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Abstract

The atmospheric concentration of methane (the second most important greenhouse
gas) is increasing, despite plateauing between 2000 and 2007. These changes remain
unexplained despite a multitude of studies, each suggesting different primary drivers.

This thesis works towards constraining the methane budget and thoroughly quan-
tifying its uncertainty. Gaussian process emulators are developed, which estimate
the relationship between uncertain inputs (methane sources and sinks) and observ-
able outputs (monthly average hemispheric mole fraction and δ13C-CH4 time series)
for a three-dimensional chemical transport model (MOZART), without assuming
linearity. The emulators run as fast as two-dimensional box models, but have inter-
annually varying transport and MOZART’s spatial resolution. Some minor source
and sink parameters were held constant, and their uncertainty was, for the first time,
included by considering the range of observable outputs when these parameters are
varied within their uncertainties. This invariant parameter uncertainty was found
to be comparable to previously estimated model uncertainties and thus should be
considered in future studies.

Using the emulators, two analyses that would have been unfeasible for the compu-
tational expense of MOZART were carried out. The first is a sensitivity analysis
to find the methane sources and sinks whose uncertainties cause the largest amount
of variance in the modelled observable outputs. This analysis showed several pa-
rameters (such as the freshwater source, the Cl loss, and the initial conditions) that
have often had their uncertainty ignored previously, have large effects on the mod-
elled observable outputs. In the second analysis, the emulator output was compared
to atmospheric observations to reduce the uncertainty ranges of the sources and
sinks. However, only 10 out of 28 parameters were constrained, and the uncertainty
ranges remained large. These large parameter ranges could explain the disagreement
between many previous studies, which came to different conclusions about recent
methane changes, despite using the same atmospheric datasets.
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Chapter 1

Introduction

1.1 The importance of atmospheric methane

The concentration of methane (CH4) in the atmosphere is rising (Dlugokencky 2020).

This rise has implications for the climate because methane is the second most im-

portant anthropogenic greenhouse gas, in terms of radiative forcing (Myhre et al.

2013, Etminan et al. 2016), only surpassed by carbon dioxide (CO2).

The amount of methane in the atmosphere is generally measured as a mole fraction:

the number of methane molecules in a given number of air molecules, after the re-

moval of water vapour. The unit of this measure is often communicated as nanomoles

per mole, which is abbreviated in this thesis to parts per billion (ppb). There has

been variation in the methane mole fraction for millennia, between inter-glacial (700

ppb) and glacial ages (400 ppb), as recorded by air trapped in Antarctic ice (Petit

et al. 1999), though the cause of this variation remains unclear (e.g. Hopcroft et al.

(2017)). However, since the industrial revolution, the mole fraction of methane, and

many other greenhouse gases, has risen unusually quickly to an extraordinarily high

value. The mole fraction of methane over the last 1 000 years can be seen in Figure

1.1.1, showing a sudden large increase after 1750. Today, the methane mole frac-

tion has surpassed 1800 ppb (Dlugokencky 2020), compared to 700 ppb before the

industrial revolution. The primary cause of the increased mole fraction of methane

(and other greenhouse gases) is the industrialisation of human civilisation.
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Figure 1.1.1: The global mean atmospheric methane mole fraction between the year
1020 and 1992 from the ice core data of Etheridge et al. (1998).

The effects of the increased greenhouse effect caused by rising concentrations of

greenhouse gases are already being seen: the global mean temperature has increased

by 1 °C above the average in 1961-1990 (Menne et al. 2018). However, this warm-

ing has not been evenly distributed, with polar areas warming by several degrees

(Serreze & Barry 2011), which causes ice to melt, lowering the planet’s albedo, and

causing the temperature to rise further. The melting land ice also contributes to

sea level rise, though this is mainly caused by the thermal expansion of the oceans

(Mengel et al. 2016). The increased energy in the Earth system causes the climate to

change, leading to more extreme weather events (Herring et al. 2020). For example,
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the European heatwave of 2018 was significantly more likely due to anthropogenic

warming (Leach et al. 2020), with a wide range of impacts from wildfires in Sweden

to widespread drought.

All these changes have far-reaching implications not just for the planet, but for

human society (IPCC 2014). Crop yields in many regions are predicted to decline

severely (Lobell et al. 2008). Hundreds of millions of people live on low lying coastal

land that is expected to go under the high tide line or be at risk of coastal flood-

ing due to sea level rise by 2100 (Kulp & Strauss 2019). Extreme weather events

come with a death toll and an economic cost that has been increasing due to rising

population and climate change (Kron et al. 2019). These changes do not just affect

humanity, but every species on Earth, many of which are predicted to become ex-

tinct due to climate change and other human effects (e.g. Román-Palacios & Wiens

(2020)).

Only recently has political action been taken to curb anthropogenic greenhouse gas

emissions. The 2015 Paris Agreement states that the global mean temperature rise

this century should be kept well below 2 °C, and we should attempt to keep it

below 1.5 °C. However, the 1.5 °C rise is expected to be reached as soon as 2030

(IPCC 2018). In order to meet this target, the methane mole fraction needs to come

down quickly because of methane’s short lifetime and potency as a greenhouse gas.

Methane has an atmospheric lifetime of around 10 years (Voulgarakis et al. 2013),

far shorter than CO2’s hundreds (or thousands) of years (Archer & Brovkin 2008),

so emissions reductions will more quickly translate to a decrease in atmospheric

mole fraction. Methane is also about 30 times more potent a greenhouse gas than

CO2 over 100 years using the Global Warming Potential metric (Myhre et al. 2013,

Etminan et al. 2016). About 20 % of the warming since the industrial revolution is

due to methane (Myhre et al. 2013), despite its much lower mole fraction than CO2:

around 1800 ppb CH4 compared to 400 parts per million (ppm) CO2 (Dlugokencky

2020, Dlugokencky & Tans 2020). Part of this warming is because methane’s impact

on climate does not end when it is removed from the atmosphere. The removal

process can lead to the production of ozone, stratospheric water vapour, and CO2.
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All of these species are substantial contributors to the radiative forcing of the planet

(Myhre et al. 2013).

Without intervention, methane may participate in positive feedbacks on climate

change: methane emissions from sources such as melting hydrates and permafrost

(Schuur et al. 2015), as well as wetlands and fresh water (Yvon-Durocher et al. 2014),

are expected to increase as temperature rises. Additionally, the warming effect of

methane is non-linear with respect to its emissions. The main loss of methane is

reaction with the hydroxyl radical (OH) (Ehhalt & Heidt 1973), and one of the main

losses of OH is reaction with methane (Gligorovski et al. 2015). Therefore, as more

methane is emitted and reacts with OH, there is less OH to remove the remaining

methane, and hence the methane lifetime increases (Myhre et al. 2013).

Therefore, suggested future scenarios that keep the global mean temperature below

2 °C by the end of the century have involved substantial reductions in the methane

mole fraction. The Representative Concentration Pathways (RCPs) (van Vuuren

et al. 2011) are greenhouse gas mole fraction trajectories suggested by the Intergov-

ernmental Panel on Climate Change (IPCC) that produce different anthropogenic

radiative forcings. Of these four pathways, RCP2.6 is the most drastic reduction in

greenhouse gas mole fractions, and the only one that will make 2 °C warming un-

likely (Collins et al. 2013). This pathway involves an approximately 30 % decrease in

the methane mole fraction from 2005 levels by the end of this century (Meinshausen

et al. 2011). However, since 2005, methane concentrations have continued to rise

with potentially grave consequences for the Paris Agreement (Nisbet et al. 2019).

As a result, new suggested scenarios involve an even stronger 45 % decrease in the

methane mole fraction from 2015 levels by the end of the century (Meinshausen

et al. 2020). But once again, the methane mole fraction has continued to rise since

2015, which is particularly concerning as scientists cannot agree why (Section 1.7).

Without improvements to methane source attribution, it will become more difficult

to formulate effective mitigation measures (Ganesan et al. 2019, Nisbet et al. 2019).

The reduction of the methane mole fraction must become a priority. Therefore,
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understanding its sources and sinks, which are outlined in the following section, is

of the upmost importance.

1.2 The sources and sinks of atmospheric methane

The atmospheric methane budget is composed of various sources and sinks, the

mean magnitudes of which are shown in Figure 1.2.1, along with their ranges in

the literature as error bars (Saunois et al. 2016). The lack of understanding of

the sources and sinks of methane is demonstrated by the large error bars in this

figure, and also by the mismatch between bottom-up (inventory and process model-

based) and top-down (atmospheric data-based) emissions estimates (Section 1.3),

seen in Table 1.1. Whilst the two ways of estimating emissions agree quite well for

anthropogenic sources (331 Tg yr−1 for bottom-up and 335 Tg yr−1 for top-down),

there is a large difference between the emissions derived using the two methods for

the natural sources: 347 Tg yr−1 for bottom-up and 218 Tg yr−1 for top-down. This

is a discrepancy in the total global source of methane of 125 Tg yr−1, which is 18 %

of bottom-up emissions and 23 % of top-down emissions. It is important to know

what fraction of the total global emissions are anthropogenic, so that the required

reduction in anthropogenic emissions can be calculated. In this section, an overview

of the methane budget is presented, highlighting the main sources of uncertainty.
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Figure 1.2.1: The magnitude of the different sources and sinks in the methane bud-
get, according to the combined ranges of the bottom-up (inventory or process model-
based) and top-down (atmospheric data-based) estimates (Saunois et al. 2016). The
blue bars are sources of methane and the orange bars are sinks of methane. The
error bars represent the range of possible values used in this work, which are the
minimum and maximum possible values given in Saunois et al. (2016). The dashed
black line shows the cut off between the parameters that are examined in this work,
and those that are not (see Section 2.3.1 for more detail).
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Methane emission or loss / Tg yr−1

Bottom-up Top-down

Natural sources 347 (238-484) 218 (179-273)

Anthropogenic sources 331 (304-368) 335 (273-409)

Chemical losses 604 (483-738) 518 (510-538)

Soil loss 28 (9-47) 36 (26-42)

Table 1.1: The magnitude of bottom-up and top-down methane source and sink
estimates, as reported in Kirschke et al. (2013) for the period 2000 to 2009. The
numbers in parenthesis are the minimum and maximum values.

1.2.1 Sources

About half of methane emissions originate from natural sources (Table 1.1), which

include wetlands, fresh water, volcanoes, wildfires, oceans, and termites. The other

half is from anthropogenic sources, which are dominated by fossil fuels, agriculture

(primarily ruminants and rice), and waste. These disparate sources can be di-

vided into three emission pathways: biogenic, thermogenic, and pyrogenic. Biogenic

methane is produced by bacteria in anaerobic environments, such as waterlogged

soils or animal intestines. Thermogenic methane is produced by the breakdown

of organic matter by heat and pressure deep underground. Thermogenic methane

escapes to the atmosphere either naturally or by the extraction, distribution, or util-

isation of fossil fuels. Pyrogenic methane is produced by the incomplete combustion

of biomass, such as the burning of forests or biofuels. Three minor methane sources

(oceans, termites, and hydrates) are not explored in detail in this work, but each of

the major sources examined in this thesis are described in this section.

Wetlands

Wetlands are generally thought to be the largest single source of methane to the at-

mosphere, as seen in Figure 1.2.1. These are ecosystems with inundated or saturated

soils, which includes bogs, fens, swamps, marshes, and floodplains. The waterlogged

soils create anaerobic conditions, so that when bacteria (methanogens) break down
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organic matter, they release methane rather than CO2. Factors such as the height

of the water table (which affects oxygen availability), temperature, soil pH, and the

amount of organic matter are all important for the amount of methane produced

(Valentine et al. 1994, Wania et al. 2010). The methane released makes its way to

the atmosphere by three pathways: molecular diffusion, plant-mediated transport,

and ebullition. Before reaching the atmosphere, the methane can be oxidised by

a different type of bacteria, known as methanotrophs (Chowdhury & Dick 2013).

Wetlands have one of the largest uncertainties among the methane sources (Saunois

et al. 2016). This is because it is challenging to define the wetland area that pro-

duces methane, the timing of wetland emissions, and parameterise the behaviour of

both the bacteria types that generate and oxidise the methane (Melton et al. 2013,

Wania et al. 2013, Bloom et al. 2017).

Climate change is expected to increase wetland methane emissions due to the tem-

perature dependence of the bacterial metabolism (Yvon-Durocher et al. 2014). Ad-

ditionally, climate change will change precipitation patterns, which may also increase

wetland emissions (Shindell et al. 2004). However, there will be regional dependen-

cies and some boreal wetlands could become cooler and drier, which would decrease

emissions (Watts et al. 2014). There are suggestions that wetlands have previously

contributed to warming events. For example, 15 000 years ago a rapid warming

took place (Thompson et al. 1998, Chappellaz et al. 1993) alongside an increase in

atmospheric methane (Brook et al. 1996, Chappellaz et al. 1993). This methane is

proposed to have come from tropical wetlands as ice sheets covered the other main

extratropical methane source areas (Chappellaz et al. 1990).

Fossil fuels

Fossil fuel methane is predominantly produced from the extraction, distribution, and

utilisation of coal, oil, and natural gas. Natural gas is composed mainly of methane,

so any leak in extraction or transportation, or incomplete combustion when used,

will release methane to the atmosphere (Shorter et al. 1996, Lamb et al. 2015). For

oil and coal, methane is created by the same processes that form the oil and coal,
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and this methane is released to the atmosphere as the fuel is extracted (Karacan

et al. 2011, Lyon et al. 2016). These emissions per unit of fossil fuel have been

reduced in developed countries by capturing the methane for use as fuel, but this

does not occur universally or as efficiently as possible (Karacan et al. 2011, Lyon

et al. 2016).

The uncertainty in fossil fuel emissions is partly due a lack of site-specific data, as the

amount of methane emitted depends on many factors, such as the geological features

of the extraction site and extraction technique used (Karacan et al. 2011). There

are further regional variations in distribution emissions (e.g. leaking pipes) as this is

highly dependent on the age and how well maintained the transport infrastructure

is (Plant et al. 2019).

Fresh water

Freshwater bodies emit methane by bacteria breaking down organic matter in an

anaerobic environment. These emissions have been more widely recognised as im-

portant as the number of studies has increased, with Saunois et al. (2016) estimating

methane emissions of 122 Tg yr−1. Whilst there are now a relatively large number of

observational studies in a wide range of locations (from South America (Bastviken

et al. 2010), Africa (Borges et al. 2015), up to the Arctic circle (Wik, Varner, An-

thony, MacIntyre & Bastviken 2016)) there is still a large amount of uncertainty

in the emissions from freshwater bodies. This uncertainty is due to the wide range

of observed values for different freshwater systems. Freshwater emissions estimates

vary not only between lakes, reservoirs, and rivers; but also between different cli-

mates (for example tundra or boreal (Wik, Varner, Anthony, MacIntyre & Bastviken

2016)).

There is even large variation within individual water bodies (Bastviken et al. 2004),

due to the many different emission pathways. The four main pathways are diffusive

flux across the water surface, ebullition from the sediment, plant-mediated trans-

port, and degassing and elevated methane concentrations downstream from reservoir

turbines (Bastviken et al. 2004, Guérin et al. 2006, Yang 2019). Ebullition is often
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the main source, and its episodic nature means that it is difficult to capture these

emissions in limited observations (Bastviken et al. 2004). Each of these pathways

has many dependent variables that control it, making a global estimate of emis-

sions challenging. This long list of factors includes water body area, body depth,

sediment type, temperature, pressure, wind, amount of sediment running into the

water, amount of plants present, and if the body is ice-covered (Wik, Varner, An-

thony, MacIntyre & Bastviken 2016, Natchimuthu et al. 2016, Davidson et al. 2018).

Climate change is expected to increase freshwater methane emissions. The tem-

perature dependence of the bacterial emissions means that as the climate warms,

methane emissions are expected to grow (Yvon-Durocher et al. 2014, 2017). Rising

temperatures will also increase the number of ice-free days on Arctic lakes: Wik,

Varner, Anthony, MacIntyre & Bastviken (2016) predict that 20 more ice-free days

each year (which is expected before 2079 for most of the Arctic) could raise lake

and pond emissions by 30 %. Perhaps this will be offset by these bodies reducing in

total area due to large-scale drainage from thawing permafrost (Avis et al. 2011, van

Huissteden et al. 2011, Bouchard et al. 2014). However, it is not only temperature

that is expected to change: increases in precipitation will likely increase organic

loading to fresh water, which would increase methane emissions wherever precip-

itation increases (Davidson et al. 2018). Increased cloud cover might also reduce

shortwave energy input, reducing methane emissions (Wik et al. 2014, Wik, Varner,

Anthony, MacIntyre & Bastviken 2016). Overall, there is evidence to suggest that

freshwater emissions will increase, but it is uncertain.

Agriculture

Agricultural emissions of methane are mostly from ruminants and rice paddies. The

digestive systems of ruminants provide a good environment for the bacteria that

produce methane, which is subsequently released through the mouth or rectum of

the ruminant. There are 1.5 billion cattle, 1.2 billion sheep, and around one billion

goats on the planet, and their numbers are increasing (FAO 2020). Most of the
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livestock emissions come from cattle, not only because of their number, but also

their large size, and particular digestive system (Crutzen et al. 1986). Additional

emissions are possible if the manure produced by livestock is stored under anaerobic

conditions (Arndt et al. 2018, Kupper et al. 2020).

In this thesis, rice has been separated out from the rest of the agricultural source

as it has a distinct spatial distribution. Rice grows in waterlogged soils which result

in anaerobic conditions and hence when organic matter decomposes, methane is

released. Some of this methane is oxidised in the soil, some is leached away in the

floodwater, but the rest escapes to the atmosphere either through the rice plant,

or diffusion and bubbling in the water; the same processes as the wetlands and

freshwater sources (Bridgham et al. 2013).

The uncertainty in the agricultural emissions comes from incomplete reporting and

local variation in the emissions per animal or per amount of rice. Livestock emissions

depend on the weight of the animal and the animal’s diet, and manure emissions

depend on the manure composition, management system, length of storage, and

meteorological variables like temperature and wind (Hristov et al. 2018). Rice emis-

sions are affected by different fertilization practices, soil temperatures, soil types,

rice variety, and cultivation practices (Conrad et al. 2000, Yan et al. 2009).

Rice emissions are expected to increase as the planet warms, with high atmospheric

CO2 and warmer temperatures potentially causing methane emissions per kilogram

of rice to double by the end of the century (van Groenigen et al. 2013). To reduce

these emissions, cultivation practices can be adapted, for example brief aeration of

the soil (Yuan et al. 2011) and continuous cycles of dry and wet soil (Ma et al.

2012) have been shown to reduce methane emissions. Livestock emissions could

potentially be reduced by selective breeding, changes in diet, and changes in manure

management systems to avoid anaerobic conditions (Wallace et al. 2019, Kinley et al.

2020, Kupper et al. 2020).
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Waste

Landfills and waste water handling emit methane through decomposition by bacteria

in an anaerobic environment. The amount of methane emitted depends on biological

controls, such as temperature, moisture, and pH (de Mes et al. 2003, Emkes et al.

2015). In landfills, the separation of biodegradable material and recycling from gen-

eral waste reduces emissions, alongside gas capture (Boerboom et al. 2010). Many

landfills are covered by soil which oxidises some of the methane emitted, and can

turn the landfill into a methane sink (Bogner et al. 1995). In waste water treatment,

aeration and gas capture are promising mitigation strategies (Daelman et al. 2012).

However, these mitigation strategies are costly, and so difficult for less developed

countries.

Volcanoes

Methane is released naturally from the Earth’s crust (Etiope & Klusman 2002).

Methane can be formed by either biogenic or thermogenic breakdown of organic

matter in hydrocarbon basins, or without organic matter, for example magma de-

gassing, in geothermal areas (Etiope & Klusman 2002).

Biomass burning

Incomplete combustion of biomass emits methane, this can be from biomass burn-

ing (wildfires or agricultural clearing) or biofuel. In this thesis, biofuel was counted

with fossil fuels as it is anthropogenic, for example domestic cooking and heating

(Ozgen & Caserini 2018). Pre-industrial fire activity was potentially even greater

than the present day, though why is uncertain (van der Werf et al. 2013). However,

humans have increased fire activity in places of deforestation (e.g. Fearnside (2005))

and remote regions (Mollicone et al. 2006). Climate change may also lead to more

frequent and intense fires caused by droughts in key regions (Kasischke et al. 1995,

Westerling et al. 2006). Emissions depend on the amount burned, burning condi-

tions, and material burning (van der Werf et al. 2010), so types of stove and fire

burning practices could reduce biofuel emissions (Ozgen & Caserini 2018).
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1.2.2 Sinks

There are four main ways that methane is removed from the atmosphere: reaction

with the hydroxyl radical (OH) (e.g. Ehhalt (1974)), reaction with the chlorine

radical (Cl) in the marine boundary layer (e.g. Allan et al. (2007), Thornton et al.

(2010)) and the stratosphere (e.g. McCarthy et al. (2003), Röckmann et al. (2004),

Thanwerdas et al. (2019)), reaction with oxygen atoms in an excited singlet state

(O(1D)) in the stratosphere (e.g. McCarthy et al. (2003), Röckmann et al. (2004)),

and methanotrophic loss in soils (Curry 2007, Dutaur & Verchot 2007). As seen

in Figure 1.2.1, by far the largest of these (with the largest uncertainty too) is the

reaction with OH, hence this sink is further explored in this section.

The hydroxyl radical

The hydroxyl radical is formed in the atmosphere by several different processes. The

dominant process is a two step reaction (McGrath & Norrish 1960), which starts

with the photolysis of ozone (O3):

O3 + hν −−→ O2(
1∆g,

3Σg) + O(1D). (1.1)

The O(1D) then reacts with water vapour to produce two OH radicals:

O(1D) + H2O −−→ 2 OH. (1.2)

This process has been shown to be a minor contributor to OH formation in some of

the lowermost parts of the atmosphere, particularly under polluted conditions. In

these areas, the photolysis of HONO, the ozonolysis of alkenes, and the photolysis of

HCHO have all been shown to be significant sources of OH (e.g. Vogel et al. (2003),

Ren et al. (2006), Elshorbany et al. (2009)).

The hydroxyl radical is very reactive so typically exists for less than a second before

reacting (Levy 1971), predominantly with carbon monoxide:

OH + CO −−→ H + CO2, (1.3)
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immediately followed by

H + O2 + M −−→ HO2 + M. (1.4)

The hydroxyl radical is also lost in significant amounts by reaction with methane:

OH + CH4 −−→ CH3 + H2O, (1.5)

immediately followed by

CH3 + O2 + M −−→ CH3O2 + M. (1.6)

As outlined in Section 1.1, methane is mainly removed by reaction with OH and

OH is removed by reaction with methane, which is the source of a positive feedback

in the methane budget. As the methane mole fraction increases, less methane can

be removed and the methane lifetime increases. This feedback is also an important

consideration in methane modelling studies because it causes a non-linear response

in the methane mole fraction from a change in methane emissions, which will be

further discussed in Section 2.2.2.

Due to the hydroxyl radical’s short lifetime, it is found where it is produced: predom-

inantly in the tropics, where sunlight and water vapour are abundant. Mid-latitudes

have a large seasonal cycle as more hydroxyl radical is formed in the summer hemi-

sphere due to the seasonal variation in sunlight and water vapour concentrations

(Spivakovsky et al. 2000). Despite this large seasonal fluctuation in the distribu-

tion, on an annual scale, the inter-hemispheric difference in the hydroxyl radical

concentration is thought to be small, for example Patra et al. (2014) suggest a

hemispheric ratio of 0.97±0.12.

As the Earth’s temperature increases, the concentration of water vapour is expected

to rise, causing the concentration of the hydroxyl radical to increase. For example,

Wu et al. (2008) suggest an increase of 12 % in the global tropospheric hydroxyl

radical concentration from 2000 to 2050. However, this change will be dependent on
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anthropogenic emissions of gases such as methane and other hydrocarbons, as well

as and nitrogen oxides (NOx ). Different RCPs produce a large range of changes in

the hydroxyl radical concentration, e.g. +9 % for RCP4.5 or -15 % for RCP8.5 over

the 21st century (John et al. 2012).

Substantial historic changes to the hydroxyl radical concentration have been sug-

gested by ice core proxy data using the ratio of HCHO to CH4: more than +50 %

from the last glacial maximum to the preindustrial Holocene (Staffelbach et al. 1991)

and -20 % from the preindustrial Holocene to the present day (Gillett et al. 2000,

Alexander & Mickley 2015). However, atmospheric models predict smaller changes

for these periods, raising concerns that these models underestimate the hydroxyl

radical’s sensitivity to future climate change (Alexander & Mickley 2015).

