (PVC) 

plastic pipe of 38 cm inner diameter (ID) and 22 cm height fitted with a sealed lid and a 

flange at the base. The chambers were placed onto a plastic flanged collar that had been 

inserted several centimetres into the soil (on average 5 cm) to form a seal in the soil. A layer 

of draught sealant material held in place by four strong gripping clips formed an airtight seal 

between the chamber and the collar for the duration of the flux measurement. Chambers 

were closed for 60 min, during which time four gas samples were collected via a syringe and 

a three-way tap fitted to the lid, at t = 0, 20, 40 and 60 minutes. Gas samples were stored in 

20 ml glass vials which were flushed with 100 ml of air from the syringe using a double 

needle. Samples were analysed using gas chromatography (7890B GC system fitted with an 

electron capture detector, Agilent Technologies, UK), with a limit of detection of 7 ppb 

(Drewer et al., 2017). Measurements were carried out daily for two weeks after fertilisation, 
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then every second day for a further two to four weeks. Measurements were made only on 

working days (Monday to Friday) between 09:00 and 15:00 GMT. 

Fluxes were calculated as: 

𝐹 =
𝑑𝐶

𝑑𝑡
.

𝜌𝑉

𝐴
       (Eq. 1) 

where F is the gas flux from the soil (nmol m
-2

 s
-1

), dC/dt is the rate of change in the 

concentration in time in nmol mol
-1

 s
-1

 estimated by linear regression, 𝜌 is the density of air in 

mol m
-3

, V is the volume of the chamber in cubic meters and A is the ground area enclosed 

by the chamber in square meters. 

Cumulative fluxes over the experimental periods (30 days) were calculated using a Bayesian 

approach, taking into account the log-normal distribution of spatial samples and the log-

normal peak-and-decay pattern in time (Levy et al., 2017). Based on the assumption that at 

a given time, N2O fluxes, F, are typically log-normally distributed in space, the probability 

density is given by:  

𝑓(𝐹) = 1/(√(2𝜋)𝜎log𝐹)exp(−((𝑙𝑜𝑔(𝐹) − 𝜇log)2/(2𝜎log
2 )))    (Eq. 2) 

where 𝜇log and 𝜎log are the location and scale parameters, equivalent to the mean and 

standard deviation of the log-transformed variate.  

Following a fertilisation event, the time course of N2O flux is expected to rise to a peak, then 

decay exponentially, and this basic pattern is reproduced by all process-based models (i.e. 

Li et al., 1992; Del Grosso et al., 2006) and is also well described by the log-normal 

equation: 

𝜇𝑡 = 1/(√(2𝜋)𝑘𝑡)exp(−((log(𝑡) − 𝛥)2/(2𝑘2))) ⋅ 𝑁𝑖𝑛𝛺   (Eq. 3) 

where 𝜇𝑡 is the spatial mean of the N2O flux at time t, 𝛥 and k are analogues for the location 

and scale parameters, and with the additional term 𝑁𝑖𝑛 is the fertiliser nitrogen input and 𝛺 is 

the fraction of this which is emitted as N2O as t tends toward infinity. 𝛥 can be interpreted as 

the natural logarithm of the delay between fertiliser application and peak flux; k is a decay 

rate term. So, at time t following fertilisation, the mean flux is given by: 

𝜇log,𝑡 = log(𝜇𝑡) − 0.5𝜎log
2      (Eq. 4) 

The parameters 𝜇, 𝜇log and 𝜎log were estimated using the Markov Chain Monte Carlo 

(MCMC) method with Gibbs sampling (Gelman, 2013). This was implemented using the 
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freely available JAGS software (Plummer, 2016). The prior distribution for Ω was based on 

the data collated by Stehfest and Bouwman (2006). The prior distributions for Δ and k were 

based on the dynamics of the DNDC model (Li et al., 1992, as described in Levy et al., 

2017). To obtain the cumulative flux at time t, we use the standard log-normal cumulative 

distribution function: 

𝐹𝑐𝑢𝑚,𝑡 = 𝛷 (
ln𝑡−𝛥

𝑘
) 𝑁𝑖𝑛𝛺      (Eq. 5) 

where 𝛷 is the cumulative distribution function of the standard normal distribution.  

To account for background fluxes (fluxes of N2O expected in the absence of any 

applied nitrogen), a cumulative background flux was estimated using the mean of the fluxes 

measured from the control plots during each event. This cumulative background estimate 

was then subtracted from the cumulative fluxes estimated for each treatment. The reported 

EFs in this study take background fluxes into account when reporting final values. 

NH3 Flux Measurements 

During the 2016 measurements we were unable to obtain wind tunnels to measure NH3 flux 

as originally planned. Therefore, in 2017 fluxes of NH3 were derived using the FIDES inverse 

dispersion model as described in detail in Loubet et al. (2010 & 2017). This approach 

requires relatively large plots (20 m
2
), and according to the farmers requirements needed to 

be set up in the Upper Joiner field, diagonally opposite from the Engineers field. The basis of 

the model is the solution of the advection-diffusion equation by (Philip 1959), assuming 

power law profiles for the wind speed (U(z)) and the vertical diffusity (Kz(z)). The model 

assumes that the atmospheric NH3 concentration (χ in µg NH3 m
-3

) at a given point (𝑥, 𝑦, 𝑧) is 

the sum of the background concentration (χbgd in µg NH3 m
-3

) unaffected by the sources, and 

the influence of the sources (Equation 6). The latter is equal to all the source strengths per 

unit surface area (S in µg NH3 m
-2

 s
-1

) at locations (xs, ys, zs) multiplied by the dispersion 

function (𝐷(𝑥𝑠, 𝑦𝑠, 𝑧𝑠|𝑥, 𝑦, 𝑧) in s m
-1

), which expresses the contribution of each source to each 

receptor point at which the concentration is considered. The meaning of 𝐷(𝑥𝑠 , 𝑦𝑠, 𝑧𝑠|𝑥, 𝑦, 𝑧) 

can be viewed simply as the concentration at location (𝑥, 𝑦, 𝑧) for a source of unit strength at 

location (𝑥𝑠 , 𝑦𝑠, 𝑧𝑠). (Loubet et al. 2010, 2017) 

𝜒𝑚𝑜𝑑𝑒𝑙(𝑥, 𝑦, 𝑧) = 𝜒𝑏𝑔𝑑 + ∫ 𝑆(𝑥𝑠, 𝑦𝑠, 𝑧𝑠)𝐷(𝑥𝑠, 𝑦𝑠, 𝑧𝑠|𝑥, 𝑦, 𝑧)
𝑎𝑙𝑙 𝑥𝑠 𝑎𝑛𝑑 𝑦𝑠

       (Eq. 6)  

In order to calculate S, D was computed by the model, and both χ and χbgd were measured. 

To calculate D, the description of Philip (1959) was followed as shown in Equation 7 – 10. 

Here, the values of a, b, p and n are derived from a linear regression between ln(U), ln(Kz) 

and ln(z), over the height range 2 × z0 to 20 m, using U(z) and Kz(z) estimated based on the 
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Monin-Obukhov similarity theory (e.g. Kaimal & Finnigan, 1994), where z0 denotes the 

roughness length. In Equation 9, X = (x − xs) sin(WD) − (y − ys) cos(WD), and Y = (x − 

xs)cos(WD) − (y − ys) sin(WD), where WD is the wind direction; α = 2 + p − n, ν = (1 − n)/α, 

and I−ν is the modified Bessel function of the first kind of order −ν. Finally, in Eq. 10 Cy and m 

are parameters taken from Sutton (1932).  

𝑈(𝑧) = 𝑎𝑧𝑝           (Eq. 7) 

𝐾𝑧(𝑧) = 𝑏𝑧𝑛           (Eq. 8) 

𝐷(𝑋, 𝑌, 𝑧) =
1

𝜎𝑦√2𝜋
𝑒𝑥𝑝 (−

𝑌2

2𝜎𝑦
2) ×

𝑧𝑧𝑠
(1−𝑛)/2

𝑏𝑎𝑋
× 𝑒𝑥𝑝 (−

𝑎(𝑧𝛼+𝑧𝑠
𝛼)

𝑏𝑎2𝑋
) × 𝐼−𝑣 (

2𝑎(𝑧𝑧𝑠)𝛼/2

𝑏𝑎2𝑋
)      (Eq. 9) 

𝜎𝑦 =
1

√2
𝐶𝑦𝑥(2−𝑚)/2         (Eq. 10) 

Wind data were recorded by two sonic anemometers (IRGASON, Campbell Scientific, UT, 

USA) which were positioned at the north east and south west sides of the plots, 30 m from 

the borders of the plots in alignment with the two wind predominant wind directions. The 

anemometers measured 3D wind components at 10 Hz. Following Loubet et al. (2001), the 

source height was tuned to zs = 1.01 z0 + d, where d is the displacement height, in order to 

insure best comparison with Lagrangian Stochastic models and experiments (see also 

Loubet at al. 2010). The dispersion model embedded in FIDES is essentially similar to the 

Foken and Meixner (2001) footprint model, except for the retrieval of the a, b, p, n 

parameters which are here inferred by fitting the wind speed and diffusivity profiles over a 

height range 0.2-20 m while in Foken and Meixner (2001) it was computed by forcing the 

profiles at a reference height. The FIDES model was shown to behave similarly to a 

Lagrangian Stochastic model in Loubet et al. (2017). 

For the concentration measurements, Alpha passive air samplers (Tang et al., 2001) were 

used. These samplers are small hollow plastic tubes (27 mm ID) with a PTFE membrane 

which allows air to pass through. Inside there is a layer of filter paper coated with citric acid 

which traps atmospheric NH3 and holds it in place within the sampler. This method enabled 

us to measure cumulative NH3 concentrations at a fixed point, integrated over a certain 

period of time (t) of several hours or days. To observe χmeas, duplicate samplers were 

positioned at the centre of the 16 treatment plots (20 by 20 m) at heights of 30 and 50 cm. In 

order to measure χbgd, samplers were installed in triplicate at the four edges of the 

experimental grid, 30 m away from the plots. Samplers were placed immediately before 

fertilisation and removed/replaced 0.25, 1, 2, 3, 7 and 14 days after fertilisation. Samplers 

were stored at 4 °C after collection before extraction by deionised water and analysis using 

Ammonia Flow Injection Analysis (AMFIA, CEH Edinburgh, UK). Due to logistical constraints, 
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we were limited in the number of measurements we could make using the FIDES method. 

Based on the extensive experience of the researchers in the field of NH3 flux measurements, 

and numerous studies of NH3 emissions (e.g. Gericke et al., 2011; Sanz-Cobena et al., 

2011; Suter et al., 2013) we decided to measure for a period of two weeks, which would 

allow us to capture the vast majority of any cumulative emissions associated with the 

fertiliser event, which typically last only several days. 

Soil Measurements 

Soil cores were sampled from a distance of approximately 2 m from the static chambers 

(within the appropriate experimental plot) every time N2O flux measurements were made. 

Cores were 3 cm in diameter and 10 cm in depth. Samples were frozen immediately after 

collection and stored at -18 °C until further processing up to three months later. Potassium 

Chloride (KCl) solution (50 ml, 1 mol L
-1

) was used to extract Nr (in the form of NH4
+
 and 

NO3
-
) from the samples (15 g, wet soil). Having added the 1 M KCl solution to the samples, 

they were subsequently mixed on an orbital shaker for 60 mins before the solution was 

filtered using 2.5 µm filter paper (Fisherbrand, US) and stored at -18 °C for analysis up to 

three months later. A further 10 g of mixed soil was dried to provide the dry soil ratio of each 

soil sample. 

