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Die vorliegende Studie versucht das globale CH4 Budget und den Anstieg von CH4 in der 
Atmosphäre seit 2007 zu verstehen.  
Der erste Teil befasst sich mit unserem derzeitigen Verständnis lokaler anthropogener CH4 
Emissionen aus Punktquellen und deren atmosphärischer Verteilung auf regionaler Ebene. Mit 
Hilfe des dreifach „genesteten“ globalen und regionalen Klima-Chemie-Modells MECO(3) wird 
dafür die atmosphärische Ausbreitung von CH4 Emissionen aus Kohleminenschächten und 
deren stabile Isotopensignatur untersucht. Die Arbeit umfasst außerdem die Entwicklung eines 
Vorhersagesystems zur Unterstützung von Messkampagnen. 
Global wird der CH4 Anstieg im Hinblick auf eine gleichzeitige δ13C(CH4) Abnahme analysiert. 
Diese weist auf einen veränderten relativen Beitrag der einzelnen CH4 Quellen zum erneuten 
CH4 Anstieg hin. Sensitivitätssimulationen mit dem “state-of-the-art” globalen Klima-Chemie-
Modell EMAC, die insbesondere die Rolle von unkonventioneller Gasförderung (“fracking”) 
untersuchen, zeigen, dass der globale CH4-Anstieg nicht allein auf diese Emissionen 
zurückzuführen ist. Zudem ist der Einfluss einer OH Konzentrationssenkung auf das globale 
δ13C(CH4) eher gering. Stattdessen spielen biogene Emissionen eine wichtige Rolle. Darüber 
hinaus reagiert δ13C(CH4) sehr empfindlich auf Änderungen der Emissionen aus 
Biomassebrennen, was die Bedeutung der in den Simulationen verwendeten 
Emissionsabschätzungen unterstreicht. 
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This study aims to understand the global CH4 budget and the major drivers of its atmospheric 
rise since 2007.  
The first part addresses our current understanding of local anthropogenic CH4 point source 
emissions and the atmospheric CH4 distribution on regional scales. It comprises the 
development of a forecast system supporting flight planning of measurement campaigns. CH4 
and its stable isotopologues are therefore simulated with the online three-fold nested global and 
regional chemistry-climate model MECO(3). Model results are analyzed with respect to airborne 
observations.  
On the global scale, the CH4 rise is analyzed with respect to a δ13C(CH4) decline after 2007, 
indicating changes in the relative contribution of CH4 sources to the renewed CH4 rise. 
Sensitivity simulations with the state-of-the-art global chemistry climate model EMAC, which 
particularly investigate the role of shale gas, show that the global CH4 increase is not 
attributable to shale gas emissions alone. Moreover, the influence of an OH reduction on the 
global δ13C(CH4) is rather small. Instead, biogenic emissions play an important role. 
Additionally, δ13C(CH4) is very sensitive to changes in biomass burning emissions, which 
underlines the importance of their emission estimates used in the simulations.  
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Zusammenfassung

Methan (CH4) ist das zweitwichtigste anthropogen beeinflusste Treibhausgas in der Atmo-
sphäre. Es wird an der Erdoberfläche aus anthropogenen und natürlichen Quellen emittiert
und hauptsächlich durch das Hydroxylradikal (OH) in der Troposphäre entfernt. Aufgrund
seiner relativ kurzen atmosphärischen Lebensdauer birgt die Verringerung der CH4 Emis-
sionen ein großes Potenzial für die Eindämmung des Klimawandels. Die atmosphärische
Wachstumsrate von CH4 stagnierte zwischen 2000 und 2007 und nimmt seit 2007 weiter zu.
Hauptursachen dafür könnten Emissionen aus biogenen Quellen (vor allem Feuchtgebiete,
Landwirtschaft, Mülldeponien) oder thermogenen Quellen (vor allem die Produktion fos-
siler Brennstoffe) sein. Darüber hinaus könnten auch Änderungen der OH-Konzentrationen
eine wichtige Rolle spielen. Die vorliegende Modellstudie soll unser Verständnis des glob-
alen CH4 Budgets verbessern. Die Arbeit ist in drei Teile gegliedert, in denen regionale und
globale numerische Modelle zur Simulation des atmosphärischen CH4 und seiner stabilen
Isotopenverhältnisse in Bezug auf Kohlenstoff-13 (δ13C(CH4)) verwendet werden.

Der erste Teil befasst sich mit unserem derzeitigen Verständnis lokaler anthropogener
CH4 Emissionen aus Punktquellen und der atmosphärischen CH4 Verteilung auf regionaler
Ebene. Er umfasst die Entwicklung eines Vorhersagesystems zur Unterstützung der Flug-
planung der CoMet 1.0 Messkampagne, die im Jahr 2018 stattfand. Ziel von CoMet war
die Quantifizierung von CH4 Emissionsflüssen aus Kohleminen-Belüftungsschächten im
USCB (Polen). CH4 wird mit dem online dreifach “genesteten” globalen und regionalen
Klima-Chemie-Modell MECO(3) simuliert. Die Modellergebnisse werden im Hinblick auf
flugzeuggetragenen Messungen analysiert. MECO(3) kann die Ausbreitung im Windschat-
ten von Punktquellen, vertikale integrierte Werte und vertikale Gradienten von CH4 gut
simulieren. Dies zeigt die Zuverlässigkeit der untersuchten Emissionskataster. Außerdem
liefert MECO(3) bis zu vier Tage im Voraus vernünftige Vorhersage-Ergebnisse.

Je nach Entstehungsprozess von CH4, variiert auch die δ13C(CH4) Signatur. δ13C(CH4)
kann deshalb dabei helfen, atmosphärisches CH4 auf einzelne Quellen zurückzuführen. Die
Simulation von δ13C(CH4) mit MECO(3) und deren Vergleich mit CoMet 1.0 Messungen
zeigen, dass die Variabilität von δ13C(CH4) auf regionaler Ebene gut verstanden wird und,
dass Veränderungen im Vergleich zum Hintergrund δ13C(CH4) auf Kohleminenemissio-
nen zurückzuführen sind. Im Vergleich mit Beobachtungen konnte eine durchschnittliche
δ13C(CH4) Signatur von -51 ❤ für die Emissionen aus Kohleminen im USCB bestimmt
werden.

Auf globaler Ebene wurde der CH4 Anstieg seit 2007 im Hinblick auf negativer werdende
δ13C(CH4) Werte analysiert. Diese weisen auf einen veränderten relativen Beitrag der
einzelnen CH4 Quellen zum erneuten CH4 Anstieg hin. Sensitivitätssimulationen mit dem
“state-of-the-art” globalen Klima-Chemie-Modell EMAC, die insbesondere die Rolle von
unkonventioneller Gasförderung (“fracking”) untersuchen, zeigen, dass der globale CH4-
Anstieg nicht allein auf diese Emissionen zurückzuführen ist. Stattdessen spielen biogene
Emissionen eine wichtige Rolle. Darüber hinaus reagiert δ13C(CH4) sehr empfindlich auf
Änderungen der Emissionen aus Biomassebrennen, was die Bedeutung der in den Simula-
tionen verwendeten Emissionsabschätzungen unterstreicht.
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Der Einfluss einer OH Konzentrationssenkung auf das globale δ13C(CH4) ist eher ger-
ing. Darüber hinaus wirkt sich die troposphärische latidunale OH Verteilung nicht auf
den relativen Beitrag der verschiedenen Quellen zum globalen Anstieg von CH4 und dem
globalen mittleren Oberflächen-δ13C(CH4) aus. Mögliche Rückkopplungen auf OH wurden
jedoch nicht berücksichtigt und müssen in künftigen Simulationen einbezogen werden.
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Abstract

Atmospheric methane (CH4) is the second most important greenhouse gas in terms of an-
thropogenic forcing. It is emitted at the Earths’ surface from anthropogenic and natural
sources, and mainly removed by the hydroxyl radical (OH) in the troposphere. Due to its
relatively short atmospheric lifetime, the reduction of CH4 emissions has a great potential
for climate change mitigation. Atmospheric CH4 growth rate stagnated between 2000 and
2007 and continues to grow since 2007. The major drivers could be emissions from bio-
genic (mainly wetlands, agriculture, waste) or thermogenic (mainly fossil fuel production)
sources. In addition, changes in OH might play an important role. The presented mod-
elling study aims to improve our understanding of the global CH4 budget. The thesis is
divided into three parts, applying regional and global numerical models for the simulation
of atmospheric CH4 and its stable isotopic ratio with respect to 13-carbon (δ13C(CH4)).

The first part addresses our current understanding of local anthropogenic CH4 point
source emissions and the atmospheric CH4 distribution on regional scales. It comprises
the development of a forecast system supporting the flight planning of a measurement
campaign in 2018, called CoMet 1.0. CoMet aimed to quantify CH4 emissions from coal
mining ventilation shafts in the USCB (Poland). CH4 is simulated with the online three-fold
nested global and regional chemistry-climate model MECO(3). Model results are analysed
with respect to CoMet airborne observations. MECO(3) simulates the dispersion downwind
of point sources, vertical integrated values and vertical gradients of CH4 reasonably well.
This implies that the investigated emission inventories are reliable. Moreover, MECO(3)
delivers reasonable forecast results up to forecast day four.

Since δ13C(CH4) depends of the type of CH4 formation, it can help to constrain at-
mospheric CH4 to individual sources. Simulations of δ13C(CH4) with MECO(3) and com-
parisons with results of CoMet 1.0 measurements show that we understand the δ13C(CH4)
variability on regional scales, and that changes relative to the background δ13C(CH4)
are attributable to coal mining emissions. In comparison with observations, an average
δ13C(CH4) signature for coal mining emissions in the USCB of -51 ❤ was found.

On the global scale, the CH4 rise has been analysed with respect to a δ13C(CH4)
decline since 2007, indicating changes in the relative contribution of CH4 sources to the
renewed CH4 rise. Sensitivity simulations with the state-of-the-art global chemistry climate
model EMAC, which particularly investigate the role of shale gas, show that the global
CH4 increase is not attributable to shale gas emissions alone. Instead, biogenic emissions
play an important role. Additionally, δ13C(CH4) is very sensitive to changes in biomass
burning emissions, which underlines the importance of their emission estimates used in the
simulations.

The influence of an OH reduction on the global δ13C(CH4) is rather small. Moreover,
the latitudinal tropospheric OH distribution does not impact the relative contribution of
different emission source categories to the global rise CH4 and the global mean surface
δ13C(CH4). However, potential feedbacks on OH were not considered and need to be in-
cluded in future simulations.
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Chapter 1

Introduction

1.1 Motivation

Methane (CH4) is one of the most abundant organic trace gases, which plays an important
role in atmospheric chemistry. Next to water vapour (H2O) and carbon dioxide (CO2),
it is an effective greenhouse gas, having a direct radiative forcing of about 0.61 W m-2

(1750–2011 RF, Etminan et al., 2016). Furthermore, atmospheric CH4 affects the abun-
dance of other greenhouse gases and thereby contributes to an additional indirect radia-
tive forcing (Myhre et al., 2013). It is an important sink of the hydroxyl radical (OH),
the major oxidant of pollutants and greenhouse gases in the troposphere (Crutzen, 1995;
Lelieveld et al., 2004). OH is also the major sink of methane. Moreover, the oxidation of
CH4 produces stratospheric water vapour (SWP), which in turn influences global surface
temperatures on decadal scales (Solomon et al., 2010).

Since pre-industrial times atmospheric CH4 has more than doubled, whereby the global
average mixing ratio increased from 695 ppb (Etheridge et al., 1998) to a present level
of 1873.4 ppb (Dlugokencky et al., 2020, mixing ratio in January 2020). The increase
is accompanied by growing human activity (mainly agriculture, waste management and
fossil fuel exploitation), and can be partially attributed to emissions from these activities.
Next to anthropogenic sources (currently about 60 % of the total emissions, Saunois et al.,
2020), CH4 is also emitted from natural sources, such as wetlands, wild animals, volcanoes,
oceans, termites and permafrost. Emissions from wetlands are the largest natural source
and account for about one third of the total CH4 emissions (Saunois et al., 2020). More-
over, a considerable amount of CH4 is also emitted from biomass burning, which is both,
anthropogenically and naturally induced.

Growing Earths’ human population and the emerging role of anthropogenic activities
will likely increase the emissions of CH4 and impact global climate change. In addition,
future global warming will presumably feedback in further emissions from wetlands and
thawing permafrost and gas hydrates (Gedney et al., 2004; Dean et al., 2018; Nisbet et al.,
2019). Since the atmospheric lifetime of CH4 ranges between only 8 to 10 years (Prinn
et al., 2005; Jöckel et al., 2006; Prather et al., 2012; Frank, 2018), it is relatively quickly
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removed from the atmosphere. Reducing CH4 emissions is therefore an attractive target
for mitigating global warming (Dlugokencky et al., 2011). To do so, a precise knowledge
of the individual sources and their emission fluxes is essential.