There is a large amount of uncertainty in the recent temporal trend of the global OH

concentration. Inverse modelling studies using methane, methyl chloroform (Section

1.3.2), and OH infer negative trends in OH since the renewed methane growth in

2007 (Rigby et al. 2017, Turner et al. 2017) but with a large uncertainty. However,

modelling studies that focus on inferring OH concentration, and so include important

factors such as O3, H2O, NOx , and temperature, have inferred both a positive trend

(Stevenson et al. 2020) and very little trend (Nicely et al. 2018).

1.3 Methods of source and sink estimation

1.3.1 Methods of source estimation

Bottom-up estimation

Emissions can be estimated in a bottom-up method by measuring methane fluxes

(usually at small scales) coming from a particular activity and then scaling by the

total amount of that activity. This flux measurement can be done directly for a

point source from the composition and flow rate of the gas being released (such as

at valves in fossil fuel extraction (Allen et al. 2013)), or using a chamber for a small

but more disperse source (such as a small area of wetland (Gutenberg et al. 2019)).
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These local flux measurements can then be combined and generalised in process

models and emission inventories to give estimates of global emissions.

There are many types of process models, for example, some reproduce the biochem-

ical processes leading to emissions, such as those that occur in wetlands (e.g. Bloom

et al. (2017)), which depend on things such as temperature and water availability.

This method does require a mechanistic understanding of the processes involved,

which can be very complex.

Emission inventories are a bottom-up estimate for a particular source type over a

region or country using a synthesis of various estimation methods. Emissions for a

sector can be calculated over a region or country by the product of an activity level,

an emission factor for the activity, and potentially an abatement coefficient that

accounts for regulations to reduce anthropogenic emissions (IPCC 2006, AMAP

2015). For example, an emission inventory of fossil fuel extraction might have a

map of the amount of fuel extracted as the activity data and the mass of methane

emitted per unit of fuel extracted as an emission factor. These emission factors will

be derived from the flux measurements and process models.

Top-down estimation

The magnitudes of sources can be determined through top-down methods which use

atmospheric observations. For example, eddy covariance measurements can be used

to calculate the emissions from a specific source, in this method concentration mea-

surements combined with local meteorological data can be used to infer the surface

flux (e.g. Tang et al. (2018)). Alternatively, the need for meteorological data can

be bypassed by releasing a tracer not emitted by the source, at a known rate, and

measuring the ratio of the tracer and methane downwind. By assuming both the

tracer and methane undergo the same atmospheric dispersion, with the rate of dilu-

tion depends on the relative size of the emission and the background concentration,

the methane emission flux can be calculated (e.g. Yacovitch et al. (2017)). To quan-

tify regional or global emissions, a variety of atmospheric observations can be used,
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which are discussed in detail in Section 1.4, with the atmospheric models and inver-

sion techniques in Sections 1.5 and 1.6, respectively. This inverse technique involves

working backwards from the atmospheric observations, using the model transport

and loss processes, to infer where methane was emitted. This method will be the

focus of this thesis, so many previous studies that use this method are discussed in

detail in Section 1.7.

1.3.2 Methods of sink estimation

Like the sources, the soil loss can be estimated by measurements (e.g. Czepiel

et al. (1995)) and process modelling (e.g. Murguia-Flores et al. (2018)). However, a

different approach is taken for the other sinks of methane. The global concentration

of a reactive chemical species, such as OH, is hard to determine due to its very

short lifetime, meaning that any measurement is only representative of a very small

region for a very short time. As a result, there are only measurements of OH at

very small scales (e.g. Poppe et al. (1994), Mount & Williams (1997), Heard &

Pilling (2003), Heard (2006), Martinez et al. (2010)), and global concentrations

must be determined indirectly. This can be done through photochemical models

of its formation and destruction in the atmosphere (e.g. Spivakovsky et al. (2000),

Nicely et al. (2018), Stevenson et al. (2020)). This method has also often been used

for the other reactive loss species, the Cl radical and O(1D) (e.g. Sherwen et al.

(2016), Röckmann et al. (2004)). Additionally, inversion techniques (as in Section

1.3.1) can be used, with examples in Section 1.7.

Alternatively, the OH concentration can be indirectly determined using measure-

ments of one of the gases that OH oxidises. Any gas predominantly removed from

the atmosphere by OH, that has relatively well known emissions can be used. For

example, 14CO is created at a relatively well known rate by cosmic rays interacting

with nitrogen atoms to produce 14C:

n + 14
7N −−→ 14

6C + p, (1.7)
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which is oxidised to 14CO (Pandow et al. 1960):

14C + O2 −−→ 14CO + O. (1.8)

14CO is mainly removed by OH oxidation, so can be used to estimate global OH

concentrations (Weinstock 1969). For example, Quay et al. (2000) combined 14CO

surface measurements and a two-dimensional atmospheric model to estimate a tro-

pospheric OH concentration of 10×105 molecules cm−3. However, the concentration

of 14CO, and hence inferred OH, is sensitive to the model transport parameter values.

One of the most popular gases for inferring the OH concentration is methyl chloro-

form (1,1,1 trichloroethane or CH3CCl3) (Lovelock 1977). This gas is less sensitive

than 14CO to the model transport parameter values because of its longer lifetime

(about 5 years compared to 2 months), so should provide more certain OH estimates

(Quay et al. 2000). Methyl chloroform was emitted primarily by industrial sources

(where it was used as a cleaning agent and solvent), which should be known relatively

accurately (e.g. Midgley & McCulloch (1995)), and its primary loss is by reaction

with OH (although there is a small amount of transfer between the ocean and atmo-

sphere (Wennberg 2004) and stratospheric photochemical loss (Prinn et al. 2001)).

This means that measurements of this gas should allow the determination of OH

concentration through use of an atmospheric model. For example, Prinn et al. (2001)

used this method to calculate the global OH concentration as 9.4 × 105 molecules

cm−3 for 1978-2000, although this varied significantly from year to year. This study

also concluded that the OH concentration is lower in the northern hemisphere than

the southern hemisphere, but this is highly uncertain. These conclusions have been

questioned, as this process assumes that the methyl chloroform emissions, the rate of

the other loss processes, the reaction rate with OH, and the atmospheric transport

in the model are all reliable, which is debated (e.g. Krol & Lelieveld (2003)). The

Montreal Protocol banned production of ozone-depleting substances such as methyl

chloroform, and so emissions of this gas should have been near zero since 2010,

though how near is uncertain (McCulloch & Midgley 2001, Rigby et al. 2019). As
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the measured concentrations decrease, this method will become increasingly difficult

as the concentrations approach the measurement detection limit.

1.4 Atmospheric observations of methane

Since there are so many highly uncertain sources and sinks of methane, monitor-

ing the atmospheric methane mole fraction is important. When combined with

atmospheric models, this monitoring data can tell us about changes in the methane

sources and sinks using top-down estimation methods.

To measure the atmospheric methane mole fraction from the past ∼ 106 years, air

trapped in ice can be analysed (Yan et al. 2019). However, there are many effects

that need to be accounted for in these measurements (Bender et al. 1997). Most

importantly, these samples are limited in their locations, and the air samples are

not a snapshot of a given time, but a mixture of multiple years, as the air in the ice

mixes with the atmosphere until it is buried deep under the ice. This results in a

very low spatial and temporal resolution for ice core data.

To examine the methane mole fraction in the most recent ∼ 102 years, ground-based

atmospheric measurement stations have been used, where continuous monitoring or

discrete air samples can be taken. It is these flask samples that are used in this

thesis, and are discussed in Section 1.4.1. More recently, satellites have become a

common way to measure the methane mole fraction, which is further discussed in

Section 1.4.2.

1.4.1 Methane mole fractions from ground-based stations

Since 1983, the Global Monitoring Laboratory (GML) Carbon Cycle group (part

of National Oceanic and Atmospheric Administration (NOAA) (Dlugokencky et al.

1994)), alongside other organisations (e.g. the Advanced Global Atmospheric Gases

Experiment (AGAGE) (Prinn et al. 2018)), has been monitoring global atmospheric

methane mole fractions by taking air samples at more than 50 locations around the
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globe. The GML sampling locations, shown in Figure 1.4.1, are sparse, with impor-

tant areas for methane production, such as the tropics and Asia, underrepresented

in the measurements.

Figure 1.4.1: The locations where the NOAA GML Carbon Cycle group has taken
GHG measurements, plotted by NOAA (2020).

It is the “surface discrete” stations in Figure 1.4.1 that will be used in this thesis.

The stations aim to sample background air, where methane is well-mixed and local

sources do not significantly contribute to the measured methane mole fraction, as

these samples are thought to be representative of the hemisphere as a whole. There-

fore, the stations are located far from local methane sources and any samples with

evidence of above-baseline enhancements are removed from the dataset. At these

stations, air samples are collected in flasks and shipped to the NOAA laboratory

in Boulder to be analysed, where the mole fraction of several key trace gases is

determined. The methane is isolated using a gas chromatograph, which separates

gases based on their flow rates through a column with a coating that the gases have

different affinities to. The methane fraction is then passed to a flame ionisation

detector that ionises the methane, and the removed electrons create a current that

can be monitored to measure the amount of methane. This measurement must be
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compared to a standard with a known methane mole fraction measured in the same

instrument to give an absolute methane mole fraction measurement (Dlugokencky

et al. 1994).

The uncertainty in these measurements is calculated by the combination of an an-

alytical repeatability error and NOAA’s ability to propagate the methane mole

fraction standard scale. The analytical repeatability is calculated as the average

absolute value of the agreement of pairs of samples taken almost simultaneously,

which varies between 0.8 and 2.3 ppb depending on the analytical instrument. The

scale propagation error is calculated as 0.7 ppb by comparing flask and continuous

measurements at two stations: Mauna Loa in the US and Barrow in the US. These

two errors are added in quadrature to give a total measurement error (Dlugokencky

et al. 2017).

The sine-latitude weighted global mean methane mole fraction calculated from com-

bining all the surface station data is shown in Figure 1.4.2. These measurements

show that the methane mole fraction has risen since 1983, but the rate of growth

has changed. It slowed in the 1990s, before coming close to zero during 1999-2006.

In 2007, the strong growth rate returned, and continues to this day (Dlugokencky

2003, Rigby et al. 2008, Dlugokencky et al. 2009). The causes of these changes are

highly debated, as outlined in Section 1.7.
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Figure 1.4.2: The measured sine-latitude weighted global mean atmospheric
methane mole fraction from NOAA’s surface measuring stations, plotted by Dlu-
gokencky (2020). The red line and circles are monthly means, and the black line
shows the 12 month running mean with the average seasonal cycle removed.

1.4.2 Methane mole fractions from satellites

The advent of satellite data in the last few decades has made near global coverage

of methane measurements possible (e.g. Hu et al. (2018)). However, this does

mean that a huge amount of data is produced which can be difficult to utilise fully,

although data collection is limited in certain locations for certain times as cloud

or the amount of reflected solar radiation (e.g. at low solar zenith angles) prevents

measurement. Satellites provide less precise measurements than in situ instruments,

as measurements are generally for columns of methane (from the surface to the top

of the atmosphere), and models of the atmosphere are required to retrieve the data

(e.g. Jacob et al. (2016)). Satellite data is expected to be complementary to, but

not replace, the high precision but sparse ground-based stations.
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1.4.3 Methane isotopologues

Measurements of methane’s two most abundant isotopologues, 12CH4 and 13CH4,

have been used along with methane mole fraction measurements to provide addi-

tional constraints on the methane budget (e.g. Bergamaschi et al. (1998), Quay

et al. (1999), Schaefer et al. (2016), Nisbet et al. (2016), Rigby et al. (2017), Turner

et al. (2017), McNorton et al. (2018), Nisbet et al. (2019)). The different sources of

methane release different ratios of the two isotopologues, so if the ratio of the iso-

topologues is measured in the atmosphere, then it should provide some information

on the magnitudes of the different sources. The ratio of the two isotopologues is

measured as δ13C-CH4, which is defined as

δ13C-CH4 =

(
(
13CH4
12CH4

)sample

(
13CH4
12CH4

)standard
− 1

)
× 1000, (1.9)

where the standard is the ratio of 13C to 12C in Pee Dee Belemnite (Coplen 2011)

(which has the highest known value of δ13C-CH4), and the units of the measurement

are parts per thousand or permil (‰). This means that the highest known fraction

of 13CH4 corresponds to a value of 0 ‰, and the more negative the δ13C-CH4, the

less 13CH4 is present.

The two isotopologues are emitted in different ratios from different sources (e.g.

Whiticar & Schaefer (2007), Schwietzke et al. (2016)), depending on the process

that generates the methane: microbial sources release methane with a typical δ13C-

CH4 of around -62 ‰, thermogenic approximately -44 ‰, and pyrogenic about -22

‰ (Schwietzke et al. 2016). However, these values are highly dependent on the

same factors that affect methane production (such as the plant types in a wetland)

meaning that there is a large amount of uncertainty and local variation in these

values (e.g. Ganesan et al. (2018)). This means that the uncertainty ranges of

many methane source δ13C-CH4 values overlap, as seen in Figure 1.4.3, which shows

the uncertainty ranges used for the sources in this work.
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Figure 1.4.3: The mean source δ13C-CH4 values for the sources used in this work
and the ranges explored in this work as error bars, based on Schwietzke et al. (2016)
(see Section 2.3.1 for further details).

The methane released into the atmosphere is further fractionated by the isotopo-

logues’ different reaction rates with the sinks (e.g. Saueressig et al. (2001)). This

isotopic fractionation is described by the kinetic isotope effect (KIE), which is

defined as

KIE =
k12
k13

, (1.10)

where k12 is the reaction rate constant of 12CH4 and k13 is the reaction rate constant
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of 13CH4. The KIEs for the losses of methane used in this work are: 1.0039 for

OH, 1.021 for soil, 1.0402 for the stratosphere, and 1.065 for Cl (more details on the

origin of these values are given in Section 2.2.4). Whilst OH is the dominant sink

that affects the methane mole fraction, Cl is by far the most fractionating, and so

can have a very important impact on the atmospheric δ13C-CH4 (e.g. Allan et al.

(2007), Thanwerdas et al. (2019)).

The δ13C-CH4 in the atmosphere is measured by the Institute of Arctic and Alpine

Research (INSTAAR) at some of the NOAA stations, shown in Figure 1.4.4 (White

et al. 2018). Other groups have also measured δ13C-CH4, such as Royal Holloway,

University of London, and the University of Heidelberg (Nisbet et al. 2016, 2019),

but it is the INSTAAR data that will be used in this thesis. The methane must first

be separated from the rest of the sample, then the isotopologues can be separated

using a mass spectrometer. In the mass spectrometer, methane molecules are first

ionised and then accelerated. They are then passed through a magnetic field that

deflects them according to their mass, with the lightest being deflected the most.

The strength of the magnetic field can be adjusted so that different masses reach the

detector, separating the isotopologues. The uncertainty in these values is calculated

as the standard deviation in ten runs of a tank of air with a well characterised

methane isotopic value (Miller et al. 2002, White et al. 2018).
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Mole fraction Delta value

Figure 1.4.4: The locations where INSTAAR has taken δ13C-CH4 measurements
(orange circles) (White et al. 2018), alongside the NOAA “surface discrete” stations
(Dlugokencky et al. 1994) that measure the methane mole fraction (blue squares),
plotted at average longitude and latitude.

These measurements from the different stations can be combined to a sine-latitude

weighted global mean δ13C-CH4 shown in Figure 1.4.5. This value has become more

negative since the renewed methane growth in 2007 (e.g. Nisbet et al. (2016, 2019)),

the potential causes of which are discussed in Section 1.7.
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Figure 1.4.5: The measured sine-latitude weighted global mean atmospheric δ13C-
CH4 from INSTAAR’s surface measuring stations (White et al. 2018). A monthly
mean was calculated for each station, and these were combined using a sine-latitude
weighting to give a global mean.

There are other isotopologues of methane that could prove useful for constraining

the methane budget: CH3D and 14CH4 (e.g. Bergamaschi et al. (1998), Quay et al.

(1999), Hmiel et al. (2020)). 14CH4 can be used to trace geological methane emis-

sions (either from volcanoes or fossil fuel extraction), and CH3D can be used to

distinguish methane from the different emission pathways. However, there are very

few measurements of these isotopologues and so, for now, they reveal little on a

global scale.
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1.4.4 Tracer gases for methane emissions from a particular

source

Measurements of the mole fraction of other gases can also inform us about the

magnitude of methane emissions from a particular source. If another gas is emitted

with methane from a particular source, and that gas’s sources and losses are well-

characterised, then the mole fraction of the other gas can provide some additional

information on the amount of methane coming from that source.

For example, ethane is co-emitted with methane in fossil fuel, biofuel combustion,

and biomass burning sources (Rudolph 1995), and can be used (in combination

with other gases) to infer changes in these methane sources (e.g. Simpson et al.

(2006), Xiao et al. (2008), Hausmann et al. (2016)). Ethane has a lifetime of months

(Rudolph 1995) compared to methane’s years, which means it is less well-mixed than

methane in the atmosphere and can offer information on emissions on a different

timescale. However, there are large regional variations in the ratio of ethane to

methane emissions from fossil fuels (Rudolph 1995), which limits the usage on a

global scale.

1.5 Atmospheric modelling

As briefly described above, atmospheric observations in combination with atmo-

spheric models, can provide estimates of the magnitudes of and changes in methane

sources and sinks in top-down approaches. Initial estimates of the distribution of

sources and sinks are input to the model (which simulates the emission, transport,

and removal of methane from the atmosphere) and a distribution of methane in

the atmosphere is output. This output can be compared to observations, and the

sources and sinks adjusted to better match the data in a process often referred to

as inverse modelling.

There are two types of transport models: Eulerian and Lagrangian. Eulerian models

have a fixed grid and the gases are transported and chemically react based on the
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conditions in each grid cell, whereas Lagrangian models calculate the transport and

chemistry from the perspective of the released gases rather than the perspective of

a fixed grid. In this thesis, a Eulerian model is used.

1.5.1 Three-dimensional chemical transport models

A three-dimensional chemical transport model (CTM) takes meteorological data,

such as wind, temperature, and pressure fields, from general circulation models

or meteorological analyses, which are used to transport chemical species of interest

through the atmosphere. These models typically have a high spatial resolution, with

the three-dimensional CTM used in this thesis able to split the atmosphere into hun-

dreds of thousands of grid cells. This means that these models are computationally

expensive compared to simpler two-dimensional box models.

1.5.2 Two-dimensional box models

The computational expense of a three-dimensional CTM is an issue if the model

needs to run multiple times. For repeated model runs with limited computational

resources, the two-dimensional box model excels. A two-dimensional box model

splits the atmosphere into a small number of grid cells within which zonal mean

concentrations are calculated (e.g. Rigby et al. (2008, 2017), Turner et al. (2017)).

They are simple to set up, easy to understand, and computationally cheap. However,

these models are generally limited by a lack of interannual variation in transport

(provided by the meteorological data in three-dimensional CTMs) and much lower

spatial resolution than three-dimensional CTMs. Naus et al. (2019) found that while

box model parameters could be tuned to match a three-dimensional CTM-derived

methane mole fraction trend, some bias remained.

1.5.3 Set up of atmospheric models

There are many inputs required to model methane in the atmosphere using a three-

dimensional CTM, such as emission fields for the different sources, loss fields for

29



CHAPTER 1. INTRODUCTION

the chemical species that methane reacts with, and an initial methane mole fraction

(and δ13C-CH4 if used) throughout the atmosphere. This section outlines the general

features of these inputs.

Methane emission maps

Each source will emit methane from different locations at different times in different

amounts. This can be input to the model as a two-dimensional map (assuming all

emissions are from the lowest model level), calculated from the methods in Section

1.3.1. Some examples of frequently used emissions maps are GFED for biomass

burning (van der Werf et al. 2010), WetCHARTs for wetlands (Bloom et al. 2017),

and EDGAR for anthropogenic sources (Crippa et al. 2018). There are uncertainties

in the spatial distribution, timing, and amount of methane emitted by different

sources, and some studies have tried to quantify this (e.g. Bloom et al. (2017)), but

generally uncertainties in these emissions maps remain poorly quantified.

Chemical loss species fields

A three-dimensional field is used to describe the concentration of the gas species

that methane reacts with. This can be calculated using the methods described in

Section 1.3.2. One of the most frequently used OH fields is from Spivakovsky et al.

(2000), which is a climatology (a representation of the distribution in a typical year,

ignoring interannual variations) calculated by a photochemical model informed by

observations of OH precursors and tuned to match the methyl chloroform trends

(Section 1.3.2). Similar approaches have been carried out for the stratospheric and

Cl loss fields (e.g. Velders (1995), Patra et al. (2011), and Sherwen et al. (2016)

have been used in this work). However, as soil loss only occurs at the surface, it is

put in as negative emissions in this work.

Initial conditions

An initial three-dimensional field of methane mole fraction is required to begin

the simulation. This is generally created by spinning the model up. Spin-up is
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the process of running the model in order to reach a methane mole fraction (and

any other measurements used) that is similar to that observed before the start of

the simulation that will be analysed. This is often done with annually repeating

emissions, losses, and meteorological fields because there are not estimates that go

far enough back in time to create realistic methane mole fraction and δ13C-CH4

distributions.

1.6 Inverse methods

Inverse methods are used to infer the sources and sinks of methane from the at-

mospheric methane measurements using a model of atmospheric transport. The

method often used is a Bayesian approach to statistical inference, which is outlined

in this section. The model output and observations can be compared using Equation

1.11:

y = F (x) + ε. (1.11)

The model (F ) is used to map a set of inputs (x), that describe the sources and

sinks of methane, onto an output methane mole fraction. However, there will be

a mismatch between the observed atmospheric methane mole fraction (y) and the

model output due to imperfections in the model and measurement uncertainty, which

is accounted for by the error term ε.

Starting from an initial guess at the model inputs, the inputs can be adjusted so

that the model output better matches the observations using Bayes’ Theorem:

P (x|y) ∝ P (y|x)P (x). (1.12)

The prior belief of the model inputs is described by the probability distribution

function P (x). This should be independent of the observations, and is informed

by the range of bottom-up emissions estimates. P (y|x) is the likelihood function

and describes how likely the model output is to be consistent with observations for
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a set of model input values, which will depend on the error term ε from Equation

1.11. The posterior probability function P (x|y) describes the probability of the

input parameters based on the observations (and their uncertainties) and the prior

probability of the input parameters.

In order to find the optimal model input parameters, the value of x which maximises

the probability of P (x|y) must be found. In a less statistical setting, this means

that the cost function (J(x)),

J(x) = (y − F (x))TR−1(y − F (x)) + (x− xi)
TP−1(x− xi), (1.13)

must be minimised. Here, xi is the initial input parameter vector, and R and P

are the covariance matrices of the observations and the prior respectively. Further

details on the method can be found in Tarantola (2005).

Another inverse method is history matching, the iterative process of adjusting model

inputs until the output closely matches observations. This involves identifying, and

removing, regions of the parameter space that are unlikely to match the observations,

allowing more likely regions to be better sampled. This method is used in this thesis

and is further discussed in Section 1.8.3.

1.7 Possible drivers of recent change in the global

methane budget

This thesis focuses on the recent plateau and subsequent growth in methane mole

fraction as it is one of the most well-studied periods with plentiful atmospheric

data. Previous studies use different methods, different assumptions, and different

models to come to different conclusions about the cause of these observations, with

uncertainty ranges that do not overlap. In this section, some of these studies are

examined to demonstrate the uncertainties surrounding the determination of the

methane budget.
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1.7.1 Estimates from bottom-up methods

Bottom-up studies suggest many different sources that could explain some or all of

the recent observations. For example, Bousquet et al. (2011) used a bottom-up wet-

land process model to infer positive global methane emission anomalies for the years

2006 to 2008 (compared to 1999-2006). Although the wetland emissions anomaly in

the latitude band 30-50 °N was close to zero, so this increase was driven by wetlands

outside of this band. A similar positive global methane emission anomaly is pre-

sented in Bloom et al. (2017), who used an ensemble of wetland process models to

estimate wetland emissions for 2001-2015. However, this study does not see a con-

sistent wetland emission year-to-year increase beyond 2008, though the emissions

remain higher than during the methane plateau.