Concentrations of NH4
+
 and NO3

-
 in the soil extracts were measured using a SEAL AQ2 

discrete analyser (SEAL Analytical, US) fitted with a cadmium coil. The widely used phenol-

hypochlorite (for NH4
+
) and sulfanilamide (NO2

-
 & NO3

-
 after cadmium coil reduction) 

methods were used to provide the relevant colorimetry reactions. Concentrations of NH4
+
 

and NO3
-
 in soil were then calculated based on the mass of dry soil in the initial KCl 

extraction. 

Meteorological data 

Long term meteorological and soil measurements were recorded at the permanent Easter 

Bush measurement station, which was situated at the edge of the Engineer’s Field. This 

station provided measurements of air temperature (1.8 m), soil temperature (0.3 m depth) 

and rainfall (tipping bucket) at 30 min intervals throughout the measurement campaigns (Fig. 

1). 

Results 

Crop Yield, NUE and Quality 

Although rainfall and temperature was similar during both years of measurement, crop yields 

for all treatments were substantially larger in the 2016 field plots (5.5 t ha
-1

) than the 2017 

field plots (1.48 t ha
-1

) (Table 2), indicating that the Engineer’s field was the more productive 

of the two experimental areas regardless of fertiliser application or meteorological conditions. 



Appendix C 

198 

There was reasonably large variation in yield measurements from the harvests in both fields, 

and in some cases (October 2016) the effect of the addition of fertiliser (i.e. dry control yields 

subtracted from dry yields of fertilised plots) appeared to have a negative effect on yield 

(although these values fall well within the large uncertainty range around zero). Overall the 

most efficient fertiliser overall was ammonium nitrate (Nitram), increasing yields (after 

subtraction of the control) on average by 1.05 ± 0.61 t ha
-1

 with a mean NUE of 35.5 %. Urea 

and inhibitor coated urea increased yields by an average of 0.66 ± 0.62 and 0.69 ± 0.73 t ha
-

1
, respectively. Nitram treatment was found to increase yields significantly (p-value < 0.05) 

when compared to the urea fertilisers. The treated urea had a slightly higher average NUE 

than the untreated urea (24.6 and 20.7 %, respectively), but this difference was not 

statistically significant (p-value = 0.91). 

In terms of yield response to the fertilisers, large differences were observed between the two 

adjacent experimental fields, even though historical management practices were largely 

similar. In the Engineer’s field plots (2016), the response to the fertiliser was muted, with 

relatively large variation between the plots. Yield response (and standard deviation) of the 

plots (treated minus control) was largest for the nitram treatments at 19 (± 10) %, while the 

urea and inhibitor treated urea had little impact on crop yield, with only a 2.0 (± 23) % and 

0.7 (± 26) % larger harvest when compared to the control plots, respectively. In the Upper 

Joiner field (2017), the yield response was much higher at 150 (± 144), 113 (± 69) and 136 

(± 107) % for the nitram, urea and treated urea treatments.  

Crude protein (and therefore nitrogen) content of the fertilised plots (154 g kg
-1

) was typically 

higher than that of the control plots (102 g kg
-1

) for all fertiliser treatments; however, there 

were no outstanding differences between the treatment types. Differences in metabolizable 

Energy (Grass ME), modified acid detergent (MAD) and decimal reduction time (D value) 

between the fertiliser treatments were also small, and varied more between the two field 

sites than the fertiliser types 2. These indicators of digestibility and energy content are 

commonly used to indicate the quality of the silage grass for animal feed and our study 

suggests that there was no significant difference between the feedstock grown using the 

different fertilisers. 

N2O Fluxes 

N2O fluxes from the chambers ranged from -0.39 to 24.47 nmol m
-2

 s
-1

 and showed a log-

normal spatial distribution. The majority of flux measurements were close to zero with 81 % 

below 1 nmol m
-2

 s
-1

 in magnitude (Fig. 2). Observed fluxes increased in magnitude from the 

plots treated with Nitram immediately after fertilisation, typically peaking within a week of the 

Nr application. Fluxes also increased after the urea and inhibitor coated urea applications, 
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although the timing of the peaks in these emissions were more variable than those observed 

from the Nitram plots. 

Cumulative flux estimations of N2O from the individual fertilisation events have a typical large 

relative uncertainty, due to the difficulty in extrapolating measurement data both spatially and 

temporally from small data sets. In this study we have chosen to calculate cumulative fluxes 

using the Bayesian model outlined in equations 2 to 5 rather than the trapezoidal method 

(linear interpolation between mean values) in order to better represent this uncertainty (Levy 

et al., 2017). Regardless of the large associated uncertainties in cumulative flux estimates, 

our measurements show that the Nitram fertiliser results in significantly larger N2O emissions 

when compared to the urea and inhibitor coated urea applications of the same quantity of Nr 

(p-value < 0.05) (Table 3). In four of the five events, Nitram was the highest N2O emitting 

fertilizer of the treatments after 30 days (minus background from control plots) with a mean 

EF between replicates of 0.76 ± 0.63 % (Table 3). Emissions from the urea and the inhibitor 

treated urea were comparable in magnitude, 0.29 ± 0.27 % and 0.36 ± 0.15 % of the applied 

Nr, respectively. 

NH3 Fluxes 

Ammonia fluxes were only measured during the 3 fertilisation events in 2017. The majority of 

the NH3 emissions occurred between 0 and 5 days after fertiliser was applied, and emissions 

beyond 7 days after fertiliser application were largely negligible. Emissions of NH3 from the 

plots varied widely with cumulative flux values from individual plots ranging from -1.8 to 13.1 

kg N ha
-1

 at the end of the 14 day measurement period (Fig. 3 & Table 4). Emissions from 

the plots treated with urea fertiliser were consistently higher than those of the other 

treatments after fertiliser applications. Mean cumulative emissions for each of the fertiliser 

types after all three fertilisation events (n= 12) were -0.74, -0.95, 10.83 and 0.42 kg N ha
-1

 for 

the control, Nitram, urea and inhibitor treated urea, respectively.  

Differences in NH3 from individual plots were typically larger than an order of magnitude of 

the mean value of the grouped treatments. As the control plots represent a near zero 

influence situation, the mean flux observed from the control plots for each event were 

subtracted from the fluxes associated from the treatment measurements. Based on this, 

emissions from the urea treated plots (mean of 16.5 ± 5.0 % of applied N) were considerably 

higher than each of the other treatments (-0.3 ± 1.8 % and 1.66 ± 2.0 % for Nitram and the 

inhibitor coated urea, respectively). Fluxes measured from the Nitram plots were not 

significantly different to those from the control plots (p-value = 0.42), but emissions from the 

inhibitor coated urea were (p-value < 0.1). 
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Soil Chemistry 

As shown in Fig. 4, concentrations of NH4
+
 varied by several orders of magnitude, with 

individual measurements ranging from 1.3 to 1525 mg of nitrogen per kg of soil sampled (mg 

kg
-1

). Concentrations of NH4
+
 were consistently low in the experimental plots before fertiliser 

application; with the exception of the first fertiliser event in 2016 where elevated Nr was 

observed in the control plots, possibly due to residues from sheep grazing in the field close 

to one month before the experiment began. Concentrations of NH4
+
 typically rose in 

magnitude for several days after fertiliser application before returning to pre-fertiliser 

magnitudes by the end of the measurement period. Concentrations of NH4
+
 in soils treated 

with urea and inhibitor coated urea were typically higher than those that received Nitram 

fertiliser. During the third fertiliser event (13/03/17) there was a clear delay in the rate at 

which urea was hydrolysed into NH4
+
 in the soil (Fig. 4). This phenomenon was not observed 

during the other events. 

Concentrations of NO3
-
 followed a log-normal distribution in a similar fashion to the NH4

+
 

concentrations (Fig. 5). Nr in the form of NO3
-
 was typically lower than that of NH4

+ 
with 

measured values ranging from 0.05 to 165 mg kg
-1

. As with NH4
+
, NO3

-
 concentrations in the 

experimental plots were near zero before fertiliser application, with the exception of the first 

event. After Nitram application, NO3
-
 concentrations typically rose then decreased in 

concentration with time.  

Discussion 

The yield and nitrogen uptake of the silage crop varied widely across the plots and seasons 

during the experiment. The quantity of the applied fertiliser that was consumed by the crops 

ranged from a maximum of 66 % to a negative value of -16 % compared with the adjacent 

control plots. As there were only small differences between the total N content of the crop for 

the three different fertiliser types, the percentage of applied N that was present in the harvest 

from the plots scales closely with the overall dry yield. In this respect, the Nitram treated 

plots have the highest NUE of the three treatments with a mean NUE of 35 ± 19 % when 

compared to urea (21 ± 15 %) and the inhibitor treated urea (24 ± 20 %). 

The perceived negative effect of fertiliser application during the 2016 trials may have been 

influenced by a considerably large amount of clover that had begun to grow in the plots by 

late spring. The nitrogen fixing properties of the clover may have had some impact on the 

results of the experiment, although not atypical of grazed grasslands (Marriott, 1988). We 

speculate that the prior grazing of the sheep is also likely to have resulted in the residues of 

animal waste in the 2016 plots, which would explain the higher than expected yields and Nr 

in the soil measurements in these plots (Cowan et al., 2015). Although unintentional, the 

presence of these two factors sheds some light into the importance of N-fixation and animal 
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waste in grazed fields which often receive similar applications of N fertiliser as arable crops. 

The 2016 plots in our study show that when there is a large amount of Nr already present in 

the soils, the application of further Nr can have negligible effect on yield response, while still 

contributing to N pollution. The reason for such high individual concentration measurements 

of available Nr measured sporadically throughout the experiment are unclear, and may arise 

as a result of a cluster of fertiliser pellets dissolving in close proximity, or due to outside 

influences such as urine patches from rabbits or other wild animals. Similar spatial variability 

in available nitrogen is observed at the field scale in local studies (Cowan et al., 2015; 

Cowan et al., 2017). The observed ineffectiveness of additional Nr applied to crops in these 

conditions highlights the future potential of precision farming methods which could take into 

account the spatial variability of Nr already present in the field and attempt to improve NUE 

by better managing where fertiliser is required, and where it is not (Auernhammer, 2001; 

Kindred et al., 2017). 

The 2017 plots did not appear to be influenced by clover growth or residues of animal waste 

after visual inspection, and subsequently the observed NUE was more comparable to values 

considered typical under the conditions (Raun and Johnson 1999). Overall, the Nitram 

application resulted in the highest average yield, but there was little difference in yield 

observed between the urea and inhibitor coated urea in this study. The crude protein content 

of the silage harvests varied largely between events, but the treatment effect was small and 

inconsistent. Differences in metabolizable Energy (Grass ME), modified acid detergent 

(MAD) and decimal reduction time (D value) between the fertiliser treatments were also 

small, with little variation observed between the events and the treatment types. 

Emissions of N2O were higher from the plots treated with Nitram fertiliser than from the other 

treatments. This observation is consistent with previous research which has identified Nitram 

as a higher emitter than urea fertiliser (DEFRA, 2006; Harty et al., 2016). Previous studies 

highlight a potential for pollution swapping with nitrification inhibitor treated urea (typically 

dicyandiamide, a.k.a. DCD), suggesting that by reducing the rate of conversion of NH4
+
 to 

NO3
-
 in soils that NH3 emissions are increased (Lam et al., 2016; Zaman et al., 2009). 