Figure 1.1: Global averaged monthly marine near surface methane mixing ratio (left
panel) and annual growth rate (right panel) between 1984 and 2020 derived from https:

//gml.noaa.gov/ccgg/trends ch4/ (Dlugokencky et al., 2020).

Figure 1.1 shows the evolution of the global average CH4 mixing ratio over the last
decades. Mixing ratios increased until 2000 (see left panel), whereas between 2000 and
2007 the atmospheric growth rate (right panel) stagnated. After 2007 CH4 mixing ratios
increased with a considerable growth rate of 12.7 ± 0.5 ppb/year in 2014 (Nisbet et al.,
2019). The reasons for the stagnation and the renewed rise after 2007 are still unknown
and debated in the literature. Until today, large uncertainties appear in the estimates of
the individual source emission fluxes. Emission inventories differ from each other, and es-
timates of the so called bottom-up and top-down approaches deviate strongly (bottom-up:
576 Tg(CH4)/yr [550-594] and top-down: 737 Tg(CH4)/yr [594-881], Saunois et al., 2020,
see Chapter 2 for an explanation on the top-down and bottom-up approaches). Moreover,
uncertainties in the atmospheric OH concentration (the major sink of CH4) exist (Nicely
et al., 2020; Zhao et al., 2020).

Understanding the global methane budget requires precise emission flux estimates and a
good representation of the CH4 chemistry and physics in chemistry climate models. Long-
term monitoring, as well as global and regional atmospheric observations help to identify
and quantify different CH4 sources. Accurate measurements of strong point source emis-
sions are quite feasible, but still subject to uncertainties. Moreover, we lack comprehensive
observations of diffuse emissions, e.g. from wetlands or due to leakage from fossil fuel ex-
ploitation, transport and usage. Furthermore, due to its high reactivity and associated very
short lifetime, the concentration and distribution of OH in the atmosphere is highly vari-
able, which makes it difficult to calculate the total methane loss based on measurements.
To close the gap of uncertainties in the estimates of emission fluxes and OH concentration,
and to better constrain atmospheric observations, regional and global numerical models
are used.

https://gml.noaa.gov/ccgg/trends_ch4/
https://gml.noaa.gov/ccgg/trends_ch4/
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A powerful tool for tracing back CH4 emissions and identifying the sources of the recent
global increase, is the study of stable isotopes. Sources of CH4 can be categorized according
to the type of formation (biogenic, thermogenic and pyrogenic). Depending on this type
of formation, the ratio between light and heavy isotopes in a CH4 sample (i.e. 13C/12C and
D/1H) differs. The isotopic composition of a sample is expressed relative to a standard
(VPDB1 for carbon and VSMOW2 for hydrogen isotopes) in a so called “delta notation”,
i.e. δ13C and δD for carbon and hydrogen, respectively. Biogenic emissions (e.g. from
wetlands, agriculture, waste, wild animals, termites, permafrost) have relatively negative
δ13C(CH4) signatures. The δ13C(CH4) signatures of thermogenic emissions (e.g. from fos-
sil fuels, volcanoes) are less negative, and the pyrogenic emissions (biomass burning) show
least negative values. The global averaged δ13C(CH4) increased until 2000, which suggests
a larger contribution of methane with less negative δ13C(CH4) signatures. The isotopic
signature was relatively constant between 2000 and 2007, followed by a decrease since
2007. This indicates a change in the composition of the methane sources contributing to
the current methane emissions.
Previous studies analysed the globally averaged δ13C(CH4) with respect to the methane rise
after 2007. Decreasing δ13C(CH4) implies larger emissions from wetlands (Nisbet et al.,
2019) and agricultural activities (Schaefer et al., 2016). In addition, thermogenic emis-
sions, predominantly due to fossil fuel exploitation, could have contributed to the CH4 rise
(Hausmann et al., 2016). This assumption is, for example, supported by a possible reduc-
tion of pyrogenic emissions with relative high δ13C(CH4) (Worden et al., 2017). Fossil fuel
production (Höök et al., 2012) and in particular, the extraction of shale gas (fracking, EIA,
2015) prevailed over the last decades. Howarth (2019) suggests, that shale gas may have
lower δ13C(CH4) signatures compared to methane from other fossil sources. Therefore,
a considerable contribution of shale gas emissions may also partly explain the observed
decrease in the global mean surface δ13C(CH4). In contrast, Milkov et al. (2020) suggest
very negative δ13C(CH4) signatures in shale gas methane, which opposes the findings of
Howarth (2019). Finally, a reduction of the OH concentration could lead to the observed
increase of CH4 and a change of the isotopic composition due to the oxidation of CH4

(Rigby et al., 2017; Turner et al., 2017).

Scientific questions

The presented study aims to investigate and identify sources and sinks of atmospheric CH4

on the global and regional scale by using different modelling approaches. The overarching
goal is to improve our knowledge of the global CH4 budget and further enable supporting
numerical simulations for future measurement campaigns. Four scientific questions result
from the motivation described above. The first two are related to regional and local CH4

emissions. The two last scientific questions addressed in this study concern the recent
global atmospheric CH4 rise since 2007 and the simultaneous decrease in global δ13C.

1Vienna Pee Dee Belemnite
2Vienna Standard Mean Ocean Water
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❼ Regional and local CH4 emissions

1. How well do we understand the CH4 distribution on regional scale? How good
can we simulate and forecast regional CH4 distributions with a regional model?
Is there an improvement of the models’ skill with increasingly finer model reso-
lution?

2. How well do we understand stable CH4 isotopologues on regional scale and how
good can we simulate them? Do we see differences in the isotopic signatures
relative to the background signature?

❼ Stable CH4 isotopologues and the recent CH4 rise:

3. How do different CH4 source categories, and in particular shale gas emissions,
contribute to the global CH4 budget?

4. How does the global OH concentration and its atmospheric distribution influence
the global mean surface δ13C(CH4) signature?

1.2 Methodology and approach

In order to answer these questions, and to examine various aspects of atmospheric methane,
I apply a combined global and regional numerical model of the atmosphere. On the re-
gional scale, the focus is on accompanying an extensive measurement campaign, called
CoMet 1.0. The global methane budget is assessed with a global chemistry climate model.

To resolve small-scale patterns and CH4 point sources in a specific area, the models’
spatial and temporal resolution must be as fine as possible. Moreover, to simulate the
total methane mixing ratios in the area, the variability in background methane should be
correctly represented. Regional models usually prescribe methane climatologies at their
boundaries. To simulate the methane background variations, the models’ boundary con-
ditions must however, be consistent with the actual meteorology. This can be achieved
with a global/regional on-line nested chemistry climate model. Such models allow for a so
called “nesting” of several model instances into each other, covering a progressively smaller
area with an increasingly finer resolution. Each model instance receives its’ boundary con-
ditions from the respective coarser resolved model instance. Thereby, only the area of
interest is simulated with a high temporal and spatial resolution. The surrounding area is
less resolved, which saves computational resources.

The Carbon Dioxide and Methane Mission (CoMet) campaign is a measurement cam-
paign, carried out in May and June 2018. One of the objectives of the CoMet campaign
was to quantify localized methane emissions from coal mining activities in the Upper
Silesian Coal Basin (USCB) in Poland. It combined airborne and ground-based measure-
ments (active and passive remote sensing, in-situ, flask sampling), as well as regional and
global atmospheric models. A major part of the presented thesis was to develop a forecast
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system that provided numerical simulations of methane in the atmosphere. These fore-
casts supported the research aircraft flight planning throughout the campaign. Numerical
simulations further help with the interpretation of the observed methane mixing ratios
afterwards (hindcasting).

For future studies and measurement campaigns, it is crucial to investigate how well
these regional simulations can reflect the actual CH4 distribution in the atmosphere.

The first part of this study therefore includes the analysis of hind- and forecast simula-
tions conducted with a global/regional on-line nested chemistry climate model. The model
results are compared to the observational data sampled during CoMet 1.0. These results
are already published by Nickl et al. (2020) and the corresponding Chapter 4 in this thesis
is mainly based on this publication. The second part covers the assessment of methane
isotopologues with the regional model. The simulation results are analysed and compared
to CoMet observations (CH4 mixing ratios and stable isotopes) in Chapter 5.

The last part in Chapter 6 concerns the simulation of the global methane budget by
global modelling. It investigates the influence of different source emission fluxes and the
OH field onto the recent CH4 rise with respect to the observed global averaged δ13C(CH4)
signature. A state-of-the-art global chemistry climate model is applied, using a simpli-
fied approach to simulate methane loss, as well as the physical and chemical processes
of methane isotopologues. Based on recent emission inventories, CH4 emissions and the
respective isotopic signatures are systematically varied within the range of their uncer-
tainties, in order to reproduce the observed global trends in δ13C(CH4) and CH4 mixing
ratios.





Chapter 2

Scientific background

2.1 Methane in the atmosphere

Methane (CH4) is a major greenhouse gas in the atmosphere, along with H2O (vapour),
carbon dioxide (CO2) and nitrogen dioxide (N2O). Furthermore it plays an important role
in atmospheric chemistry, as it effects the concentration of tropospheric hydroxyl radical
(OH), a key oxidant or ”cleaner” in the atmosphere, which removes other trace gases, such
as carbon monoxide (CO), nitrous oxide (NOx) and organic compounds (Crutzen, 1995;
Lelieveld et al., 2004).

In terms of anthropogenically induced radiative forcing methane is the second most
important greenhouse gas after CO2. It’s direct radiative forcing is estimated at 0.61 W
m-2 (Etminan et al., 2016). Atmospheric concentrations are about 200 times lower than
CO2 concentration. Yet, methane’s absorption of infrared radiation is stronger and its 100-
year global warming potential (GWP) is 28 times larger than the GWP of CO2 (GWP=
1). Methane has a relatively short atmospheric lifetime of ∼ 10 years (see Section 2.1.2).
On a shorter time horizon of 20 years it’s GWP is therefore even higher with a value of 84
(Myhre et al., 2013). Besides the direct effect to radiative forcing, the oxidation of methane
leads to a production of further greenhouse gases such as O3, CO2 and stratospheric water
vapour (Myhre et al., 2013). This again contributes to the radiative forcing (indirectly)
and results in a GWP of 34 and 86 for the 100-year and 20-year time horizon, respectively
(Myhre et al., 2013).

Since the atmospheric methane lifetime is relatively short, a reduction of anthropogenic
methane emissions would rapidly effect the global methane budget. This is an attractive
target in terms of climate change mitigation strategies (Dlugokencky et al., 2011). Under-
standing the behaviour of atmospheric methane and its chemical feedbacks, as well as the
causes of the recent methane growth is therefore crucial.

Atmospheric methane concentrations are determined by emission fluxes and sink pro-
cesses. Both can be subject to different feedbacks. Palaeo records show that natural
methane emissions are sensitive to temperature variations (Etheridge et al., 1998). Bo-
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real wetland emissions, for example, decreased during the Last Glacial Maximum (LGM),
when temperatures were low (Fischer et al., 2008). In contrast, increasing temperatures,
accompanied by rising soil water tables, will enhance the production and therefore also
the emission of methane. Moreover, permafrost or gas hydrates possibly thaw or be-
come destabilized due to higher temperatures. This implies, that emissions from wetlands,
gas hydrates and permafrost likely respond to a future warming climate (Gedney et al.,
2004; Dean et al., 2018; Nisbet et al., 2019). Apart from this warming climate feedback,
methane is also involved in a complex interplay of processes determining its atmospheric
lifetime. The oxidation of methane with OH, which is the primary sink, affects for example
methane’s own tropospheric lifetime. Methane and its oxidation products are also major
sinks for OH. Thus, higher methane concentrations increase the tropospheric lifetime of
methane (Lelieveld et al., 1998; Winterstein et al., 2019; Stecher et al., 2021).

Methane sources are predominantly located in the Northern Hemisphere. Currently,
64 % of total emissions appear in the tropics, 32 % in the mid latitudes and 4 % in the
Northern high latitudes (Saunois et al., 2020). The concentrations of sink reactants also
vary globally with latitude. This results in a South-North gradient of the global methane
surface mixing ratios. Atmospheric transport, in turn, impacts the interhemispheric and
interpolar difference (Pandey et al., 2019) and reduces the gradient between both Hemi-
spheres. A detailed description of the individual methane sources and the different sink
processes are given in section 2.1.1 and 2.1.2, respectively.