Anthropogenic sources have also been suggested to have played a key role in the

change of the methane growth rate. EDGAR 4.2 (Crippa et al. 2018) is an anthro-

pogenic emission inventory that includes emission estimates for many anthropogenic

methane sources. This inventory suggests that the cause of the plateau is reduced

fossil fuel emissions during the late 1990s and early 2000s. Crippa et al. (2018)

also explains the renewed growth in methane by increasing fossil fuels, alongside

agriculture, and waste.

1.7.2 Estimates from observations alone

Some studies infer changes in the methane budget using the observations alone

(Section 1.4). For example, Simpson et al. (2006) uses the mole fraction of methane,

alongside ethane (C2H6) and tetrachloroethene (C2Cl4) to look at the influence of

biomass burning on fluctuations in the methane growth rate. Both C2H6 and C2Cl4,

like methane, are predominantly removed from the atmosphere by reaction with

OH. C2H6 is emitted with methane by fossil fuels and biomass burning, whereas

C2Cl4 is only released by industrial solvent emissions. Therefore, changes in both

methane and C2H6 mole fractions could be caused by either changes in OH, fossil

fuels, or biomass burning. The C2Cl4 mole fraction offers a way to differentiate sink
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or source changes, as if changes in C2Cl4 are uncorrelated with changes in CH4 and

C2H6, it would suggest that emissions, rather than OH, have changed. This study

concludes that many of the fluctuations in the methane growth rate between 1996

and 2004 were due to changes in biomass burning.

Dlugokencky et al. (2009) examines the methane mole fraction and δ13C-CH4 mea-

surements across the NOAA network, and concluded that high latitude northern

hemisphere wetlands were a key contributor to the renewed methane growth in 2007.

This is because the methane mole fraction at the most northerly station in the net-

work increased more than the global average and global δ13C-CH4 became more

negative. However, Bousquet et al. (2011) challenges this conclusion as transport

in the tropics is vertically efficient, whereas transport at high latitudes in horizon-

tally efficient. This means that an emissions release in the tropics will result in a

smaller rise in the methane mole fraction at the surrounding surface stations than

for the high latitudes. This demonstrates a key issue in inferring methane fluxes

from surface atmospheric data alone, as atmospheric transport can have a large ef-

fect on what is observed. Therefore, many studies have combined the atmospheric

observations with an atmospheric model in order to infer changes to the methane

budget, and these studies will be discussed in the following section.

1.7.3 Estimates using observations and models

Estimates using three-dimensional chemical transport models

Three-dimensional CTMs (Section 1.5.1) are computationally expensive and inverse

methods (Section 1.6) require repeated model runs, which are often unfeasible. This

issue can be overcome by using model-derived sensitivities of modelled outputs to

changes in sources or sinks instead of the model itself. These sensitivities can be

multiplied by a small change in the parameters to calculate the change in the out-

put methane mole fraction and δ13C-CH4 from an existing model simulation. Four

examples are discussed here: use of the adjoint model in Bousquet et al. (2011),

Bergamaschi et al. (2013), and Rice et al. (2016); and linear sensitivities have also
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been calculated using finite difference approaches for basis function decompositions

of the source or loss fields (e.g. in McNorton et al. (2018)). The adjoint calculates

the sensitivity of the model output to the inputs for a particular set of input values.

This sensitivity can be used instead of the model F in Equation 1.11, allowing an

analytical solution for the optimal parameters, or the sensitivity can be iteratively

calculated in order to find the nearest minimum in the cost function (Equation 1.13)

by gradient descent.

Adjoint models can be hard to code and are fixed to one particular model version, so

are not widely applicable. It is also hard to estimate the uncertainty in the predicted

fluxes when using the adjoint and they usually assume prior parameter distributions

are Gaussian. Despite these limitations, adjoint models are powerful tools because

they can solve for thousands of parameters (e.g. monthly emissions from every grid

cell) and three examples are explored here. The first is Bousquet et al. (2011),

who used the methane mole fraction measurements from 68 surface stations and the

adjoint of a three-dimensional CTM to infer that the renewed methane growth in

2007 was caused by increased tropical wetland emissions. Two different inversion

methods were presented in the study, which were shown to agree well on a global

scale. One inversion gives information on the monthly emissions from different

source types in 11 large regions, whereas the other infers the total weekly fluxes

from each grid cell, demonstrating the vast number of input parameters possible for

adjoint models. However, this study does not include δ13C-CH4 measurements, so

source attribution is potentially limited. Additionally, the OH concentration is not

solved for in the inversion (although OH is interannually varying, consistent with

methyl chloroform observations), ignoring a large source of uncertainty.

Bergamaschi et al. (2013) uses the adjoint of a different three-dimensional CTM,

with satellite data in addition to the surface station data. The inversion infers the

monthly emissions in each grid cell for four different source types, and is repeated for

nine different settings that include different observations, satellite bias corrections,

bottom-up inventories, and OH distributions. This study infers that the renewed

methane growth comes predominantly from the tropics and the mid-latitudes of the
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northern hemisphere, where fluxes from anthropogenic sources increased. However,

the derived increase is smaller than the EDGAR 4.2 trend. Wetland emissions

also increased around 2007 in high northern latitudes and the tropics, qualitatively

similar to Bousquet et al. (2011), but this was not sustained in later years. Whilst

all inversions performed in this study are broadly consistent, there are significant

differences in the inference using just the surface station data or both the surface

station and satellite data. This is particularly so in the tropics, where the satellite

can provide more constraint, though the authors stress the potential influence of

satellite biases on satellite inferred fluxes. Like Bousquet et al. (2011), this study

does not include δ13C-CH4 measurements, and the OH concentration is interannually

repeating in the inversion.

Rice et al. (2016) uses methane mole fraction and δ13C-CH4 surface measurements,

alongside an adjoint model, to infer monthly emissions in ten source categories cover-

ing different source types and locations. 53 perturbed inversions are used as sensitiv-

ity tests to quantify the uncertainty in the results, with all inversions being broadly

consistent. This study concludes that the plateau in methane concentrations and

subsequent regrowth was primarily due to the levelling off and then growth in an-

thropogenic sources (like Bergamaschi et al. (2013)), predominantly gas and oil, but

with contributions from coal, ruminants, and waste. This work also infers decreas-

ing biomass burning emissions over the previous decades, and decreasing wetland

emissions during the renewed methane growth in 2007, unlike the two previously

described adjoint model studies. In a further difference to the previous studies, a

fixed-lag Kalman smoother was used to reduce the computational burden, meaning

that only 11 months of observations (not the whole time series) is used to infer the

fluxes. This has been shown to infer relatively consistent fluxes to mole fraction in-

versions using all observations (Bruhwiler et al. 2005), but may have a larger impact

on the inference from δ13C-CH4 measurements which take a long time to propagate

(Tans 1997). This study also does not solve for OH, the most uncertain term in

the methane budget, and whilst δ13C-CH4 measurements were included, the source

δ13C-CH4 signatures were not optimised.
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McNorton et al. (2018) estimated OH in their inversion, using the methane mole

fraction and δ13C-CH4 surface measurements, and the linear sensitivities of a three-

dimensional CTM. Linear sensitivities present a problem because the loss of methane

depends on the amount of methane as well as the removal species (e.g. OH), so the

effect on the methane mole fraction is non-linear with respect to the concentration

of the removal species. This study also performs independent inversions for each

year, so December emissions are constrained by only one month of observations

whereas January emissions are constrained by twelve. However, the response of the

model will not just depend on emissions from that year, but for a time before that,

possibly decades for the δ13C-CH4 measurements (Tans 1997). This inversion solves

for monthly emissions from different source types in five large regions and monthly

global OH. This study inferred that the renewed growth in methane in 2007 was

caused by a combination of decreased OH, increased energy sector emissions (mainly

in Africa and the Middle East and southern Asia and Oceania), slightly increased

wetland emissions (mainly in northern Eurasia), and slightly decreased biomass

burning emissions. δ13C-CH4 measurements were shown to add valuable constraint,

but source δ13C-CH4 signatures are fixed, as is the Cl sink, so the uncertainties are

likely underestimated.

Estimates using two-dimensional box models

A popular alternative to the three-dimensional CTM is a two-dimensional box model,

which is a much simpler representation of the atmosphere, but is less computation-

ally expensive than a three-dimensional CTM. As a result, many inverse methods

used to find methane fluxes have used this type of atmospheric transport model.

However, generally there is no interannual variability in transport and a limited

spatial resolution in these models. The limited spatial resolution means that only

a zonal mean of the observations can be used, rather than individual measurement

stations, and so source attribution relies on δ13C-CH4 or tracers such as ethane.

The first model discussed in this section is the two-dimensional box model in Nis-

bet et al. (2016), which uses four latitude bands, and surface measurements of the
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methane mole fraction and δ13C-CH4 to infer the monthly emissions and losses of

methane. This study concludes that biogenic emissions, probably tropical wetlands,

are the most likely cause of the renewed methane growth in 2007 (like Bousquet et al.

(2011)). However, this study only predicts the total flux and the total δ13C-CH4

source signature rather than the different source types, making objective source at-

tribution difficult. Also two separate inversions are performed to solve for emissions

and losses, so the possibility of combined source and sink changes is not covered.

Schaefer et al. (2016) used a one-box model with surface measurements of methane

mole fraction and δ13C-CH4 to infer the total annual emissions of methane. In this

study, an inversion is used to fit the data until 1993 to investigate the plateau, and

until 2007 to investigate the renewed growth. The model is then run forward using

the derived base source, which is perturbed to test how changing total emissions

and total source δ13C-CH4 matches the changes in the observations. From this they

infer that the plateau in methane mole fractions was caused by decreasing fossil

fuel emissions, and the renewed growth was driven by biogenic sources, probably

agriculture. Using the interannual variability in OH derived from methyl chloroform

improves the fit of the perturbations to the observations, but the impact of varying

OH further was not investigated. Both Nisbet et al. (2016) and Schaefer et al.

(2016) provide subjective estimates of the cause of the renewed growth from their

inferred source δ13C-CH4 but without considering the possibility that multiple source

changes could have occurred. For example, biomass burning is a minor source but

has a much less negative δ13C-CH4, so decreasing this source would allow another

source, such as fossil fuels to increase and produce a declining δ13C-CH4 (as in Rice

et al. (2016), McNorton et al. (2018)).

Hausmann et al. (2016) use a two-box model covering the two hemispheres alongside

methane and ethane mole fraction observations to infer annual fossil fuel methane

emissions. Fossil fuel emissions were found to increase significantly during the pe-

riod of renewed methane growth (like Bergamaschi et al. (2013), Rice et al. (2016),

McNorton et al. (2018)). However, this study assumes that all the ethane changes

are due to fossil fuels, when biomass burning or OH changes could have contributed.
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Additionally, only the modelled output and observations of one surface station is

used, and a linear trend in fossil fuel emissions is assumed.

Worden et al. (2017) inferred biomass burning methane emissions decreased after

the renewed growth in 2007, using carbon monoxide as a tracer for biomass burning

methane emissions and an adjoint model. This biomass burning emission is input to

a one-box model, and the fossil fuel and biogenic emissions are adjusted to broadly

match surface observations of the methane mole fraction and δ13C-CH4. This de-

crease in biomass burning allows for increased fossil fuel emissions and wetlands to

drive the renewed methane growth and be consistent with the δ13C-CH4 observa-

tions, (like Rice et al. (2016) and McNorton et al. (2018)). This study did not allow

OH to vary, and used a box model method that assumes a linear trend in emissions

from 2007.

Rigby et al. (2017) and Turner et al. (2017) use different hemispheric box models

with surface measurements of methane mole fraction, δ13C-CH4, and methyl chlo-

roform mole fraction to infer the annual changes in hemispheric methane emissions,

source δ13C-CH4, OH concentration, and methyl chloroform emissions. Both studies

conclude that OH could have played a key role in the plateau and renewed growth

of methane (like McNorton et al. (2018)), but the uncertainties are large. These

studies use different methods to thoroughly sample the possible parameter space,

which allows a more complete exploration of the uncertainty in the optimal param-

eters than the analytical solution or gradient descent to a local minimum. Both

carried out inversions with fixed OH, which required a sudden increase in emissions

in 2007 to match the observed increase in methane mole fraction, unlike when OH

is optimised. In Rigby et al. (2017) the model is also run forward with the derived

OH concentration which can also explain the increase in ethane mole fraction that

Hausmann et al. (2016) attributed to fossil fuel emissions. There are differences

in the most likely results of these two studies: Rigby et al. (2017) infer gradually

increasing methane emissions from 2007, whereas Turner et al. (2017) infer a de-

crease. Their conclusions demonstrate that the problem is underdetermined and the

solutions depend on the assumptions made.
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Summary of possible drivers of observed methane mole fraction changes

The results of these studies provide many different possible changes in the methane

budget that explain the atmospheric observations, with uncertainty ranges that

do not overlap. This suggests that, in general, the problem is under-determined

and the uncertainties are under-estimated. As suggested in Turner et al. (2017),

the results of many of these studies are dependent on the prior assumptions. For

example, studies that optimise OH tend to find that OH has decreased since 2007

(Rigby et al. 2017, Turner et al. 2017, McNorton et al. 2018). Whereas, studies that

optimise biomass burning tend to find that biomass burning has decreased (Rice

et al. 2016, Worden et al. 2017, McNorton et al. 2018), which allows fossil fuels to

increase and still produce a declining δ13C-CH4. Studies that optimise many source

categories tend to infer changes in a mixture of sources and sinks (Rice et al. 2016,

McNorton et al. 2018). Whereas studies that solve for a total methane source and

total δ13C-CH4, without optimising OH and biomass burning, tend to conclude that

biogenic emissions have increased (Nisbet et al. 2016, Schaefer et al. 2016).

Therefore, in order to learn more about the methane budget, we need to use as

much of the available data and the most accurate atmospheric model possible, with

a thoroughly quantified uncertainty estimate. Many global methane inversions have

been done with box models, which generally have a low spatial resolution and lack

interannual variability in transport. This prevents surface station data being fully

utilised as the data must be combined to a zonal mean. This hinders inference on

the changes in different source types, which have different spatial distributions and

so the observations at different stations change at different times. These problems

can be avoided by using a three-dimensional CTM, however these models are so

computationally expensive that linear sensitivities or adjoint code, rather than re-

peated runs of the model, must be used. However, neither of these methods allows

a thorough exploration of the parameter space and it is difficult to quantify the un-

certainties. Additionally, linear sensitivities do not account for the non-linearity in

methane losses; and adjoint code is not widely available and Gaussian assumptions

usually have to be made. There is, however, a way to produce the three-dimensional

40



CHAPTER 1. INTRODUCTION

CTM output but at the speed of the box model, with a reliable uncertainty esti-

mate: the Gaussian process emulator. This method is described in Section 1.8, and

this thesis demonstrates how to apply Gaussian process emulation to estimate the

methane sources and sinks from the observations.

1.8 The basics of Gaussian process emulation

The problem of efficiently estimating the relationship between uncertain inputs and

observable outputs of a complex model has been explored in other research com-

munities using emulation. An emulator is a statistical approximation to a more

complex model, often using a Gaussian process (O’Hagan 2006, Ebden 2015). This

technique has been applied to a large variety of scientific problems, for example:

parameter optimisation in models describing galaxy formation (Vernon et al. 2010),

influenza epidemics (Farah et al. 2014), and the Greenland ice sheet (Chang et al.

2014); uncertainty quantification in the biospheric carbon flux (Kennedy et al. 2008),

aerosol effective radiative forcing (Regayre et al. 2018), and concentrations of cloud

condensation nuclei (Lee et al. 2012); and sensitivity analysis in aerosol models (Lee

et al. 2011).

1.8.1 A one-dimensional example

In this work, a Gaussian process is used as the emulator. This is a form of non-

parametric curve fitting, the mathematics of which is explained in Section 1.8.2.

The Gaussian process method is illustrated here by a simple one-dimensional ex-

ample, shown in Figure 1.8.1. In order to build a Gaussian process, a set of known

complex computer simulator outputs are required (the blue points in Figure 1.8.1),

this is known as the training dataset. The Gaussian process effectively interpolates

between the training points to enable prediction of the simulator output at untested

inputs. The method not only predicts the simulator output value (the black line

in Figure 1.8.1), but also estimates the error in the prediction (the grey shading in

Figure 1.8.1), which depends on how close the test input is to the training dataset.
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The orange point in Figure 1.8.1 is the Gaussian process prediction of an unknown

complex computer simulation output and the orange bar represents the error in the

prediction. The error in this prediction is large because it is not bounded by training

data points. In this work, such errors are avoided by not allowing prediction outside

of the range of the training dataset.
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Figure 1.8.1: A simple one-dimensional example of a Gaussian process (GP). The
blue points represent known outputs of the complex computer simulation, and the
black line is the mean of the Gaussian process which interpolates between the known
outputs. The error in the prediction is represented by the grey shading. The orange
point is the Gaussian process prediction of an unknown complex computer simulation
output and the orange bar represents the error in the prediction.
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1.8.2 The mathematics of Gaussian process emulation

Gaussian process emulation predicts an output value for a set of untested input pa-

rameter values, given a training set of corresponding inputs and outputs. There are

other common techniques that could be used if the form of underlying function that

maps inputs to outputs is known. For example, linear regression if the underlying

function is linear, or polynomial fitting if the underlying function is a polynomial.

Gaussian process emulation achieves the same outcome but does not assume the

form of the underlying function. It requires only one main assumption: the outputs

follow a multivariate Gaussian distribution.

The Gaussian process is defined by its mean and covariance functions. It is often

sufficient to assume that the mean function is zero, though in this work, the mean

function is a multiple linear regression as the system is close to linear. The covariance

function is a measure of how similar input sets are, and decays as the distance

between the inputs increase. There are several widely used covariance functions, and

the choice depends on the assumptions being made. The most popular is the squared

exponential, which works well for smooth functions. This covariance function is

used in this work as there are no discontinuities or sharp changes in the methane

observations due to input parameter variation. The (i, j)th element of the covariance

matrix (K) is given by

ηij = σ2
f exp

(
−

m∑
k=1

(xk,i − xk,j)2

l2k

)
, (1.14)

where the maximum covariance is σ2
f , xk is the value of the kth input parameter,

and lk is the length scale parameter to be optimised during training.

In order to predict an output value (y∗) at a new set of input parameters (x∗), the

fact that the output is a sample from the joint multivariate Gaussian distribution

of the training data (y) and the data to be tested is used:

 y
y∗

 ∼ N
m(x∗),

K(x,x) K(x,x∗)

K(x∗,x) K(x∗,x∗)

 , (1.15)
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where m is the mean function and x is the training dataset inputs. This means that

the expected value of y∗ is

E(y∗) = m(x∗) +K(x∗,x)K(x,x)−1y, (1.16)

and the uncertainty, in terms of variance, in the estimate is

V (y∗) = K(x∗,x∗)−K(x∗,x)K(x,x)−1K(x,x∗). (1.17)

The Gaussian process method is further described in Rasmussen & Williams (2006),

and some simple tutorials are available in O’Hagan (2006) and Ebden (2015).

1.8.3 History matching

History matching is the iterative process of adjusting the inputs of a model until it

closely matches observations. This technique has been widely used. For example,

in oil reservoir modelling (Craig et al. 1996, 1997) the inputs of an oil reservoir

model are tuned to match observed oil production and pressure profile of the well.

History matching can be used in combination with Gaussian process emulation as in

Vernon et al. (2010). Here, emulators are created and compared to observations, so

that regions of the emulator input parameter space can be ruled out as implausible.

A new set of emulators is then trained by running the complex model over this

reduced parameter space, and these emulators will be more accurate over these

parameter values. The process can be repeated as many times as required to find

the plausible input space. This thesis applies this technique to the methane budget

to demonstrate the range of plausible values of the methane sources and sinks, rather

than the optimised values presented by the studies in Section 1.7.

1.9 Thesis motivation

Methane is an important greenhouse gas (Section 1.1), but the drivers behind re-

cent atmospheric observations remain unexplained (Section 1.7). There have been
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many studies that explore the possible reasons for the pause in growth during the

early 2000s and the renewed growth since 2007, but no consensus has been reached,

with sources and sinks such as OH, wetlands, agriculture, and fossil fuels all be-

ing implicated as key players. Many of these studies have been done using two-

dimensional box models (Section 1.5.2), because they run so much faster than the

three-dimensional CTMs (Section 1.5.1). However, this speed comes at a price: re-

duced spatial resolution and no interannual variability in transport. Those studies

that do use a three-dimensional CTM by calculating linear sensitivities or using

adjoint code, struggle to use the most accurate inversion methods and to do a com-

prehensive uncertainty estimate.

There is another way to speed up three-dimensional CTMs, that maintains the

spatial resolution, includes the interannual variability in transport, and allows un-

certainty to be estimated easily: a Gaussian process emulator (Section 1.8). The

aim of this thesis is to apply this technique to gain understanding of the methane

budget. This will be done using emulators that output the surface hemispheric mean

methane mole fraction and δ13C-CH4 of the three-dimensional CTM, which effec-

tively form a two-dimensional box model. This approach could also be extended to

emulate the output of each three-dimensional CTM grid cell, but this is beyond the

scope of this thesis.

There are limitations to this method too. It is only possible to explore about 30

model input parameters (whereas adjoint models can estimate thousands of parame-

ters), so some parameters will have to be fixed and remain unexplored. In this work,

spatial distributions and some temporal trends of sources and sinks were fixed, un-

like many previous studies which group together similar sources in order to allow

variation in spatial distributions and temporal trends. Ideally, all of these parame-

ters would be allowed to vary as they are all uncertain. In this thesis, the decision

was taken to primarily examine the uncertainty in the source types, as many sources

that are lumped together (e.g. wetlands, fresh water, agriculture, and rice are often

combined to a total biogenic source) have large uncertainties, very different spatial

distributions, different temporal trends, and are controlled different factors. Ulti-
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mately, if we are to reduce methane emissions, knowing the source type causing the

growing methane mole fraction is vital.

Chapter 2 describes how a three-dimensional global CTM can be run repeatedly

in order to create a training dataset for Gaussian processes that mimic the three-

dimensional CTM output. How these emulators are trained and validated is pre-

sented in Chapter 3, before being used to investigate the methane budget. Two

analyses to better understand the methane budget are conducted: a sensitivity

analysis in Chapter 4 and the sources and sinks are constrained by matching to

observations in Chapter 5.
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Development of a global

atmospheric methane simulation

and an emulator training dataset

2.1 Introduction

The aim of this thesis is to create and use emulators that approximate the hemi-

spheric output of a three-dimensional global chemical transport model (CTM). The

well-established Model for Ozone and Related Chemical Tracers (MOZART) (Em-

mons et al. 2010) was used for this purpose. However, a key benefit of the method

developed here is that it could be readily applied to any CTM.

The generation of a simulation of the methane mole fraction and δ13C-CH4 using

MOZART is discussed in Section 2.2. In Section 2.3, MOZART is used to gen-

erate 270 methane simulations with different source magnitudes, source δ13C-CH4

values, and sink magnitudes in order to create a training dataset (Section 1.8.1)

for the Gaussian process emulators. The training dataset is compared to the ob-

servations in Section 2.4, and the observations are shown to lie within the envelope

of the MOZART output ensemble. The model-measurement discrepancy error and

the MOZART “invariant parameter error” are examined in Section 2.5. The invari-

ant parameter error stems from holding some parameters constant in the training
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dataset. As far as we are aware, this term has not been considered in other top-

down methane studies. These observations and errors will become key in Chapter 5,

where the emulators are used to compare methane simulations to the observations

and implausible combinations of sources and sinks are ruled out.

2.2 Development of a global atmospheric methane

model simulation

2.2.1 The chemical transport model setup

In this thesis, we create a set of emulators that provide a statistical approximation

of the outputs of the MOZART model (Emmons et al. 2010), an offline, global

three-dimensional CTM, for a set of uncertain inputs. In this work, 56 vertical

model levels were used, from the Earth’s surface to about 48 km. However, only

the bottom six levels (up to about 1 km) were saved for analysis to reduce the

storage space required. The model was run at 12.00 ° N × 11.25 ° W resolution,

with MERRA reanalysis meteorological fields (Rienecker et al. 2011) for 1995 to

2012. The model’s time step was one hour, with data output on a 6-hourly basis

(consistent with the time step of the MERRA fields). In this work, the model’s

chemistry is offline, the effects of which are further discussed in Section 2.2.2.