Elevated N2O and NH3 emissions have been observed on occasion after the use of 

nitrification inhibitors (Scheer et al., 2017; Zaman et al., 2009); however, reductions in both 

have also been observed (Di et al., 2006; Misselbrook et al., 2014) . This should not be the 

case for urease inhibitors as it slows the release of Nr from the applied fertiliser, thus 

reducing the potential of N2O and NH3 emissions. Previous studies have shown that the use 

of urease inhibitors can significantly reduce N2O emissions (Singh et al., 2013; Zaman et al., 

2009). In this study, emissions from the inhibitor treated urea were slightly larger overall 

compared to the urea; however, the treatments behaved similarly throughout the experiment 

and the differences observed in this study were not statistically significant (p-value = 0.42). 
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The emissions of N2O were not found to correlate well with any of the measured 

environmental variables such as rainfall or temperature, which is not uncommon. The wide 

variety of complex interacting conditions that influence microbial processes often prevent 

predictive modelling and correlation with environmental variables (Butterbach-Bahl et al., 

2013).  

Emissions of NH3 calculated using the FIDES method were consistently largest from the 

plots treated with urea fertiliser (mean EF of 16.5 % of applied Nr). The emissions from the 

Nitram plots were not significantly different from the control plots, suggesting that emissions 

were negligible from this treatment. These observations agree with previous studies in that 

urea treatments are expected to lose a large fraction of Nr as NH3 emissions (Sommer et al., 

2004) while Nitram treatments do not (DEFRA, 2005). The urease inhibitor appears to have 

significantly reduced NH3 losses from the inhibitor coated urea plots, reducing emissions of 

NH3 by approximately 90 % when compared to the untreated urea. This effect has been 

observed in other similar studies when applying a urease inhibitor to urea fertiliser (Li et al., 

2015: Rawluk et al., 2001). The large reduction in NH3 volatilisation and lack of yield 

response does raise the question of the fate of the Nr in the urease treated urea plots. 

After the N content of the crop, the N content of the soil and emissions of N2O and NH3 are 

taken into account, the majority (> 55 %) of applied Nr in the experiments remains 

unaccounted for by the time of harvest. Typically, Nr in the form of NH4
+
 and NO3

-
 in the top 

10 cm of soil has returned to concentrations on par with the control plots by harvest. When 

compared to the control plots, the remaining extractable Nr in the top 10 cm of the fertiliser 

treated plots at time of harvest accounted for less than 1 % of the applied nitrogen in all 

cases in this study. Other known pathways for large losses of Nr from agricultural soils 

include the leaching of NO3
-
 into deeper soils and water systems, uptake of Nr into root 

systems, and microbial nitrification and denitrification which produces nitric oxide (NO) and 

gaseous nitrogen (N2). Leaching can account for 2 - 33 % of applied Nr (Riley et al. 2001; 

Sebilo et al. 2013; Skinner et al. 1997), root systems may consume Nr in the same order of 

magnitude as the harvested shoots (Watson, 1987) and microbial emissions of NO and N2 

can account for Nr losses of an order of magnitude higher than N2O when water-filled pore 

space (WFPS) is particularly low (< 40 %) or high (> 80 %) (Davidson 1993; Weier 1993). All 

of these potential processes may account for a significant fraction of the unaccounted Nr 

applied to the plots in this experiment and measurements should be included in future 

studies when logistically possible. 

Conclusions 

Large variations in crop yield measurements show that none of the fertiliser types used in 

this study consistently outperforms the others in terms of NUE. However, of the three 
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fertilisers used, Nitram performed better on average than the urea compounds in this 

experiment with an average NUE of 35% when compared to urea (21 %) and the inhibitor 

treated urea (24 %). This study supports previous research which suggests that Nitram is the 

largest emitter of N2O (0.76 % of applied Nr) and that urea fertiliser is the largest emitter of 

NH3 (16.5 % of applied Nr) when the mineral fertilisers are compared. The use of the urease 

inhibitor resulted in a considerably large reduction in NH3 losses from the urea fertiliser 

(decrease of 90 %) without significantly increasing emissions of N2O; however, yields were 

statistically the same. The results of this study suggest that urease inhibitors, such as 

Agrotain®, can play an important role in mitigating Nr-related air pollution. However, the 

agronomic benefits to the farmer appear to be negligible. With the higher costs of urea 

coated with urease inhibitors, there is no incentive for farmers to switch to these more 

environmentally friendly compounds. Our experiments are short term only. There certainly is 

a need for more long-term studies covering different climate zones, crop types and soil 

properties to investigate the economic and environmental benefits of switching from the 

preferred ammonium nitrate fertilisers in the UK to urea treated with urease inhibitors, or 

even double inhibition using nitrification and urease inhibitors. 
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Table 1 Management of experimental plots over five fertilization events at Easter Bush 

Farm, 2016 & 2017. 70 Kg-N ha-1 was applied each time. 

Field Event N Application Harvest No. of 
Plots 

Plot Size Days of 
Crop 

Growth 

Engineers 1 13/06/2016 15/07/2016 16 16 m
2
 32 

Engineers 2 27/07/2016 03/10/2016 16 16 m
2
 68 

Upper Joiner 1 13/03/2017 25/05/2017 16 80 m
2
 73 

Upper Joiner 2 12/06/2017 19/07/2017 16 80 m
2
 37 

Upper Joiner 3 07/08/2017 15/09/2017 16 80 m
2
 39 

 

 

 

 

 

 

 

 



Appendix C 

210 

Table 2 Crop quality measurements of sub-samples taken from harvests of all experimental 

treatment plots. Mean values and standard deviation of samples are provided (n = 4 

replicates). Effect of N addition is reported as the additional dry matter (DM) harvested 

compared to the control plots. The total N content of the dry matter and NUE for each event 

are presented. 

Event Treatment 

Dry 
Yield 

(t ha
-1

) 

Effect of 
N 

Addition 
(t ha

-1
 

DM) 

Crude 
Protein 
(g kg

-1
) 

N content 
(g kg

-1
) 

 
NUE 

(%) 

2016       

1 Control 6.7 ± 
0.8 

 72.2 ± 6.2 11.6 ± 1  

1 Nitram 8.5 ± 
0.5 

1.8 ± 0.9 95.2 ± 15.3 15.2 ± 2.5 39.1 

1 Urea 8 ± 1.2 1.3 ± 1.4 93.8 ± 21.5 15 ± 3.4 27.9 
1 Urea & Inhibitor 7.9 ± 1 1.2 ± 1.3 111.8 ± 12.8 17.9 ± 2.1 30.7 
2 Control 3.4 ± 

1.1 
 120.8 ± 8.1 19.3 ± 1.3  

2 Nitram 3.8 ± 
0.2 

0.4 ± 1.1 122 ± 12.1 19.5 ± 1.9 11.1 

2 Urea 2.9 ± 
0.4 

-0.5 ± 1.2 116.2 ± 28.3 18.6 ± 4.5 -13.3 

2 Urea & Inhibitor 2.8 ± 
0.8 

-0.6 ± 1.3 117.8 ± 14.8 18.8 ± 2.4 -16.1 

2017       

1 Control 0.6 ± 
0.2 

 78.9 ± 3.8 12.6 ± 0.6  

1 Nitram 2.4 ± 
0.8 

1.8 ± 0.8 160.5 ± 37.4 25.7 ± 6 66.1 

1 Urea 1.6 ± 
0.2 

1 ± 0.3 102.2 ± 5.4 16.4 ± 0.9 23.4 

1 Urea & Inhibitor 2.1 ± 
0.4 

1.6 ± 0.4 130.9 ± 40.2 20.9 ± 6.4 47.8 

2 Control 1.1 ± 
0.3 

 94.8 ± 9 15.2 ± 1.4  

2 Nitram 2 ± 0.2 0.9 ± 0.3 191.8 ± 35.5 30.7 ± 5.7 27.6 
2 Urea 2.1 ± 

0.3 
1 ± 0.4 165 ± 23.8 26.4 ± 3.8 26.4 

2 Urea & Inhibitor 1.8 ± 
0.3 

0.8 ± 0.4 173.8 ± 9 27.8 ± 1.4 22.2 

3 Control 0.7 ± 
0.3 

 141 ± 13 22.6 ± 2.1  

3 Nitram 1 ± 0.4 0.4 ± 0.5 236.8 ± 31.9 37.9 ± 5.1 15.2 
3 Urea 1.2 ± 

0.6 
0.5 ± 0.7 241.8 ± 17.9 38.7 ± 2.9 19.4 

3 Urea & Inhibitor 1.1 ± 
0.2 

0.5 ± 0.4 251.8 ± 14.9 40.3 ± 2.4 20.2 
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Table 3 Cumulative N2O fluxes estimated using the Bayesian interpolation method over a 30 

day period after fertilizer applications (70 kg N ha
-1

) at two intensively managed grassland 

sites. Values presented represent 4 plots (n = 4) per event at each field site. Emission 

factors (EF) account for the effect of N application after the measured background flux has 

been deducted from cumulative totals. 

Even

t 
Fertiliser Type 

Backgroun

d 

Flux 

Cumulative 

Flux 
95 % C.I. 

 

Flux Minus 

Backgroun

d 

EF 

  (kg N ha
-1

) (kg N ha
-1

) min max (kg N ha
-1

) (%) 

2016        

1 Nitram 0.25 1.59 1.02 2.86 1.34 1.92 

1 Urea 0.25 0.52 0.37 0.78 0.27 0.38 

1 
Urea & 

Inhibitor 
0.25 0.54 0.37 0.90 0.28 0.41 

2 Nitram 0.19 0.45 0.32 0.68 0.25 0.36 

2 Urea 0.19 0.30 0.24 0.40 0.11 0.15 

2 
Urea & 

Inhibitor 
0.19 0.29 0.23 0.40 0.10 0.14 

2017        

1 Nitram 0.92 1.39 0.97 2.26 0.48 0.68 

1 Urea 0.92 0.99 0.72 1.48 0.07 0.10 

1 
Urea & 

Inhibitor 
0.92 1.33 0.87 2.46 0.41 0.58 

2 Nitram 0.51 0.50 0.39 0.67 -0.01 -0.01 

2 Urea 0.51 1.06 0.64 2.10 0.55 0.79 

2 
Urea & 

Inhibitor 
0.51 0.67 0.50 0.97 0.17 0.24 

3 Nitram 0.93 1.53 1.08 2.34 0.60 0.85 

3 Urea 0.93 0.97 0.77 1.27 0.04 0.05 

3 
Urea & 

Inhibitor 
0.93 1.22 0.89 1.83 0.29 0.41 
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Table 4 Cumulative fluxes of NH3 estimated the FIDES method over a 14 day period after 

fertilizer applications (70 kg N ha
-1

) at the Upper Joiner grassland. Values presented 

represent 4 plots (n = 4) per event at each field site. Emission factors account for the effect 

of N application after the measured background flux has been deducted from cumulative 

totals. The 95 % C.I. is calculated using the least squares method to combine the standard 

error between the replicates for each treatment. 