Analyses from ice core records reconstructed global averaged methane mixing ratios of
about 695 ppb during the late pre-industrial Holocene (Etheridge et al., 1998). Since then
global methane mixing ratios in the atmosphere increased rapidly to currently 1873.4 ppb
(Dlugokencky et al., 2020, mixing ratio in January 2020). This sharp increase during the
20th century is most likely attributed to enhanced human activity. Figure 1.1 in Chapter
1 shows the global methane mixing ratios from the early 1980s until present (left panel).
The corresponding methane growth (right panel) began to slow down in 1983 and during
the 1990s, presumably due to reduced anthropogenic emissions (Bousquet et al., 2006).
Emissions from the Mt. Pinatubo eruption in 1992 resulted in decreasing temperatures
(Dutton and Christy, 1992), whereupon wetlands likely responded with lower emissions.
This might have led to the observed drop in the methane growth rate. Additionally, the
disintegration of the former Soviet Union presumably weakened the methane rise at this
time (Dlugokencky et al., 1994). Between 1997 and 1998, enhanced biomass burning from
Indonesian wildfires resulted again in larger methane emissions (Dlugokencky et al., 2011).
The growth rate stagnated between 1999 until 2006 (Dlugokencky et al., 2011) and in
2007 methane mixing ratios increased again, with the highest growth rate of 12.7 ➧ 0.5
ppb/year in 2014 (Nisbet et al., 2019). However, although single events that induced
changes in methane emissions during the last decades have been identified, the interannual
variability of methane mixing ratios is still poorly understood. Wetlands and variations of
tropical OH are assumed to contribute largely to the previous changes (Bousquet et al.,
2006). Still, the recent increase after 2007 is heavily debated in the literature. The various
hypotheses, trying to explain the causes of the renewed methane growth, have been already
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shortly described in the introduction (see Chapter 1). The use of stable isotopologues can
help to constrain individual sources and sinks of methane. An introduction to the stable
isotope chemistry is therefore given in Section 2.2.2. Chapter 6 addresses the recent increase
between 2007 and 2014 and discusses the global observed isotopic signature of methane in
more detail.

2.1.1 Sources of methane

Methane is emitted by natural and anthropogenic sources. Depending on the type of
formation, they can be further divided into biogenic, thermogenic and pyrogenic sources.
Biogenic or ”microbial” methane is produced due methanogenesis by archaea under anoxic
conditions (Cicerone and Oremland, 1988), such as in coastal sediments, wetlands and rice
paddies, the rumen of livestock (enteric fermentation) or organic waste deposits. Ther-
mogenic methane is generated under high pressure and temperature conditions due to a
thermal breakdown of organic matter. This applies for example to fossil fuels or volcanic
gases which are formed in great depths. Pyrogenic methane forms during incomplete com-
bustion of biomass during wildfires or biomass burning.

The individual natural and anthropogenic sources of methane are well known. Yet,
their relative contribution to the global methane budget is uncertain. Methane emissions
are either constrained by bottom-up inventories, which scale individual source data to a
global emissions, or they are estimated by top-down inversions using satellite and other
atmospheric measurements. Depending on the approach, the methane emissions differ
widely. While for the total methane emission, top-down estimates between 2008 and 2017
are 576 Tg(CH4)/yr [550-594], bottom-up inventories suggest much larger emissions of 737
Tg(CH4)/yr [594-881] (Saunois et al., 2020). Figure 2.1 lists the emission fluxes per source
based on top-down estimates.

Natural sources include wetlands, freshwater systems, oceans, termites, wild animals,
geological sources, methane hydrates and wild fires. Wetlands are the largest natural
source and are mainly located in tropical South America (Amazonas region) and in boreal
regions. Between 2008 and 2017 emission fluxes, derived from bottom-up and top-down es-
timates, are 149 Tg(CH4)/yr [102-182] and 181 Tg(CH4)/yr [159-200], respectively (Saunois
et al., 2020). Wetland and freshwater emissions estimates show the highest uncertainties
(Kirschke et al., 2013) and differences between the estimates may arise from double count-
ing of freshwater as wetland emissions (Saunois et al., 2020). Since methane formation
in wetlands depends on the water table (depth of anoxic zone), temperature, and degrad-
able material it may be possibly impacted by a changing climate and can be important in
terms of future climate feedbacks (Gedney et al., 2004). Geological sources including emis-
sions from volcanoes, mudvolcanoes and sediment basins (onshore and offshore) are less
constrained and again lead to discrepancies between bottom-up and top-down estimates
(Saunois et al., 2020). Together with all other natural sources, they make up only a minor
part of the total methane emissions.

Anthropogenic emissions arise from gas, oil and coal extraction, agriculture, waste
disposal, and biomass (incl. biofuel) burning. They account for about 60 % of the total
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emissions (Saunois et al., 2020) and seem to be better constrained than natural emissions,
since the differences between bottom-up and top-down estimates are smaller. However,
estimates for the individual sectors are only from bottom-up estimates and are based on
local informations and inventories. Uncertainties can still be there. A major part of the
anthropogenic methane is attributed to agricultural activity, mostly livestock farming,
manure and rice cultivation, the latter being predominant in South East Asia (Carlson
et al., 2016). Another large source is the waste sector, where methane is produced during
the decay of biogenic waste in landfills or waste water. Agriculture and waste account
for 206 Tg(CH4)/yr [191-223] in bottom-up and for 217 Tg(CH4)/yr [207-240] in top-
down estimates of the emissions between 2008 and 2017 (Saunois et al., 2020). Between
2000 and 2008 nearly 63 % of the fossil fuel emissions were due to oil and natural gas
exploitation. Methane escapes as fugitive emission from productive and abandoned wells,
as well as during transport. Natural gas include conventional and shale gas emissions. Since
2007, one can observe a growing shale gas activity especially in Northern America. The
remaining part of fossil fuel emissions is mainly attributed to coal mining, where methane is
mostly directly emitted from the ventilation shafts. However, fugitive emissions escape also
from not-operated mines and during transport. Coal related methane emissions increased
largely in China in the 2000s (Thompson et al., 2015). Minor fossil fuel emissions arise
from road traffic and industry. All fossil fuel emissions sum up to 128 Tg(CH4)/y [113-154]
(bottom-up) or 111 Tg(CH4)/y [81-131] (top-down) during 2008 to 2017 (Saunois et al.,
2020).

Methane is further emitted during biomass and biofuel burning. Most emission are
attributed to wild and large-scale fires, which are strongly influenced by environmental
and climate conditions. Between 2001 and 2016 the global fire activity decreased (Earl
and Simmonds, 2018), likely due to an expansion of agriculture (Andela et al., 2017).
Increasing fire activity is observed in India and China (Earl and Simmonds, 2018), which
is attributed to increasing crop residue burning (Andela et al., 2017). Human induced fires,
such as agricultural waste burning, appear mainly in the subtropic and tropics and are often
difficult to detect (Saunois et al., 2020). Biofuel burning make up between 30 to 50 % of the
total biomass burning emissions and arise for example, from domestic cooking, heating and
open fires (Saunois et al., 2020). Biomass burning including the natural burning emissions
make up 30 Tg(CH4)/y [22-36] (top down, Saunois et al., 2020).

2.1.2 Sinks of methane

Methane is removed from the atmosphere by various photochemical reactions, i.e. the oxi-
dation with hydroxyl radical (OH), chlorine (Cl) and the excited oxygen atom O(1D). The
following equations taken from Ravishankara (1988) describe the corresponding chemical
reaction:

OH + CH4 −→ CH3 + H2O (2.1)
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Figure 2.1: Emission fluxes of the main methane sources categories in Tg(CH4)/yr. Num-
bers are based on the data of Saunois et al. (2020) top-down estimates from the period
2008-2017.

Cl + CH4 −→ HCl + CH3 (2.2)

O(1D) + CH4 −→ products (2.3)

About 90 % of methane is removed in the troposphere. The main sink here is the
oxidation with OH. Between 2000 and 2009 the tropospheric oxidation by OH removed
about 553 [476-677] Tg(CH4)/yr (Saunois et al., 2020). Tropospheric methane is also
oxidized by Cl in the marine boundary layer (Allan et al., 2007), however, as recently
reported by Gromov et al. (2018), this is only a small amount of the global atmospheric
methane. About 5 % escape to the stratosphere, where methane is oxidized by OH, Cl
and O(1D). The stratospheric loss of methane is about 31 [12-37] Tg(CH4)/yr (Saunois
et al., 2020). Furthermore methane is removed by photolysis, which takes plays above the
mesosphere (Ravishankara, 1988) and is described by the reaction:

CH4 + hν −→ products (2.4)

Equation 2.4 is taken from (Turco, 1975). The remaining sink is due to biological
consumption in soils, where methane is oxidized by methanotrophic bacteria (Curry, 2007).
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OH radical and tropospheric lifetime of methane

OH is the primary sink of methane in the atmosphere. As a result of its high reactivity,
it is also a major oxidant for CO, NOx species and other trace gases (Crutzen, 1995).
This makes OH an important compound of atmospheric chemistry. OH is formed from
photodissociation of tropospheric ozone (O3) and water vapour:

O3 + hν −→ O(1D) + O2

O(1D) + H2O −→ 2OH
(2.5)

The equation 2.5 is taken from Crutzen (1995). The photolysis of ozone provides the
O(1D) for the reaction with water vapour resulting in OH. This primary production of OH
is subject to various feedbacks in the atmosphere. It relies on the supply of water vapour
and O3 and depends additionally on the incoming UV radiation, which is highest in the
tropics (Crutzen, 1995). Tropospheric O3 is produced in NO rich regions, such as near
industrial zones or the continental tropics and mid latitudes, where NO forms due to light-
ening (Crutzen, 1995). The OH formation is further influenced by the methane oxidation
products. Thereby, water vapour is produced, which is again needed for the reaction with
O(1D) in the troposphere and therefore favours OH production. Counteracting to this, CO
is formed during the sink reaction with OH, which is along with CH4, a major sink of OH.
Consequently, both affect again the OH abundance in the troposphere. However, oxidation
products in the stratosphere influence OH concentration differently. Stratospheric ozone
for example reduces the short wave radiation reaching the troposphere, which is needed
for the photolysis of ozone (Voulgarakis et al., 2013). These feedbacks also affect the tro-
pospheric methane lifetime τ (CH4). Enhanced methane mixing ratios lead to a reduction
of OH and an increase in the methane lifetime (Lelieveld et al., 1998; Winterstein et al.,
2019). This enhancement is again weakened by slow warming feedbacks, that involve the
production of more water vapour in the troposphere due to CH4 oxidation, resulting in the
production of OH (Stecher et al., 2021). Furthermore, since the oxidation reactions depend
on temperature, the lifetime responds to temperature changes. El Niño-Southern Oscil-
lation (ENSO) events for example, lead to higher temperatures and more water vapour.
They may result in both, production of OH due to higher water vapour, or loss of OH
due to warmer temperatures (Prinn et al., 2005). Additionally, during el Niño events,
enhanced biomass burning in tropical regions lead to large emissions of CO. Due to these
higher concentrations of CO, OH is removed rapidly and leads to an average longer lifetime
of methane (Crutzen, 1995; Prinn et al., 2005; Zhao et al., 2020).

Understanding the global methane budget and interpreting the recent methane increase
requires the consideration of the methane sink processes and lifetime estimates. Zhao et al.
(2020) found that an OH underestimation likely led to an underestimation of methane
emissions during 1986 and 2010. Recent studies link the recent growth of methane to an
reduced oxidation capacity (Turner et al., 2016; Rigby et al., 2017). The atmospheric OH
concentrations are afflicted with high uncertainties due to low the sparsity of measure-
ments, the complex feedbacks, and fast reactivity of OH in the troposphere. The most
uncertainties are the OH concentrations in the tropics (Zhao et al., 2020). Consequently,
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the tropospheric lifetime of methane with respect to OH varies among different studies.
Estimated lifetimes range from short lifetimes, i.e.: 8.02 yr (Jöckel et al., 2006), 8.11 ➧
0.13 (Frank, 2018) over 9.1 ➧ 0.9 yr (Prather et al., 2012, measurement-based), 9.8 ➧ 1.6
(Voulgarakis et al., 2013) to longer estimates of for example 10.2 [9.5-11.1] (Prinn et al.,
2005). Differences of the simulated methane lifetime between models are mainly caused
by different photolysis frequencies of ozone to the exited O1D (J O1D), O3 and chemical
mechanisms in these models (Nicely et al., 2020).