The input parameters to MOZART that are explored in this work describe the

methane sources and losses (Section 1.2), which are set up similarly to Ganesan

et al. (2018). The sources parameterised in the model are: wetlands, fresh water,

agriculture, rice, waste, fossil fuels, biomass burning, volcanoes, termites, hydrates,

and oceans. The methane losses included are the reactions of methane with the hy-

droxyl radical (OH), tropospheric chlorine radicals (Cl), net stratospheric loss (due

to reaction with Cl and O(1D)), and methanotrophic loss in soils. The stratospheric

loss is a weighted contribution of Cl and O(1D) with the ratio given in Saunois et al.

(2016), and the soil loss is put into the model as negative emissions with fraction-

ation calculated as in Lassey et al. (2007). A summary of the input fields used in
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the model is given in Table 2.1.

For each MOZART simulation, the model was spun up (Section 1.5.3) from a steady

state atmosphere for 30 years with repeating 1995 meteorology, and 1996 emissions

and losses. Following spin up, the model was run for 1996-2012, with time varying

meteorology and emission and loss fields. Only 2000-2012 was analysed to allow for

any transient signals following spin-up. This time period was chosen to examine

the cause of the renewed methane growth in 2007, with 2000 being an appropriate

starting point because INSTAAR δ13C-CH4 data (Section 1.4.3) becomes available

around this time.

Source Reference Temporal Years

resolution

Wetlands Wetcharts (Bloom et al. 2017) monthly 2001-2012

(1996 – 2000 are 2001 repeating)

Fresh water This work (see Section 2.2.3) annual climatology

Agriculture EDGAR 4.32 (Crippa et al. 2018) annual 1996-2012

Rice Yan et al. (2009) monthly 2000 repeating

Waste EDGAR 4.32 (Crippa et al. 2018) annual 1996-2012

Fossil fuels (includes biofuel) EDGAR 4.32 (Crippa et al. 2018) annual 1996-2012

Biomass burning GFED4s (van der Werf et al. 2010) monthly 1997-2012

(1996 is the mean of all years)

Volcanoes Etiope & Milkov (2004) annual climatology

Termites Fung et al. (1991) annual climatology

Hydrates Fung et al. (1991) annual climatology

Oceans Lambert & Schmidt (1993); annual climatology

Houweling et al. (1999)

Loss

OH Spivakovsky et al. (2000) monthly climatology

Stratosphere Velders (1995), Patra et al. (2011) monthly climatology

Cl Sherwen et al. (2016) monthly 2005 repeating

Soil Murguia-Flores et al. (2018) monthly 1996-2009

(2010-2012 is 2009 repeating)

Table 2.1: The emission and loss fields input to MOZART, along with their temporal
resolution and the years covered by the fields.

The different emission and loss fields have been scaled to the mean magnitude, source

δ13C-CH4, and loss kinetic isotope effects (KIEs) in the literature. The literature

ranges of the loss KIEs are examined in Section 2.2.4, the source magnitudes were

taken from Saunois et al. (2016), and the source δ13C-CH4 were taken from Schwi-

etzke et al. (2016). These ranges are further discussed in Section 2.3. Using these

mean values produces a methane simulation like that shown in Figure 2.2.1. This
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simulation has a greater methane mole fraction trend than the observations, as well

as a more negative δ13C-CH4, and an upward δ13C-CH4 trend rather than the down-

ward trend seen in the observations. The trends from the emissions inventories are

what causes the growth in methane around 2007, which are shown in Figure 2.2.2.

This figure shows that fossil fuels, agriculture, waste, and wetlands all contribute to

the positive trend in methane mole fraction in this simulation.
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Figure 2.2.1: The MOZART methane simulation using mean parameter values (or-
ange line) compared to the observations (black line) for four measures: (a) the
southern hemisphere methane mole fraction, (b) the northern hemisphere methane
mole fraction, (c) the southern hemisphere δ13C-CH4, and (d) the northern hemi-
sphere δ13C-CH4.
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Figure 2.2.2: The difference between the annual mean of the unscaled emission
inventories and their temporal mean over 1996-2012. Negative values indicate a
year with below average emissions for that source, positive values indicate a year
with above average emissions.

2.2.2 The implications of offline chemistry

In this work, the model’s chemistry is offline, meaning that the hydroxyl radical

concentration in the model is fixed by the input fields and is not reduced by reac-

tion with methane. This means that the positive feedback (described in Sections

1.1 and 1.2.2) where increasing methane emissions decrease the OH concentration,

allowing the methane mole fraction to rise further, is not present. Nguyen et al.

(2020) showed that using offline chemistry can affect the results of methane in-

verse modelling studies, and if the methane mole fraction continues to increase, the

feedback will become increasingly important for a given perturbation (e.g. Prather

(1996)). Whilst offline chemistry does remove the important non-linearity between

methane emissions and methane mole fraction, the non-linearity remains for the loss

processes.
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This non-linearity can be demonstrated by consideration of the methane mole frac-

tion in steady state. Consider the rate of change of the methane mole fraction with

respect to time (t) in a simple one box-model, which only includes the emission of

methane (E) and the loss of methane by reaction with OH:

d[CH4]

dt
= E − k[CH4][OH], (2.1)

where k is the rate constant for the reaction of OH and CH4, and [CH4] and [OH]

are the methane mole fraction and the concentration of OH respectively. The steady

state mole fraction of CH4 ([CH4]ss) can be derived from Equation 2.1 as:

[CH4]ss =
E

k[OH]
. (2.2)

Therefore, if [OH] is held constant, then [CH4]ss is proportional to E, and so changes

in emissions result in a linear change to [CH4]ss. However, if E is held constant,

then [CH4]ss is proportional to 1/[OH], and so changes in [OH] result in a non-linear

change to [CH4]ss. This non-linearity is shown to be significant over a large range

of [OH] in Figure 2.2.3. Similar non-linearities are present for the loss of methane

by Cl and in the stratosphere, though the smaller magnitude of these losses means

that these non-linearities are less important than OH to the methane budget.
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Figure 2.2.3: An illustration of how offline chemistry still leads to non-linearity in
the methane system: the OH concentration has a non-linear affect on the steady
state methane mole fraction. This is a plot of Equation 2.2, where the value of E
used is 700 Tg yr-1 and k is 3.7× 10−15 molecules cm-3 s-1.

2.2.3 Creation of a freshwater emissions map

The importance of the freshwater source, which, as far as we are aware, has not

been included as a separate methane source in any previous atmospheric methane

modelling studies, was introduced in Section 1.2.1. It is a large source, albeit highly

uncertain (Wik, Thornton, Bastviken, Uhlbäck & Crill 2016), with a potentially

large climate feedback, so, we propose that it is critical to include it in atmospheric
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modelling studies. In this thesis, the first simple global freshwater map for atmo-

spheric methane modelling is constructed.

Method

The production of a global freshwater map of methane flux is limited by the resolu-

tion and accuracy of freshwater maps. Two of the main global freshwater databases

are the Global Lakes and Wetlands Database (GLWD) (Lehner & Döll 2004) and

GLObal WAter BOdies (GLOWABO) (Verpoorter et al. 2014), which are compiled

in different ways. GLWD is compiled from maps, registers, and archives (which can

be incomplete, especially for small water bodies) whereas GLOWABO is compiled

using high resolution satellite data and image recognition. GLOWABO covers all

lakes greater than 0.002 km2, whereas GLWD only covers permanent, open fresh-

water bodies larger than 0.1 km2. It is currently not possible to detect the smallest

ponds (less than 0.001 km2) globally with maps or satellites, and their emissions

can be confused with wetlands (Thornton et al. 2016). However, they are thought

to be a significant proportion of emissions (Holgerson & Raymond 2016).

In this work, the Global Lakes and Wetlands Database (GLWD) (Lehner & Döll

2004) was used to create a global map of the locations of freshwater bodies. This

map was chosen over GLOWABO because it includes lakes, reservoirs, and rivers

reported as separate categories, each of which releases different amounts of methane

(Wik, Varner, Anthony, MacIntyre & Bastviken 2016, Guérin et al. 2006, Yang

2019), although this separation was not used in this version of the methane emission

map due to the small number of samples of these freshwater categories (Bastviken

et al. 2011, Stanley et al. 2016). Methane emissions from each water body was

weighted according to its percentage of the freshwater area, to give a global total

of 120 Tg yr−1 (Saunois et al. 2016). The Earth was split into three latitude bands:

tropical (less than 30 ° N and S), mid-latitudes (30-50 ° N and S), and high-latitudes

(more than 50 ° N and S), and weighted according to Saunois et al. (2016) to account

for the different climatic conditions: 49 % of global freshwater methane emissions are

tropical, 33 % in the mid-latitudes, and 18 % in the high-latitudes. The emissions
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map is time-invariant due to a lack of observational evidence of seasonal variability

caused by the highly variable nature of freshwater emissions and the limited amount

of continuous measurements (Natchimuthu et al. 2016, Wik, Thornton, Bastviken,

Uhlbäck & Crill 2016). However, freshwater emissions have a strong temperature

dependency and so it is possible that freshwater emissions have a seasonal cycle with

a large amplitude (Wilkinson et al. 2015). The freshwater emissions distribution

used in this work can be seen in Figure 2.2.4.

10 2 10 1 100

Methane flux / Tg yr 1

Figure 2.2.4: The global distribution of freshwater methane emissions used in this
work. Total methane emissions are 120 Tg yr−1 (Saunois et al. 2016), which is
distributed according to the freshwater area in three latitude bands as described in
the text.
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The importance of the inclusion of a freshwater map

Fresh water is an important source because of its potentially large magnitude and

uncertainty (Figure 1.2.1). By not considering this source, top-down studies may

erroneously attribute freshwater emissions to another source. In Figure 2.2.5, the

spatial correlation in the annual mean for the year 2000 between the different sources

are shown. There are only weak correlations, so the sources are largely spatially

independent. In Figure 2.2.6, the freshwater source spatial distribution is compared

to the source it is expected to be most similar to: wetlands (termites also look similar

in Figure 2.2.5 but they are a minor source that is generally not optimised in top-

down studies). Wetland emissions are dominant in the Amazon, South East Asia,

and some parts of Africa, whereas freshwater emissions are dominant in the northern

latitudes, particularly in North America and other parts of Africa. Therefore, fresh

water is a spatially distinct source and should be included in modelling to accurately

reproduce methane observations. This spatial distribution difference of the sources

is also true for hemispheric emissions as seen in Figure 2.2.7, where the percentage of

methane emissions in the northern hemisphere for all the sources used in this thesis

are shown. Fresh water is significantly more northern hemisphere dominant than

wetlands. If the freshwater source is not included, it is likely that changes in the

freshwater emissions would be attributed to a combination of sources, because no

single source is very similarly spatially distributed. For example, a combination of

wetlands (for its somewhat similar spatial distribution), and agriculture and fossil

fuels (which have larger northern hemisphere emissions than wetlands, like fresh

water).
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Figure 2.2.5: A spatial correlation matrix between the methane source maps for the
annual mean of 2000. All grid cells with no emissions (over oceans for example)
have been excluded. The maps have been normalised so that the largest value in a
MOZART grid cell for a source is one, and the lowest is zero.

57



CHAPTER 2. DEVELOPMENT OF A GLOBAL ATMOSPHERIC METHANE
SIMULATION AND AN EMULATOR TRAINING DATASET

1.00 0.75 0.50 0.25 0.00 0.25 0.50 0.75 1.00
Difference (fresh water - wetlands) in normalised sources

Figure 2.2.6: The difference in the distribution of the freshwater and wetland sources
for the annual mean of 2000. All grid cells with no emissions (over oceans for
example) have been excluded. The source maps have been normalised so that the
largest value in a MOZART grid cell for a source is one, and the lowest is zero.
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Figure 2.2.7: The percentage of methane emissions in the northern hemisphere for
the 2000 annual mean of each emissions map used in this thesis.

This freshwater emissions map is very simple and there are several improvements

that could be made. For example, one improvement would be more careful consid-

eration of which water bodies to include, as the Caspian Sea is saline so could be

removed or reduced (e.g. Liu & Boone (1991), Pattnaik et al. (2000)). Addition-

ally, the relationship between freshwater body area and methane emissions could be

made into power law (e.g. Bastviken et al. (2004), Wik, Varner, Anthony, MacIntyre

& Bastviken (2016)); and freshwater body depth is also a key variable in predict-

ing methane emissions from ebullition that is not considered here (Bastviken et al.

2004). The power law relationship means that the many small water bodies missing
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from GLWD are important (Holgerson & Raymond 2016), and ideally lakes from

the higher resolution GLObal WAter BOdies database (GLOWABO) (Verpoorter

et al. 2014) should be included. Lake depths for the largest lakes are also included

in Kourzeneva et al. (2012), so there is potential to combine all available databases.

Variables such as temperature and water body type would also ideally be included

(e.g. Yvon-Durocher et al. (2014), Wik, Varner, Anthony, MacIntyre & Bastviken

(2016)). The suggested improvements to this map are not required for this work,

as the map is latitude-band weighted, so the hemispheric distribution is consistent

with bottom-up estimates and will not majorly impact the results.

2.2.4 Loss kinetic isotope effect range

The literature values for the kinetic isotope effects (KIEs) for the reactions of

methane were collated, and a range of possible values chosen.

Reaction of CH4 and OH

There are a range of recorded literature KIEs for this reaction which are listed in

Table 2.2. The KIE is calculated by comparing the reaction rate of 12CH4 and OH

with that for 13CH4 and OH. Rust & Stevens (1980) had experimental difficulties

and recorded a wide range of values (1.0003 to 1.0078) and Davidson et al. (1987)

was superseded by Cantrell et al. (1990). This leaves only Saueressig et al. (2001)

and Cantrell et al. (1990). In this work, the two standard deviation range is taken

as 13CKIEOH=1.0035-1.0043, from the accepted value of Saueressig et al. (2001).
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Reference KIE Two standard deviations

Experimental Saueressig et al. (2001) 1.0039 0.0004

Cantrell et al. (1990) 1.0054 0.0009

Davidson et al. (1987) 1.010 0.007

Rust & Stevens (1980) 1.0036 0.0026

Theoretical Gupta et al. (1997) 1.010

Melissas & Truhlar (1993) 1.005

Lasaga & Gibbs (1991) 1.007

Table 2.2: Literature values reported for the kinetic isotope effect of CH4 and OH.

Reaction of CH4 and O(1D)

There are very few studies of the KIE of this reaction: Saueressig et al. (2001) report

a value of 1.013, whereas Davidson et al. (1987) report a value of 1.001 from a single

experiment. In this work, we take only the accepted value from Saueressig et al.

(2001), which the authors report as having a negligible uncertainty.

Reaction of CH4 and Cl

Table 2.3 shows the range of values for 13CKIECl in the literature. There is good

agreement between the experimental literature values. Taking the full range of the

two standard deviation uncertainty of these three studies, gives a range of 1.062 to

1.068.
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Reference KIE Two standard deviations

Experimental Tyler et al. (2000) 1.0621 0.0001

Crowley et al. (1999) 1.066 0.002

Saueressig et al. (1995) 1.066 0.002

Theoretical Roberto-Neto et al. (1998) 1.06

Gupta et al. (1997) 1.034

Tanaka et al. (1997) 1.026

Table 2.3: Literature values reported for the kinetic isotope effect of CH4 and Cl.

Loss of CH4 by soil

The literature values of 13CKIEsoil are reported in Table 2.4. There is good agreement

between these values and so the full range of values are used, giving a two standard

deviation range of 1.016 to 1.026.

Reference KIE Two standard deviations

Snover & Quay (2000) 1.0173 0.0020

1.0181 0.0008

Reeburgh et al. (1997) 1.023

1.026

Tyler et al. (1994) 1.022 0.008

King et al. (1989) 1.026

1.016

Table 2.4: Literature values reported for the kinetic isotope effect of CH4 and soil.

KIEs for MOZART

The literature KIEs are transformed into values for the corresponding MOZART

loss files, given in Table 2.5. This means converting 13CKIEO(1D) and 13CKIECl to a

stratospheric value. An estimated 20 to 35 % of the stratospheric loss of methane

is due to Cl, and 25 % due to O(1D) (Saunois et al. 2016) (the rest is OH which
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is covered by the OH loss field). These fractions were used to create a weighted

average fractionation value of 1.0402 in Table 2.5.

Minimum Maximum Default value

13CKIEOH 1.0037 1.0041 1.0039

13CKIESTRAT 1.035 1.044 1.0402

13CKIECl 1.0635 1.0665 1.065

13CKIEsoil 1.0185 1.0235 1.021

Table 2.5: The full range of KIEs used in the MOZART simulations. The default
value is used in all training simulations and the range represents one standard de-
viation which is the range considered in Section 2.5.2.

2.3 Creation of the CTM training dataset

To create a training dataset for the Gaussian process emulators, a set of methane

simulations with different model inputs must be created. Which model inputs to

vary and their uncertainty ranges are discussed in Section 2.3.1, and Section 2.3.2

discusses how to sample from these ranges to efficiently cover the parameter space.

2.3.1 The chemical transport model inputs and their ranges

Six groups of input parameters are explored: source magnitudes, source δ13C-CH4,

loss magnitudes, loss kinetic isotope effects, temporal trend variation for the largest

emissions or losses, and initial conditions. In order to simplify the analysis, the

smallest terms in the methane budget, termites, hydrates, and oceans, were held

constant and not included in the emulator development. This cut-off is somewhat

arbitrary, and is shown in Fig. 1.2.1. The uncertainty associated with fixing these

terms is explored and will be discussed in Section 2.5.2. Once the input parameters

have been chosen, it is important to find their possible ranges so that a set of model

simulations covering these values can be created. This is achieved by scaling the

63



CHAPTER 2. DEVELOPMENT OF A GLOBAL ATMOSPHERIC METHANE
SIMULATION AND AN EMULATOR TRAINING DATASET

magnitude, δ13C-CH4, and trends of the fields in Table 2.1. These simulations form

the training dataset for Gaussian process emulation.

The minimum and maximum values for the sources are shown at the top of Table

2.6. Where only one value is given, the parameter was held constant at this value.

The range of possible magnitudes of emissions were based on the range of literature

values as summarised in Saunois et al. (2016), and the range of possible δ13C-CH4

values were taken as the three standard deviation range from Schwietzke et al.

(2016).

The minimum and maximum values for the losses are given in the middle of Table

2.6. Reaction rate constants of methane with OH, Cl, and O(1D) are fixed at the

values given by Burkholder et al. (2015). Whilst there is some uncertainty in these

rate constants, the influence of the uncertainties in these terms will be similar to that

of their respective loss magnitudes (but not identical as the rate constant uncertainty

is temperature dependent). The loss fields are scaled with the magnitudes taken

from the range of literature values (Saunois et al. 2016), and kinetic isotope effects

(KIEs) were decided by averaging literature values (King et al. 1989, Tyler et al.

1994, Saueressig et al. 1995, Reeburgh et al. 1997, Crowley et al. 1999, Snover &

Quay 2000, Tyler et al. 2000, Saueressig et al. 2001) detailed in Section 2.2.4.

For the five largest methane emissions or losses (OH, wetlands, fresh water, agri-

culture, and fossil fuels), we allowed the overall inventory or process model trend

to vary by ±20 %. This set of parameters was included to explore the influence of

possible uncertainties in the trends. This parameter range is somewhat arbitrary,

but was designed to be inclusive of the majority of plausible values. For example,

the OH concentration trend for this period has been proposed to be nearing +10

% (Stevenson et al. 2020); -8 ± 11 % or -11 ± 11 % for 2004 to 2014 using either

AGAGE or NOAA data, respectively (Rigby et al. 2017); or around 7 % for 2003 to

2016 (Turner et al. 2017). Given the large uncertainties derived in these studies, a

trend range of ±20 % is plausible.

The final set of parameters control the spin-up (Section 1.5.3). To emulate the
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response of the methane mole fraction and δ13C-CH4 to the spin-up, three factors

were varied during this period: the total source magnitude, the total source δ13C-

CH4, and an imbalance in magnitude between sources and losses. The ranges of

these parameters are given at the bottom of Table 2.6.

Source Magnitude / Tg yr−1 Delta value / ‰ Trend / %

Wetlands 136, 250 -63.3, -59.7 -20, 20

Fresh water 54, 198 -64.6, -59.8 -20, 20

Agriculture 86, 122 -75.2, -58.4 -20, 20

Rice 21, 40 -66.0, -58.2

Waste 46, 69 -57.7, -53.5

Fossil fuel (includes biofuel) 104, 162 -45.1, -38.4 -20, 20

Biomass burning 14, 29 -27.9, -16.5

Volcanoes 27, 62 -46.1, -41.9

Termites 9.6 -65.0

Hydrates 0 -62.2

Oceans 16 -57.9

Loss Magnitude / Tg yr−1 KIE Trend / %

OH 414, 730 1.0039 -20, 20

Stratosphere 6, 55 1.0397

Cl 12, 41 1.0640

Soil 8, 52 1.0215

Spin-up Magnitude / Tg yr−1 Delta value / ‰

Spin-up source 495, 976 -59.5, -52.4

Spin-up source minus loss 10, 65

Table 2.6: A table of the ranges of the 28 input parameters to MOZART that were
varied in the training simulations, hence also in the emulators, and in the analysis.
Where one value is given, the value is held constant for all simulations. Where two
values are given, they are the lower and upper limit, respectively.

2.3.2 Sampling the parameter space

The generation of the training dataset is the most time consuming step as running

the CTM takes far longer than building or running the emulators. Therefore, it is
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important to create the smallest number of simulations possible to train accurate

emulators. This can be achieved through the choice of input parameter combi-

nations for the simulations. Each parameter described in Table 2.6 is assigned a

uniform probability distribution over the range given. In order to sample from the

distributions in a way that effectively covers the parameter space, a maximin Latin

hypercube was used (McKay et al. 1979, Morris & Mitchell 1995). In Latin hy-

percube sampling, the parameter space is divided into equally probable subsections

according to the number of samples. The samples are then distributed into these

subsections so that there is a sample in each subsection for each parameter. For

example, a two-dimensional parameter space with uniform parameter distributions

would be divided into a square grid with 100 cells if 10 samples were to be taken.

A random sampling pattern is then chosen so that there is a sample in each of the

10 rows and columns. The maximin version of the Latin hypercube means that the

samples are additionally arranged so that the minimum distance between samples

is maximised. In this work, a training dataset of 270 MOZART simulations was

created and used to build a Gaussian process to emulate MOZART in Chapter 3.

2.4 Comparison of the model output and obser-

vations

In order to constrain the methane budget, the training dataset will be used to train a

Gaussian process emulator in Chapter 3, the outputs from which will be compared

to observations in Chapter 5. Therefore, in Sections 2.4.1 and 2.4.2 the observa-

tions and the MOZART simulation outputs are processed similarly so that they are

comparable. Then in Section 2.4.4, the MOZART outputs and the observations are

compared to check that the observations lie within the envelope of the MOZART

training simulations.
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2.4.1 Processing of observations

The global network of atmospheric monitoring stations, described in Section 1.4, is

used to derive an observational time series of hemispheric monthly means. The base-

line methane mole fraction and δ13C-CH4 at each station in the National Oceanic

and Atmospheric Administration (NOAA) carbon cycle greenhouse gases network

(Dlugokencky et al. 2017, White et al. 2018) was plotted against the methane mole

fraction and δ13C-CH4 from the corresponding MOZART grid cell. MOZART grid

cells that exhibited substantial above-baseline variability (likely an artefact of the

coarse resolution) were discarded. Measurement stations that do not have approx-

imately continuous records for the period of interest (more than 9 out of 13 years)

were also discarded. The remaining 26 stations measuring methane mole fraction

and 10 stations measuring δ13C-CH4 are listed in Table 2.7, and their locations are

shown in Fig. 2.4.1.
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Station Latitude / ° N Longitude / ° W Altitude / masl Mole fraction δ13C-CH4

Alert, Nunavut, Canada 82 297 195 x x

Terceira Island, Azores, Portugal 39 333 24 x

Baring Head Station, New Zealand -41 175 90 x

Tudor Hill, Bermuda, UK 32 295 60 x

Cold Bay, Alaska, USA 55 197 32 x

Cape Grim, Tasmania, Australia -41 145 164 x x

Crozet Island, France -46 52 202 x

Easter Island, Chile -27 251 57 x

Mariana Islands, Guam 13 145 7 x

Halley Station, Antarctica, UK -76 334 35 x

Storhofdi, Vestmannaeyjar, Iceland 63 340 127 x

Izana, Tenerife, Canary Islands 28 344 2378 x

Key Biscayne, Florida, USA 26 280 6 x

Cape Kumukahi, Hawaii, USA 20 205 9 x x

Mace Head, County Galway, Ireland 53 350 26 x x

Sand Island, Midway, USA 28 183 8 x

Mauna Loa, Hawaii, USA 20 204 3419 x x

Niwot Ridge, Colorado, USA 40 254 3526 x

Palmer Station, Antarctica, USA -65 296 15 x

Ragged Point, Barbados 13 301 20 x

Shemya Island, Alaska, USA 53 174 28 x

Tutuila, American Samoa -14 189 53 x x

South Pole, Antarctica, USA -90 335 2817 x x

Summit, Greenland 73 322 3215 x

Syowa Station, Antarctica, Japan -70 40 16 x

Tae-ahn Peninsula, Republic of Korea 37 126 21 x

Ushuaia, Argentina -55 292 32 x

Mt. Waliguan, People’s Republic of China 36 101 3815 x

Ny-Alesund, Svalbard, Norway 79 12 479 x

Table 2.7: All NOAA stations used in this work, along with their latitude, longitude,
altitude, and the type of measurement. The units of the altitude data is metres above
sea level (masl).
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Figure 2.4.1: Map of the measurement stations used in this thesis in their cor-
responding MOZART grid cells (the dashed two-dimensional grid), as well as the
measurement type: blue squares are methane mole fraction and orange circles are
δ13C-CH4 stations. Each station is labelled with the NOAA three character sta-
tion code. Where two stations appear in an identical two-dimensional grid cell, the
stations are located at different altitudes, so are in different MOZART grid cells in
three dimensions.