Event 
Fertiliser 

Type 

Cumulative 

Flux 

Std. Error in 

Cumulative 

Flux 

Flux Minus 

Background 

95 % 

C.I. 
EF 

  (kg N ha
-1

) (kg N ha
-1

) (kg N ha
-1

) 
(kg N ha

-

1
) 

(%) 

1 Control 0.36 1.19    

1 Nitram -0.83 1.28 -1.19 1.75 -1.70 

1 Urea 11.37 1.76 11.01 2.13 15.73 

1 
Urea & 

Inhibitor 
0.65 1.36 0.29 1.81 0.41 

2 Control -0.75 0.46    

2 Nitram -1.19 1.05 -0.44 1.14 -0.63 

2 Urea 8.04 0.99 8.79 1.09 12.56 

2 
Urea & 

Inhibitor 
-0.16 0.88 0.60 0.99 0.86 

3 Control -1.81 1.77    

3 Nitram -0.82 3.17 0.99 3.63 1.42 

3 Urea 13.09 3.34 14.90 3.78 21.29 

3 
Urea & 

Inhibitor 
0.78 1.81 2.60 2.54 3.71 
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Figure 1 Meteorological data recorded at Easter Bush Farm over 2016 (left) and 2017 

(right). Daily mean soil temperature (black) and air temperature (grey) and daily cumulative 

rainfall are presented. 
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Figure 2 N2O fluxes following fertilisation of the Engineer’s field in 2016 and Upper Joiner 

field in 2017. Fertiliser was applied at t = 0 days, and the measurements lasted up to 30 

days for each event. The log-normal model was used to estimate cumulative N2O fluxes. The 

95 % credible intervals of the posterior predictions are shown as the shaded area. Mean 

background fluxes from control plots are included for each event (dashed line).   
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Figure 3 Cumulative fluxes from each of the experimental plots during three fertilisation 

events measured using the FIDES method (2017). Each shaded line represents one of the 

four plots replicated for each treatment. 

 

 Figure 4 Mean ammonium concentrations from soil samples (n= 4) measured in tandem 

with N2O chamber measurements after fertilisation events. Standard deviation is included 

(grey ribbon). 
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Figure 5 Mean nitrate concentrations from soil samples (n= 4) measured in tandem with N2O 

chamber measurements after fertilisation events. Standard deviation is included (grey 

ribbon). 
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Abstract 

Nitrous oxide emissions make up a significant part of agricultural greenhouse gas emissions. 

There is an urgent need to identify new approaches to the mitigation of these emissions with 

emerging technology. In this short review four approaches to precision managements of 

agricultural systems are described based on examples of work being undertaken in the UK 

and New Zealand. They offer the opportunity for nitrous oxide mitigation without any 

reduction in productivity. These approaches depend upon new sensor technology, modelling 

and spatial information with which to make management decisions and interventions that can 

both improve agricultural productivity and environmental protection. 

Keywords decision support systems, mitigation, nitrous oxide, precision farming 

Introduction 

There is a growing acceptance that future agricultural production must be fully integrated 

with the protection of the environment. The requirement to feed humanity as its population 

rises towards 10 billion, at the same time as living within a safe operating space for a stable 

and resilient planet, remains a major challenge for society
[1]

. Agriculture is one of the biggest 

threats to the environment and the development of new approaches to environmental 

management within agricultural systems is therefore of utmost importance. Nitrous oxide 

(N2O) is recognized as a powerful greenhouse gas and contributes to the destruction of 
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stratospheric ozone
[2]

. Maintaining agricultural productivity while minimising N2O emissions is 

a critically important consideration for the future development of agricultural systems. 

Nitrous oxide is a long-lived greenhouse gas with a Global Warming Potential 265-298 times 

greater than that of carbon dioxide. Around 60 % of anthropogenic sources of this gas are 

derived from nitrogen fertilizer and manure use in agriculture
[3]

 and the urgent need to 

reduce greenhouse gas emissions in response to the current threats posed by climate 

change has highlighted the need to develop new approaches to mitigation. Global emissions 

are projected to rise by 28 % during the remainder of this century if current trends in 

population growth and food production continue
[4]

. However, there is significant interest in 

developing new approaches to mitigation based on the application of new technologies and 

our increased understanding of source processes. Nitrous oxide is produced by microbial 

transformations of nitrogen in soils and water.Two main processes are recognized as 

contributing to emissions, these are nitrification and denitrification
(5)

. The nitrification process 

involves the oxidation of ammonium to nitrate, involving a group of chemoautotrophic 

microorganisms. This process occurs rapidly in fertile agricultural soils containing readily 

available supplies of ammonium nitrogen provided by inputs of fertilizers, manures and crop 

residues. A small proportion of the nitrogen which is converted from ammonium to nitrate is 

released as N2O
[5]

. A second process contributing to emissions is denitrification which occurs 

when the nitrate ion is reduced during the process of microbial respiration. Such conditions 

commonly arise in wet soils containing a plentiful carbon and nitrogen supply
[6]

. In these 

conditions soil oxygen becomes depleted through respiration and microbes switch to nitrate 

as a terminal electron acceptor in order to maintain metabolic activity. Although much of the 

nitrate is reduced to N2, N2O is produced as an intermediate in these processes. 

In many agricultural soils the processes of nitrification and denitrification occur 

simultaneously but are strongly influenced by environmental and management controls
[6]

. 

Soil nitrogen supply, moisture content and temperature are recognized as particularly 

important factors in influencing emissions
 [7]

. However, changes in these factors are highly 

dynamic and interact strongly with management practices. Nitrogen supply is the most 

obvious factor controlled by agricultural management through the inputs of fertilizer and 

manure used to drive crop productivity. Dung and urine deposited by livestock grazing on 

pastures and forage crops are a further source of N input. Such inputs can be clearly seen to 

drive emissions of N2O, which are often released in significant quantities shortly following 

fertilizer applications and urine deposition. However, the magnitude of these emissions can 

be modified by soil conditions and climate at the time of fertiliser application and grazing. 

Approaches to mitigating N2O emissions from soils focus on three main strategies:  

1) Reducing nitrogen inputs or modifying the form in which nitrogen is supplied,  
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2) using microbial inhibitors, and  

3) modifying soil conditions by management. 

Extensive reviews of approaches to N2O mitigation from agricultural systems have been 

published in recent years using individual approaches described above or a combination of 

these approaches
[8-12]

. Nitrous oxide emissions from soils are highly heterogeneous in time 

and space
[13]

. Current approaches to the management of farmland often ignore this 

heterogeneity, and instead apply uniform management decisions to land, taking no account 

of variations in the known drivers of emissions. The spatial heterogeneity of N2O emissions 

is often a result of the coincidence of several key driving variables. This often leads to short 

periods of high N2O emissions sometimes two or three orders of magnitude above baseline. 

However, detailed spatial information that can be collected precisely and temporally with the 

use of new measurements technology, often at high resolution, can help identify potential 

hotspots and provide opportunities for intervention to reduce emissions. 

In this short review, we focus on the opportunities for precision farming technology to 

mitigate N2O emissions through innovative approaches to soil and crop management. 

Precision farming uses information and technology to make better management decisions on 

farms. This technology provides an opportunity to manage heterogeneity in farmland in order 

to deliver improved productivity, profitability and better environmental outcomes. In recent 

years there have been very rapid developments in the technology used to deliver precision 

farming approaches. This includes improvements in sensor technology, satellite observation 

processing and management of big data and network and communication systems. The 

question therefore arises whether or not these technologies can be used to reduce 

greenhouse gas emissions from soils, and if so what evidence is there that this is happening. 

Here we describe examples of approaches in various stages of development in the UK and 

New Zealand that may offer opportunities for mitigation. 

Precision management of soil pH 

Soil pH is important in regulating and modifying N2O emissions. In more acid soils, there is a 

higher emission of N2O compared to N2 because the N2O reductase enzyme that converts 

N2O to N2 is inhibited
[14, 15]

. Thus, in soils that have a tendency to produce N2O by 

denitrification, more acid conditions are likely to lead to higher N2O emission rates. Given 

that soil acidity can also reduce crop growth, maintaining soil pH at an appropriate level is 

considered important for both the optimization of crop production and efficient use of fertiliser 

inputs. Lower crop biomass and higher N2O emissions in acid conditions can lead to a large 

increase in N2O emission intensity (the quantity of N2O produced per unit of crop). New 

precision approaches to lime application take account of the often large gradients in pH 

within fields (Fig. 1), applying lime with variable-rate applicators on a spatial basis according 
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to the lime required to bring soil up to a target pH. Although this management approach is 

specifically designed to optimize crop growth through pH management, it is likely that there 

will be co-benefits in terms of N2O mitigation given the sensitivity of emissions to pH. 

Preliminary measurements highlight the increased emissions of N2O in the more acidic areas 

of grassland (Fig. 1). Work is currently underway at SRUC in the UK in partnership with other 

European countries and AgResearch in NZ to test this hypothesis using conventional and 

variable-rate lime applications on grassland soils, followed by subsequent measurements of 

N2O emission during the growing season
[16]

.  

 

Fig. 1 Spatial heterogeneity of pH and associated N2O emissions from a Scottish 

grassland soil to a depth of 20 cm measured on a 10 × 10 m grid (each square on the 

map) at a field site in Easter Bush, Penicuik, Scotland. Measurements of pH performed 

by Soil Essentials (Angus, Scotland) 

Managing organic nitrogen inputs 

Organic matter is regularly added to agricultural soils in the form of slurry, manures and 

animal wastes. Grazing livestock deposit nitrogen rich dung and urine in grassland soils 

which are recognized as hotspots of greenhouse gas emissions and contribute significantly 

to the heterogeneity of emissions often observed in these environments
[10, 17, 18]

. Until 

recently it has been difficult to characterize the spatial and temporal distribution of these 

grazing inputs other than through manual observation. However, new remote sensing 

techniques using high resolution cameras linked to unmanned aerial vehicles (UAVs) is 

allowing improved understanding of the spatial and temporal patterns of deposition 

associated with such livestock management. A recent study used image analysis to quantify 

the appearance of urine patches in an intensively grazed grassland in Scotland
[19]

. Previous 
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studies have shown that such urine patches contribute to very high emissions of N2O, which 

vary throughout the growing season in response to climatic conditions
[20, 21]

. By linking the 

appearance of urine patches to site-specific emission factors it is possible to estimate field 

scale emissions of N2O. The opportunity now arises from this work to develop innovative 

approaches to mitigation. This includes the potential to use UAV technology to deliver 

urease and nitrification inhibitors to newly formed urine and dung patches within the field. 

This could have the benefit of minimising the quantity of inhibitors used, while achieving 

significant mitigation benefits, both in terms of reduced NH3 and N2O emissions. A potential 

difficulty with this approach is that urine patches only become visible from the second day 

and can take 5-8 days to appear. During this period significant emissions of N2O can often 

occur. An alternative approach could therefore use animal based sensors to detect urination 

events allowing more rapid deployment of inhibitors to points of deposition
[22]

. Another option 

which has been tried in New Zealand is to monitor soil changes in soil electrical conductivity 

and use this as a proxy for the detection of urine patches
[23]

. Mapping urine patches in this 

way could allow early intervention and application of inhibitors in order to reduce N2O 

emissions. Another potential benefit of this approach would be to use it in order to adjust 

mineral fertiliser applications, using spatial maps of urine deposition by livestock to adjust the 

inputs of mineral fertiliser through variable-rate fertiliser applications. 