2.2 Methane isotopologues

2.2.1 Isotope chemistry

Atoms consist of a nucleus which is surrounded by a number of electrons. The atomic
nucleus in turn is composed of protons and neutrons. The number of protons, also called
atomic number, and the number of electrons characterise a chemical element. While a spe-
cific element always has the same atomic number, its number of neutrons can vary. Atomic
nuclei of an element with different numbers of neutrons are called isotopes. Molecules that
contain the same elements but different isotopes are denoted as isotopologues. Isotopes can
either be stable or subject to radioactive decay (radiogenic isotopes). Most elements have
two naturally occurring stable isotopes, the lighter one being generally the most abundant.
Figure 2.2 shows a sketch of the two stable carbon isotopes carbon-12 (12C) and carbon-13
(13C), with a nucleus consisting of either six or seven neutrons, respectively. Different iso-
topes of the same element mainly equal in most chemical reactions, but neutrons contribute
to the total mass of the nuclei, resulting in a small mass difference and therefore slightly
different chemical and physical properties. Chemical compounds with ”heavier” (i.e. with
larger mass) isotopes have lower mobility and stronger chemical bounds, compared to those
containing ”lighter” (i.e. with lower mass) isotopes. This leads to a relative partitioning of
the heavier and lighter isotopes during physical phase transition or chemical reactions, and
is defined as isotopic fractionation (Mook, 2000). The distribution of isotopes can therefore
contain information about the origin and transport of a sample or may record chemical
reactions. The abundance of heavier isotopes relative to the abundance of lighter isotopes
can be measured by cavity ring down or mass spectroscopy. The study of isotopes and
isotopologues became an important tool in Earth and Environmental Sciences. Both, ra-
diogenic and stable isotopes serve as tracers, marking for example transport in hydrological
studies (Mook, 2000). Additionally, radioactive decay is used for age determination, such
as the 14C or the uranium/thorium methods. Stable isotopes are widely used in palaeo
environmental reconstruction and can help to identify geo- and biochemical processes that
cause isotopic fractionation. Stable oxygen isotopes for example, sampled from ice core
air bubbles or marine sediment foraminifera are often used to derive palaeo temperature
records. Methane sources have different source signatures and stable isotope analyses can
be used to constrain individual sources and to understand the atmospheric composition of
methane.
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Figure 2.2: Sketch of the stable isotopes carbon-12 (left) and carbon-13 (right). Red
(protons) and blue (neutrons) form the atomic nucleus and green dots show the surrounding
electrons. Carbon consists of 6 electrons and 6 protons. In nature carbon has two stable
isotopes with either 6 neutrons (carbon-12) or 7 neutrons (carbon-13).

Isotopic fractionation of stable isotopes

The isotopic ratio R of a sample is defined as the ratio between the rare isotope Irare and
the abundant isotope Iabundant of a specific element I:

RSample =
Irare

Iabundant
(2.6)

with Irare being the heavier isotope and Iabundant being the lighter isotope. The ratio of
the rare and the abundant isotope changes as the sample is subject to isotopic fractionation
during physical or chemical reactions. As described above, the isotopic fractionation is a
result of the mass differences between heavy and light isotopes. Chemical compounds
with heavier isotopes are in general less mobile and have a higher binding energy than the
compounds with lighter isotopes. During the evaporation of water, for example, the heavier
isotope oxygen-18, is favoured by the liquid phase where it is bound more stably, while
the lighter isotope oxygen-16 evaporates preferably into the gas phase. The difference
between the binding energies becomes smaller with higher temperatures and results in
smaller fractionation effects (Mook, 2000). The isotopic fractionation is mathematically
described as isotopic fractionation factor α:

αA(B) =
RB

RA

(2.7)

with RA and RB being the isotopic ratios of a chemical compound before and after the
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physical phase transition or chemical reactions, respectively. It can be further described
as the fractionation:

εA(B) = αA(B) − 1 (·103
❤) (2.8)

The εA(B) value can be either negative or positive and refers to a depletion or an
enrichment of the heavier isotope in compound B relative to compound A, respectively.
We distinguish between two different fractionation processes, i.e. the equilibrium and the
kinetic fractionation. Equilibrium fractionation takes place in closed systems in which two
compounds are in chemical and isotopic equilibrium. While the isotopes are exchanged
back and forward, the isotopic ratio is kept constant. An equilibrium occurs for example
between gaseous carbon dioxide and dissolved bicarbonate (Mook et al., 1974) or between
calcite and ocean water as seen for some benthic foraminifera (Shackleton, 1974). Kinetic
isotopic fractionation occurs during irreversible one-way chemical and physical processes,
such as it is true for many biological reactions. In most cases, the compounds with the
lighter isotopes have higher velocities and smaller binding energies. These compounds react
faster, which leads to an enrichment of the heavier isotope in the remaining compound and a
depletion in the resulting compound. For example, when atmospheric methane is oxidized
by OH in the troposphere, molecules with the lighter carbon isotope react faster. The
remaining methane becomes isotopically enriched in the heavier carbon isotope. The ratio
between the reaction rate of the lighter compound kL and the reaction rate of the heavier
compound kL is called Kinetic Isotopic Effect (KIE) (Bigeleisen, 2005):

KIE :=
kL
kH

(2.9)

The delta notation

The isotopic distribution of a sample is not given as absolute value. For a better compa-
rability, the isotopic ratio is reported in the so called delta notation describing the relative
abundance of the raw isotope and the abundant isotopes relative to a standard. The delta
notation is given by McKinney et al. (1950) and defined as follows:

δ =
RSample −RStandard

RStandard

∗ 1000 =
RSample

RStandard

− 1 ∗ 1000 (2.10)

The universally used standard for hydrogen and oxygen isotopes is the isotopic ratio
of mean ocean water, named Vienna Standard Mean Ocean Water (VSMOW). Carbon
isotopes are typically reported relative to the Vienna Pee Dee Belemnite (VPDB), a fossil
containing a relatively large amount of the heavier isotope 13C. The exact values of the
standards are listed in Table 2.1. Throughout the chapters of this study, the two terms δD
and δ13C always refer to the standards VSMOW and VPDB, respectively (i.e. δDVSMOW

and δ13CVPDB).
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Table 2.1: Values of the two isotopic standards VSMOW and VPDB for hydrogen and
carbon isotopes, respectively.

Standard Value values taken from:

Vienna Standard Mean Ocean Water (VSMOW) 0.00015576 Fry (2006)
Vienna Pee Dee Belemnite (VPDB) 0.0111802 Werner and Brand (2001)

2.2.2 Stable isotopologues of methane

The interannual variability of methane and particularly the causes of the recent increase in
the atmosphere are heavily discussed in the recent literature. Since the isotopic signature
of methane (reported as δ13C(CH4) and δD(CH4)) differ according to its type of forma-
tion, i.e. biogenic, thermogenic and pyrogenic, the analysis of stable isotopes can help to
constrain different sources of methane. Moreover, sink reactions have characteristic frac-
tionation effects, which alter the isotopic composition and may therefore be identified. Yet
it is not possible to distinguish between anthropogenic and natural sources. The recent
global methane increase is accompanied by a decrease in δ13C(CH4). A shift in the atmo-
spheric δ13C(CH4) indicates a change in the source composition or atmospheric sink. The
observed trend in atmospheric δ13C(CH4) has been subject to many debates (see Chap-
ter 1). It is also a main scientific question of the present study and further discussed in
Chapter 6. Since the main focus of this study lies on the investigation of δ13C(CH4), most
explanations in this section are given with respect to δ13C(CH4). Moreover, δ13C(CH4) is
measured globally at various marine and continental surface sampling sites. The measure-
ments are organized by the National Oceanic and Atmospheric Administration (NOAA),
the Institute of Arctic and Alpin Research (INSTAAR), the National Institute of Wa-
ter and Atmospheric Research (NIWA) and the Heidelberg University, Germany (UHei).
δD(CH4) measurements are unfortunately very sparse. However, for the sake of complete-
ness, δD(CH4) signatures and fractionation are also described here.

The isotopic composition of methane in the atmosphere is influenced by the individual
source signatures emitted from the surface and the isotopic fractionation during the sink re-
actions in soils, troposphere and stratosphere. The emitted flux weighted mean δ13C(CH4)
is about -53.5 ❤ (Schwietzke et al., 2016). Yet, as a result of isotopic fractionation during
the sink processes, the atmospheric global mean signature becomes enriched in the heavier
isotopes with only -47.33❤ (Quay et al., 1999, between 1990-1995). Both, δ13C(CH4) and
δD(CH4) show a decreasing South-North gradient in the near surface atmosphere, which
becomes less pronounced with altitude. Most sources are located in the Northern hemi-
sphere and mainly determine the isotopic signatures near the surface here. The isotopic
signatures in the Southern hemisphere are mainly altered due to interhemispheric trans-
port of methane (Quay et al., 1999). The impact of the fractionation by oxidation becomes
more important with increasing altitude, especially in the stratosphere (Quay et al., 1999).
Besides the spatial variability, δ13C(CH4) is further affected by seasonal cycles. Whereas



2.2 Methane isotopologues 17

the temperate and polar Northern Hemisphere is mostly influenced by the composition of
methane sources, the monthly changes in the tropics can be explained by OH oxidation
(Quay et al., 1999).
The next paragraph introduces the stable isotopologues of methane and summarizes the
different source signatures and fractionation processes.

Methane isotopologues

In the present model study, the chemistry climate model simulates mixing ratios of the
entire molecules, rather than the single elements of which a molecule is composed off. The
analysis presented in relation to isotope chemistry therefore refers to stable isotopologues.
Methane molecules can be composed of four different stable isotopes: the carbon isotopes
12C and 13C, and the hydrogen isotopes 1H and D. The most abundant stable isotopologues
of methane, which are formed by these isotopes, are: CH4, CH3D, CH2D2 and CHD3.

The isotopic ratio of a CH4 sample with respect to C is calculated as follows:

RC(CH4) =
13CH4

12CH4

(2.11)

Since CH4 contains more than one hydrogen isotope, the isotopic ratio with respect to
D is calculated slightly differently:

RD(CH4) =
|CH3D| + 2 · |CH2D2| + 3 · |CHD3| + 4 · |CD4|

4 · |CH4| + 3|CH3D| + 2 · |CH2D2| + |CHD3|
(2.12)

Isotopologues consisting of more than one rare isotope occur rarely in nature and are
usually neglected in the calculation. This results in the following simplification of equation
2.12:

RD(CH4) =
|CH3D|

4 · |CH4| + 3|CH3D|
(2.13)

The isotopic signatures are reported in the delta notations δ13C(CH4) and δD(CH4).
The standards Vienna Pee Dee Belemnite (VPDB) and Vienna Standard Mean Ocean Wa-
ter (VSMOW) are used for carbon and hydrogen, respectively. δ13C(CH4) and δD(CH4) of
atmospheric methane are usually negative, which is due to the lower content of the heavier
isotopes compared to the standards. In the presented study I use the terms ”isotopically
enriched” or ”isotopically depleted”, which means that a sample is enriched or depleted in
the heavier isotope relative to another sample. The corresponding δ13C(CH4) and δD(CH4)
become consequently either less or more negative. Throughout the chapters of this study,
I abbreviate δ13C(CH4) as δ13C, and δD(CH4) as δD.
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Isotopic sources signatures

As described in Section 2.1.1, methane sources can be distinguished with respect to the
formation of methane, i.e. biogenic, thermogenic or pyrogenic. Since the isotopic signature
of a methane sample depends, among other factors, on the kinetic isotopic fractionation
happening during formation, the different isotopic source signatures can also be roughly
classified into these categories. Figure 2.3 shows this classification and the corresponding
δ13C and δD. The mean isotopic signatures, which I report here, were calculated by Frank
(2018) using the following references: Kiyosu (1983); Quay et al. (1999); Snover et al.
(2000); Mikaloff-Fletcher et al. (2004); Whiticar and Schaefer (2007); Monteil et al. (2011);
Rigby et al. (2012); Zazzeri et al. (2015).

Biogenic methane is in general isotopically most negative. Kinetic effects occur due
to the anaerobic metabolism of microorganisms and lead to a depletion of the heavier
isotope in the resulting methane. The mean signatures are -59.0 ❤ and -324.5 ❤ for
δ13C and δD, respectively (Frank, 2018, and references therein). Thermogenic methane
is isotopically less depleted in the heavier isotopes with a mean δ13C of -41.8 ❤, and
a mean δD of -192.0 ❤ (Frank, 2018, and references therein). Pyrogenic methane is
isotopically most enriched. During the combustion of organic material, δ13C is not subject
to any kinetic fractionation and the isotopic signatures of the source material is maintained.
Contrary, a significant fractionation occurs for deuterium during combustion (Snover et al.,
2000). Mean signatures are -23.9 ❤ and -213 ❤ for δ13C and δD, respectively (Frank,
2018, and references therein). δ13C and δD also depend on the isotopic signature of the
source material, such as different plant types that incorporated the individual carbon
isotopes differently. This applies for example to biomass burning or livestock emissions.
Furthermore, methane can be subject to secondary fractionation due to oxidation during
migration in rock formations or soils. Chapter 6 deals with a more detailed description
of the individual source signatures and describes the individual processes behind their
formation.