Each station is matched to a MOZART grid cell based on its mean latitude, longi-

tude, and altitude. Some of the stations that have been matched to the sixth model

level should have been at a higher model level, but since only the lowest six model

levels were saved for analysis (Section 2.2.1), this was not possible. The sixth model

level is at an altitude of about 1 km, so the six sites above this in Table 2.7 are

affected. A monthly mean was calculated for each station. To calculate the hemi-

spheric mean, the station monthly means are split into the northern and southern

hemispheres. They are then combined using a sine latitude-weighted mean, produc-

ing a hemispheric monthly mean time series. Where monthly means were available

for fewer than three stations, that month was omitted from the analysis to avoid

bias due to sub-sampling of the intra-hemispheric gradient.
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2.4.2 Processing of MOZART outputs

The MOZART outputs will be used to create emulators in Chapter 3, so they have to

be processed slightly differently to the observations. The time correlation structure

of the emulators (Section 3.2.2) means that the methane output in all the MOZART

grid cells must contribute to the hemispheric monthly mean, regardless of whether

there are measurements for that month or not. Therefore, every 6-hourly MOZART

output in the grid cells matching the chosen stations is included in the hemispheric

mean. Otherwise, the MOZART output values are calculated like the observations

in Section 2.4.1, except that median monthly values are calculated (instead of the

mean for the observations). This is because the observations are filtered to remove

pollution events, and so any high methane mole fraction events in MOZART should

also be removed.

2.4.3 Combining outputs to summary outputs

In this thesis, the model outputs and observations are sometimes combined as a

global mean, inter-hemispheric difference, and trend of the methane mole fraction

and δ13C-CH4. The global mean is defined as the temporal mean of the mean of the

northern and southern hemispheres, the inter-hemispheric difference is the temporal

mean of the northern hemisphere minus the southern hemisphere, and the trend is

the global mean in December 2012 minus December 2000.

2.4.4 Comparison of MOZART training dataset and obser-

vations

Here, the training dataset is compared to observations, in order to check that the

observations lie within the envelope of the MOZART output ensemble. The temporal

mean of the global mean, the temporal mean of the inter-hemispheric difference, and

trend (Section 2.4.3) for the methane mole fraction and δ13C-CH4 outputs for each

MOZART simulation are presented in Figure 2.4.2. In this figure, the distribution

of the MOZART simulations (orange bars) can be compared to the black line of the

70



CHAPTER 2. DEVELOPMENT OF A GLOBAL ATMOSPHERIC METHANE
SIMULATION AND AN EMULATOR TRAINING DATASET

observations, which shows overlap between MOZART and the observations by all

measures. However, the observed inter-hemispheric differences lie close to the edge

of the distribution, which is likely because of the fixed spatial distributions of the

sources and sinks (further discussed in Section 5.6).
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Figure 2.4.2: Histograms of the 270 three-dimensional CTM training simulations for
six outputs: (a) methane mole fraction global mean, (b) δ13C-CH4 global mean, (c)
methane mole fraction inter-hemispheric difference, (d) δ13C-CH4 inter-hemispheric
difference, (e) methane mole fraction trend, and (f) δ13C-CH4 trend. The black lines
are the corresponding values for the observations.
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2.5 Calculation of uncertainties

There are often multiple ways to quantify uncertainties from complex systems, mak-

ing uncertainties difficult to calculate. In this section, two uncertainties are calcu-

lated: the model-measurement discrepancy error (Section 2.5.1) and the MOZART

invariant parameter error (Section 2.5.2). The model-measurement discrepancy er-

ror is caused by the uncertainty in the observations and the model’s limitations in

reproducing the observations. The MOZART invariant parameter error is a system-

atic error caused by some model inputs being held constant in the training dataset.

These uncertainties must be quantified to know how close the MOZART outputs

need to be to the observations to be considered statistically consistent.

2.5.1 The model-measurement discrepancy error

The model-measurement discrepancy error is calculated by considering four elements

that would cause the model output to differ from the observations. To account for

these differences, the standard deviation in 10 000 samples from the uncertainty

distributions of these four elements is calculated. The two MOZART simulations in

the training dataset closest to the methane mole fraction and δ13C-CH4 observations

were chosen as base simulations, around which these uncertainties are examined.

For each of the 10 000 samples, a random value drawn from a normal distribution

with a mean of zero and a standard deviation of the maximum measurement error

reported by NOAA (Section 1.4) is added to every 6-hourly output value in each

grid cell of the base simulations. The standard deviation is 2.4 ppb and 0.182 ‰

for the methane mole fraction and δ13C-CH4 respectively, although the δ13C-CH4

measurement error does briefly go up to 3.2 ‰ in the NOAA dataset, a value of 0.182

‰ was chosen as this is more representative of the usual maximum measurement

error.

The model is limited in its ability to reproduce the observations due to its coarse

resolution, this is accounted for by a representation error. To calculate the horizontal

representation error, a higher spatial resolution (1.89 °N × 2.50 °W) MOZART
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simulation with the mean emissions and losses in the training dataset was used.

The range of outputs over the high resolution grid cells within a low resolution grid

cell was calculated. The vertical representation error is calculated by taking the

range of the output in each low resolution grid cell and the grid cell above and

below. For the bottom model level, only the grid cell and the one above is included

in the range, and for the sixth model level, the range is calculated for the grid cell

and the one below and then doubled, because the seventh model level has been

removed (Section 2.2.1). For each of the 10 000 samples, a random value drawn

from a uniform distribution between minus half the range and plus half the range

is added to every 6-hourly output value in each grid cell of the base simulations for

both the horizontal and vertical representation error.

The model hemispheric time series includes all grid cells with measurement stations

in every month, regardless of whether there are observations for that station in

that month (Section 2.4.2). Therefore, the effect of including different stations in

the hemispheric mean is explored by bootstrap resampling. For each of the 10 000

samples, 26 stations for the methane mole fraction and 10 stations for the δ13C-CH4

(the number of stations included in this study (Section 2.4)) were chosen by sampling

the stations with replacement. This resampling method means that a station can

be included in a sample anywhere between zero and 26 times for the methane mole

fraction, and zero to ten times for the δ13C-CH4.

The model hemispheric monthly time series includes all 6-hourly outputs at a station

(Section 2.4.2), but the observation hemispheric time series includes only approxi-

mately four samples in a monthly mean. To include the effect of having differently

timed samples in the monthly output, four random time points are chosen to con-

tribute to each station’s monthly value in each of the 10 000 samples.

The hemispheric time series is then calculated as in Section 2.4.2, and the standard

deviation in the 10 000 samples of the hemispheric time series is used as the model-

measurement discrepancy error. This error has a median value of 4.6 ppb and

0.097 ‰ in the southern hemisphere, and 8.6 ppb and 0.078 ‰ in the northern

hemisphere.

73



CHAPTER 2. DEVELOPMENT OF A GLOBAL ATMOSPHERIC METHANE
SIMULATION AND AN EMULATOR TRAINING DATASET

2.5.2 The MOZART invariant parameter error

In this work, one part of the error in the CTM was calculated: the invariant pa-

rameter error. To the best of our knowledge, this term has never been included

in atmospheric methane studies before. However, consistent with other studies, it

should be noted that other model errors, which are very challenging to calculate,

are not included such as model transport uncertainties and higher-order “invariant

parameter errors” (e.g. erroneous trends or spatial distributions). Therefore, the

estimate presented here is likely to be smaller than the full CTM error. As in Ver-

non et al. (2010), the uncertainty due to the parameters that were held constant

in the training dataset (given in Table 2.8), was calculated. These parameters are

the magnitudes and δ13C-CH4 signatures of the three smallest sources, and the iso-

topic fractionation of the losses. The kinetic isotope effects of the loss reactions are

changed by varying the 13CH4 reaction rate and the 12CH4 reaction rate held con-

stant. The reaction rate constant (k) can be represented by the Arrhenius equation:

k(T ) = A× exp(−E/RT ), (2.3)

where T is the temperature, A is the pre-exponential A factor, E is the activation

energy, and R is the universal gas constant. It is the A factor that is varied in this

thesis in order to change the 13CH4 reaction rate, and the ranges used for Cl and

the stratospheric loss are given in Table 2.8. The ranges given in Table 2.8 cover

one standard deviation, rather than the entire literature range in Table 2.6, so that

the MOZART invariant parameter error only accounts for the most plausible range.

The OH reaction A factor was also considered, but MOZART only allows the rate

constant to be input with two decimal places, and the OH and 13CH4 A factor is

constant when given to two decimal places over the range of KIEs explored (Table

2.5).

The invariant parameter error was calculated with a set of 90 MOZART simulations

with only the invariant parameters varying over a uniform distribution of their ranges

in a maximin Latin hypercube design. The covariance matrix of the output of this
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set of simulations is used as a measure of the MOZART invariant parameter error.

The standard deviation of the diagonal of this inactive parameter matrix can be

seen in the following section, and has a mean value of 10 ppb and 0.1 ‰ for the

methane mole fraction and δ13C-CH4, respectively, which is large compared to the

observed trends of 40 ppb and -0.1 ‰ over the time period in this work. This error

is highly correlated between the two hemispheres and throughout the time series

(Section 5.2.2), which will have a significant impact on what can be inferred from

the model about the methane budget.

Term Magnitude / Tg yr−1 Delta value / ‰ 13CH4 A factor

Termites 5.0, 14.2 -66.7, -63.3

Hydrates 0.0, 0.9 -63.0, -61.4

Oceans 8.3, 23.7 -51.7, -44.1

Soil -24.0, -19.0

Chlorine 6.66, 6.68 × 10−12 cm3 molecule−1 s−1

Stratosphere 0.958, 0.966 s−1

Table 2.8: The ranges of possible values of the inactive parameters (from the liter-
ature as in Section 2.3.1), where the first number is the minimum and the second
number is the maximum.

The MOZART global mean methane mole fraction and δ13C-CH4 output, averaged

over the time series, for each of the 90 simulations is plotted against each of the

input parameters in a separate panel in Figures 2.5.1 and 2.5.2, demonstrating the

effect of varying the nine invariant parameters on the MOZART outputs. If there is a

strong correlation between a parameter’s values and the MOZART output, then this

parameter dominates the variability caused by varying all the parameter values. For

the methane mole fraction, the ocean source magnitude dominates, whereas there

is no dominant parameter in the δ13C-CH4.
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Figure 2.5.1: The same MOZART global mean methane mole fraction output, aver-
aged over the time series, for each of the 90 simulations plotted against each of the
input parameter’s values in a separate panel.
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Figure 2.5.2: The same MOZART global mean δ13C-CH4 output, averaged over
the time series, for each of the 90 simulations plotted against each of the input
parameter’s in a separate panel.

2.5.3 Comparison of the model-measurement discrepancy

and MOZART invariant parameter errors

In this section, the model-measurement discrepancy and MOZART invariant param-

eter errors are compared and combined. In Figure 2.5.3, the two errors are plotted,

as well as the total error, calculated by adding the two errors in quadrature. The

model-measurement discrepancy and MOZART invariant parameter errors are of

similar magnitude, so the MOZART invariant parameter error that, to the best

77



CHAPTER 2. DEVELOPMENT OF A GLOBAL ATMOSPHERIC METHANE
SIMULATION AND AN EMULATOR TRAINING DATASET

of our knowledge, has been left out of previous top-down studies has a significant

impact on the total error. Therefore, previous studies, that have held uncertain

parameters constant, significantly underestimate the total error. This is especially

critical given this uncertainty is highly correlated (Section 5.2.2), and has a large

impact on what we can learn about the methane budget, as will be seen in Chapter

5.
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Figure 2.5.3: Comparison of the model-measurement discrepancy error (orange line),
MOZART invariant parameter error (blue line), and their combined error (black
line): (a) the southern hemisphere methane mole fraction, (b) the northern hemi-
sphere methane mole fraction, (c) the southern hemisphere δ13C-CH4, and (d) the
northern hemisphere δ13C-CH4.
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2.6 Summary

This chapter began with the development of a global three-dimensional CTM simula-

tion of the methane mole fraction and δ13C-CH4. This simulation includes emissions

from 11 sources and four loss processes, with magnitudes and temporal trends taken

from bottom-up estimates.

The simulation is the first in atmospheric methane modelling, as far as we are aware,

to include freshwater emissions as an independent source. In order to do this, the

first global map for freshwater methane emissions for use in atmospheric methane

modelling studies was created. Whilst this map is simple, it is an important first

step in including this large, though uncertain, methane source in top-down methane

studies. The map was shown to be spatially distinct from the other methane source

maps, including the source that would be expected to be most similar: wetlands.

The inclusion of an independent freshwater map will prevent any possible changes

in the freshwater source being attributed to other sources in top-down studies.

Running a methane simulation in MOZART takes 4.5 hours (run on 12 cores of a

2.4 GHz Intel E5-2680 v4 Broadwell CPU), so only a limited number of methane

simulations can be produced. This means that to fully utilise this model to constrain

the methane budget, it must be sped up. In this thesis, emulators will be created

for the MOZART model in order to do this. Therefore, in this chapter, a training

dataset of MOZART simulations was created in order to train a Gaussian process

emulator. This training dataset is composed of 270 MOZART simulations with 28

input parameters that describe the sources and sinks of methane.

The training dataset was compared to observations, in order to check that the obser-

vations lie within the envelope of the MOZART output ensemble. The observations

do lie in the range of the MOZART training data, although the inter-hemispheric

differences, for both the methane mole fraction and δ13C-CH4, were towards the

edges of the MOZART distributions. Perhaps this suggests that more input pa-

rameters that control the inter-hemispheric difference should be included, as all the

spatial distributions of the sources and sinks were fixed.

79



CHAPTER 2. DEVELOPMENT OF A GLOBAL ATMOSPHERIC METHANE
SIMULATION AND AN EMULATOR TRAINING DATASET

To find the emulator outputs that match observations, it is necessary to quantify the

errors in the system. This will be made up of the model-measurement discrepancy

error, the MOZART invariant parameter error, and the emulator error added in

quadrature. In this chapter, the model-measurement discrepancy error and the

MOZART invariant parameter error were calculated and compared. The two error

types are of similar magnitude, so the invariant parameter error makes a significant

contribution to the total error. The invariant parameter error was calculated by

varying some of the parameters that were held constant in the MOZART simulations.

As far as we are aware, this error has been left out of previous top-down methane

modelling studies. This error is particularly important as it is highly correlated in

time and between hemispheres. This means that many previous studies are likely to

have underestimated their uncertainty, which will affect what can be learnt about

the methane budget.
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Chapter 3

Training a Gaussian process to

emulate an atmospheric chemical

transport model

3.1 Introduction

In the previous chapter, 270 MOZART simulations were created. This is a large

number of simulations for a three-dimensional global chemical transport model

(CTM) because these models are so computationally expensive. However, for many

types of analysis, such as Bayesian optimisation of parameters (Section 1.6), similar

numbers of simulations are required to find a local minimum in the cost function

(Equation 1.13). Alternatively, a thorough exploration of the posterior probability

distribution requires∼ 106 runs (e.g. Rigby et al. (2017), Turner et al. (2017)), which

is unfeasible for a three-dimensional CTM. Therefore, in previous studies a two-

dimensional box model, or linear sensitivities or adjoint code for a three-dimensional

CTM has been used instead (Section 1.7). The run-time of these two-dimensional

box models are less than a second, but they generally have limited spatial resolution

and lack interannual variability in transport. Whereas the sensitivities of three-

dimensional CTMs make it challenging to fully explore the parameter space and

thoroughly quantify the uncertainty in the optimised parameters.
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In this work, a new method is developed to maintain the benefits of a three-

dimensional CTM whilst allowing rapid computation of the influence of model inputs

on the outputs, without assuming linearity and with an estimate of the uncertainty,

using a Gaussian process emulator. An emulator is a statistical approximation to a

more complex model, often using a Gaussian process (Section 1.8). In this chapter,

Gaussian process emulators for MOZART are built and validated. This reduced the

time to evaluate MOZART outputs for a given set of inputs from 4.5 hours (run on

12 cores of a 2.4 GHz Intel E5-2680 v4 Broadwell CPU in a supercomputer) to 40

ms (run on a single core of a 1.6 GHz Intel Core i5 CPU in a laptop), provided a

training set such as that outlined in Chapter 2 is available.

In this chapter, the methods for training the Gaussian process are first summarised

in Section 3.2, and the emulators are then validated in Section 3.3. The number of

simulations required to build an accurate Gaussian process is examined in Section

3.4, and the advantages of a Gaussian process over multiple linear regression (which

is commonly used in atmospheric methane studies) is examined in Section 3.5.

3.2 Method

3.2.1 Gaussian process setup

Four independent Gaussian process emulators were built using the MOZART train-

ing dataset: the inputs are the sources and sinks of methane described in Section

2.3.1, and the output is the MOZART monthly averages described in Section 2.4.2

(the southern hemisphere methane mole fraction, the northern hemisphere methane

mole fraction, the southern hemisphere δ13C-CH4, and the northern hemisphere

δ13C-CH4).

The Gaussian process is defined by its mean and covariance functions (Section 1.8.2).

The mean function of the Gaussian process used here is a multiple linear regression

as the system is close to linear (Section 1.8.2 and Section 3.5), but this linear mean

function does not mean that the relationship between inputs and outputs in the

82



CHAPTER 3. TRAINING A GAUSSIAN PROCESS TO EMULATE AN
ATMOSPHERIC CHEMICAL TRANSPORT MODEL

Gaussian process is linear. The MOZART output is a time series, making the

covariance function more complex than the basic method outlined in Section 1.8.2.

The modifications to the covariance function are outlined in Section 3.2.2.

3.2.2 Gaussian process emulation for time series outputs

Each MOZART output is a time series of 156 monthly averages (12 months for each

of 13 years). These outputs are highly correlated, and to minimise information loss

this correlation is accounted for in the emulator covariance. This covariance matrix

(Σ) is composed using the Kronecker product of a temporal covariance matrix (Σt)

and a parameter covariance matrix (Σx):

Σ = Σt ⊗Σx. (3.1)

The temporal covariance is assumed to be a first order autoregressive model (AR(1))

(its value depends only on the previous month). The temporal covariance matrix

(Σt) is (n, n) dimensional, where n is the number of time points, and its (i, j)th

element is:

ζt,ij =
ρ|ti−tj |

1− ρ2
(3.2)

where ρ is the autocorrelation parameter and t is the month. This means that the

output of all MOZART grid cells has to be included in every month of the hemi-

spheric average, regardless of there being observations in this grid cell or not. This

is because the simple time correlation structure does not account for the possibility

of changing spatial distributions effecting the output of different months.

The parameter covariance is assumed to be a squared exponential. The parameter

covariance matrix (Σx) is (p, p) dimensional, where p is the number of training

simulations, and its (i, j)th element is

ζx,ij = σ2
f exp

(
−

m∑
k=1

(xk,i − xk,j)2

l2k

)
, (3.3)
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where σ2
f is the maximum covariance, xk is the value of the kth input parameter,

and lk is the length scale correlation for the kth input parameter.

The emulator parameters, denoted as φ, (ρ in Equation 3.2, σf and lk in Equation

3.3) are optimised by maximising the log-likelihood function:

ln(L(y|φ)) = −1

2
(y −m(x))TΣ−1(y −m(x))− 1

2
ln(|Σ|)− np

2
ln(2π), (3.4)

where y is the training dataset outputs and m(x) is the emulator mean function.

This log-likelihood function is optimised with a bounds constrained quasi-Newton

method (Gay 1990) started from 28 different random points, and the maximum

likelihood emulator of the 28 is chosen. This setup uses an adaptation of the R

package, Stilt (Olson et al. 2018).

3.3 Validation of the emulators

It is important to check that the emulators are an accurate approximation of the

relationship between the inputs and outputs of MOZART before they are used. A

validation dataset (an independent maximin Latin hypercube design of 90 MOZART

simulations) is used to confirm this, because it contains inputs and known MOZART

outputs that the emulator was not trained on. The emulator predictions for the

validation dataset inputs can be compared to the MOZART output, and these dif-

ferences reveal how accurate the approximation is. There are several graphical

comparison methods presented in this section.

3.3.1 Relation of emulator errors and inputs

Differences between the emulator and MOZART should not correlate with the input

values. If correlations are present, this indicates either some emulator parameters are

not optimal or non-stationarity (Bastos & O’Hagan 2009). In Figures 3.3.1, 3.3.2,

3.3.3, and 3.3.4, the difference between the temporal mean of the prediction for the
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four emulators and the MOZART value are plotted against each input parameter

value. No correlation is shown for any emulator with any input parameter.
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Figure 3.3.1: The difference between the southern hemisphere methane mole fraction
emulator and the true value in the MOZART model for each of the 90 validation
simulations, averaged over the time series, is plotted against the value of each input
parameter in a separate panel.

85



CHAPTER 3. TRAINING A GAUSSIAN PROCESS TO EMULATE AN
ATMOSPHERIC CHEMICAL TRANSPORT MODEL

(a) Wetlands source δ13 C−CH4

-2

0

2

0 0.5 1

(b) Freshwater source δ13 C−CH4

-2

0

2

0 0.5 1

(c) Agricultural source δ13 C−CH4

-2

0

2

0 0.5 1

(d) Rice source δ13 C−CH4

-2

0

2

0 0.5 1

(e) Waste source δ13 C−CH4

-2

0

2

0 0.5 1

(f) Fossil fuels source δ13 C−CH4

-2

0

2

0 0.5 1

(g) Biomass burning source δ13 C−CH4

-2

0

2

0 0.5 1

(h) Volcanic source δ13 C−CH4

-2

0

2

0 0.5 1

(i) Wetlands source magnitude

-2

0

2

0 0.5 1

(j) Freshwater source magnitude

-2

0

2

0 0.5 1

(k) Agricultural source magnitude

-2

0

2

0 0.5 1

(l) Rice source magnitude

-2

0

2

0 0.5 1

(m) Waste source magnitude

-2

0

2

0 0.5 1

(n) Fossil fuels source magnitude

-2

0

2

0 0.5 1

(o) Biomass burning source magnitude

-2

0

2

0 0.5 1

(p) Volcanic source magnitude

-2

0

2

0 0.5 1

(q) OH loss magnitude

-2

0

2

0 0.5 1

(r) Stratospheric loss magnitude

-2

0

2

0 0.5 1

(s) Cl loss magnitude

-2

0

2

0 0.5 1

(t) Soil loss magnitude

-2

0

2

0 0.5 1

(u) Wetlands trend

-2

0

2

0 0.5 1

(v) Freshwater trend

-2

0

2

0 0.5 1

(w) Agricultural trend

-2

0

2

0 0.5 1

(x) Fossil fuels trend

-2

0

2

0 0.5 1

(y) OH trend

-2

0

2

0 0.5 1

(z) Initial source magnitude

-2

0

2

0 0.5 1

(aa) Initial source δ13 C−CH4

-2

0

2

0 0.5 1

(ab) Inital loss magnitude

-2

0

2

0 0.5 1

Parameter value

E
m

u
la

to
r 

- 
M

O
Z

A
R

T
 d

if
fe

re
n
ce

 /
 p

p
b

Figure 3.3.2: The difference between the northern hemisphere methane mole fraction
emulator and the true value in the MOZART model for each of the 90 validation
simulations, averaged over the time series, is plotted against the value of each input
parameter in a separate panel.
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Figure 3.3.3: The difference between the southern hemisphere δ13C-CH4 emulator
and the true value in the MOZART model for each of the 90 validation simulations,
averaged over the time series, is plotted against the value of each input parameter
in a separate panel.
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Figure 3.3.4: The difference between the northern hemisphere δ13C-CH4 emulator
and the true value in the MOZART model for each of the 90 validation simulations,
averaged over the time series, is plotted against the value of each input parameter
in a separate panel.