Decision support tools to reduce N2O emissions in 
grazing systems 

An alternative approach to N2O mitigation in grazed grasslands is to remove livestock from 

grazing areas when environmental conditions exceed threshold values that are known to be 

associated with emission peaks. This approach has been used in a modelling study in New 

Zealand to assess potential reductions in N2O emissions and wider environmental benefits of 

removing cattle from grazing areas during periods of excess wetness
[24]

. The approach 

involves monitoring when soil wetness exceeds a soil-specific threshold value above which 

large emissions of N2O could be anticipated. Under these conditions, duration-controlled 

grazing is implemented where cattle are moved from the pasture to a holding yard, an area 

of land with a pine bark and sawdust base. A comparison of the whole system emissions 

(which assessed total N2O and manure-derived CH4 emissions) was made between current 

typical practice (100% in-paddock grazing, apart from milking time) and implementation of 

duration-controlled grazing. For the latter, grazing time was either 0 (i.e., complete removal), 

13 or 17 h per day. The analysis showed that in poorly drained soils removal of cattle from 

the grazing area could achieve up to 12% reduction in total N2O and manure-derived CH4 

emissions, much of which was associated with reduced emissions from the N2O released 

from urine and dung. There were ancillary benefits both in poor and imperfectly drained soils 

associated with reduced nitrate leaching. A further advantage of management interventions 

of this type is associated with reductions in soil damage associated with compaction, which 
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is particularly prevalent under wet conditions. Practical applications of this approach require 

further testing, but the results to date suggest a cost-effective and environmentally beneficial 

approach to greenhouse gas mitigation, particularly for farmers with poorly drained soils. 

Variable-rate nitrogen fertilizer application in 
cropping systems 

Improving the synchrony between fertilizer nitrogen applications and crop demand has long 

been recognized as a potential approach to reducing nitrogen losses from cropping 

systems
[25]

. In most current systems, crops obtain a significant proportion of their nitrogen 

supply from the mineralization of soil organic matter which is then supplemented by the 

addition of fertilizer nitrogen. However, the supply of nitrogen across a field from 

mineralization can be highly variable, and this is rarely considered when planning fertilizer 

application. Remote sensing techniques now offer the opportunity to monitor crop growth 

and development at increasingly high resolutions. Canopy reflectance can be used as a 

measure of the nitrogen concentrations in crop tissues and fertilizer recommendations can 

be adjusted to take into account of this variability in crop nitrogen content across a field
[26]

. 

Often this involves a system with sensors mounted on the front of a tractor which observe 

crop nitrogen reflectance and converts this into an index of crop nitrogen uptake and then 

adjusts the nitrogen fertilizer addition according to whether the uptake is above or below a 

threshold value. Advancements are being made in using satellite imagery to detect canopy 

reflectance
[27, 28]

. Improvements in image resolution and visit intervals have the potential to 

increase the scale and temporal resolution of monitoring for targeted fertilizer applications, 

allowing targeted timing of interventions alongside altering fertilizer amounts on a spatial 

basis. 

In some circumstances suboptimal nitrogen uptake is associated with poor soil conditions 

such as compaction, low soil organic matter concentrations or restricted soil depth. In these 

circumstances additional fertilizer nitrogen inputs may well exacerbate nitrogen losses rather 

than increase crop nitrogen recovery. A more sophisticated approach would look at 

variations in soil nitrogen supply across a field that could be directly linked to differences in 

mineralization of nitrogen, and then adjust nitrogen supply in accordance with this variation. 

Where soil conditions limit nitrogen recovery it would be more appropriate to either improve 

soil conditions, for example, through alleviating compaction, or in circumstances where this 

is not possible, to reduce fertilizer nitrogen applications. Any improvements in the recovery of 

crop N that can be achieved by precision management of this kind are likely to lead directly 

to a reduction in N2O in emissions, given the strong link between nitrogen supply and 

emissions that has been characterized in many previous studies
[7, 29, 30]

. 
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Conclusions 

This short review has provided several examples of how precision management of 

agricultural systems can potentially be used to reduce N2O emissions from soils. As we 

develop improved spatial and temporal knowledge of the farmed landscape, further 

opportunities will be developed that can support more efficient resource use with reduced 

environmental impacts. These approaches have yet to be widely adopted in agricultural 

systems and are still in the process of development, but they offer significant promise given 

their capacity to maintain or increase productivity while reducing environmental impacts. 

Solutions will involve the analysis of large datasets describing the farmed environment 

coupled with a modelling framework that encapsulates our understanding of the 

transformation of nitrogen in the environment, and linked eventually to decision support tools 

that will aid farmers and land users to make better decisions about crop management and 

environmental protection. 
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Appendix E 

An evaluation of four years of nitrous oxide fluxes after application of 
ammonium nitrate and urea fertilisers measured using the eddy covariance 
method 
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Abstract 

In this study, we present the first long-term N2O eddy covariance dataset measured from a 

working farm. The eddy covariance method was used over a four year period to measure 

fluxes of the greenhouse gas nitrous oxide (N2O) from an intensively managed grazed 

grassland, to which regular applications of ammonium nitrate or urea fertilisers were spread, 

for two years each at the field site. The mean emission factors (EFs) reported for ammonium 

nitrate and urea fertiliser applications in this study over a period of 30 days after fertilisation, 

were 0.90 and 1.73 % of the nitrogen applied, respectively, with EFs of individual events 

ranging between 0.13 to 5.71 %. Our study accurately quantifies emission factors for multiple 

events and showing unambiguously that large-scale variability is real. EFs do indeed vary 

from one fertiliser event to another, even at the same site with the same fertiliser type under 

similar environmental conditions. This makes distinguishing EFs between different fertiliser 

types for the purposes of developing emission mitigation policy very difficult. 

Introduction 

Modern agriculture relies heavily upon the application of industrially produced synthetic 

fertilisers to provide the nitrogen (N) required for intensive crop production (Tilman et al., 

2002). Global application of synthetic N fertiliser to agricultural land is now greater than 100 

Tg N per year (Erisman et al., 2008). This has resulted in a large increase in emissions of 
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the potent greenhouse gas nitrous oxide (N2O) (IPCC, 2014). Since pre-industrial times, 

atmospheric concentrations of N2O have increased by approximately 0.26 % each year (275 

to over 330 ppb) as a result of human activities (Forster et al., 2007; Butler & Montzka, 

2018), resulting in N2O becoming the single largest contributor to stratospheric ozone 

depletion (Ravishankara et al., 2009) as well as increasing its role as a contributor to the 

global warming potential of the atmosphere. 

N2O is released after N application as a by-product of the naturally occurring microbial 

processes of nitrification and denitrification in soils and aquatic bodies (Davidson 2000; 

Bateman & Baggs, 2005). The microbial processes that produce N2O are influenced by a 

wide variety of environmental factors. Nitrification (i.e. the oxidation of ammonium) and 

denitrification (i.e. the reduction of nitrate) rely predominantly on aerobic and anaerobic 

conditions, respectively (Robertson & Tiedje, 1987; Davidson 2000). However, due to the 

heterogeneous nature of soils, the microbes associated with both of these processes can 

coexist at a macro-scale (Anderson & Levine, 1986), so the observed response to 

environmental variation over time can be complex. Emissions of N2O from microbial 

processes are known to be influenced by N availability (Cowan et al., 2017), temperature 

(Maag & Vinther, 1996; Smith et al., 1998), pH (Stevens et al., 1998), clay content (Rochette 

et al., 2008a) and oxygen availability, the latter of which is often controlled by soil 

compaction (Ball et al., 1999), soil moisture and water-filled pore space (WFPS) (Linn & 

Doran, 1984; Dobbie & Smith 2003). Although relationships have been shown to exist 

between these soil properties and N2O fluxes in previous experiments, our understanding of 

the interactions with microbial activity and soil properties remains poor (Butterbach-Bahl et 

al., 2013). As a result there are currently no process-based models capable of reliably 

predicting microbial N2O emissions at the field or farm scale (Brilli et al., 2017). 

The IPCC Tier 1 method estimates the fraction of the fertiliser N that is released as N2O after 

a fertilisation event (the so-called “emission factor”). This is assumed to be a constant 1 % 

according to the guidelines of the Intergovernmental Panel on climate Change (IPCC, 2014). 

However, there is large variability and uncertainty in this value, with a reported uncertainty in 

the range of 0.3 – 3.0 % (IPCC, 2014), and different types of fertiliser types can yield 

different emissions. The most common form of N fertiliser is urea (over 50 % of all N applied 

globally), due to its high N content by weight and relatively low cost (Glibert et al., 2006). 

Other widely used N fertiliser types include ammonium nitrate (AN), calcium ammonium 

nitrate (CAN), ammonium sulphate, ammonium phosphate and several other compounds 

that contain a combination of N, phosphorus and potassium.  

The two most common synthetic N fertilizers used in the UK are AN (37.3 %) and urea (10.1 

%) (BSFP, 2017). The application of AN, urea and CAN account for 2.2 of the 3.9 Tg of 

synthetic N applied annually in Great Britain (BSFP, 2017). Research effort on reducing N2O 
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emissions has focussed on quantifying the emission factors for different types of fertiliser 

(Smith et al., 1999; Akiyama et al., 2009) to find types and application strategies which result 

in lower emissions.  

The majority of studies still use the static chamber method to measure emissions, which has 

been essentially unchanged in the last four decades (Hutchison & Mosier, 1981; Chadwick et 

al., 2014; Flechard et al., 2007). However, because of the spatial and temporal variability in 

N2O fluxes, results from chamber studies have large associated uncertainties (Cowan et al., 

2017). N2O fluxes typically show a highly left-skewed distribution in space, well-represented 

by the log-normal distribution, and also resemble the log-normal density curve in time. 

Accurately estimating the integral under these curves is very difficult with small sample sizes 

and infrequent sampling (Levy et al., 2017). Due to the relatively large uncertainties in 

estimates of EFs, and the wide variety of environmental factors that can influence N2O 

emissions, attributing emissions to agricultural practices remains difficult. In the pursuit of 

Tier 2 emission factors, which represent the effects of different fertiliser types in a given 

region, better methods are required. 

In the past, the instrumentation available to measure N2O via the eddy covariance method 

had been limited primarily by the sensitivities of the infra-red lasers available, requiring the 

use of liquid nitrogen and constant alterations to hold a stable wavelength in the region 

required to measure N2O (Jones et al., 2011, Mammarella et al., 2010). The development of 

more stable laser instruments has greatly improved the capability to measure N2O in the 

field, particularly using the eddy covariance method (Kroon et al., 2010; Haszpra et al., 2018; 

Liang et al., 2018; Merbold et al., 2014; Fuchs et al., 2018). The eddy covariance method 

has several advantages which can improve estimates of emissions after fertilisation events. 

Critically, the method allows for near-continuous measurements, that integrates emissions 

from a relatively large spatial region (> 100 m) (Vesala et al., 2008). This method can 

thereby remove the uncertainties in upscaling measurements to the field scale, and provide 

more defensible estimates of cumulative flux emissions. 

This study presents a long term dataset of N2O fluxes measured using the eddy covariance 

method from a grazed grassland field in Scotland (Easter Bush). This is the longest eddy 

covariance dataset of N2O from a working farm we know of to date. The measurements 

cover four growing seasons, during which, AN fertiliser was applied for two seasons (2012 

and 2018) and urea fertiliser was applied for two seasons (2016 and 2017). The aim of this 

manuscript is primarily to present methods for estimating emission factors using eddy 

covariance observations, and to compare the emissions associated with each of the fertiliser 

types, with associated uncertainties.  
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Method 

Field site and management 

Measurements were made at the permanent Easter Bush field site in the Easter Bush Estate 

(Midlothian, UK, 55°51’57.4“N 3°12’29.3”W) (Cowan et al., 2016; Jones et al. 2017) during 

2012, then in 2016, 2017 and 2018. The site consisted of a small enclosed area in which a 

permanently stationed, temperature controlled cabin with access to mains power was 

located directly between two similarly managed grazed grasslands (North and South fields, 

each approximately 5.4 ha, Figure 1). The soil in the fields are classed as an imperfectly 

drained clay loam with a sand/silt/clay texture of 26/20/55 in the top 30 cm. The grassland 

fields had been predominantly used as high intensity grazing pasture for sheep (0.7 LSU ha
-

1
) for over twenty years before measurements took place, with occasional silage harvest. 