Isotopic fractionation during sink reactions

During it’s removal in the atmosphere, methane is subject to isotopic fractionation. The
isotopically lighter molecules 12CH4 and CH4 react preferentially with the oxidation part-
ners, which leads to an enrichment of the heavier molecules 13CH4 and CH3D in the re-
maining methane. The extent of the fractionation and the corresponding KIE depend, as
described above, on the reaction rates and consequently, vary with the different methane
sink reactions. Additionally they are partly temperature dependent. The corresponding
KIEs were analysed by various studies. Yet, differences remain between experimentally
and theoretically derived KIEs (Gupta et al., 1997; Quay et al., 1999). Table 2.2 presents,
among others, the KIEs used in the present study. The upper part lists the experimentally
derived KIEs for the reactions with OH, Cl and O(1D). The strongest fractionation for
carbon and hydrogen isotopes is observed for the reaction with Cl (Saueressig et al., 1996).
The smallest KIE is found for the reaction with O(1D) (Saueressig et al., 2001). The
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Figure 2.3: Overview of the δ13C(CH4) and δD(CH4) source signatures in ❤. Signatures
are grouped into pyrogenic (purple rectangle), thermogenic (red rectangle) and biogenic
(green rectangle) sources. The overview including the isotopic signatures and uncertainty
ranges is adapted from Frank (2018). Pyrogenic emissions are additionally separated into
C-3 and C-4 plants. Signatures are taken from Dlugokencky et al. (2011).

fractionations by Cl and O(1D) oxidation become important when considering the isotopic
composition in the stratosphere. Both fractionations are sensitive to temperature changes.
This also applies for the hydrogen isotope fractionation during OH oxidation. On the con-
trary, the carbon isotope fractionation during the reaction with OH shows no temperature
dependency (Cantrell et al., 1990). OH loss plays a major role in the troposphere and
influences in particular the isotopic composition and its monthly variations in the tropics
(Quay et al., 1999). The fractionation for carbon differ largely between different studies.
Table 2.2 lists two experimentally derived 13CKIEOH. Even stronger KIEs are reported
by theoretical studies (Gupta et al., 1997). The presented study uses the most recent
KIE given by Saueressig et al. (2001). Since the fractionation during photolysis is only
important in the mesosphere and the KIE are relatively small (as shown by the results for
the Martian atmosphere determined by Nair et al. (2005)), the fractionation by photolysis
is neglected in the present model setup (similar to the setups described by Frank, 2018;
Winterstein and Jöckel, 2021). The KIE of soil loss depends on the fractionation during
both, the diffusion into the soil and the microbial oxidation. It further varies with the
type of soil, such as the soils of boreal tundra, forests or grasslands. Snover and Quay
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(2000) presents KIE measurements in forest and grassland soils (see Table 2.2, lower part).
Although soil uptake responds to the seasonal cycle, the effect the seasonal variations of
δ13C is negligible (Quay et al., 1999). For soil uptake, the two mean values, 13CKIEsoil

= 1.0196 (Frank, 2018, mean calculated with values taken from Snover and Quay (2000);
Maxfield et al. (2009))and DKIEsoil = 1.0825 (Frank, 2018, mean calculated with values
taken from Snover and Quay (2000)), are used.

Table 2.2: KIEs for different methane sink reactions. The upper part lists the KIE at a
temperature of 296 K for the reactions with OH, Cl and O(1D). Since the KIE are partly
temperature dependent the coefficient A and B are given, to calculated the KIE according
to KIE = A · exp(B/T) (adapted from Saueressig et al., 2001). The lower part lists the
KIEs for forest and grassland soil uptake.

Reaction KIE A B Reference

13CKIEOH 1.0054 - - (Cantrell et al., 1990)
13CKIEOH 1.0039 - - (Saueressig et al., 2001)

13CKIECl 1.066 1.043 6.46 (Saueressig et al., 1995)

13CKIEO1D 1.013 1.013 0 (Saueressig et al., 2001)

DKIEOH 1.294 1.1 49 (Saueressig et al., 2001)

DKIECl 1.508 1.278 51.31 (Saueressig et al., 1996)

DKIEO1D 1.06 1.060 0 (Saueressig et al., 2001)

Reaction KIE Reference

13CKIEsoil 1.0181 (forest) (Snover and Quay, 2000)
1.0173 (grassland) (Snover and Quay, 2000)

DKIEsoil 1.066 (forest) (Snover and Quay, 2000)
1.099 (grassland) (Snover and Quay, 2000)



Chapter 3

Description of the models and
forecast system

Our climate system encompasses a wide variety of components of the Earth system, i.e. at-
mosphere, biosphere, cryosphere, lithosphere and hydrosphere. Numerical modelling is a
suitable tool to understand the complex interplay between those components. Although
comprehensive measurements of climate variables are carried out globally, they only rep-
resent local snapshots. Moreover, at some locations continuous data sets are rare or even
difficult to capture. Hence, in order to fill this gap and additionally understand the in-
volved processes leading to the observations, numerical models became essential in climate
sciences. Modelling of the past climate helps to interpret palaeo records and understand
the mechanisms, feedbacks and driving forces of long-term changes, such as the interglacial
and glacial variability. Furthermore, climate models are used to study the impacts on the
recent climate, the role of human activities and the evolution of greenhouse gases. Fi-
nally, future environmental changes and climate evolution can be projected by numerical
simulations.

General Circulation Models (GCM) describe the basic physical processes of atmosphere
and ocean. These processes are, for example, related to clouds, ice, ocean currents or
wind. In general, we distinguish between General Circulation Models of the Atmosphere
(A-GCM) and General Circulation Models of the Ocean (O-GCM). If they are ”coupled”,
the feedbacks between atmosphere, ocean and often sea-ice are simulated. These coupled
models are then called Climate Models. However, chemical and biological processes, as
well as the various other feedbacks between the different Earth system components are
not considered in a simple A-GCM or O-GCM. In contrast, Chemistry Circulation Model
(CCM) are A-GCMs that include atmospheric chemistry. CCMs consider feedbacks on
dynamics of radiatively compounds (traces gases and aerosols) and feedbacks of chemical
reactions on the atmospheric hydrological cycle. A CCM ”coupled” to an O-GCM is called
Earth System Model (ESM). ESMs include the online coupling of different compartments
of the Earth system and consider feedbacks between them. Such numerical ESMs are
computationally very demanding, w.r.t. to both, computing time and storage capacity.
Simulations are therefore carried out at High Performance Computing (HPC) Centers.
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Global chemistry climate models, such as the numerical global chemistry climate model
ECHAM/MESSy (EMAC, Jöckel et al., 2010) simulate the chemistry of the atmosphere ex-
plicitly and are suitable to investigate the mixing ratios and chemical processes of methane,
such as it is the aim of this study. Section 3.1 describes the EMAC model in more detail
and introduces the submodel CH4, which calculates the basic methane chemistry.

Due to the computational demands for atmospheric chemistry processes, mainly for
solving the kinetic equation system, CCMs are usually coarser resolved as their GCM
counterparts, when simulating comparable time spans. Simulating smaller scale features
with a global CCM would consume large amounts of computational time. It therefore
makes sense to only simulate the region and time span of interest, using a regional model
at higher resolutions. Yet, regional models need proper boundary conditions. A regional
model can therefore be coupled to a global model and exchange the boundary conditions
online. As described in Chapter 1, the presented study involves the regional modelling
and forecasting of very localized methane plume evolutions. Therefore, simulations with
the model system MESSyfied ECHAM and COSMO models nested n times (MECO(n),
Kerkweg and Jöckel, 2012a,b; Mertens et al., 2016) were performed. MECO(n) is described
below in Section 3.2. Section 3.3 presents the forecast system, which was developed as part
of this study and published by Nickl et al. (2020).

3.1 The global chemistry climate model EMAC

3.1.1 The modular earth submodel system MESSy

The Modular Earth Submodel System MESSy (Jöckel et al., 2005) allows for comprehensive
studies of chemistry and dynamics in stratosphere and troposphere, as well as the inter-
action between stratosphere and troposphere, atmosphere and biosphere, and atmosphere
and ocean. It encompasses a set of individual submodels and a modular interface structure
that connects the various submodels (currently 60, https://www.messy-interface.org, last
access: July 2021) to a base model (such as a box model or a GCM). Different physical, dy-
namical and chemical processes are comprised in individual submodels, that are all coded
according to the modular structure and the underlying coding standard. The submodels
can be applied independently from each other and are further largely independent from
the base models’ temporal and spatial resolution. Data can be exchanged between the in-
dividual submodels, and between the submodels and the base model. A two-way coupling
(data exchange in both directions) allows to study feedbacks between the submodels. The
modularity of MESSy provides a high flexibility, since submodels can be switched on and
off individually, or extended by newly developed submodels.
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3.1.2 The EMAC model system

The numerical global chemistry climate model ECHAM/MESSy (EMAC, Jöckel et al.,
2010) is a state-of-the-art chemistry climate model, which consists of the Modular Earth
Submodel System, coupled to the general circulation model ECHAM5 (Roeckner et al.,
2006). The various MESSy submodels calculate the physical and chemical processes in the
troposphere and middle atmosphere, as well as the interaction between the atmospheric
layers.

EMAC can be applied in different vertical and horizontal resolutions. The present study
uses the T42L90MA resolution, which corresponds to a quadratic Gaussian horizontal grid
of about 2.8➦ x 2.8➦ in latitude and longitude and 90 vertical layers between the surface
and approximately 80 km altitude. Furthermore, EMAC can be operated in different con-
figurations: 1. as a GCM, 2. as the IdeaLized model (EMIL, Garny et al., 2020), 3. as a
GCM including a simplified chemistry mechanism, as it is done in the current study (basic
methane chemistry using the CH4 submodel, described below), or 4. with a comprehensive,
interactive multi-phase (i.e., gas, liquid, aersol) atmospheric chemistry, involving the sub-
models Module Efficiently Calculating the Chemistry of the Atmosphere (MECCA, Sander
et al., 2005, 2011), SCAVening (SCAV, Tost et al., 2006), as well as the aerosol submodels
GMXE (Pringle et al., 2010) or MADE3 (Kaiser et al., 2014), and various submodels for on-
and offline emissions. Moreover, EMAC can be optionally coupled to an O-GCM (Pozzer
et al., 2011) or to a mixed layer ocean (Kunze et al., 2014; original code by Roeckner et al.,
1995). In order to represent the observed or forecasted meteorology, EMAC can be nudged
by Newtonian relaxation towards the reanalysis, analysis and forecast data provided by
the European Centre for Medium-Range Weather Forecasts (ECMWF).

The present study applies the MESSy submodels CH4 (Eichinger et al., 2015; Win-
terstein and Jöckel, 2021) to calculate the basic chemical processes of methane and its
isotopologues. Section 3.1.3 introduces the CH4 submodel and includes a description of
those submodels, which are additionally related to either methane sink processes or the in-
clusion of methane emission inventories, i.e. the submodels JVAL (Sander et al., 2014), for
calculating the methane photolysis rate, Dry DEPosition (DDEP, Kerkweg et al., 2006a),
and the submodels OFFEMIS (Kerkweg and Jöckel, 2012b) and IMPORT GRID (Kerk-
weg and Jöckel, 2015). For my studies, I additionally used the MESSy submodels TREXP
(Jöckel et al., 2010) for defining new point source tracers and the submodel S4D (Jöckel
et al., 2010) concerning the online sampling of the model output along flight tracks (e.g. of
research aircraft). These submodels are described as part of the model setup description
in the respective Chapter 4.

3.1.3 The submodel CH4

The MESSy submodel CH4 (Eichinger et al., 2015; Winterstein and Jöckel, 2021) calcu-
lates a simplified methane chemistry, i.e. the main sink reactions of CH4 with OH, Cl,
O(1D) and direct photolysis. The sink reactants OH, Cl, O(1D) are provided offline as



24 3. Description of the models and forecast system

prescribed fields, which can be derived from previous atmospheric chemistry simulations.
The MESSy submodel MECCA (Sander et al., 2005) in contrast, solves the system of
ordinary differential equations (ODEs), which describe a detailed kinetic system of chem-
ical reactions. In this way, OH, O(1D) and Cl concentrations are simulated interactively.
The CH4 submodel can also be one-way coupled to MECCA. Thereby, the sink reaction
partners are online calculated by MECCA and used by the CH4 submodel. Conversely,
MECCA is not affected by the CH4 submodel. Thus, no feedbacks onto the sinks and
between the hydrological cycle are considered. However, there is an option of the CH4
submodel to feedback onto H2O, in order to account for the water vapour produced by
methane oxidation, which is an important water source in the stratosphere. The simulation
of only the basic methane mechanisms, has the advantage of reducing the computational
demand. About 8.3 times less nodes-h per simulated year are consumed by using the CH4
submodel compared to the simulation with MECCA (Winterstein and Jöckel, 2021). In
the present study all simulations use prescribed reactant fields in the submodel CH4. The
comprehensive chemistry submodels, such as MECCA or SCAV, are not used. Yet, the
setup of the global simulations described in Chapter 6, considers the feedback onto H2O.