3.3.2 Relation of emulator errors and outputs

For a Gaussian process, standardised differences between the emulator and the true

model run should also be normally distributed. These differences are calculated by

yem − ymzt

σem
, (3.5)
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where yem is the emulator prediction for one month, ymzt is the corresponding

MOZART output, and σem is the emulator calculated error for that month. In

the quantile-quantile plots of Figure 3.3.5, these differences between the emulator

and the true model can be compared to a normal distribution. The black line is

for the idealised case where the residuals are perfectly normally distributed. The

main discrepancies are for the methane mole fraction emulators in the middle of the

time series, where the emulator has over-predicted the error. This is because the

emulator-estimated error is time-invariant, but the model output range is smaller

in the middle of the time series, which is caused by the trend parameters (Section

2.3). The trend parameters have been designed to conserve the total magnitude of

the source or sink over the time series. For example, a trend parameter that reduces

a term by 20 % is applied as a 10 % increase in the first year, decreasing to no

change in the middle of the time series, and then decreasing to -10 % in the final

year. Therefore, all the possible trend values have the same magnitude in the centre

of the time series, so there are fewer degrees of freedom here, and hence a smaller

output range. This reduced output range is not seen in the δ13C-CH4 emulators due

to the much longer time lag between input changes and δ13C-CH4 response.
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Figure 3.3.5: Quantile-quantile plots of the standardised emulator residuals for each
hemispheric emulator (each row) at the beginning, middle, and end of the time series
(each column). The black line, y=x, is plotted as a visual guide and represents the
ideal case that the distribution of the residuals is perfectly Gaussian.

3.3.3 Auto-correlation functions

Mean auto-correlation functions were calculated for the MOZART simulations and

the emulator predictions, which are shown in Figure 3.3.6. The emulators are able to

replicate the time correlation structure seen in MOZART very well, and significantly

better than either method of time series emulation presented in Conti & O’Hagan

(2010). This is potentially because their complex model is less auto-correlated than
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MOZART, which can be modelled as an AR(1) process (Equation 3.2). For less

auto-correlated models other emulator set-ups, such as those discussed in Conti &

O’Hagan (2010), may be more appropriate.
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Figure 3.3.6: A comparison of the average auto-correlation function: MOZART is
shown as the orange bars, and the emulators are shown as the black bars. Each
panel shows a different output: (a) the southern hemisphere methane mole fraction,
(b) the northern hemisphere methane mole fraction, (c) the southern hemisphere
δ13C-CH4, and (d) the northern hemisphere δ13C-CH4.
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3.3.4 The size of the emulator error compared to the model

invariant parameter error

Using an emulator adds an extra source of uncertainty into our system. For the

emulators to be useful, their error needs to be small in comparison to the other

sources of error. The emulator error was calculated by predicting the validation

dataset and comparing the predictions to the MOZART output, using the root

mean squared error:

RMSE =

√√√√ n∑
i=1

(yem − ymzt)2

n
, (3.6)

where yem is the emulator output, ymzt is the MOZART output, and n is the number

of simulations being compared. The RMSE was calculated to be about 1.2 ppb and

0.06 ‰ for the hemispheric methane mole fraction and δ13C-CH4 respectively. This

emulator error is compared to the MOZART invariant parameter error in Figure

3.3.7. The MOZART invariant parameter error (Section 2.5.2) is comparatively

large: about 10 ppb and 0.1 ‰, and can be considered a lower bound on the total

MOZART error. The MOZART invariant parameter error is about three times the

size of the emulator error for the methane mole fraction, and twice the size for δ13C-

CH4. These errors are added in quadrature, so the MOZART invariant parameter

error dominates.
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Figure 3.3.7: The MOZART invariant parameter (blue line), emulator (green line),
and total (black line) errors for each of the four emulators: (a) the southern hemi-
sphere methane mole fraction, (b) the northern hemisphere methane mole fraction,
(c) the southern hemisphere δ13C-CH4, and (d) the northern hemisphere δ13C-CH4.

3.4 The number of runs required to build a useful

Gaussian process

As the MOZART invariant parameter error is significantly larger than the emula-

tor error (Section 3.3.4), it should be possible to use a less accurate emulator that

requires fewer training runs. As making the training dataset is the most computa-
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tionally expensive step in the emulation process, this would be beneficial for more

time-consuming higher-resolution models.

The accuracy of the emulators trained with different numbers of runs is shown in

Figure 3.4.1, which is measured by the temporal average of the root mean squared

error (Equation 3.6). The residuals between the emulators and MOZART were cal-

culated using leave one out cross validation (each simulation in the training dataset

is removed in turn, and the emulator predicts this removed point). This figure shows

that additional runs lead to a diminishing accuracy increase. For many applications,

emulators with an error not much smaller than the MOZART invariant parameter

error are satisfactory, as the invariant parameter error is an underestimate of the

total MOZART error. Therefore, little more than 90 runs are required.

In general, the number of training runs required scales with the number of input

parameters. However, if a few parameters dominate the output sensitivity (the

problem is of lower dimensionality than it appears) and the parameter space is close

to linear (only one more training simulation than the number of parameters would

be needed if so) it is possible to train an accurate emulator with fewer runs (O’Hagan

2006). These conditions of lower dimensionality (Chapter 4) and close to linearity

are met for the MOZART output, so the model could be run at a higher resolution

and emulation would still be feasible if a reduced training datset was used.
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Figure 3.4.1: A plot showing how the root mean squared error (RMSE) between
the emulator and MOZART changes for different numbers of training runs in the
emulator. Each measurement type is shown in a separate panel: (a) the methane
mole fraction, with the southern hemisphere in black and the northern hemisphere in
green; and (b) δ13C-CH4, with the southern hemisphere in orange and the northern
hemisphere in blue. There are only three points as each point requires a new Latin
hypercube design in order to properly sample the parameter space with a different
number of simulations. This means that each point requires a new set of MOZART
training simulations, which is computationally expensive to repeat multiple times.
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3.5 Comparison of multiple linear regression and

the Gaussian process

The mean function of the Gaussian process is a multiple linear regression (Section

3.2). If the relationship between inputs and outputs is either linear or close to

linear, with little parameter interaction (Section 4.3.2), then the multiple linear

regression alone would be able to emulate MOZART. Multiple linear regression

is advantageous as it requires a smaller training dataset (hence fewer MOZART

simulations), and is simpler than a Gaussian process. The methane mole fraction

input-output relationships have also been assumed to be linear and not interacting

for small changes in the sources and sinks in many previous studies (e.g. McNorton

et al. (2018)). Therefore, the performance of the two methods are compared in this

section.

In Figure 3.5.1, the differences between MOZART and the multiple linear regression

are compared to the differences between MOZART and the Gaussian process. The

Gaussian process residuals are much smaller, with a root mean squared error of 1.0

ppb and 0.06 ‰, compared to 18 ppb and 0.17 ‰ for the multiple linear regression.

This multiple linear regression error is large compared to the MOZART invariant

parameter error, unlike the Gaussian process error (Section 3.3.4), so it would be

harder to precisely match observations with multiple linear regression.

The methane mole fraction root mean squared error is 18 times larger for the multiple

linear regression than for the Gaussian process, compared to three times for δ13C-

CH4. The reason why the multiple linear regression performance is poorer can be

examined by plotting the multiple linear regression residuals against the value of

each of the input parameters. Any correlation between the size of the residual

and the value of a parameter signifies that the output is not linear with respect to

that parameter. From examining these correlations, the reason why the multiple

linear regression is so much worse at predicting the methane mole fraction is its

non-linearity with respect to the OH loss (Section 2.2.2). This non-linearity can

be corrected for by using multiple linear regression of the methane mole fraction
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with respect to a transformed OH parameter. Several transforms were tested (e.g.

1/[OH] and -ln([OH])), and the log was found to give the best fit, taking the root

mean squared error of the multiple linear regression to 11 ppb, (the full residual

distribution can be seen and compared in Figure 3.5.1). This uncertainty could,

presumably, be decreased further if the training data was sampled with a Latin

hypercube over the log-transformed input space. This is still significantly poorer

than the Gaussian process, implying that the remaining small non-linearities and

parameter interactions are important for predicting the output value.

Gaussian process                   Multiple linear regression         Log multiple linear regression     
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Figure 3.5.1: The residuals between the different methods (in different colours) and
the true MOZART output for (a) the global mean methane mole fraction and (b)
the global mean δ13C-CH4. Each emulator is built by a Gaussian process (grey) and
a multiple linear regression (orange). The global methane mole fraction has an ad-
ditional emulator: a multiple linear regression with log transformed OH (blue). The
hemispheric emulators are averaged to produce a global mean and the histograms
of the residuals are overlaid.
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3.6 Summary

Gaussian processes have allowed emulators for a global three-dimensional CTM to

be built, producing a fast and accurate approximation of the CTM output. Emulat-

ing a three-dimensional CTM allows high spatial resolution in the input fields and

accounts for interannual variability in transport, which are generally not present in

box models. Gaussian process emulation also accounts for non-linear relationships

between inputs and outputs and provides an estimate of the additional uncertainty

caused by using emulation.

The Gaussian process outperforms multiple linear regression at emulating atmo-

spheric methane simulations: the Gaussian process root mean squared error is small

in comparison to the MOZART invariant parameter error, whereas the multiple lin-

ear regression error is larger than the MOZART invariant parameter error. The

poor performance of the multiple linear regression is because of the non-linearities

and parameter interactions, in particular the non-linearity in the response of the

methane mole fraction to the OH sink. However, multiple linear regression does

have the advantages of requiring a smaller training dataset and being computation-

ally simpler than a Gaussian process. Though, a balance between computational

expense and precision can be achieved for CTMs where even hundreds of training

simulations could be prohibitive. In this case little more than 100 simulations of the

model are required to build a Gaussian process emulator with a root mean squared

error similar to the MOZART invariant parameter error. This could make running

MOZART at a higher resolution feasible.

In the following two chapters, the emulators are applied to two analyses that require

millions of model simulations. At the computational expense of MOZART, these

analyses would have been unfeasible, but become simple with the fast emulators.

In Chapter 4 a sensitivity analysis is described, which aims to find the sources and

sinks that the methane observations are most affected by. These most important

sources and sinks can then be prioritised for further research in order to reduce

the uncertainty in the methane budget. In Chapter 5, a parameter optimisation is

carried out to test if the emulators can help to restrict the possible values of the
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methane sources and sinks.
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Chapter 4

The sensitivity of atmospheric

methane observations to sources

and sinks

4.1 Introduction

This chapter aims to find the methane sources and sinks whose uncertainties have

the largest impacts on the modelled methane mole fraction and δ13C-CH4. This is

done with a sensitivity analysis, and as far as we aware, is the first application of

this method to methane modelling. The sources and sinks identified as having the

largest impacts on the methane mole fraction and δ13C-CH4 can then be prioritised

for further research in order to reduce their uncertainty, and hence the uncertainty

in the methane budget.

For complex models, such as MOZART, one-at-a-time sensitivity tests (where only

one parameter is perturbed from a baseline case) are often carried out (e.g. Bailis

et al. (2005), Campbell et al. (2008), and several others of this type of study are

discussed in Saltelli & Annoni (2010)). However, the use of this method for complex

models has been rebuked by the statistical community (Saltelli & Annoni 2010) as it

has two main disadvantages. The first is that it ignores the interaction of parameters,

and the effect of changing parameters together may be greater than changing the
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parameters independently. This assumption of non-interacting parameters is only

valid for an additive model (Saltelli et al. 2000), which complex models are invariably

not. The second issue is the large number of parameters in a complex model. By

only perturbing one parameter at once, one-at-a-time tests cover a fraction of the

parameter space that tends to zero as the number of parameters increases (Saltelli

& Annoni 2010).

There are other sensitivity tests available, but these require many more simulations,

which are unfeasible for the time taken to produce simulations from complex models.

For example, variance-based sensitivity analysis (Saltelli et al. 2000) often requires

millions of simulations. However, this method does allow the calculation of param-

eter interactions and gives an answer that is representative of a far larger fraction

of a high-dimensional parameter space.

The emulators from Chapter 3 can be used for sensitivity analysis instead of running

MOZART for each combination of model inputs. By using an emulator, only the

∼ 102 MOZART simulations (Chapter 2) required to train the emulators are needed,

along with ∼ 106 emulator simulations for the sensitivity analysis itself. This makes

it much faster than running MOZART for each of the ∼ 106 sensitivity test cases.

Therefore, use of the fast emulators makes the variance-based sensitivity analysis

presented in this chapter feasible. This is advantageous because the interaction of

parameters can cause a large fraction of the output variance in a non-additive model

(Saltelli et al. 2000), such as MOZART. This means that a parameter that appeared

as a minor contributor to the output variance in one-at-a-time tests, can be a major

contributor in the variance-based sensitivity analysis. By using a variance-based

sensitivity test we ensure that all parameters whose uncertainty strongly affects the

methane observations are identified.
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4.2 Method

4.2.1 The sensitivity indices

The sensitivity of the MOZART output to its inputs can be quantified using sensi-

tivity indices, which measure the proportion of the output variance explained by an

input parameter being varied over its possible range (Saltelli et al. 2000). In this

thesis, two sensitivity indices are calculated: the first order and total effect indices.

The first order sensitivity index reflects the proportion of the variance in the output

that can be attributed to a single parameter. This can be calculated as

Sk =
V [E(y|xk)]

V (y)
, (4.1)

where V [E(y|xk)] is the variance in the expected value of the emulator output y

given the value of parameter xk, and V (y) is the variance in the emulator output

caused by all parameters.

The total effect index is the proportion of the output variance that can be explained

by a single parameter and its interactions with all other parameters. This can be

calculated as

STk = 1− V [E(y|x∼k)]

V (y)
, (4.2)

where V [E(y|x∼k)] is the variance in the expected value of y caused by all parameters

except xk. A parameter’s interactions with other parameters can be calculated by the

difference between the total sensitivity index and the first order sensitivity index.

These sensitivity indices were calculated using the Monte-Carlo methods (Saltelli

et al. 2000) presented in Section 4.2.2.

4.2.2 The Monte-Carlo calculation of the sensitivity indices

A Sobol sequence (Sobol’ 1967, Antonov & Saleev 1979) (a quasi-random space filling

algorithm) was used to choose parameter combinations and ensure good coverage of
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the input parameter space. For example, a one-dimensional Sobol sequence covering

a parameter that varies from 0 to 1 will start with x0, a random number between

0 and 1, and subsequent values (x1, x2, x3, x4, x5 etc.) will differ from x0 by 0.5,

0.75, 0.25, 0.375, 0.875 etc. In higher dimensions, the same numbers appear in the

Sobol sequence but in a different order, so that the samples are well distributed in

parameter space.

In this work, a (N , 2k) matrix from a Sobol sequence was generated, where N is the

number of model simulations (1 680 000) and k is the number of input parameters

(28). This matrix was split into two smaller (N , k) matrices: A and B. A third

matrix Ci, was constructed by replacing the ith column of B with the ith column

of A. The three matrices are input to the emulators to generate N model outputs

each: yA, yB, and yCi
. This means that 50.4 million (N × (k + 2)) runs of the

emulators are required. Using these matrices, the first order sensitivity indices can

be calculated by

Si =

1
N

N∑
j=1

yj
Ay

j
Ci
− f 2

0

1
N

N∑
j=1

(yj
A,y

j
B)2 − f 2

0

, (4.3)

where (yj
A,y

j
B) is yj

A and yj
B concatenated, and

f 2
0 =

(
1

N

N∑
j=1

(yj
A,y

j
B)

)2

. (4.4)

This formula can be thought of as working as A and Ci have different parameter

values for all parameters except the ith parameter. If the ith parameter has a large

effect on the output then the elements of yA and yCi
will be highly correlated.

However, if the ith parameter is unimportant then the elements of yA and yCi
are

randomly distributed. When yA and yCi
are highly correlated, Si will be larger as

large elements of yA are multiplied by large values of yCi
.
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The total effect indices can be calculated by

STi = 1−

1
N

N∑
j=1

yj
By

j
Ci
− f 2

0

1
N

N∑
j=1

(yj
A,y

j
B)2 − f 2

0

. (4.5)

This formula can be thought of as working because B and Ci only have different

parameter values for the ith parameter. This means that the fractional part of

Equation 4.5 of yB and yCi
is the first order sensitivity for all parameters but the

ith parameter. The remainder of the sensitivity is caused by the ith parameter and

its interactions with the other parameters, hence the subtraction from one.

Uncertainty in these indices was calculated using bootstrap resampling, where N

samples from yA, yB, and yCi
are drawn with replacement, and the sensitivity

indices recalculated. This was repeated 10 000 times, and the standard deviation in

the 10 000 indices is taken as an estimate of the uncertainty.

Gaussian process emulation does allow the sensitivity indices to be calculated more

computationally efficiently using integration (Oakley & O’Hagan 2004), which has

been made widely accessible with the free GEM-SA software (Kennedy 2009, Lee

et al. 2011). However, GEM-SA does not allow the inclusion of time correlation

used in the emulators constructed in this thesis (Section 3.2.2).

4.3 Results and discussion

The first order sensitivity indices and parameter interactions are presented and dis-

cussed in Sections 4.3.1 and 4.3.2, respectively. In this sensitivity analysis, constraint

on the parameter ranges from comparing the observations and the MOZART out-

put has not been considered. The parameters that the outputs are most sensitive

to are most likely to be constrained by observations (Chapter 5). Therefore, if ob-

servational constraint was considered in this sensitivity analysis, the methane mole

fraction and δ13C-CH4 would appear sensitive to more parameters than presented

here. However, the full parameter ranges explored here provide a more complete
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representation of our understanding of the methane budget, as they include values

derived from a multitude of studies, both bottom-up and top-down.

4.3.1 First order sensitivity indices

The sensitivity of the MOZART outputs to the input parameters is examined in

Figure 4.3.1. The first order sensitivity indices (Equation 4.1) shown in this plot

give the proportion of the output variance due to varying that parameter. In this

section, each of the output sensitivity plots is examined.

Figure 4.3.1a shows that the global mean methane mole fraction sensitivity is dom-

inated by the OH loss magnitude (73 %), with contributions from the freshwater

(13 %) and wetlands (8 %) source magnitudes. This order predictably follows the

absolute size of the uncertainty in the source and loss magnitudes, illustrated in

Figure 1.2.1.

The global mean δ13C-CH4 depends on a different set of parameters, which are shown

in Figure 4.3.1b. The three parameters that the global mean δ13C-CH4 is most

sensitive are: the Cl sink magnitude (27 %), the agricultural source δ13C-CH4 (16

%), and the initial condition source δ13C-CH4 (16 %), with several other parameters

contributing significantly: the freshwater source magnitude, the wetlands source

magnitude, and the stratospheric loss magnitude. The fact that methane mole

fraction and δ13C-CH4 are sensitive to different parameters, means that δ13C-CH4 is

a complementary measurement to the methane mole fraction. However, two of the

parameters that δ13C-CH4 is most sensitive to are δ13C-CH4-specific (the agricultural

source δ13C-CH4 and the initial condition source δ13C-CH4), and do not on their

own, provide new information about the magnitudes of the different sources and

sinks in the methane budget. Unlike the global mean methane mole fraction, the

ordering of the parameters that the global mean δ13C-CH4 is most sensitive to does

not simply follow the absolute uncertainty sizes. The parameter that δ13C-CH4 is

most sensitive to is the Cl loss magnitude, which has a small uncertainty compared

to other terms, but it is highly fractionating. The next parameter is the agricultural
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source δ13C-CH4, which does have a large uncertainty compared to other source

δ13C-CH4 signatures, but also is significantly more negative than the atmospheric

δ13C-CH4 compared to other sources, so that changes in this value have a larger

effect on the atmospheric δ13C-CH4. The high sensitivity to the initial condition

source δ13C-CH4 is due to the long response time of δ13C-CH4 in the atmosphere

compared to the length of time examined here.

The methane mole fraction inter-hemispheric difference (calculated as the temporal

mean over the northern hemisphere minus the southern hemisphere as in Section

2.4.3) is most sensitive to the freshwater (66 %), fossil fuel (15 %), and wetlands (8

%) source magnitudes as shown in Figure 4.3.1c. These are parameters with large

uncertainties and large differences in emissions between the hemispheres, as shown

in Figure 2.2.7. The parameter with the largest uncertainty, the OH loss magnitude,

has been assumed in this study to have very little difference in concentration between

the two hemispheres (Patra et al. 2014), explaining the low sensitivity for this output.

However, had the uncertainty in the hemispheric distribution of OH been included,

it would likely be a large proportion of the sensitivity.

The δ13C-CH4 inter-hemispheric difference (Figure 4.3.1d) has many more parame-

ters that it is sensitive to than the methane mole fraction inter-hemispheric differ-

ence. The parameters with the largest first order sensitivity indices are: the initial

condition source δ13C-CH4 (22 %), the Cl sink magnitude (18 %), and the fossil fuel

source δ13C-CH4 (12 %). There are also significant contributions from the strato-

spheric loss magnitude, the OH loss magnitude, and the wetlands source magnitude.

The order of these sensitivities is similar to the δ13C-CH4 global mean, but terms

with a large difference between the hemispheres are more important. Fossil fuel

emissions have a large uncertainty and large difference between the hemispheres, so

the source magnitude and δ13C-CH4 signature of this source are more important

than the other sources, apart from wetlands and fresh water.

Both methane mole fraction and δ13C-CH4 trends (calculated as the global mean in

December 2012 minus December 2000 as in Section 2.4.3) are primarily sensitive to

a single parameter, which is shown in Figures 4.3.1e and 4.3.1f respectively. The
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methane mole fraction trend is dominated by the OH loss magnitude (58 %) and

the δ13C-CH4 trend is dominated by the initial condition source δ13C-CH4 (71 %).

The OH loss trend (15 %), freshwater source magnitude (9 %), and wetlands source

magnitude (6 %) contribute significantly to the methane mole fraction trend, and

the agricultural source δ13C-CH4 (11 %) to the δ13C-CH4 trend. The combination of

the OH loss magnitude and trend as the most sensitive for the methane mole fraction

trend is due to the OH loss term having the largest uncertainty in terms of absolute

methane of any parameter (Figure 1.2.1). The initial condition’s dominance over

the δ13C-CH4 trend is due to the slow response time in the atmospheric δ13C-CH4,

so that the trend is largely dependent on its starting point. This work does examine

a large range of δ13C-CH4 initial condition values (Table 2.6), but this parameter

is important even over small ranges. If the δ13C-CH4 initial condition is perturbed

by 0.1 ‰ (a more typical uncertainty when the initial conditions are constrained

by observations) from the initial median parameter values, the output atmospheric

δ13C-CH4 trend changes by 0.04 ‰. This is almost half the δ13C-CH4 trend in the

observations, so represents a serious challenge for using the δ13C-CH4 measurements

to constrain the recent changes in the methane budget.

This sensitivity analysis highlights several challenges that are important to consider

in methane inverse modelling studies. Three parameters shown to be important

are often ignored: the OH sink is often assumed to be known (e.g. Schaefer et al.

(2016), Worden et al. (2017)), as is the Cl sink (e.g. Nisbet et al. (2016), Rigby

et al. (2017)) or the Cl sink is left out completely (e.g. Turner et al. (2017)); and

this work is the first to include the freshwater source explicitly, not just as part of

the total source. δ13C-CH4 measurements are sometimes not used (e.g. Bousquet

et al. (2011)), although due to its sensitivity to many parameters that methane mole

fraction is insensitive to, it should provide useful and complementary information.