Their management is typical for this region, with predominately AN fertilization (but urea was 

used for two years during this study) via tractor mounted broadcast spreading, with liming 

every 3-5 years to maintain the pH between 5.5 and 6 and occasional ploughing and 

reseeding.  

The sheep were typically absent from the fields in the winter months (November to 

February), with sporadic movement between local fields throughout the growing season 

(March to September) as management required. Both fields were managed similarly across 

the measurement period with sheep grazing throughout the year, although there were stages 

when field management differed (Table 1). Fertiliser was applied to both fields on the same 

days with the same quantities throughout the growing seasons (Table 1). In 2012 there was 

a tillage event in the south field, thus the fields cannot be classed as similar in this period. 

For this reason we split flux measurements between the fields in 2012, with only the north 

field receiving a fertiliser application during event 1, and both fields receiving similar 

applications during the second event. As the wind shifted regularly to and from the 

predominant south westerly direction to a north easterly direction during 2012, we can 

observe the effects from both fields separately. For all other events (2016 to 2018), both 

fields were managed similarly and measurements from both fields are considered as one 

event.  
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Figure 1 The eddy covariance mast and meteorological measurement equipment were 

positioned in a small enclosed area between two grazed grassland fields at the Easter Bush 

permanent field site, Midlothian, Scotland, UK. 

 

Table 1 Field management and fertiliser application for the North and South fields during 

eddy covariance measurements at the Easter Bush permanent field site. 

Date Field Management Fertiliser Application 

01/05/12 South Tilled and resown  

28/05/12 North  AN 70 kg N ha
-1

 

09/08/12 Both  AN 70 kg N ha
-1

 

20/05/14 North Tilled and resown  

15/03/16 South Sheep removed  

13/06/16 Both  Urea 70 kg N ha
-1

 

16/07/16 South Silage harvest  

26/07/16 Both  Urea 50 kg N ha
-1

 

28/07/16 South Sheep returned  

23/08/16 Both  Urea 35 kg N ha
-1

 

01/04/17 Both  Urea 70 kg N ha
-1

 

22/06/17 Both  Urea 49 kg N ha
-1

 

12/04/18 Both  AN 70 kg N ha
-1

 

14/06/18 Both  AN 52 kg N ha
-1
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Meteorology and Environment 

Measurements of soil temperature (0.35 m depth), air temperature (1.8 m height) and rainfall 

(tipping bucket) were made at the field site throughout the measurement period and 

averaged every 30 min (Figure 2, Table 2). After installation in 2015, soil moisture (0 – 30 

cm) was also measured by a cosmic-ray moisture sensor (Hyroinnova CRS-2000) (Köhli et 

al., 2015) at the COSMOS-UK Easter Bush measurement site (https://.cosmos.ceh.ac.uk/), 

located approximately 300 m north of the flux mast (Figure 2). Temperatures were not 

drastically different at the site during the growing seasons that flux measurements took 

place; however, 2012 was consistently cooler than the other years during the summer 

months (June to August). Soil moisture measurements were not available in 2012 as the 

COSMOS instrument was not installed until 2015. Rainfall was significantly higher than what 

is considered typical of the site in the summer of 2012, with an annual rainfall of 1191 mm. 

Total annual rainfall for the other years was 793, 780 and 690 mm for 2016, 2017 and 2018 

(up to 12/12/18), respectively. A drought occurred during May in 2017, and more severely 

during the summer of 2018 (July) after a particularly cold spring. During these periods (April 

to May in 2017 and May to September in 2018) the soil became very dry and field scale 

water filled pore space (WFPS %) of the soil dropped below 40 %. 
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Figure 2 (top) Daily average soil temperature (0.35 m depth), (middle) Hourly soil moisture 

(0 – 30 cm depth) expressed as WFPS % by COSMOS instrument (bottom) Daily cumulative 

rainfall. 
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Table 2 Measured environmental variables were averaged/summed for 7 and 30 day periods 

prior to and post fertilisation events. Soil moisture measurements were not available in 2012. 

Year 
 

201
2 

201
2 

201
6 

201
6 

201
6 

201
7 

201
7 

201
8 

201
8 

Event 
 

1 2 1 2 3 1 2 1 2 

30 days prior 
         

Mean air temperature (°C) 8.3 13.3 
10.
9 

14.
3 

14.
3 7.0 14.6 4.2 

12.
3 

Mean soil temperature 
(°C) 8.3 14.4 

12.
3 

15.
9 

16.
1 6.0 14.8 4.0 

13.
3 

Mean soil moisture 
(WFPS %) NA NA 

62.
5 

70.
4 

65.
7 

70.
0 51.8 

68.
8 

45.
0 

Cumulative rainfall (mm) 92.0 
148.

1 
59.
2 

69.
4 

60.
6 

59.
0 

114.
6 

72.
0 

31.
4 

30 days post 
         

Mean air temperature (°C) 11.2 14.5 
12.
8 

14.
3 

14.
5 7.7 13.3 9.5 

14.
6 

Mean soil temperature 
(°C) 11.5 14.5 

14.
8 

16.
0 

15.
3 8.4 15.5 8.4 

15.
7 

Mean soil moisture 
(WFPS %) NA NA 

70.
8 

65.
2 

60.
4 

55.
5 64.0 

60.
9 

39.
5 

Cumulative rainfall (mm) 
152.

8 81.8 
85.
2 

52.
8 

26.
6 6.6 

116.
8 

31.
6 

49.
8 

7 days prior 
         

Mean air temperature (°C) 14.5 14.1 
12.
4 

16.
8 

14.
9 9.3 16.4 6.6 

12.
9 

Mean soil temperature 
(°C) 11.2 15.0 

14.
5 

17.
5 

16.
0 7.2 16.5 4.7 

14.
9 

Mean soil moisture 
(WFPS %) NA NA 

62.
9 

67.
8 

65.
9 

69.
0 56.4 

71.
8 

42.
6 

Cumulative rainfall (mm) 0.2 40.5 
34.
6 

20.
2 

12.
6 4.6 11.6 

18.
4 5.0 

7 days post 
         

Mean air temperature (°C) 10.3 15.7 
11.
6 

13.
8 

14.
6 8.5 12.3 9.3 

11.
5 

Mean soil temperature 
(°C) 11.5 15.2 

13.
5 

16.
5 

15.
6 8.3 15.5 6.7 

13.
6 

Mean soil moisture 
(WFPS %) NA NA 

70.
3 

65.
0 

62.
9 

64.
9 56.6 

68.
4 

45.
2 

Cumulative rainfall (mm) 19.6 9.9 
28.
2 5.4 0.8 0.0 34.8 9.8 

40.
8 

 

Eddy covariance measurements 

An eddy covariance mast was erected in an enclosure between the North and South fields 

(see Figure 1). The mast was equipped with an ultrasonic anemometer (WindMaster Pro 3-

axis, Gill, Lymington, UK) mounted at a height of 2.5 m to measure fluctuations in 3-D wind 

components at a frequency of 20 Hz. The prevailing wind direction was SW-NE, with 

predominant SW winds, however, the wind field did vary on a number of occasions 

throughout the four years of measurement (see Figure 3). A 14 m length of 1/4" ID Dekabon 

tubing was attached to the mast near the sonic anemometer (northward, eastward and 
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vertical separation from the centre of the sonic of 14, 4 and 15 cm, respectively). This inlet 

was run back along a protected conduit into the temperature controlled cabin where it was 

connected to a continuous wave quantum cascade laser (QCL) absorption spectrometer gas 

analyser (CW-QC-TILDAS-76-CS, Aerodyne Research Inc., Billerica, MA, USA). A 1 µm 

PTFE membrane air filter was fitted in-between where the inlet line joined the QCL to 

prevent particulates from damaging the instrument.  

The QCL was fitted with either one of two different laser sources over the four year period, 

each capable of measuring atmospheric N2O with an instrumental noise smaller than 0.3 

ppb, together with H2O and either CO2 or CO, using absorption features in the mid-infrared 

spectral range close to 2200 cm
-1

. The TDLWintel software (Aerodyne Research Inc., 

Billerica, MA, USA), fits the observed spectra to a template of known spectral absorption line 

profiles from the HITRAN (HIgh-resolution TRANsmission) molecular spectroscopic 

database. Absolute trace gas mixing ratios can then be calculated from the intensity of the 

absorption line measured, the temperature and pressure of the absorption cell and the 

optical path length with an accuracy within 3 %. A vacuum pump (Triscroll 600, Agilent 

Technologies, US) was used to draw air through the inlet and instrument with a flow rate of 

approximately 14 l min
-1

. Data from the sonic anemometer and QCL were logged 

synchronously using a custom-made program written in LabView
TM

 (National Instruments, 

TX, USA). 

 

Figure 3 Wind rose measured at the Easter Bush site for the duration of all eddy covariance 

measurements. 
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Fluxes were calculated over 30 minute intervals using the EddyPro software (Version 6.2.1, 

Li-COR, Lincoln, NE, U.S.A.), based on the covariance between gas concentration (χ) and 

vertical wind speed (w) (𝐹𝜒 = 𝜒′𝑤′). For flux data taken with a low signal-to-noise ratio, time 

lag identification by maximisation of the covariance between χ and w introduces systematic 

biases (Langford et al., 2015). Instead, the time lag was estimated on a six hour basis for 

N2O, taking the maximisation of covariance of data over six hours of measurement data. 

Firstly, all six hour data chunks were given a 10 second window to find the maximisation of 

covariance. Time lag varied through the years as the different instruments were swapped in 

and out of the enclosure (mode time lag varied between 1.1 to 1.4 s for all setups based on 

changes made to tubing and filters), although once running undisturbed, the mode time lag 

remained very consistent for extended periods (less than 0.1 s drift over 6 months). A 

second maximisation of covariance was carried out once a stable (mode) time lag had been 

identified. Here we ran the maximisation of covariance of the six hour data chunks a second 

time, constrained to within a 0.2 second window around the mode time lag we observed in 

the initial analysis. This time lag was then fixed for all data within the six hour chunk and 

fluxes were calculated on a 30 minute basis. This method was verified by comparing N2O 

time lag with CO2 time lag for the periods in which CO2 measurements were available (2012 

and late 2018), which were almost identical. 

In the flux calculation processing, we applied double coordinate rotation (vertical and 

crosswind), spike removal, block averaging and outlier removal of artefact measurements. 

Correction for the frequency response of the system, both high and low-frequency losses, 

were made using the analytical method of Moncrieff et al. (1997). Corrections for density 

fluctuations due to temperature fluctuations were applied on a half-hourly basis using the 

method of Ibrom et al. (2007). The quality control scheme of Foken (2003) was used to 

remove poor quality flux measurements (category 5 or above). Data were also rejected on 

the basis of extreme outliers and friction velocity (u*) values less than 0.1 m s
-1

. Only data in 

which at least 90 % of the flux came from a radius of 200 m from the flux tower and data in 

which the peak contribution to the flux was at least 25 m from the tower were used in this 

study, based on the calculations of Kjun et al. 2004. Flux random uncertainty was estimated 

by the method of Finkelstein and Sims (2001) integrated over a fixed 10 s correlation period 

(as presented in Figures 5 and 6). This was chosen because the estimation methods of the 

integral time scale of the turbulence become uncertain for noisy data. 