The photolysis rate of methane is calculated by the MESSy submodel JVAL (Sander
et al., 2014). The submodel CH4 uses the methane photolysis rate calculated by JVAL.
Alternatively, the photolysis rate could be prescribed offline. For the deposition of methane
in soils, a constant deposition rate is normalized to a specific CH4 mixing ratio of 1800
ppb (derived from Spahni et al., 2011) and multiplied with the actual CH4 mixing ratio
per grid cell. It is then prescribed via the MESSy submodel IMPORT GRID.

The CH4 submodel defines a methane master tracer, called CH4 FX. Methane emission
fluxes are read in via the MESSy submodel IMPORT GRID (Kerkweg and Jöckel, 2015),
which transforms emission fluxes to the computational grid of EMAC. The MESSy sub-
model OFFEMIS (Kerkweg and Jöckel, 2012b, therein described as OFFLEM) converts
the emission fluxes into tracer tendencies and adds these to the CH4 FX tracer tendency.
In addition to the master tracer, tracers for different age and emission classes can be de-
fined. Emission classes allow to split the CH4 FX tracer into different sub tracers, e.g. total
emission fluxes are subdivided according to their source category or regions where they are
emitted. The allocation of emission fluxes to the individual emission class tracers is again
handled via OFFEMIS. Similarly, different age classes can be defined to study the evolu-
tion of specific emissions over time. A single age class covers a defined time period. By the
expiry of this time period, methane is moved from a previous age class to next age class
(Winterstein and Jöckel, 2021). All emission and age classes are altered by the same sink
reactions as the master tracer.

The CH4 submodel can further simulate the four major methane carbon and hydrogen
isotopologues, i.e. 12CH4,

13CH4, CH4 and CH3D. Therefore, emission fluxes are split into
the respective fraction of the light and the heavy isotopologues and assigned to the cor-
responding tracers via OFFEMIS (CH4 12C, CH4 13C, CH4 D0, CH3 D1). In each case,
they sum up to the master tracer CH4 FX. All four tracers are subject to the same sink
reaction by oxidation with OH, Cl, O(1D) and by photolysis. The submodel CH4 calculates
the isotopic fractionation during these sink reactions by using the respective KIEs for the
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reactions (see Table 2.2 in Chapter 2):

KIE =
k12CH4+educt

k13CH4+educt

(3.1)

KIE =
kCH4+educt

kCH3D+educt

(3.2)

with k being the reaction rate coefficient of the reaction with the respective educt
OH, Cl, O(1D) or hν. The submodel CH4 uses a constant KIE (listed Table 2.2) for the
fractionation during the oxidation of methane in soils.

3.2 The global/regional n-times nested chemistry cli-

mate model MECO(n)

In order to simulated small scale meteorology and chemistry, down-scaling of the global
EMAC model to smaller domains is required. The smaller model domains need suitable
lateral boundary conditions. The regional COSMO/MESSy (Kerkweg and Jöckel, 2012a)
model comprises the MESSy infrastructure, which is connected to the regional weather
prediction and climate model of the Consortium for Small Scale Modelling (COSMO-CLM
further denoted as COSMO, Rockel et al., 2008). The COSMO-CLM is the community
model of the German regional climate research community jointly further developed by the
CLM-Community. The implementation of the MESSy infrastructure allows for a coupling
of the regional COSMO/MESSy model to the global EMAC model, which is realized as the
model system MESSyfied ECHAM and COSMO models nested n times (MECO(n), Kerk-
weg and Jöckel, 2012a,b; Mertens et al., 2016). The COSMO/MESSy model is thereby
on-line coupled (so called ”nesting”) to EMAC. The on-line nesting approach is performed
by the Multi-Model-Driver (MMD), which exchanges boundary conditions and initial con-
ditions between the different model domains by using computer memory instead of off-
line providing data from external files (Kerkweg and Jöckel, 2012b). The sub-submodel
INT2COSMO interpolates the data of one model domain to match with the respective
coarser or finer grid of the other model domain (Kerkweg and Jöckel, 2012b).

The COSMO/MESSy model domains can cover areas of different sizes and can have
different spatial and temporal resolutions. Several domains can be applied at the same time.
They are either distributed globally without any connection, or nested into each other.
The latter implies an on-line nesting of two or more COSMO/MESSy model domains with
decreasing size and increasing resolution, in order to reach a regional refinement at a specific
location. Figure 3.1 shows an example of this nesting for three regional COSMO/MESSy
domains (MECO(3)) covering the area over Europe, Central Europe and South-Western
Poland, respectively. The global EMAC model serves as a driving model and provides
the initial and boundary conditions for the largest COMSO/MESSy model domain over
Europe. The subsequent COMSO/MESSy model domains derive their initial and boundary
conditions from the respective coarser model domain. The simulation of chemical processes
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Figure 3.1: Example of the three-fold nesting with MECO(3), as it is applied for the study
in Chapters 4 and 5: Overview of the different COSMO/MESSy model domains over
Europe (CM50), Central Europe (CM7) and South-Western Poland (CM2.8). Each has a
different spatial resolution and a different time step length. The exchange of initial and
boundary conditions between the different COSMO/MESSy model domains is shown by the
black arrows. The driving model EMAC is nudged towards ECMWF data for temperature,
vorticity, divergence and the logarithm of surface pressure. Sea surface temperature (SST)/
sea ice temperature (SIC) are prescribed as boundary conditions. The figure is derived from
Nickl et al. (2020).

requires a high frequent data exchange between the individual model domains. Figure 3.2
illustrates the data exchange for the MECO(3) presented in Figure 3.1, which occurs at
every time step of the respective coarser model domain. The shown example refers to the
MECO(3) setup applied in Chapter 4 and 5. A detailed description of the setup of the
model is therefore provided in the corresponding chapters.

3.3 The forecast system

As introduced in Chapter 1, parts of the presented study aims at forecasting t the evolu-
tion of very localized methane emissions arising from coal mining ventilation shafts. To
provide the forecasts with the appropriate initial conditions, a forecast system was de-
veloped, which is introduced in the following section. It has been already described and
evaluated in the publication by Nickl et al. (2020): Hindcasting and forecasting of regional
methane from coal mine emissions in the Upper Silesian Coal Basin using the online nested
global regional chemistry–climate model MECO(n) (MESSy v2.53), Geosci. Model Dev.,
13, 1925–1943, https://doi.org/10.5194/gmd-13-1925-2020.
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Figure 3.2: The illustration shows the initial (I) and boundary (B) data exchange (blue
arrows) between EMAC and the different COSMO/MESSy model domains, shown in Fig-
ure 3.1. Data is exchanged at every model time step (red circles), of the respective coarser
model domain. The illustration is taken from Nickl et al. (2020).

The forecasts are simulated by the three-fold nested global regional chemistry-climate
model MECO(3). The global EMAC model (driving model) is nudged by Newtonian
relaxation towards the ECMWF operational forecast data. The nudging is applied for
temperature, vorticity, divergence and the logarithm of surface pressure. Additionally,
the ECMWF operational forecast data of sea surface temperatures (SST) and sea ice
temperatures (SIC) are prescribed as boundary conditions. Each forecast simulates a time
period of 6 days. A forecast simulation, performed on an Intel Xeon E5-2680v3 based
Linux Cluster (6 nodes à 12 dual cores) with 144 message passing interface (MPI) tasks,
runs about 8 hours (Nickl et al., 2020).

The forecasts require initial conditions, which can be derived from a continuous analysis
simulation. The analysis simulation uses the same model setup as the forecasts, but is
nudged towards the ECMWF operational analysis data. Since operational analysis data
include observations of the current state of the atmosphere, they are assumed to represent
the real meteorology best. Every 12 hours a restart file is written, which triggers the
forecast simulation and initializes all tracers. The nudging of EMAC is applied at every
model time step (here 720 seconds). Yet, the nudging fields and the SST/SIC data for
the analysis simulation are only available every 6 and 12 hours, respectively. Therefore,
the nudging data is linearly interpolated in time. This, in turn, requires the data of two
nudging time steps (i.e. 12 hours ) ahead of the simulation time. An analysis simulation
that starts a forecast at for example 00:00 UTC, uses the nudging data of the subsequent
time steps 06:00 UTC and 12:00 UTC (Nickl et al., 2020). Consequently, a 6-day forecast
is ready for post-processing 12 (two nudging time steps) plus 8 (simulation run time) hours
after the forecast start time 00:00 UTC.
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Chapter 4

Hind- and forecasting of regional
methane emissions with MECO(n)

As introduced in Chapter 1 atmospheric methane is steadily increasing since 2007 and
its growth even accelerated since 2014 (Nisbet et al., 2019; Fletcher and Schaefer, 2019).
The causes of the recent methane increase are still under debate (Schwietzke et al., 2016;
Schaefer et al., 2016; Nisbet et al., 2016, 2019; Worden et al., 2017; Rigby et al., 2017;
Turner et al., 2017; Thompson et al., 2018; Howarth, 2019), i.e. uncertainties exist in the
emission flux estimates of the individual sources, as well as in the quantification of the
atmospheric sink (e.g. changes in OH concentrations). Top-down and bottom-up methane
estimates still deviate strongly from each other (Saunois et al., 2020, see also Chapter 2).
Filling the gap of these large uncertainties in the methane budget is essential for further
action on climate change mitigation. Comprehensive measuring campaigns can help to
better understand sources and sinks on regional scales and thereby contribute to a more
precise data coverage on global scale. Such a measuring campaign, named Carbon Dioxide
and Methane Mission (CoMet) 1.0, was carried out in 2018 to quantify local anthropogenic
methane emissions in the Upper Silesian Coal Basin (USCB) in Poland, where high amounts
of methane are emitted due to coal mining. Section 4.1 describes the CoMet 1.0 campaign
and the corresponding study area in Poland.

To support the campaigns measurement strategies and to interpret the observed methane
mixing ratios afterwards, reliable model-based forecasts and analysis simulations (i.e. model
is constrained with observed meteorology after campaign to receive a “best guess” of the
actual conditions) are required, respectively. To localize the methane plumes that arise
from the coal mining ventilations shafts, the model needs to resolve small-scale features
on regional scale. Yet, due to the coarse resolution, global climate models cannot re-
solve this. Therefore, the online coupled global and regional chemistry-climate model sys-
tem “MESSyfied ECHAM and COSMO models nested n times” (MECO(n); Kerkweg and
Jöckel, 2012a,b; Mertens et al., 2016) is applied (see Chapter 3 for a detailed description of
the MECO(n) model). Three COSMO/MESSy instances are nested into each other to sim-
ulate the region over the USCB. The finest resolved model domain has a spatial resolution
of 2.8 km. Section 4.2 presents the corresponding model set-up and the implementation of
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different methane tracers.
The presented study evaluates how well the MECO(3) model simulates the regional

methane plumes and their distribution in the atmosphere. Thereby the results of the two
finest resolved model instances are analysed with respect to several airborne observations
taken during the CoMet 1.0 campaign. Since high-resolution simulations require a lot of
computing time, its is further tested whether the results of the second model instance
(spatial resolution of 7 km) performs equally well as the smallest model instance. Section
4.3.1 and Section 4.3.2 describe the different observations and their comparison to the
model results, respectively. Moreover, for future campaigns it is also important to know
until which day a forecast provides reliable results. Section 4.3.3 determines a forecast skill
by comparing the individual forecast days with the analysis simulation, as well with the
measurements sampled during the campaign.

The presented results have been already published by Nickl et al. (2020): Hindcasting
and forecasting of regional methane from coal mine emissions in the Upper Silesian Coal
Basin using the online nested global regional chemistry–climate model MECO(n) (MESSy
v2.53), Geosci. Model Dev., 13, 1925–1943, https://doi.org/10.5194/gmd-13-1925-2020.

The publication discusses the performance of MECO(3) to simulate local methane emis-
sions and evaluates a forecast skill of the model. The same contents are presented in the
current chapter. Most of the presented tables and figures are also taken or reconstructed
from Nickl et al. (2020).

4.1 The CoMet Campaign

The Carbon Dioxide and Methane Mission (CoMet) is part of the AIRSPACE (Air-
craft Remote Sensing of Greenhouse Gases with combined Passive and Active instru-
ments) project, which is in turn involved in the validation of the French-German cli-
mate mission MERLIN (Methane Remote Sensing Lidar Mission). The project comprises
data collection and evaluation for the validation and verification of satellite products (see
http://www.pa.op.dlr.de/AIRSPACE).