However, its slow response time in the atmosphere means that the model output

is highly sensitive to the initial conditions. Therefore, this source of uncertainty is

critical in studies of the global methane budget, which use δ13C-CH4 measurements,

over timescales of less than decades.
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(c) CH4 inter-hemispheric difference
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(d) δ13
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(e) CH4 trend
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 C −CH4 trend
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Figure 4.3.1: The first order sensitivity coefficients to the input parameters for six
outputs: (a) methane mole fraction global mean, (b) δ13C-CH4 global mean, (c)
methane mole fraction inter-hemispheric difference, (d) δ13C-CH4 inter-hemispheric
difference, (e) methane mole fraction trend, and (f) δ13C-CH4 trend. The values
given here are for the temporal mean of the time series. The input parameter
codes are given by a combination of a two character code giving the source or loss,
(wetlands (we), fresh water (fw), agriculture (ag), rice (ri), waste (wa), fossil fuels
(ff), biomass burning (bb), volcanoes (vo), hydroxyl radical (OH), stratospheric
(ST), Cl radical (Cl), soil (so), total source magnitude (qm), total source δ13C-
CH4 (qd), total loss imbalance (ql)) and another code giving the type of parameter,
(source δ13C-CH4 (sd), source magnitude (sm), loss magnitude (lm), temporal trend
(t1), initial condition (ic)). The error bars are the uncertainties in the indices,
calculated by bootstrap resampling as described in Section 4.2.2.

108



CHAPTER 4. THE SENSITIVITY OF ATMOSPHERIC METHANE
OBSERVATIONS TO SOURCES AND SINKS

4.3.2 The interactions of the parameters

The total effect (Equation 4.2) of each parameter was calculated, allowing the inter-

action between parameters to be calculated by subtracting the first order sensitivity

from the total effect. The interaction of a parameter is the proportion of the output

variance explained by changing that parameter alongside the other parameters, re-

moving the effect of changing the parameter independently of the other parameters.

The interactions are shown in Figure 4.3.2 and were found to be small, 3 % at most.

The interactions across all parameters account for 9 % of the output variance in the

δ13C-CH4 inter-hemispheric difference, and at most 1 % for the other five outputs.

This means, for the purpose of a sensitivity analysis, that we can essentially consider

the effect of each input independently, and in this case, one-at-a-time tests would

have produced a similar result.

An example of a parameter that might have been expected to show interaction effects

is the OH loss magnitude with source magnitude parameters for the methane mole

fraction output: if the OH concentration is low, then a change in emissions would

be expected to have a larger effect on the methane mole fraction than if the OH

concentration was higher. Consider the extreme case that the OH concentration

is zero, then almost all methane emissions would remain in the atmosphere and

increase the methane mole fraction greatly. However, as the OH concentration

increases, more of the emissions are removed, and emissions of the same magnitude

produce a smaller change in the methane mole fraction. For the δ13C-CH4, source

magnitudes and δ13C-CH4 signatures would be expected to interact. This time,

consider a source with zero emissions. Changing this source’s δ13C-CH4 will have no

effect on atmospheric δ13C-CH4. However, as the emissions of this source increase, as

will the resulting change in atmospheric δ13C-CH4. The very small interaction of the

parameters in the examples above means that these effects are negligible compared to

the effect of just changing the single parameter within its uncertainty range. This is

because, in these examples, the interactions are going to be greatest when parameter

values are close to zero, which none of the source or loss magnitudes included are,

and the parameter ranges are too small for this effect to become significant.

109



CHAPTER 4. THE SENSITIVITY OF ATMOSPHERIC METHANE
OBSERVATIONS TO SOURCES AND SINKS

Whilst the interactions are small in terms of a sensitivity analysis, for the purpose of

building an accurate emulator, these small interactions are important. For example,

the 0.2 % and 0.9 % output variance accounted for by parameter interactions in the

global mean mole fraction and global mean δ13C-CH4, respectively, is equivalent to a

standard deviation of 10 ppb and 0.13 ‰ in the output. These standard deviations

are large compared to the quantities that the emulator is trying to predict (e.g. inter-

hemispheric difference or trends). These values account for most of the difference in

performance of the Gaussian process and multiple linear regression, which does not

consider parameter interactions, in Section 3.5.
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 C −CH4 global mean
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(c) CH4 inter-hemispheric difference
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(d) δ13
 C −CH4 inter-hemispheric difference
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(e) CH4 trend
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(f) δ13
 C −CH4 trend
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Figure 4.3.2: The interaction terms of the parameters for each of the outputs: (a)
methane mole fraction global mean, (b) δ13C-CH4 global mean, (c) methane mole
fraction inter-hemispheric difference, (d) δ13C-CH4 inter-hemispheric difference, (e)
methane mole fraction trend, and (f) δ13C-CH4 trend. The values given here are for
the temporal mean of the time series. The input parameter codes are given by a
combination of a two character code giving the source or loss, (wetlands (we), fresh
water (fw), agriculture (ag), rice (ri), waste (wa), fossil fuels (ff), biomass burning
(bb), volcanoes (vo), hydroxyl radical (OH), stratospheric (ST), Cl radical (Cl), soil
(so), total source magnitude (qm), total source δ13C-CH4 (qd), total loss imbal-
ance (ql)) and another code giving the type of parameter, (source δ13C-CH4 (sd),
source magnitude (sm), loss magnitude (lm), temporal trend (t1), initial condition
(ic)). The error bars are the uncertainties in the indices, calculated by bootstrap
resampling as described in Section 4.2.2.
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4.4 Conclusions

In this chapter, the first comprehensive sensitivity analysis of modelled atmospheric

methane mole fraction and δ13C-CH4 to sources and sinks was presented. The speed

of emulation allowed many more MOZART outputs to be generated than would be

possible by running MOZART itself, permitting a thorough variance-based sensi-

tivity analysis to be carried out, which required over a million simulations. This

analysis identified the sources and sinks whose uncertainty contributes the most to

the uncertainty in the modelled methane output. If the uncertainty in these terms

could be reduced, there would be the most significant gains in the understanding

of the methane budget. Hence, these parameters should be a priority for further

research. In order of decreasing importance, we find that these parameters are: the

OH loss magnitude and freshwater source magnitude for the methane mole frac-

tion; and Cl loss magnitude for δ13C-CH4. Additionally, if δ13C-CH4 is to be fully

utilised, measurements and modelling methods must be developed to reduce uncer-

tainty in the δ13C-CH4 initial conditions and some source signatures (particularly

for agriculture).

The sensitivity analysis demonstrated some of the challenges with current methane

modelling. In previous studies, the OH sink is often held constant and assumed to

be known precisely, similarly, the Cl sink is assumed to be constant or not included

at all, and the freshwater source is often omitted (Section 2.2.3). However, methane

mole fraction and δ13C-CH4 magnitudes, trends, and inter-hemispheric differences

are highly sensitive to these parameters, so their uncertainty must be considered.

Furthermore, as variation within their uncertainties can cause large changes in the

modelled methane output, changes in these parameters are candidates for the cause

of the recent changes, and so should be included as separate terms to be solved for.

The δ13C-CH4 measurements should be a useful addition to the methane mole frac-

tion in order to constrain the sources and sinks of methane, as they are sensitive to

many model parameters to which methane mole fraction observations are insensitive.

However, many parameters that the isotopologue measurements are most sensitive

to are δ13C-CH4-specific, and do not, on their own, provide additional information
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about the magnitudes of the different sources and sinks needed to constrain the

methane budget (e.g. source δ13C-CH4 signatures). The δ13C-CH4 measurements

(global mean, inter-hemispheric difference, and trend) are also highly sensitive to

the initial conditions, and so these must be well constrained in order for δ13C-CH4

to be useful.
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Chapter 5

Using emulators to quantify the

global atmospheric methane

budget

5.1 Introduction

Chapter 4 identified the methane sources and sinks whose uncertainty contributes

the most to the variance in modelled methane mole fraction and δ13C-CH4. These

are the sources and sinks that are most important to reduce uncertainty in order

to understand the drivers of change in atmospheric methane observations. The

next question is whether the emulators can be used to help with this uncertainty

reduction in the most important terms in the methane budget. This can be achieved

by examining the probability that the inputs to MOZART (which parameterise the

methane sources and sinks) are the true inputs, given a set of observations. Using

this probability, input parameter values that are inconsistent with observations can

be discarded, reducing the range of possible values for the parameters, and hence for

methane sources and sinks. In this way, this chapter uses the emulators to determine

the ranges of the methane sources and sinks that are consistent with observations.

The method builds on the work of the previous chapters: the MOZART simulations

in Chapter 2 are used to build the emulators described in Chapter 3, which predict
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MOZART outputs at untested input parameter values in this chapter. These em-

ulator outputs can be compared to the observations using the method outlined in

Section 5.2, which splits the emulator outputs into those that are consistent with

observations and those that are not. The emulator outputs that match the observa-

tions are examined in Section 5.3, before looking at the input parameters of these

simulations in Section 5.4. How much constraint the δ13C-CH4 provides, compared

to the methane mole fraction alone, is explored in Section 5.5. Finally, some of the

challenges that arose with the method are discussed in Section 5.6.

5.2 Method

This section presents the method used to compare the emulator outputs and the

observations. The emulators are used to predict thousands of untested input param-

eter combinations, which are chosen using a Sobol sequence (Sobol’ 1967, Antonov

& Saleev 1979) in order to get good coverage of the input parameter space (Section

4.2.2). Section 5.2.1 details the implausibility function which measures how far these

emulator outputs are from the observations, and the covariance matrix used in this

calculation is outlined in Section 5.2.2.

5.2.1 The implausibility function

In order to decide which emulator outputs match the observations, given the uncer-

tainties in the system, an implausibility function is used (Craig et al. 1996, 1997).

This is a probabilistic measure calculated for each emulator output. If the value

is large, this suggests that this emulator output is inconsistent with observations.

This implausibility function is composed of

I2(x) = (z − E(F (x)))TC−1(z − E(F (x))), (5.1)

where I is the implausibility value, z is the observational time series, C is the error

covariance matrix (which will be discussed in Section 5.2.2), and E(F (x)) is the

emulator output for a set of parameters x. The implausibility value can then be
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compared to some cut-off. Emulator outputs higher than this value are discarded

as they are unlikely to be consistent with the observations, and those that are lower

than this value are accepted as plausible. This implausibility function is equivalent to

the cost function (Equation 1.13) of previous studies using inverse methods outlined

in Section 1.6, with a uniform prior distribution.

A sum of the squares of n independent standard normal random variables, such

as I2(x), is distributed as a chi-squared distribution with n degrees of freedom.

Therefore, the cut-off value is chosen from the quantile function of a chi-squared

distribution with the same number of degrees of freedom as there are observations

(Mardia et al. 1979). This value can be chosen accordingly for the aim of the work,

and in this work, the most plausible range of input parameters is investigated, so

a probability content of 0.683 was chosen. This is the fraction of data points that

fall within one standard deviation on a normal distribution. In this work, there are

560 observations and hence degrees of freedom (as months with missing data are

excluded), and 0.683 corresponds to a value of 575 (to three significant figures) from

the quantile function of a chi-squared distribution with 560 degrees of freedom. This

value of 575 will be used as the cut-off value in this work.

5.2.2 The covariance matrix

In order to know if the emulator output and observations match, the uncertainty

in the system must be accounted for. This is the role of the covariance matrix C,

which was built from three parts: the chemical transport model (CTM) invariant

parameter error, the emulator error, and the model-measurement discrepancy error,

each of which is described below. Since the methane mole fraction and δ13C-CH4

have very different magnitudes, the errors presented in the figures are normalised to

be a fraction of the mean observed value for that observation type and hemisphere,

putting the emulators on a similar scale for visualisation. Therefore, the plotted

covariance matrices are for illustrative purposes only, and the covariance matrix

used in the calculation of the implausibility function contains the unnormalised

values.
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The MOZART invariant parameter error was calculated as described in Section 2.5.2.

The resulting MOZART covariance matrix is shown in Figure 5.2.1, and has several

key features. The methane mole fraction quadrant stands out: the fractional error

in the methane mole fractions is much larger than that in δ13C-CH4. This quadrant

also shows how hemispheric covariation is very strong, and that the covariance grows

with time. This is because the invariant parameters have an effect throughout the

time series. For example, if a source’s emissions are too high, they are too high for

the whole time series, meaning that the methane mole fraction grows throughout the

time series. In contrast, the off-diagonal quadrants are approximately zero, showing

that there is very little correlation between the invariant parameter uncertainties in

methane mole fraction and δ13C-CH4.
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Figure 5.2.1: A visualisation of the covariance matrix of the MOZART invariant
parameter error. Each hemispheric methane mole fraction and δ13C-CH4 square
shows the time series with missing observations removed, and the values plotted are
a fraction of the mean observed value. The axis labels are limited for clarity, e.g.
the y-axis could be further labelled CH4, SH month 1 in the top corner, down to
δ13C-CH4, NH month 156 in the bottom corner.

The emulator error covariance matrix is calculated for each emulator simulation, as

in Equation 1.17, because the accuracy of the emulator prediction depends on how

close the input parameters are to the input parameters of the training dataset, as

demonstrated in Section 1.8.1. This means that the emulator error in each hemi-

sphere is constant throughout the time series, as each time point has the same inputs

and so they are the same distance from the training dataset. The emulators were
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built independently, so their errors form a block diagonal in the covariance matrix,

which is shown in Figure 5.2.2 for the mean covariance matrix of the 90 simulations

in the validation dataset. From this figure, the δ13C-CH4 emulators can be seen to

have a larger relative error than the methane mole fraction emulators.
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Figure 5.2.2: A visualisation of the mean emulator error covariance matrix for the
validation dataset simulations. Each hemispheric methane mole fraction and δ13C-
CH4 square shows the time series with missing observations removed, and the values
are presented as a fraction of the mean observed value. The axis labels are limited
for clarity, e.g. the y-axis could be further labelled CH4, SH month 1 in the top
corner, down to δ13C-CH4, NH month 156 in the bottom corner.

The model-measurement discrepancy error is calculated as in Section 2.5.2. The
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covariance matrix is diagonal, which is shown in Figure 5.2.3. The fractional er-

rors are much larger for the methane mole fraction, in particular for the northern

hemisphere with its much higher emissions.

0e+00

1e-05

2e-05

3e-05

4e-05

CH4, SH CH4, NH δ
13

 C −CH4, SH δ
13

 C −CH4, NH

V
a
lu

e
 o

f 
co

v
a
ri

a
n
ce

 m
a
tr

ix
 d

ia
g

o
n
a
l

Figure 5.2.3: A visualisation of the diagonal of the model-measurement discrepancy
error covariance matrix. The missing observations have been removed, and the
values are presented as a fraction of the mean observed value.

The three uncertainty covariance matrices (MOZART invariant parameter (Cmzt),

emulator (Cem), and model-measurement discrepancy (Cobs)) are summed to pro-

duce the total covariance matrix (C):

C = Cmzt +Cem +Cobs. (5.2)
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The total covariance matrix is shown in Figure 5.2.4. On the diagonal, the model-

measurement discrepancy error and the MOZART invariant parameter error dom-

inate, with the emulator error making the smallest contribution for both methane

mole fraction and δ13C-CH4. The off-diagonal elements are smaller than the diago-

nals, and are dominated by the MOZART invariant parameter error.
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Figure 5.2.4: A visualisation of the total covariance matrix. Each hemispheric
methane mole fraction and δ13C-CH4 square shows the time series with missing
observations removed, and the values are presented as a fraction of the mean ob-
served value. The axis labels are limited for clarity, e.g. the y-axis could be further
labelled CH4, SH month 1 in the top corner, down to δ13C-CH4, NH month 156 in the
bottom corner.
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5.3 The agreement between the emulator outputs

and the observations

In this section, the emulators are used to predict the MOZART outputs for many

untested input parameter combinations. These emulator outputs are compared to

the observations using the implausibility function (Equation 5.1), and either ac-

cepted or rejected based on the cut-off value as outlined in Section 5.2.1. Two

measures of implausibility are used: only the diagonal of the covariance matrix

(univariate) and the full covariance matrix in Section 5.2.2 (multivariate). Two

different covariance matrices are tested because of the highly correlated MOZART

invariant parameter error included in this study. Previous studies do not consider

the invariant parameter error and so their results would be more similar to the uni-

variate comparison, whereas, if this error is included, the multivariate comparison

should be more accurate. The range of accepted emulator outputs using these two

covariance matrices are examined and compared here.

5.3.1 Univariate comparison

For the univariate measure of implausibility, the covariance matrix used is the di-

agonal of Figure 5.2.4, so each observation is treated as independent. While this

may seem extreme, given the substantial off-diagonal elements presented in Section

5.2.2, this diagonal covariance matrix is inline with previous studies. The covari-

ance matrix used in previous work is often diagonal (e.g McNorton et al. (2018)),

and where the off-diagonal elements are non-zero, they are small compared to this

work (e.g. Rigby et al. (2017)) as they do not consider the model’s highly corre-

lated invariant parameter error. Therefore, previous studies are, in general, more

inline with the univariate comparison which only uses the diagonal of the covariance

matrix. The comparison of the multivariate and univariate implausibility functions

demonstrates the influence of the systematic model uncertainties that have been left

out of previous studies.

A Sobol sequence of 2 800 000 parameter combinations was input to the emulators
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to generate MOZART outputs to be compared to the observations. From these

2 800 000 simulations, only 171 (0.006 %) had an implausibility value less than the

cut-off value and were accepted as consistent with the observations. These accepted

simulations are plotted in Figure 5.3.1, and a summary of the accepted univariate

values is presented in Figure 5.3.2.

In Figure 5.3.2, the average MOZART model inter-hemispheric difference deviates

from the observed value: generally the methane mole fraction in the northern hemi-

sphere is too high, whereas δ13C-CH4 is too low. As the input parameters were

chosen to cover the input parameter space, these distributions are a modified ver-

sion of the values present in the MOZART training dataset (Figure 2.4.2). The most

extreme values have been removed, and the skew on the inter-hemispheric difference

remains, as a result of the bias in the MOZART training dataset.
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Figure 5.3.1: The accepted emulator outputs using the univariate implausibility
value (blue lines) compared to the observations (black line). The panels show the
four methane observations: (a) the methane mole fraction in the southern hemi-
sphere, (b) the methane mole fraction in the northern hemisphere, (c) δ13C-CH4 in
the southern hemisphere, and (d) δ13C-CH4 in the northern hemisphere.
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Figure 5.3.2: Histograms of the accepted simulations using the univariate implausi-
bility function for six outputs: (a) methane mole fraction global mean, (b) δ13C-CH4

global mean, (c) methane mole fraction inter-hemispheric difference, (d) δ13C-CH4

inter-hemispheric difference, (e) methane mole fraction trend, and (f) δ13C-CH4

trend. The black line represents the corresponding value for the observations. The
calculation of these values is described in Section 2.4.3.

5.3.2 Multivariate comparison

For the multivariate implausibility function, the full covariance matrix is used to

match the observations and emulator outputs. However, the acceptance rate of

simulations was so low that a history matching approach (Section 1.8.3) was taken.

This meant using four stages to compare the emulator outputs and observations.
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In the first stage, the emulators predicted the MOZART output of 2 800 000 input

parameter combinations, and simulations with an implausibility value less than 738

(five standard deviations in a normal distribution) were accepted. The range of

input parameter values of these accepted simulations was used for the next stage.

Unlike Vernon et al. (2010), the same emulators were used for each stage because

the emulator error is a small contribution to the total error and creating a new

training dataset is computationally expensive. The details of the four stages are

given in Table 5.1, and the accepted simulations of the final wave are analysed in

this thesis. The number of simulations in each wave was chosen so that at least

100 simulations were accepted, so these reduced parameter ranges may not extend

to the extremes of their true ranges. However, even with the fast Gaussian process

emulators, this number of simulations was computationally expensive. In future,

the emulators could be used with an algorithm that can more efficiently sample the

parameter space, such as Markov Chain Monte Carlo (e.g. Rigby et al. (2017)).

However, this is beyond the scope of this work.

Stage Number of simulations Cut-off value Number of accepted simulations

1 2 800 000 738 143

2 2 800 000 656 139

3 6 160 000 618 104

4 55 832 000 575 114

Table 5.1: Details of the four stages used to zone in on methane simulations that are
consistent with the observations. The cut-off values are given to three significant
figures.

The 55 832 000 simulations in the fourth stage were compared to observations, and

the 114 (0.0002 %) that were accepted are plotted in Figure 5.3.3, alongside those

accepted using the univariate implausibility function for comparison. A summary of

the global mean, inter-hemispheric difference, and trend compared to observations

is presented in Figure 5.3.4. The comparison of accepted outputs for the multivari-

ate and univariate cases in Figure 5.3.3 demonstrates the large difference that the
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off-diagonal elements (predominantly from the MOZART invariant parameter error)

make. These off-diagonal elements significantly increase the range of the methane

outputs that are statistically consistent with the observations. However, they also

significantly decrease the percentage of accepted simulations. This decrease is be-

cause the differences between the simulations and the observations must be highly

correlated in the multivariate case, so a simulation that is consistently 20 ppb higher

than observations is more plausible than a simulation that varies from 10 ppb lower

than observations to 10 ppb higher. These changes will affect the level of constraint

that the observations provide on the methane budget, which is explored in Section

5.4.
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Figure 5.3.3: The accepted hemispheric emulator outputs using the multivariate
implausibility value (orange lines) compared to the univariate implausibility value
(blue lines), and the the observations (black line). The panels show the four methane
observations: (a) the methane mole fraction in the southern hemisphere, (b) the
methane mole fraction in the northern hemisphere, (c) δ13C-CH4 in the southern
hemisphere, and (d) δ13C-CH4 in the northern hemisphere.
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Figure 5.3.4: Histograms of the accepted simulations using the multivariate im-
plausibility function for six outputs: (a) methane mole fraction global mean, (b)
δ13C-CH4 global mean, (c) methane mole fraction inter-hemispheric difference, (d)
δ13C-CH4 inter-hemispheric difference, (e) methane mole fraction trend, and (f)
δ13C-CH4 trend. The black line represents the corresponding value for the observa-
tions. The calculation of these values is described in Section 2.4.3.

5.4 Methane sources and sinks consistent with

observations

The inputs of the accepted emulator simulations from the previous section are exam-

ined here. The aim is to constrain the range of plausible input parameters, which
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are the magnitudes, δ13C-CH4 signatures, and trends of the sources and sinks of

methane.

5.4.1 Univariate comparison

Figure 5.4.1 shows the density of the possible values of the parameters for the ac-

cepted simulations using the univariate implausibility function. Many parameters in

this figure have a close to uniform distribution, meaning that no constraint has been

gained by examining only simulations consistent with the observations. However,

some parameters have been constrained as they have regions of parameter space

that can be considered inconsistent with observations. There is a gain in constraint

for the freshwater source magnitude (54 to 173 Tg yr-1), the OH loss magnitude (417

to 623 Tg yr-1), the OH loss trend (-12 to +20 %), and the initial δ13C-CH4 (-57.7

to -52.6 ‰). These ranges correspond to 68.3 % uncertainty intervals as a proba-

bility content of 0.683 was used for the cut-off value (Section 5.2). Qualitatively,

these results suggest that OH concentrations are unlikely to be substantially higher

than the initial mean estimate and that a large negative trend during this period

is unlikely, as shown in Figure 5.4.1. Freshwater emissions are more likely to be

toward the lower end of the current uncertainty range (Saunois et al. 2016). It is

not surprising that these parameters are the most constrained, given the high sen-

sitivity of methane observations to them (Chapter 4). The finding that only three

of the key unknowns in the global methane budget were substantially constrained

demonstrates our inability to make strong inferences about drivers of change in at-

mospheric methane, at least when only hemispheric average observations of methane

mole fraction and δ13C-CH4 are used.
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Figure 5.4.1: The density of input parameter values in the accepted emulator sim-
ulations using the univariate implausibility value, with each parameter shown in a
separate panel.

5.4.2 Multivariate comparison

Figure 5.4.2 shows the density of the possible values of the parameters for the mul-

tivariate implausibility function compared to the univariate case. The multivariate

implausibility function constrains the sources and sinks of methane further than the

univariate implausibility function, as discussed in Section 5.3.2. Three parameters

that were constrained by the univariate implausibility function have been signifi-

cantly further constrained: the freshwater source magnitude (55 to 90 Tg yr-1), the
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OH loss magnitude (434 to 528 Tg yr-1), and the OH loss trend (+0.5 to +16 %).