Estimating cumulative fluxes and emission factors (EFs) 

After quality control (i.e. removal of data where there was a lack of turbulence or there were 

technical difficulties with instrumentation), a significant portion of the data was removed from 

the final results. Over the four years, 35 % of the recorded data (during periods where there 

were no technical faults) passed quality control steps. In order to estimate cumulative fluxes, 
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interpolation of the missing data points was required. However, in the absence of a well-

validated process-based model for N2O fluxes on which to base predictions, it is not obvious 

how this is best achieved. To this end, we used a smoothing approach via a general additive 

model (GAM). This accounted for temporal patterns at a range of time scales and nonlinear 

responses to environmental variables, implemented using the mgcv package in the R 

software (Wood, 2006). The GAM was fitted to the flux data, using the same model terms for 

both the AN and Urea events over the four year period (with the exception of 2012 for which 

no soil moisture data was available). The terms included were soil temperature, precipitation, 

soil moisture (measured by the COSMOS system) and time since fertilisation. The GAM 

allows for non-linearity by fitting a smooth response with cubic splines. The degree of 

smoothing is optimised by the algorithm, but was also adjusted subjectively, such that the 

model was not over-fitting to noise in the data. The emission factor (EF) for each event was 

calculated as the cumulative flux of N2O over 30 days after fertilisation, divided by the 

quantity of total nitrogen applied. As a single eddy covariance tower is unable to make 

measurements of background flux in tandem with the experimental measurements, we do 

not negate background flux from our EFs in this study. Uncertainty was quantified by 

simulating 2000 replicate time series from the GAM, given the uncertainty in the fitted 

parameters, to estimate the posterior distribution. The quantiles of this posterior distribution 

provided the 95 % credibility interval at each predicted time step (Marra and Wood, 2012). 

Finally, the correlations between the N2O emission and the environmental variables have 

been evaluated with t-Test for independent samples (R core team). 

Results 

Eddy covariance measurements of N2O 

With the exception of the fertilisation events, emissions of N2O from the grasslands generally 

remained close to zero (< 1 nmol N2O m
-2

 s
-1

, (< 28.01 ng N2O-N m
-2

 s
-1

)), even with the 

presence of grazing sheep which produce a continuous input of urine and faeces and should 

increase N2O emissions (Figure 4). After N fertiliser was applied, it was typical to see an 

immediate increase in emissions, reaching a peak within 7 days, with a return to fluxes near 

zero after two to three weeks. It is evident from these measurements that the application of 

fertiliser is the main cause of N2O produced in the fields and that the vast majority of 

emissions occur within 30 days after the application (Figure 4). There was no obvious 

pattern among fertiliser events related to fertiliser type or quantity of N applied (see Table 1 

for details). After fertiliser events, emissions ranged from approximately zero (2017), to 

extreme spikes in emissions reaching fluxes greater than 40 nmol N2O m
-2

 s
-1

 (2018). The 

shape of the peak also varies between events: we observed both the expected sharp rise 

and gradual fall (2018, AN Event 1) and also a gradual rise and sharp fall (e.g. 2016, urea 

Event 2). 



Appendix E 

237 

 

Figure 4 Fluxes of N2O measured using the eddy covariance method over four years at the 

Easter Bush field site (Midlothian, Scotland, UK). AN fertiliser (blue) was applied in 2012 and 

2018, and urea fertiliser (red) was applied in 2016 and 2017 (dashed vertical lines show 

fertiliser application dates described in Table 1). This data is not gap-filled. 

As the majority of emissions appear to occur within one to three weeks after each fertilisation 

event, and that fertiliser events often occur in fairly short succession, in this study we limit 

emissions associated with each event to 30 days after application for comparison purposes.  

For the events in which AN was applied, emissions of N2O generally followed the typical rise 

and fall of emissions expected after N application (Figure 5). The magnitude of fluxes 

observed after each fertiliser event varies greatly. The smallest of peaks after AN application 

was observed in 2018 (Event 2), but a pronounced peak was still visible after the fertiliser 

application. 
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Figure 5 Emissions of N2O measured 14 days before and 30 days after the application of 

AN fertiliser. (Due to the tillage event occurring in 2012, the two adjacent fields are treated 

separately). The GAM interpolation (Red) and associated 95 % confidence intervals (C.I.s) 

are fit to the data for each event. The date of the fertiliser event is shown by the dashed 

vertical line. 

For the events in which urea was applied (Figure 6), the patterns in emissions were more 

varied. The largest emission after a urea application (2016, Event 2) appeared to have a 

delay, peaking 16 days after application. Fluxes after the events in 2017 were similar in 

magnitude to background emissions, with only small peaks observed. 
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Figure 6 Emissions of N2O measured up to 30 days after the application of urea fertiliser. 

The GAM interpolation (Red) and associated 95 % confidence intervals (C.I.s) are fit to the 

data for each event. The date of the fertiliser event is shown by the dashed vertical line. 

Cumulative fluxes of N2O over a 30-day period after a fertiliser event ranged from 0.092 to 

2.856 kg N ha
-1

 (Figure 7, Table 2). Cumulative fluxes varied widely for both of the different 

fertiliser types, with one very large emission event each. In most events, pre-fertilisation 

fluxes were negligible, with the exception of the 2016 Event 3 urea application, which was 

close in time to the previous fertiliser application. Emission factors reported in this study 

range from 0.13 to 5.71 % (Table 3). Emission factors for AN and urea showed no clear 

difference, and had similar variability: the mean EFs were 0.90 (s.d. ± 1.08) and 1.73 (s.d. ± 

2.30) %, respectively. The mean EF for urea in this study was dominated by one event (2016 

Event 2), which tails off into the next urea application event (2016 Event 3). Because 

observations have near-complete temporal coverage and measure a spatial average, we 

have a high degree of confidence in the emission factor for individual events (as shown in 

Figure 7). However, there is wide variability among events which is not explained by fertiliser 

type, and we are therefore very uncertain of the mean effect of AN or urea. 
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Figure 7 Cumulative fluxes are calculated 14 days before and 30 days after the application 

of AN (left) and urea (right) applications. The GAM method is used to interpolate 

measurement data and estimate 95 % C.I.s in cumulative flux estimates (shaded). 

Table 3 Cumulative fluxes over a 30-day period after each fertilisation event are reported for 

the GAM method (units in kg N2O-N ha
-1

). The 95 % confidence intervals (C.I.s) are included 

for comparison. 

Year Event 
Fertiliser 
Applied 

N2O Flux 
30 day Cumulative 

± 95 % C.I. Emission Factor 

   kg N2O-N ha
-1

 kg N2O-N ha
-1

 % 

2012 1 (North) AN 70 Kg 0.650 0.004 0.93 

2012 2 (North) AN 70 Kg 0.203 0.003 0.29 

2012 2 (South) AN 70 Kg 0.224 0.003 0.32 

2016 1 Urea 70 Kg 0.325 0.002 0.46 

2016 2 Urea 50 Kg 2.856 0.009 5.71 

2016 3 Urea 35 Kg 0.582 0.004 1.66 

2017 1 Urea 70 Kg 0.092 0.001 0.13 

2017 2 Urea 49 Kg 0.341 0.001 0.70 

2018 1 AN 70 Kg 1.944 0.013 2.78 

2018 2 AN 52 Kg 0.103 0.001 0.20 

 

Environmental impacts on N2O emissions 

The available environmental variables of precipitation, soil moisture (0 – 30 cm) and soil and 

air temperature were investigated for correlation with N2O emissions over the four years of 

measurements. Log-transformed daily-mean fluxes correlated significantly with soil moisture 

and soil temperature (P << 0.01); however, there remains a large amount of scatter in these 

relationships (Figure 8). A bell-curve relationship is observed with the fluxes and soil 

moisture, peaking at 60 – 70 % WFPS, and it appears that there is a small increase in N2O 

flux with temperature. Neither of these relationships, nor multiple regressions with all 

environmental variables provides a useful predictor of emissions of N2O. No diurnal cycling 
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in emissions was observed, suggesting temperature changes between day and night had no 

significant impact of flux measurements. A comparison of EFs with environmental properties 

revealed no strong correlation between emissions and environmental conditions when 

looking at 7 or 30 day periods before and after fertiliser application (Table 2), although the 

WFPS % at the date of fertilisation was deemed significant (P =0.04) in a multiple regression 

fit (using the lm function in the ‘stats’ package for the statistical program R) with mean soil 

temperature, mean WFPS % and cumulative rainfall over 30 days (r-squared = 0.65). 

However, this fit is dominated by a single point (the large 5.71 % EF) and no correlation with 

any variables is found when it is removed. 

 

Figure 8 (left) A boxplot of N2O on a log scale against WFPS binned by 10 % groups. The 

boxplot shows the median with hinges on the 25 % and 75 % quantiles. (right) Linear 

regression between N2O on a log scale and soil temperature (line). 

Discussion 

Measurements of N2O using the Eddy Covariance Method 

The advantage of using the eddy covariance method to measure N2O fluxes is the near-

continuous data coverage, paired with the spatial integration (covering up to several 100 m
2
). 

This provides a detailed picture of N2O flux at the field scale throughout the four-year 

measurement period with limited logistical effort (i.e. no intensive field work is required to 

carry out measurements after fertiliser events). Even the most rigorous of manual chamber 

sampling schedules accounts for just a few m
2
 with intermittent timings between 

measurements (mostly done during the day). Using the eddy covariance method we can 

mitigate the uncertainty arising from spatial and temporal heterogeneity at the field scale, 

which is notoriously high and difficult to deal with using chamber measurements (Rochette et 

al., 2008b; Levy et al., 2017). However, with the eddy covariance method, it is also difficult to 

determine the influence of environmental conditions as a direct comparison cannot be made 

between two fertiliser treatments or a control when using one tower. Unless multiple towers 
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are deployed in parallel fields, the eddy covariance method cannot assess fertiliser 

treatments in tandem. 

Emissions observed from the fields were most varied after N application, for which fluxes 

varied log-normally over time, as is often observed with eddy covariance (Jones et al., 2011; 

Merbold et al., 2014; Liang et al., 2018) the flux-gradient method (Wagner-Riddle et al., 

2007; Glenn et al., 2012; Abalos et al., 2015; Waldo et al., 2019) and chamber methods 

(Levy et al., 2017). Although each 30-minute flux measurement represents a large footprint 

(> 100 m
2
), there remains some spatial variability in the reported measurements because the 

method is reporting measurements weighted towards a particular part of the field at any 

given time, depending on wind speed and direction. As the wind direction was predominantly 

south westerly during measurements (see Figure 3), this section of the field dominates the 

contributions to the measurements in this analysis. With the exception of a two month period 

in May to June in 2012 when the south field was tilled and re-sown (north field was tilled and 

re-sown in 2013 between measurement periods), both fields were in a permanent state of full 

grass coverage. 

As fluxes seemed uncharacteristically low after fertiliser applications in 2017, further checks 

were carried out to ensure that the system was still operating as normal. The reasons for this 

lack of N2O emission is unclear, as rainfall and temperatures were not abnormal during the 

growing seasons or the periods in which fertiliser was applied. Although there was limited 

rainfall in the immediate days after the first fertiliser event in 2017 (see Table 2), the WFPS 

of the soil was relatively high due to the high rainfall that preceded it. The urea pellets were 

readily dissolved by the damp surface and the formation of morning dew which forms 

regularly at the site in the cool damp climate. The EF of the second event in 2017 was also 

low, and did not respond to higher rainfall as may be expected. The reason for these 

observations is unclear. 