CoMet aims to quantify carbon dioxide and methane emissions by using different mea-
suring techniques, such as in-situ instruments, active and passive remote sensing and flask
sampling. The measurements are accompanied by global and regional atmospheric mod-
elling. Table 4.1 shows an overview of all involved instruments and models. A list of the
involved research institutes and further information can be found on the CoMet website:
https://www.halo.dlr.de/science/missions/comet. The mission concentrates on Cen-
tral Europe and, particularly on the Upper Silesian Coal Basin (USCB) in Poland, next
to the Czech and Slovenian borders (see map in Fig. 4.1). The USCB emits roughly 502
kt CH4 yr-1 due to hard coal mining (CoMet internal CH4 and CO2 emissions over Silesia,
version 2 (2018-11), further denoted as CoMet ED v2). Since this is about 3 % of all Euro-
pean methane emissions, the region belongs to one of Europeans largest methane sources.
Figure 4.1 shows the exact location of all known coal mining ventilation shafts, including

http://www.pa.op.dlr.de/AIRSPACE
https://www.halo.dlr.de/science/missions/comet
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their approximate emission fluxes in the USCB.

Table 4.1: Overview of CoMet instrumentation (i.e. CHARM-F, JIG, JAS, MAMAP,
CRDS, QCLS, C-AS, EM27/SUN) and the involved atmospheric models. The table lists
only those instruments, that measure CH4 and/or stable isotopes in CH4.

Instrument Technique Measurement

Airborne on HALO

CHARM-F (Amediek et al., 2017) Active remote sensing CH4 total column
JIG Cavity Ring Down Spectroscopy (in-situ) CH4 in-situ

JAS Air sampler CH4, δ13C(CH4), δD(CH4)
flasks

Airborne on FUB Cessna

MAMAP (Gerilowski et al., 2011) Passive remote sensing CH4 total column

Airborne on DLR Cessna

CRDS G1301-m Cavity Ring Down Spectroscopy CH4 in-situ
QCLS (Kostinek et al., 2019) Quantum Cascade Laser Spectroscopy CH4 in-situ

C-AS Air sampler CH4, δ13C(CH4), δD(CH4)
flasks

Ground-based

EM27/SUN (mobile/stationary) Passive remote sensing CH4 total column

Modelling

MECO(n) regional/global modelling of CH4 and stable isotopologues, forecasts
WRF-Stilt regional modelling, inverse modelling

The first campaign CoMet 0.5 took place in August 2017 and comprised ground-based
passive remote sensing and in-situ measurements, as well as air core samples. CoMet 1.0
was carried out during May and June 2018 and additionally included airborne measure-
ments collected in-situ, by flask sampling, and by active and passive remote sensing. Next
to CH4 and CO2, stable isotopes were sampled within detected methane plumes and in
the individual coal mine ventilation shafts. First results of the ground-based and airborne
passive remote sensing measurements are published by Luther et al. (2019) and Krautwurst
et al. (2021), respectively. Fiehn et al. (2020) and Kostinek et al. (2021) present methane
emission estimates of the USCB based on in-situ observations. Ga lkowski et al. (2021b)
presents airborne in-situ and laboratory analysed air samples, including also stable isotope
measurements of methane. Wolff et al. (2021) provides CO2 emission estimates based on
airborne active remote sensing of coal-fired power plants. Additionally, wind was measured
by stationary ground-based active remote sensing (wind lidar). The results are discussed
by Wildmann et al. (2020). Throughout the campaign, 12-hourly 6-day forecasts simulated
by the MECO(3) model were successfully provided. The forecasts simulated the distribu-
tion of the methane plumes, which are emitted by the ventilation shafts and helped to
develop flight planning strategies. Nickl et al. (2020) analysed the forecast and model per-
formances. Further model activities are carried out with respect to CO2 emissions. Chen
et al. (2020) presents short-term forecasts of biospheric CO2.
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Figure 4.1: Exact locations of the coal mining ventilation shafts in the USCB (Poland),
including the annual emitted CH4 in tons per year (according to CoMet ED v1 inventory
based on E-PRTR, 2014). Map from Nickl et al. (2020).

4.2 Model setup

As described above, the presented study aims to simulated very localized methane emissions
on regional scale. Therefore the global/regional 3-times nested, on-line coupled chemistry
climate model MECO(3) is used for the simulation. A detailed description of MECO(n)
is provided in Chapter 3. The following section describes the specific model setup as used
for all analysis and forecast simulations.

4.2.1 The MECO(3) setup for the CoMet 1.0 simulations

The global chemistry climate model EMAC is used as a driving model for the MECO(3)
model. It is operated with a 90-layer vertical resolution covering the atmosphere from
the surface up to an altitude of 80 km, a T42 spectral resolution and a time step length
of 720 s. Three COSMO/MESSy model instances are nested into each other to simulate
the USCB area over Poland (see Figure 3.1 in Section 3.2). The first COSMO/MESSy
instance covers the area over Europe and has a spatial resolution of 0.44➦ (∼50 km) and a
time step length of 240 s (it is further denoted as CM50). The next finer resolved instance
(further denoted as CM7) covers the area over Central Europe and has a spatial resolution
of 0.0625➦ (∼7 km) and a time step length of 60 s. The finest resolved instance simulates
the USCB with a spatial resolution of 0.025➦ (∼2.8 km) and a time step length of 30 s. It
is further denoted as CM2.8. CM50 and CM7 are operated with 40 vertical layers. The
model instance CM2.8 is operated with 50 vertical layers up to an altitude of 22 km. At 11
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km a sponge zone begins, which reaches the model top and nudges the model prognostic
variables with increasing weights towards the driving model.

4.2.2 Methane tracer

To quantify the coal mining emissions in the USCB, it is important to identify those
emissions, which actually arise from the coal mining. Therefore, two independent tracers
are used to simulate the methane fluxes in the conducted simulations of the presented
study. The first tracer, called CH4 FX, includes all emission fluxes, i.e. anthropogenic
and natural emissions, as well as in influx of methane at the lateral domain boundaries
from the respective coarser model. In addition to the local emissions (presumably from
coal mining), this results in a background level of methane, which is emitted globally from
all methane sources and advects into the USCB area. The second tracer is called PCH4
and only simulates the local methane emissions from the various coal mining ventilations
shafts in the USCB (see Figure 4.1). Comparing the results of this second PCH4 tracer
to the results of the CH4 FX tracer, or to observations, allows for tracing back simulated
or observed methane enhancements to the coal mine emissions. The tracers are initialized
equally for the EMAC model and the three COSMO/MESSy instances. The following
section describes the emission inventories and MESSy submodels used for the simulation
of the two tracers. Figure 4.2 presents how the two tracers are defined and handled by the
different submodels.

The master tracer CH4 FX

The CH4 FX tracer uses gridded methane emissions from a combined emission inventory.
The natural emissions are derived from the EMPA inventory (Frank, 2018) and are available
as monthly averages on a 1.0◦ × 1.0◦ grid. For the anthropogenic emissions, the EDGAR
v2FT2010 (Janssens-Maenhout et al., 2013) inventory is used. These emissions are monthly
averages with a finer grid resolution of 0.1◦ × 0.1◦. Since both inventories are only available
until the year 2012, this year is used to simulate the year 2018, when the CoMet 1.0
campaign took place. For the initialization of the CH4 FX tracer, a monthly climatological
average (2007 to 2016) derived from the simulation SC1SD-base-01 (similar to the RC1SD-
base-10 simulation, described by Jöckel et al., 2016), is used. The MESSy submodels
IMPORT GRID (Kerkweg and Jöckel, 2015) and OFFEMIS (OFFEMIS, Kerkweg and
Jöckel, 2012b, therein described as OFFLEM) are used to transform the emissions to the
actual computational grid and convert the emission fluxes into tracer tendencies of the
CH4 FX tracer, respectively. The CH4 submodel calculates the basic methane chemistry,
as described in Chapter 3. The reaction partners OH, O1D and Cl for the oxidation of
methane (chemical loss) are predefined and derived as monthly averages (2007-2016) from
a previous interactive chemistry simulation. They are read in again via the submodel
IMPORT GRID. The rate for the depletion by photolysis is calculated by the submodel
JVAL (Sander et al., 2014).
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Figure 4.2: Illustration of submodels which are used for the different methane tracers.
CH4 FX tracer (left side): Methane emission data and the oxidation reaction partners OH,
O1D and Cl are read from the netcdf files and transformed to the computational grid by the
submodel IMPORT GRID. OFFEMIS converts the emission fluxes into tracer tendencies,
and the CH4 submodel simulates the chemical loss of methane using the predefined fields of
the oxidation partners and the calculated photolysis rate from the submodel JVAL. PCH4
(right side): submodel TREXP is used for the point source emissions and tracer definition.
Illustration and caption from Nickl et al. (2020).

The point source tracer PCH4

The point source emission fluxes for the PCH4 tracer are taken from the CoMet ED v1
inventory, which is mainly based on the European Pollutant Release and Transfer Register
(E-PRTR, 2014) and on data from Wyzszy Urzad Gorniczy 2014 (2017). The emissions are
given for the single coal mines, and are split equally between the corresponding ventilation
shafts. The exact locations of the ventilation shafts are shown in Figure 4.1. The point
sources are defined by the submodel TREXP (Jöckel et al., 2010), which DESCRIPTION
HERE. The initial conditions are zero and no chemical sink reactions are calculated for
the PCH4 tracer. Furthermore, it is independent from the CH4 FX tracer.

4.2.3 Simulations of the CoMet 1.0 campaign

Throughout the CoMet 1.0 campaign 6-day forecasts were delivered every 12 hours. Chap-
ter 3 describes the forecast system, which is used to perform the forecast simulations. A
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Figure 4.3: Snapshot of a CMet 1.0 forecast showing the total column dry air average
mixing ratio in nmol/mol in the USCB in Poland. In both panels CH4 was simulated with
the finest resolved COSMO/MESSy instance CM2.8, by the point source tracer PCH4 (left
panel) and by the total methane tracer CH4 FX (right panel). Note that the colour bar
on the left panel is pseudo logarithmic for a better visualization. Figure from Nickl et al.
(2020).

continuous analysis simulation is performed starting in April, 1st 2018. Since the campaign
started on May, 15 2018, this results in a spin up time of 45 days. The EMAC model is
nudged by Newtonian relaxation of temperature, vorticity, divergence and the logarithm
of surface pressure towards the 6-hourly ECMWF operational analysis data. SST and SIC
are prescribed and derived from the same data set. The forecasts branch from the analysis
simulation every twelve hours and are thereby initialized from its restart files. In the fore-
cast simulations, the EMAC model is nudged towards the ECMWF operational forecast
data. A detailed explanation is given in Section 3.3.

The forecasts assisted the flight planing strategy (for airborne measurements) during
the CoMet 1.0 campaign and were made available on a website. Figure 4.3 gives an example
of one of the forecast products, i.e. the vertical integrated methane mixing ratios XPCH4

(left side) and XCH4 (right side), simulated over the smallest model domain by the CM2.8
instance for the PCH4 and the CH4 FX tracer, respectively:

XPCH4, XCH4 =

∑
(χCH4

·mdry)∑
mdry

(4.1)

with χCH4
being the methane mixing ratio PCH4 or CH4 FX and mdry being the mass

of dry air in a grid box. The summation is carried out over all vertical levels (or a specific
altitude, see Section 4.3.2).
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S4D model output

In the presented study, the analysis simulation is evaluated to determine the general per-
formance of MECO(3) to simulate the small scale pattern and local methane emissions.
Due to the applied nudging with the ECMWF operational analysis data, the analysis sim-
ulation is assumed to reproduce the observed meteorology best. The forecast ability of
MECO(3) is tested by analysing the individual forecast days. In each case, model results
are compared to the observations sampled during the campaign on board of two research
aircraft (HALO and D-FDLR Cessna). The MESSy submodel S4D (J•ockel et al., 2010)
allows for the online sampling of the model results along a speci�c track of a moving ob-
ject, such as aircraft or ships. Therefore, the analysis simulation, as well as all forecast
simulations are repeated, including the speci�c geographical 
ight track coordinates (in
degrees), pressure altitudes (in hPa) and time steps (in UTC)of all 
ights (see Table 4.2)
for the S4D submodel. The S4D submodel interpolates the simulation data horizontally
(and optionally also vertically) to the track and samples the output at every time step
of the model, i.e. every 720 s, 240 s, 60 s and 30 s for EMAC, CM50, CM7 and CM2.8,
respectively.

4.3 Evaluation of the model skill

As described above, the analysis simulation is evaluated with respect to the general perfor-
mance of MECO(3) to reproduce the observed methane mixing ratios in the atmosphere and
the local methane emissions. Therefore the simulations arecompared to the observations
sampled during the CoMet Camapign 1.0. Section 4.3.1 gives an overview of the di�erent
measurements used for the analysis. Moreover, results fromthe di�erent COSMO/Modular
Earth Submodel System (MESSy) instances are compared to each other. The evaluation
in this study only considers the two �nest COSMO/MESSy instances CM7 and CM2.8.
The aim is to examine which model instance is su�cient for thepurpose of the campaign.
Section 4.3.2 discusses the results of the analysis comparison. Finally, for the campaign
planning it is important to know, how long a forecast is reliable. In Section 4.3.3 a forecast
skill is calculated and discusses.