The fourth parameter constrained by the univariate implausibility function, the ini-

tial δ13C-CH4, is constrained over a similar range to the univariate implausibility

function (-56.2 to -53.2 ‰). Several additional parameters have had their ranges

constrained: the agricultural source δ13C-CH4 (-72.8 to -58.7 ‰), the wetlands

source magnitude (139 to 204 Tg yr-1), the agricultural source magnitude (86 to 115

Tg yr-1), the fossil fuels source magnitude (104 to 137 Tg yr-1), the wetlands trend

(-11 to 20 %), and the initial loss magnitude (28 to 62 Tg yr-1). These ranges are still

large, demonstrating how poorly constrained the methane budget is, though they are

better constrained than when using the univariate implausibility function. There-

fore, by ignoring the highly correlated invariant parameter error, previous studies

have been missing significant constraint on the methane budget.
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Figure 5.4.2: The density of input parameter values in the accepted emulator simula-
tions using the multivariate implausibility value (orange) compared to the univariate
implausibility value (blue), with each parameter shown in a separate panel.

5.4.3 Most probable parameter values

To find an optimal set of parameter values, as in previous studies, a Bayesian in-

version should be performed. Whilst this is beyond the scope of this thesis, we

can examine the most likely parameter values from the distributions found in this

chapter. The median parameter values using the univariate and multivariate im-

plausibility functions are compared to the initial parameter values and shown in

Figure 5.4.3. In general, there is little change from the initial value, with little
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reduction in its uncertainty range. The parameters that were shown to have been

constrained in Section 5.4.2 do show changes in their most likely value. For the

multivariate implausibility function, the median value has become -61.2 ‰ for the

agricultural source δ13C-CH4, 154 Tg yr−1 for the wetlands source magnitude, 63

Tg yr−1 for the freshwater source magnitude, 92 Tg yr−1 for the agricultural source

magnitude, 110 Tg yr−1 for the fossil fuels source magnitude, 479 Tg yr−1 for the

OH sink magnitude, +13 % for the wetlands temporal trend, +10 % for the OH

temporal trend, -54.5 ‰ for the initial source δ13C-CH4, and 44 Tg yr−1 for the

initial loss magnitude.

These median parameter values show two significant changes in the parameter

trends. The largest constraint is for the OH sink, which increases over the time

series and this decreases the methane mole fraction. The second constraint is for

the wetlands source, which is likely to have increased over the time series. Therefore,

the methane mole fraction rise observed since 2007 for this median solution is ex-

plained by the emission inventories’ trends (damped by the OH increase) which are

shown in Figure 2.2.2, but with a larger contribution from the wetland emissions.

This shows that fossil fuels, agriculture, waste, and wetlands all contribute to this

positive trend in methane mole fraction. However, the large uncertainties mean that

this is just one of many likely possibilities.
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Figure 5.4.3: Boxplots showing the most likely parameter values for each parameter
in a separate panel using the univariate implausibility function (blue) and using the
multivariate implausibility function (orange) compared to the initial values (green).
Black dots represent outliers, though the small number of accepted simulations
means these are unlikely to be outliers if more samples were taken. The vertical
black line represents the range of the parameter values (excluding outliers), and the
horizontal black lines represent the 0.25, 0.50, and 0.75 quantiles.

5.4.4 Parameter correlation

While there are few constraints on the total input parameter space, there are cor-

relations between the possible input parameters, which are shown in Figure 5.4.4.

Parameters with the strongest correlations (or anti-correlations) would be useful
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to reduce the uncertainty in, because they would also reduce the possible range of

their highly correlated (or anti-correlated) parameters. For example, if the OH loss

is high, then the sources have to be high in order to match the observed methane

mole fraction. This is particularly true for the largest sources: wetlands, fresh water,

and fossil fuels. The δ13C-CH4 initial condition is also correlated with several pa-

rameters in order to match the observed δ13C-CH4: there is a strong anti-correlation

with the Cl loss and correlation with the agricultural source δ13C-CH4. These pa-

rameters are also those which were shown to be most important in the sensitivity

analysis in Chapter 4.

However, most of the parameters in Figure 5.4.4 are not correlated. This shows

how under-constrained the problem is: even if the uncertainty of one parameter is

reduced to zero, most of the other parameters would not be further constrained.
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Figure 5.4.4: The correlation between the input parameters for the accepted sim-
ulations using the univariate implausibility function. Using the multivariate im-
plausibility function looks similar, but noisier due to the low number of accepted
simulations. The input parameter codes are given by a combination of a two char-
acter code giving the source or loss, (wetlands (we), fresh water (fw), agriculture
(ag), rice (ri), waste (wa), fossil fuels (ff), biomass burning (bb), volcanoes (vo),
hydroxyl radical (OH), stratospheric (ST), Cl radical (Cl), soil (so), total source
magnitude (qm), total source δ13C-CH4 (qd), total loss imbalance (ql)) and another
code giving the type of parameter, (source δ13C-CH4 (sd), source magnitude (sm),
loss magnitude (lm), temporal trend (t1), initial condition (ic)).

5.5 How much constraint is due to the isotopic

data?

δ13C-CH4 observations are increasingly being incorporated into methane modelling

studies, so the information added by this measurement was investigated. When just
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the methane mole fraction emulator simulations were compared to observations us-

ing the multivariate implausibility function during the fourth stage (Section 5.3.2),

21 352 out of 55 832 000 simulations (0.04 %) were accepted, compared to 234 887

(0.4 %) for the δ13C-CH4 emulator simulations. The δ13C-CH4 is less selective than

the methane mole fraction because there is a smaller range of possible MOZART

δ13C-CH4 outputs relative to the error used to match to observations. The range of

the temporal mean methane mole fraction in the MOZART training data is 1085 and

1132 ppb for the southern and northern hemispheres, respectively. This is 93 and 79

times the median standard deviation in the covariance matrix used in the implausi-

bility function. Whereas, for the δ13C-CH4, the range of the temporal mean in the

MOZART training data is 7.4 and 7.3 ‰ for the southern and northern hemispheres,

respectively, which is 48 and 52 times the median standard deviation. Therefore,

the δ13C-CH4 is not necessarily providing less constraint than the methane mole

fraction, it just has a smaller range of outputs relative to its error.

It is more informative to look at which inputs have been constrained. Using the

fourth stage input parameter ranges (Section 5.3.2), the first 280 000 emulator sim-

ulations from the Sobol sequence were matched to just the methane mole fraction

observations using the multivariate implausibility function, and the accepted inputs

are compared to the results using the combined observations in Figure 5.5.1. The

wetlands trend is further constrained using the combined methane mole fraction

and δ13C-CH4 data, along with the δ13C-CH4 initial condition, and the agricultural

source δ13C-CH4. Although the latter two of these parameters were introduced for

the use of δ13C-CH4, so do not inform us about the methane budget. Therefore,

little extra constraint is gained from the δ13C-CH4 in this study, calling its value

into question.
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Figure 5.5.1: The density of input parameter values in the accepted emulator sim-
ulations with the multivariate implausibility function, using both methane mole
fraction and δ13C-CH4 (orange), and using the methane mole fraction alone (green),
with each parameter shown in a separate panel.

5.6 The issues with spatially fixed emissions in-

ventories and loss fields

One of the biggest issues in this work, is that the emissions inventories and loss fields

did not have their spatial (and temporal, apart from the five largest terms for which

a simple linear trend was investigated) distributions vary from that of the inventory

139



CHAPTER 5. USING EMULATORS TO QUANTIFY THE GLOBAL
ATMOSPHERIC METHANE BUDGET

or model used. The fixed spatial distribution issue became apparent with the bias

in the inter-hemispheric difference of the MOZART training dataset (Figure 2.4.2).

However, for the larger terms in the methane budget, even a small uncertainty in

the spatial distribution could result in a significant change to the methane inter-

hemispheric difference. For example, the OH concentration is assumed to be nearly

equal between the hemispheres (Spivakovsky et al. 2000), but Patra et al. (2014)

suggest a ratio of the northern to southern hemispheres of 0.97±0.12, which would

create a substantially larger range of methane inter-hemispheric differences if this

range was parameterised.

The fixed temporal trend issue first arose when trying to match the observations

with the temporal trends in the emission inventories, but without the temporal trend

parameters: it was impossible to match the observations as the temporal trend

in MOZART was always too high. By far the largest trend in inventories is the

EDGAR fossil fuel emissions inventory (Figure 2.2.2), so this is a likely culprit given

that previous authors have also questioned this trend (e.g. Monteil et al. (2011)).

Alternatively, Stevenson et al. (2020) suggest that OH has a large positive trend over

this period, but an OH climatology was used in this work, so there is no trend in

OH without the temporal trend parameter. Temporal trend parameters were added,

and the OH loss trend tends to be positive (Section 5.4.2), either to counteract the

high emissions trend or because OH concentration is increasing, contrary to some

other modelling studies, which used methyl chloroform observations, and suggested

a negative (but highly uncertain) trend in OH loss for at least part of the period

examined (Rigby et al. 2017, Turner et al. 2017). Rigby et al. (2017) suggested a

higher order (non-linear) trend in OH loss, which this study cannot reproduce as

only linear trends were considered.

In order to allow the spatial distributions and temporal trends of the sources and

losses to vary, more input parameters would have to be used (e.g. controlling the

relative northern versus southern emissions magnitude for some source). The more

input parameters, the more training data (and hence MOZART simulations) are

required. This means the problem would quickly become too time consuming to
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generate training data for. This work is already approaching the usual maximum

number of parameters for the Gaussian process, and, although other machine learn-

ing techniques may overcome this limit, the issue of the time taken to generate the

required training data would remain. Therefore, if spatial variation was going to be

parameterised, other parameters would have to be removed, for example, the differ-

ent source types. Ways to minimise the number of parameters are further discussed

in Chapter 6. Though perhaps the same setup used in this work with different

bottom-up emission and sink estimates could be created, and the different results

compared. The better the fit of the emulator outputs to the observations (the higher

the acceptance rate) the more consistent that combination of bottom-up emissions

is with the observations.

5.7 Conclusions

In this chapter, the comparison of MOZART outputs and observations to find the

input parameter values consistent with observations required millions of simulations,

which was only made feasible by use of the fast emulators. The results confirm that

the methane budget is under-constrained, at least when hemispheric mean methane

mole fraction and δ13C-CH4 observations were used. Only 10 out of 28 parameters

had their possible ranges substantially reduced: the freshwater source magnitude,

the OH loss magnitude, the OH loss trend, the δ13C-CH4 source initial condition,

the agricultural source δ13C-CH4, the wetlands source magnitude, the agricultural

source magnitude, the fossil fuels source magnitude, the wetlands trend, and the

initial loss magnitude. When only the diagonal of the covariance matrix that de-

scribes the errors in the measurements, the model, and the emulators was used to

match simulations and observations (the univariate implausibility comparison), only

the freshwater source magnitude, the OH loss magnitude, the OH loss trend, and

the δ13C-CH4 source initial condition were constrained. This univariate compari-

son ignores the off-diagonal elements that are dominated by the highly correlated

MOZART invariant parameter error, which, as far as we are aware, has not been

considered in previous studies. The larger diagonal elements than previous studies
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extends the range of acceptable values of the methane mole fraction and δ13C-CH4,

but the far greater increase in the off-diagonal elements reduces the number of ac-

cepted values, because the differences between the accepted simulations and the

observations must be highly correlated. Therefore, this change in the covariance

matrix has the potential to change not just the uncertainty in the results, but also

the median result itself. For example, in the univariate comparison, the median

accepted wetlands trend parameter is approximately that of the emission inventory,

but becomes 13 % higher in the multivariate comparison.

Both the univariate and multivariate comparisons have large ranges of accepted

possible parameter values. This large range of acceptable parameters could explain

why so many top-down studies have come to different conclusions for the recent

methane trends whilst using the same datasets. There are many possible parameter

combinations, and the solution depends strongly on each study’s assumptions and

methods.

To find the optimal parameters, a Bayesian inversion should be conducted. This

would be an interesting piece of further work to see how the optimal solution (and

its uncertainty) differs from previous studies. In this work, the median values of

the constrained parameter ranges were examined, in order to investigate the most

likely cause of the recent observed increase in methane mole fraction. The wetlands

trend was the only source trend to differ significantly from the initial values, and

so the methane mole fraction increase comes from the initial emission inventory

trends of fossil fuels, agriculture, and waste, with a larger increase in wetlands

than in the bottom-up model. The effect of these increasing sources is damped by

increasing OH loss. Previous studies that include OH variation tend to find OH

has decreased or changed non-linearly over this period (Rigby et al. 2017, Turner

et al. 2017, McNorton et al. 2018). These differences could be explained by this

work including the trends in the emissions inventories, so that the mean parameters

produce a stronger methane mole fraction trend than the observations. Therefore,

the increasing OH may be because the emission inventory trends are too strong.

Alternatively, the positive OH trend could be correct. For example, the OH trend
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derived in this work is similar to Stevenson et al. (2020).

The use of δ13C-CH4 observations, in addition to the methane mole fraction, was

demonstrated to be limited for this work. When only the methane mole fraction

simulations were compared to observations, only three parameters were less con-

strained than when both the methane mole fraction and δ13C-CH4 was used. Two

of these parameters were the agricultural source δ13C-CH4 and the initial source

δ13C-CH4, which are only included to use the δ13C-CH4 observations. Only the

third constrained parameter, the wetlands trend, informs us about the terms in the

methane budget.

This system is not without flaws. The fixed emissions and loss fields (spatially and

temporally) mean that any errors in these fields are carried forward into all the

emulator outputs. However, including these spatial distributions as parameters in

the system would require other parameters (e.g. the different source types) to be

dropped. This is because there is a limit on the number of MOZART training simu-

lations that can be carried out in a reasonable timescale, and the more parameters,

the more training simulations are required. Though perhaps the same setup in this

work with different emission inventories could be used, and the accuracy of different

emissions inventories compared.
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Conclusions

This thesis presents the first application of Gaussian process emulation to greenhouse

gas modelling. This technique can approximate the relationship between inputs and

outputs of a three-dimensional chemical transport model (CTM) but with the com-

putational efficiency (once training simulations have been run) of a two-dimensional

box model. Previous studies that have used three-dimensional CTM output, have

tended to use input-output sensitivities, rather than repeatedly running the model.

This can be done with an adjoint model, which is difficult to code and is only applica-

ble to one model version, so is not widely available. Alternatively, linear sensitivities

have also been calculated using finite difference approaches for basis function de-

compositions of the source or loss fields. These methods also require simplifying

assumptions, such as finding a local minimum rather than a full exploration of pa-

rameter space, Gaussian probability density functions, and only basic uncertainty

calculations are viable. Alternatively, a two-dimensional box model can be used to

more fully explore non-linearities or non-Gaussian uncertainties, but these models

generally lack interannual variability in transport and have a high transport uncer-

tainty, due to their coarse resolution. The Gaussian process emulation used in this

work allows the more accurate three-dimensional CTM output to be used rather

than linear approximations of input-output sensitivities, or a two-dimensional box

model, overcoming the issues outlined above.

Using a training dataset of around 100 model simulations or more, the extra error
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due to using an emulator instead of the three-dimensional CTM was found to be

smaller than the CTM invariant parameter error, so using the emulator adds little

uncertainty to the total error. However, there are limitations to Gaussian process

emulation. It is only possible to explore about 30 model input parameters (whereas

adjoint models can estimate thousands of parameters), so some parameters have to

be fixed and their uncertainty remains unexplored.

In this thesis, Gaussian process emulation was used to investigate several aspects of

the methane budget: the conclusions from the sensitivity analysis are presented in

Section 6.1, the constraint of the methane budget in Section 6.2, and the uncertainty

in the methane budget in Section 6.3. Opportunities for further work are discussed

in Section 6.4, before the implications of this thesis in Section 6.5.

6.1 Sensitivity analysis

The emulators were used for two analyses that required millions of simulations,

which would have been unfeasible using a three-dimensional CTM. The first was the

sensitivity analysis outlined in Chapter 4, which aimed to find the sources and sinks

whose uncertainties have the largest impacts on the modelled methane observations.

These are the terms that should be prioritised in future research because a reduction

in their uncertainty would lead to the largest reduction in the uncertainty in the

modelled methane observable outputs. The most important terms were found to be

the OH loss and freshwater emissions for the methane mole fraction, and Cl loss for

δ13C-CH4.

These three important parameters have often been poorly represented in previous

studies. The OH and Cl losses are often held constant, and this study is the first in

methane modelling, as far as we are aware, to include a map of freshwater methane

emissions independent of other sources. Without considering the range of possible

values of these terms, it is likely that previous studies underestimate their uncer-

tainties. The initial conditions are set up differently in every study, but the high

sensitivity of the modelled δ13C-CH4 to the initial conditions in this work repre-
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sents a large problem for constraining the methane budget. This work does examine

a large range of δ13C-CH4 initial condition values, but the importance of this pa-

rameter holds even for small ranges. If the δ13C-CH4 initial condition is changed

by 0.1 ‰ from the initial median parameter values, the output atmospheric δ13C-

CH4 trend changes by 0.04 ‰, which is almost half the δ13C-CH4 trend in the

observations. The long lag time between the cause of changes in δ13C-CH4 and the

observed change creates this effect, and means that a long time series of δ13C-CH4

observations are required. There is limited δ13C-CH4 data before the 1990s, with

INSTAAR only beginning to take measurements in the 1990s, although other stud-

ies have constructed longer time series using ice cores (Schaefer et al. 2016, Rice

et al. 2016). Longer model runs would also be needed for modelling studies, in-

creasing the computational burden. However, this work demonstrated the limited

use of the δ13C-CH4 observations (due to the long lag time) when used over a short

time period to constrain the methane budget in Chapter 5, where the methane mole

fraction provided the majority of the constraint.

The sensitivity analysis in Chapter 4 also examined the interactions of the parame-

ters. This was found to be small for all the outputs. Despite these small interactions,

non-linearities in the methane budget mean that multiple linear regression was sub-

stantially worse than a Gaussian process at predicting the three-dimensional CTM

output in Chapter 3. This means that these non-linearities are important when

trying to estimate the methane mole fraction and δ13C-CH4 accurately, and should

be considered (linearity has often been assumed in previous studies, e.g. McNorton

et al. (2018)).

6.2 Constraint of the methane budget

The second analysis in this thesis aimed to constrain the uncertainty ranges of the

sources and sinks of methane by comparing the emulator outputs to the observations.

Only 10 out of 28 parameters had their possible ranges substantially reduced: the

freshwater source magnitude, the OH loss magnitude, the OH loss trend, the δ13C-
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CH4 source initial condition, the agricultural source δ13C-CH4, the wetlands source

magnitude, the agricultural source magnitude, the fossil fuels source magnitude,

the wetlands trend, and the initial loss magnitude. Those parameters that were

constrained still have large ranges of plausible values, and so this work confirms

that the methane budget is poorly constrained by hemispheric observations of the

methane mole fraction and δ13C-CH4.

The median values of the constrained parameter ranges were examined to investigate

the most likely cause of the recent increase in methane mole fraction. However, there

are many different plausible explanations for the observed methane mole fraction

increase since 2007, and these median parameters do not necessarily represent the

optimal parameter values. The median value for the wetland emissions was the only

source to differ substantially from the initial inventory trends. Therefore, according

to our simulations, the methane mole fraction increase in 2007 is consistent with

growing emission trends, predicted by bottom-up models of fossil fuels, agriculture,

and waste, but with a larger than predicted growth in emissions from wetlands. The

OH loss was also found to exhibit a positive trend, so the effect of these increasing

sources is damped by increasing OH loss.

6.3 Uncertainty quantification

A primary aim of this thesis was to explore the uncertainty in the methane budget.

This was achieved by several routes, the first being the inclusion of the uncertainty

of highly uncertain terms that have been frequently left out of methane modelling

studies: OH loss, Cl loss, and freshwater emissions, briefly discussed in Section 6.1.

Additionally, in this work, the model invariant parameter error was quantified: the

parameters that were fixed to simplify the analysis were varied to quantify their

contribution to the uncertainty. This was found to be about 10 ppb and 0.1 ‰ for

the monthly mean methane mole fraction and δ13C-CH4, respectively, which is large

compared to the trends of 40 ppb and -0.1 ‰ over the time period in this work.

This component of model error is often ignored or it is based on expert judgement in
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previous studies. This error is a similar size to the model-measurement discrepancy

error, so makes a significant contribution to the total error. Additionally, this error

is highly correlated in time, meaning that a simulation that is consistently 20 ppb

higher than observations can be considered more plausible than a simulation that

varies from 10 ppb lower than observations to 10 ppb higher. This correlation

has a large impact on the constraint of the methane budget, as seen in Chapter

5; when this correlation was not considered, only four, instead of ten, parameters

were substantially constrained. This error changes not just the uncertainty, but also

the median accepted parameters due to its highly correlated nature. For example,

in the univariate comparison, the median accepted wetlands trend parameter is

approximately that of the bottom-up model, but is 13 % higher in the multivariate

comparison. Therefore, inclusion of this invariant parameter error has the potential

to affect the conclusions of previous studies.

6.4 Further work

This study used Gaussian process emulation to produce hemispheric MOZART

outputs, however, it should be trivial to extend this work to emulate individual

MOZART grid cells. This could be done with the existing training dataset, and

the MOZART grid cell output could be compared to the measurements taken at

individual measurement stations rather than the hemispheric average. This would

be beneficial as it would provide more degrees of freedom (e.g. sub-hemispheric

latitudinal gradients) with which to constrain the methane budget.

In order to accurately represent the observations at measurement stations, the spa-

tial resolution of the MOZART training simulations should be increased. This also

allows more measurement stations to be included as the model will be able to resolve

smaller scale effects. This higher resolution would be much more computationally

expensive, but is possible as this thesis showed that about 100 simulations, rather

than the 270 used, produced emulators with an emulator error less than the CTM

invariant parameter error.
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One of the largest drawbacks of Gaussian process emulation is the limited number

of parameters that can be explored. This means that the spatial distributions, and

many temporal trends, were held constant in this thesis. In order to further develop

this work, the spatial and temporal distributions should be solved for, which may

require the amalgamation of different source types into far fewer parameters. How to

use the limited number of parameters efficiently should be further investigated. For

example, perhaps coupling of emission process models and the atmospheric model

would allow a parameter such as temperature to control the emissions from several

sources, such as wetlands, fresh water, rice, and soil loss.

In order to get more constraint on the methane budget, other observations could

be added to this work, for example, methyl chloroform to constrain the OH loss,

or tracer gases such as ethane. Ethane’s much shorter atmospheric lifetime than

methane should mean a shorter time lag in the ratio of ethane to methane than

δ13C-CH4. As a result, the ethane to methane ratio should be less sensitive to initial

conditions than δ13C-CH4. Modelling these observations would potentially require

additional parameters such as methyl chloroform and ethane emissions, which would

have to be balanced with the limited parameter numbers of the Gaussian processes.

Another way to increase the number of observations without increasing the number

of parameters, would be to emulate satellite data rather than the surface data. This

could be done with the existing training dataset (although all model levels would

have to be used to calculate the column methane) as the size of the training dataset

required depends on the number of inputs not outputs.

6.5 Implications of this thesis

The large range of possible parameter values in this thesis could explain why so

many top-down studies reach different conclusions from the same datasets. The

solution will depend on each study’s assumptions and methods. For example, if

studies start with different initial parameter magnitudes, they could find different

local minima in the cost function, and hence different parameter combinations, that
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reproduce the observations equally well. Therefore, studies that find an analytical

solution or use techniques such as gradient descent to minimise the cost function

are likely to underestimate the uncertainty in their solution, and potentially reach a

solution that is not optimal. A full exploration of the parameter space is necessary

to produce a reliable solution.

This work demonstrated how the off-diagonal elements of the covariance matrix, not

considered in previous work, can change not only the uncertainties in the solution,

but also the median solution. Therefore, a proper consideration of the uncertainties

should be an integral part of any methane modelling study.

This work also demonstrated that the constraint from δ13C-CH4 observations should

be treated with caution: the methane mole fraction provided most of the constraint

in this work. This is because both the model invariant parameter error and the

model-measurement discrepancy error are as large as the trend in the δ13C-CH4

observations, and the sensitivity to the initial conditions is large. Therefore, methane

modelling studies should consider the best way to set up models to use this data.

For example, the sensitivity to the initial conditions could be reduced by using a

longer time series, and the invariant parameter error could be reduced by reducing

the number of invariant parameters. However, both of these solutions will make

methane modelling studies more computationally expensive.

This thesis investigated the methane budget, and its recent changes, using a new

method. This has highlighted some of the key challenges in methane modelling,

perhaps most importantly how under-determined the methane budget is, and hence

how it is possible for different top-down studies to come to different conclusions using

the same datasets. Without further constraint, the cause of the renewed methane

growth in 2007 will remain unknown, with potentially serious consequences for the

2 °C target of the Paris Agreement.
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C., Peiren, N., Powell, J. M., Reynolds, C. K., Schwarm, A., Shingfield, K. J.,
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