 As the laser source in the QCL instrument also measured H2O and CO in tandem with N2O, 

we checked fluxes measured in 2017 and compared them with those measured in 2016. 

There were no significant changes in fluxes of H2O and CO between the times that high N2O 

fluxes were observed in 2016 with comparison to the low fluxes observed in 2017; therefore 

we conclude that the low fluxes of N2O in 2017 are genuine (CO fluxes for this period are 

published in Cowan et al., 2018). Other factors such as vegetation height or plant uptake 

should not have impacted EFs as the grass height of the grazed pasture was fairly 

consistent across the duration of all years, with the exception of the silage cut in 2016. 

Rather than the low emissions from 2017 seeming suspect, it is perhaps the large 

emission event after the second application of urea in 2016 that is not representative. During 

the four years of measurements, there was only one harvest of silage from the field, 
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approximately one month before the high flux event in 2016. Based on previous 

experimentation at the site, which found high emissions of N2O approximately one month 

after a tillage event in which the grassland crop was ploughed into the soil (Cowan et al., 

2014), we speculate that the high emissions in 2016 may be the result of a large mass of 

decaying crop residue. Based on estimates made by the farm manager, automated 

collection methods of silage grass can expect to miss up to 10 % of a harvest. The decay of 

this crop residue and mineralisation of nitrogen into the soil may have resulted in an 

additional N input, and thereby impacted the EFs for events 2 and 3 in 2016. If these events 

were excluded, this would bring the mean emission factor for urea down to 0.43 % which is 

in line with other studies carried out at the site (Cowan et al., 2019a).  

Flux Data Interpolation 

Interpolation of data measured using the eddy covariance data is considerably less of a 

problem here than when using the flux chamber approach. Gap filling N2O fluxes using the 

GAM method suits the eddy covariance method well when there are few missing data points. 

In this study, the relatively high data coverage, with limited gaps spanning more than a few 

hours, considerably reduces the uncertainty. Due to the large number of points to which the 

GAM is fit, the uncertainties calculated are very small, but these do not account for two 

important factors: (i) any systematic uncertainties which may be present in the eddy 

covariance method are ignored, and (ii) autocorrelation (and thereby non-independence) of 

the samples in the time series is not considered.  

At our field site in particular, the short height of the mast (< 3m) paired with the cold weather 

limit our ability to consistently measure well-formed spectra of sensible heat. This presents 

issues when correcting for high frequency losses which can systematically impact flux 

calculations. In our study we default to the Moncrieff et al. (1997) method to perform these 

corrections as applying the more defensible Fratini et al. (2012) method which requires well-

formed sensible heat spectra to account for the effects of relative humidity in closed-path 

systems was not possible to achieve consistently across the four years. By comparing fluxes 

calculated using both methods during a period that sensible heat measurements were 

available and fluxes ranged from high to low (16/04/18 to 23/04/18), we can see that 

differences in overall flux estimates are only fractional (Figure 9; r-squared = 0.975); 

however, the Moncrieff method appears to underestimate fluxes (~ 10 %) when emissions 

are high (> 8 nmol m
-2

 s
-1

). As less than 1% of observed fluxes past beyond this threshold, 

this effect is unlikely to have a large impact on cumulative emissions over long periods of 

time, but may alter EFs calculated after particularly high and short-lived emission events 

(such as 2016 Event 2 and 2018 Event 1).  
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Figure 9 High and low-frequency losses, were corrected for using the analytical method of 

(Moncrieff et al. (1997, black). Potential systematic uncertainties may influence flux 

calculations depending on the exact method used, as demonstrated by comparing our 

results with those estimated using the method of Fratini (et al., 2012, red) for the period 

16/04/18 to 23/04/18. 

 

The limits of the GAM method are most visible when large spans of data are missing; it is 

essentially a smoothing technique, and has little predictive power (e.g. it cannot predict when 

missing peaks may occur). However, this is also true for process-based models in most 

model validation attempts, and the GAM provides an appropriate tool for imputing the 

missing observations in the context of eddy covariance data. Significant improvements in our 

understanding of microbial processes are still required to gap fill N2O measurements with 

certainty. 

N2O Emission Factors  

The EFs reported in this study varied widely, from 0.13 to 5.71 % of applied N. Although the 

IPCC method assumes 1 % for all fertilisers (ranging from 0.03 to 3.0 %), EFs of up to 10 % 

as well as negative values are reported from grasslands and agricultural fields (Charles et 

al., 2017), and the distribution is log-normal (Stehfest & Bouwman, 2006).  

In the UK, AN fertilisers are generally considered to emit more N2O than urea based 

fertilisers, although results based on experimentation has been inconsistent (Bell et al., 

2015; Carswell et al., 2018; Harty et al., 2016). For grasslands, the UK Agricultural Inventory 

(developed under the UK agricultural emission factor, e.g. Brown et al. 2019) estimates EFs 

of 1.54 and 0.62 % for AN and urea, respectively. In our experiment the mean EFs were 0.9 
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and 1.73 % for AN and urea fertiliser types, respectively, but varied widely, from 0.13 to 5.71 

%, and the difference was not statistically significant (p = 0.49.) Given the difficulties of 

adequately sampling in space and time with chamber methods, it has never been 

unequivocally clear whether the wide log-normal distribution of emission factors observed 

was a result of sampling error, and whether genuine differences between fertiliser types was 

lost amid the underlying heterogeneity.  

Our study accurately quantifies EFs for multiple events and showing unambiguously that 

large-scale temporal variability is real. That is, EFs do indeed vary from one fertiliser event to 

another, even at the same site with the same fertiliser type under similar (though not 

identical) conditions. This makes distinguishing EFs between different fertiliser types for the 

purposes of developing emission mitigation policy very difficult, especially when the higher 

priority of economic risk is considered such as impact on yield and farmer income. To 

estimate generic emission factors for different fertiliser types in the UK (or any other region), 

a very large number of fertilisation events would need to be measured to provide a robust 

comparison. In order to provide this comparison with practical uncertainty values (i.e. < ± 

0.25 % of applied N), this is particularly challenging for chamber-based approaches due to 

the amount of data collection required. Difficulties in assessing these differences on a year to 

year basis are highlighted in this study by the possibility that 2 of the urea events may have 

been influenced by decaying crop residue after harvest, and that the mean EF for urea if 

these 2 events were excluded would have been 0.43 % instead of 1.73 % (similar to what we 

might expect for urea application in the region, reported as 0.29 ± 0.22 % in (Cowan et al., 

2019a).  

 The wide variability in EFs and unpredictable behaviour in emissions after N application has 

been attributed to a variety of reasons in the past, including fertiliser type, soil type, microbial 

presence and environmental conditions (Maag & Vinther, 1996; Smith et al., 1998; Stevens 

et al., 1998; Ball et al., 1999; Linn & Doran, 1984; Dobbie & Smith 2003). WFPS % was the 

environmental variable with the most statistically significant correlation with N2O fluxes in this 

study. The bell-curve relationship between N2O and WFPS peaking at 60 % WFPS has been 

described before in detail (Davidson, 1993; Flechard et al., 2007). The relationship between 

soil moisture and rainfall with N2O emissions in this study is not as strong as in previous 

eddy covariance studies (Haszpra et al., 2018; Liang et al., 2018), but this is likely due to the 

large number of variables in the soil changing with time, the log-normal spatial variability of 

N2O at the field scale and the random wind dependent spatial coverage that the eddy 

covariance method measures from. Other studies examining the environmental factors 

associated with N2O emissions have measured closer to the surface (Congreves et al., 

2016; Wagner-Riddle et al., 2017); which may better represent the mass of soil in which the 
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microbiological processes are happening which contribute most to the land-atmosphere 

exchange of N2O.  

In this study we used the available environmental data that is recorded by the adjacent 

meteorological station to investigate for explaining variables in EFs, but these comparisons 

are limited as they only provide fraction of information about what is occurring in the soil. We 

did not observe any diurnal changes in N2O flux during high or low emission periods, as has 

been reported in previous eddy covariance studies in which it is suggested that temperature 

changes may affect N2O emissions (Liang et al., 2018). Finding a statistically significant 

correlation between EF and the WFPS % at the time of fertilisation makes logical sense, as 

fertiliser pellets would be slow to dissolve into the soil during dry periods (Chen et al., 2013). 

Correlation between EFs and rainfall prior to fertilisation events has been made before at the 

Easter Bush site (Skiba et al., 2012), but the correlations observed in this study are not 

convincing enough to say with certainty that this is a controlling variable in EF estimation. As 

there is only a limited number of points from which to draw conclusions in this study (n = 10), 

we do not believe the lack of strong correlation with variables is proof that environmental 

conditions are not important. On the contrary, our study shows that there is a great deal of 

variability across the events, and environmental factors must be the cause as very little else 

changes at the site during the measurement years of 2012 to 2018. 

Future considerations for N2O flux studies 

Although this study is unable to explain the reasons for the wide variability in EFs from 

different fertiliser types, it provides evidence that our ability to measure and understand 

fluxes of N2O at the field scale is improving, primarily via the application of the eddy 

covariance method. Previously, it was unsure if the wide ranging EFs reported in many 

chamber studies were real, or a result of measurement uncertainties and interpolation of 

data spatially and temporally. This study shows that even with almost constant data 

coverage, the reported fluxes still vary widely and unpredictably between events. The most 

significant difficulty we predict when carrying out future studies is how best to correlate soil 

properties and microbial activity at the field scale for comparison with eddy covariance flux 

measurements. We know that the primary driver of anthropogenic N2O emissions is the 

availability of mineral nitrogen in soils (primarily NH4
+
 and NO3

-
); however, even mapping this 

single driver (based on a handful of soil core measurements with no model by which to gap 

fill spatially) to the footprint of an eddy covariance tower in a way that would allow significant 

statistical correlation between flux and soil properties would be logistically difficult. As with 

N2O flux (and many other heterogeneous soil properties), available nitrogen in a field also 

follows a log-normal spatial and temporal distribution (Cowan et al., 2015; Cowan et al., 

2017) which means that a large number of soil measurements at multiple depths would be 
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required at regular time intervals (the collection of which may even ruin the field site with 

constant trampling).  

Microbial presence and activity is also vital to understand soil processes (Butterbach-Bahl et 

al., 2013), and is prohibitively expensive, especially measured at the scale and high temporal 

rate that eddy covariance would require for a robust comparison. For these reasons we 

consider the eddy covariance method as a good way to provide data for the advancement of 

process based models and verification of fertiliser emission factors; however, we do not 

recommend its use in experiments attempting to advance understanding via controlled 

interactions between soil properties and N2O fluxes, which are probably better served by 

continuing incubation and plot scaled experiments using flux chamber methodology.  

Conclusion 

The EFs for N2O reported in this study (cumulative flux over a period of 30 days after 

fertilisation) vary from 0.13 to 5.71 % of applied nitrogen with EFs of 0.90 and 1.73 % for AN 

and urea fertiliser types, respectively; however, differences were not found to be statistically 

significantly due to the log-normal distribution of the EF estimates. The study shows that 

similar applications of N can result in drastically different emissions from the same field site 

in similar environmental conditions. More generally, given that EFs can be so variable, we 

can conclude that detecting differences between fertiliser types or other mitigation measures 

will be very challenging. The GAM provided a useful method able to fill the gaps in flux data, 

using simple meteorological variables and provide uncertainties in cumulative flux estimates. 
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