4.3.1 Observations

To evaluate the models' performance and forecast skill, observational data of three di�erent
measuring techniques (during CoMet 1.0) are compared to themodel results:

ˆ Active remote sensing using the Integrated Path Di�erentialAbsorption (IPDA)
Lidar called CHARM-F (Amediek et al., 2017) on board of HALO, operated by the
German Aerospace Center (DLR) in Oberpfa�enhofen (personalcommunication A.
Amediek).
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Table 4.2: Overview of all observational methane data sets used for the comparison with the
model results. It lists the name of aircraft, date of 
ight, respective measuring instrument
and type of measurement, i.e. XCH4 (integrated vertically) or in-situ).

Name Aircraft Flight date Instrument Measurement type

C1 HALO 6th of June 2018 CHARM-F total column
C2 HALO 7th of June 2018 CHARM-F total column

J1 HALO 6th of June 2018 JIG (with Picarro CRDS G2401-m) in-situ
J2 HALO 7th of June 2018 JIG (with Picarro CRDS G2401-m) in-situ

P1 D-FDLR 29th of May 2018 Picarro CRDS G1301-m in-situ
P2 D-FDLR 1st of June 2018 Picarro CRDS G1301-m in-situ
P3 D-FDLR 5th of June 2018 Picarro CRDS G1301-m in-situ
P4 D-FDLR 6th of June 2018, morning Picarro CRDS G1301-m in-situ
P5 D-FDLR 6th of June 2018, afternoon Picarro CRDS G1301-m in-situ
P6 D-FDLR 7th of June 2018 Picarro CRDS G1301-m in-situ
P7 D-FDLR 11th of June 2018 Picarro CRDS G1301-m in-situ

ˆ In-situ by Cavity Ring Down Spectroscopy (CRDS) using a JIG instrument (Jena
Instrument for Greenhouse Gases, Filges et al., 2015) on board of HALO and operated
by the Max-Plank Institute for Biogeochemistry in Jena (Ga lkowski et al., 2021b).

ˆ In-situ by Cavity Ring Down Spectroscopy (CRDS) installed on board of DLR Cessna
and operated by the atmospheric trace gas research group of the Institute of Atmo-
spheric Physics (DLR, P4 and P5 published in Fiehn et al., 2020, all other: personal
communication with A. Fiehn).

Table 4.2 lists the di�erent observations including the date, they were sampled.

Total column

Measurements taken with the CHARM-F lidar (Amediek et al., 2017) on board of HALO
D-ADLR provide weighted atmospheric columns of the methane dry-air mixing ratio from
the surface to the 
ight altitude of the research aircraft (XCH4). During the two 
ights C1
and C2 (on 6th and 7th of June 2018, respectively; see Table 4.2), HALO 
ew within the
USCB area and sampled several methane plumes arising from thecoal mining ventilation
shafts. The data sets have a temporal resolution of 1 s and aresmoothed horizontally with
a box window corresponding to 2 km of 
ight distance.

In-situ

Additionally, on board of HALO, methane was sampled in-situ by Cavity Ring Down
Spectroscopy (CRDS) with a Picarro CRDS G2401-m instrument. The two 
ights J1 and
J2 (see Table 4.2) are compared to the model results. Again, J1 and J2 were sampled on
the 6th and the 7th of June 2018, respectively. However, the samples were collected in the
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afternoon, when HALO 
ew larger scale patterns within the USCB,and outside Poland
in the Czech Republic (see Figure 4.4). Due to descending and ascending 
ight pattern,
measurements were sampled at di�erent altitude representing the vertical distribution of
methane in the atmosphere. The data sets have a temporal resolution of 1 s.

Figure 4.4: HALO 
ight routes of J1 (left panel) and J2 (right panel) over Czech Republic
and Poland. The colour bar gives the atmospheric pressure at
ight level. Maps from Nickl
et al. (2020).

Further in-situ measurements are derived from the Picarro CRDS G1301-m instrument
on board of the Cessna 208B (D-FDLR). Seven airborne observations (P1-P7, see Table
4.2) are compared to the model results. The aircraft 
ew onlywithin the USCB area,
close to the coal mines (see Figure 4.5). In contrast to the JIG data, here smaller-scaled
patterns and the methane plumes arising from the ventilation shafts were sampled. The
aircraft surrounded the USCB and 
ew a back-and-forth patterns (so called \walls") along
horizontal tracks downwind of the coal mines. Thereby it crossed the methane plumes
several times at di�erent heights. The data are derived in a temporal resolution of 1 s.

4.3.2 Evaluation of the analysis simulation

The above described observations are now compared to the analysis simulations. Since the
three datasets di�er in terms of geographical extent, duration and sampling patterns, the
performance of the model is analysed depending on the measurement type; i.e. vertically
weighted integrated methane (CHARM-F), vertical distribution of methane in the atmo-
sphere (in-situ, JIG), and representativeness of local methane emissions on small scales
(in-situ, D-FDLR).

All data are analysed with respect to pattern similarity and amplitude of the CH4 FX
tracer, i.e. root mean square error (RMSE), standard deviation, correlation coe�cient and
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Figure 4.5: D-FDLR 
ight routes of P4 (left panel) and P5 (right panel) in the USCB. The
colour bar gives the atmospheric pressure at 
ight level. Maps from Nickl et al. (2020).

normalized mean bias error (NMBE). The NMBE is calculated as follows:

NMBE =

nP

i =1
(� sim � � obs) i

n � �� obs
� 100 (4.2)

with � sim being the simulated methane mixing ratio,� obs being the observed methane
mixing ratio, and n being the number of the models' time steps. Since the observed data
have a �ner temporal resolution than the model output, they are averaged over 60 s for
the CM7 and over 30 s for the CM2.8 inter comparison, respectively.

The �rst comparison to the observations revealed a systematic bias towards lower
methane mixing ratios of all simulated CH4FX results. The initial conditions used for
the CH4 FX tracer were derived as monthly climatological average of the time period 2007
until 2016. The CoMet 1.0 campaign, however, took place in 2018. Since global methane
mixing ratios are increasing steadily since 2007 (Nisbet et al., 2019), this bias is likely
caused by lower initial methane mixing ratios, taken from the time period before 2016.
The OH �eld is also initialized as a monthly climatological mean (2007-2016) from the
same simulation. Furthermore, methane emissions are takenfrom the year 2012 instead of
the year 2018. However, the MECO(3) simulations only cover a short time period of three
months. An overestimation of the OH sink or an underestimation of emission 
uxes should
therefore not have a signi�cant in
uence on global background methane mixing ratios, and
do not explain the observed bias.

The deviations in the background methane are neglected for the rest of the evaluation.
This is justi�ed by the fact that the main objective of the study is, to investigate how
well MECO(3) is able to simulate the regional distribution of the methane plumes from
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Table 4.3: Results of the statistical analysis of the measurements compared to the model
results of the two model instances CM7 and CM2.8. Listed are the root mean square
error (RMSE) in � mol mol-1, the normalized mean bias error (NMBE) in percent, and the
correlation coe�cient (R). Values taken from Nickl et al. (2020).

Name RMSE CM7 RMSE CM2.8 NMBE CM7 NMBE CM2.8 R CM7 R CM2.8

C1 0.08 0.08 -4.1 -4.2 0.47 0.47
C2 0.10 0.10 -5.3 -5.3 0.75 0.75

J1 0.02 0.02 -0.29 -0.06 0.78 0.70
J2 0.02 0.03 0.08 -0.04 0.88 0.77

P4 0.06 0.07 1.30 1.88 0.77 0.84
P5 0.05 0.05 1.17 1.18 0.76 0.68

local sources. Therefore, a bias correction is applied to all model results involved in the
statistical comparisons with the in-situ observations. For the bias correction the most
frequently occurring di�erence between all D-FDLR in-situ observations and the model
results of instance CM2.8 (i.e. 0.108� mol mol-1) is used.

The o�set between the CHARM-F observations and the model results is less than 0.108
� mol mol-1. Moreover, it is di�cult to determine a de�nite bias. For the comparison with
the CHARM-F measurements, the S4D submodel output is vertically integrated between
the surface and aircraft altitude (see Equation 4.1, further denoted as Xf l CH4). The irreg-
ularities in the background bias might occur due to the integration over a varying number
of model levels or due to changes of topography, which are notresolved by the model. The
bias correction is therefore not applied to the simulated Xf l CH4.

The Table 4.3 lists the results of the statistical analysis for the 6 
ights that took place
on the 6th and 7th of July. These two days were the most successful measurement days of
the campaign. Although several other in-situ measurements were carried out on board of
the D-FDLR Cessna, only the 
ights P4 and P5 on the 6th of June (morning and afternoon)
are listed. Both measurements were used for the estimation of the USCB emissions in the
study by Fiehn et al. (2020). The meteorological conditions here were most favourable to
measure the methane plumes downwind the ventilation shafts(personal communication
A. Fiehn). However, the following discussion also addresses the other 
ights, in order to
explain mismatches between model and observations.

RMSE and NMBE provide information on how far the model and the observations
deviate from each other on average. In the case of the CHARM-F data, this is mostly
owed to the overall o�set in the background (discussed above). However, due to the bias
correction applied for the comparison with the in-situ observations, RMSE and NMBE also
indicate di�erences in amplitudes. Of course, this also applies to the CHARM-F data.

The Taylor diagram in Figure 4.6 summarizes the comparison ofall three analyses,
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including also the comparisons to P1, P2, P3, P6 and P7. It combines three statistical
metrics: standard deviation (radial distance from the origin), correlation coe�cient (angle)
and centered RMSE (dashed semi circles) in a single diagram (Taylor, 2001). The standard
deviation and the centred RMSE (NRMSE) are normalized, to become non-dimensional.
This allows for the comparison of the di�erent model results, with respect to amplitude
(standard deviation) and pattern (correlation) similarity. In the following section, the
results of all individual comparisons with the observations are discussed.

Figure 4.6: Taylor diagram summarizing the statistical comparison of the MECO(3) model
results (analysis simulation) with the observations. It combines the normalized standard
deviation (radius), correlation coe�cient (angle) and centered NRMSE (dashed semi cir-
cles). Triangles and circles mark the results for the model instances CM7 and CM2.8,
respectively. The comparisons to C1 and C2 are shown in orange, those to P1 until P6 in
blue, and those to J1 and J2 in green. The normalized standard deviation of 1 outlines the
point where model results �t perfectly the observations. Figure from Nickl et al. (2020).

Comparison to CHARM-F measurements

Figure 4.7 shows the observed Xf l CH4 of the two data sets C1 and C2 compared to the
simulated Xf l CH4. The results are shown for the two instances CM7 and CM2.8, respec-
tively. All model results are biased towards smaller values compared to the observations.
The corresponding NMBEs in Table 4.3 range from -4.1 % to -5.3 %for C1 and C2, re-
spectively. The di�erences between the two model instancesare rather small. Besides
the overall bias, which is already discussed above, the model results agree well with the
observed patterns. All Xf l CH4 peaks are represented by the simulations and show similar
amplitudes. For C2 the observed amplitudes are larger than those of the model results.
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This is also con�rmed by the normalized standard deviationspresented in the Taylor
diagram (Figure 4.6). The corresponding data points are slightly below the reference line,
which means that the standard deviation of the model resultsare lower than the standard
deviation of the observations. In contrast, data points of C1 lie on the reference line,
indicating that both, observations and simulations have the same mean amplitude. The
calculated NMBE and RMSE (see Table 4.3) mainly represent thecontinuous bias between
model results and observations. However the values are lowerfor C1, which shows, that
the simulated amplitudes agree best with the C1 observations. In contrast, the correlation
is higher with the C2 observation. The correlation coe�cient for the comparison with C1
is only 0.47. Around 09:30 UTC on June 6th (C1), the model resultsare slightly shifted in
time. Additionally, the observed Xf l CH4 follow a negative trend until 10:10 UTC, which
is not represented by the model.

However, in general the MECO(3) model is able to simulate the observed Xf l CH4 rea-
sonably well. Overall, the two model instances CM7 and CM2.8yield similar results. The
performances in comparison with the measurements are of equal quality. Therefore, and as
the simulation of the �nest model instance CM2.8 consumes more computational time, it
is su�cient to conduct future simulations (for this campaign purpose or similar campaign
analyses) with the CM7 model instance only.

Figure 4.7: Comparison of the CHARM-F measurements and the S4D submodel output
(CM7 and CM2.8) sampled along C1 (left panel) and C2 (right panel). The results show
the vertically integrated mixing ratios Xf l CH4 in � mol/mol. The time axes is in UTC.
Figure from Nickl et al. (2020).

Comparison to JIG measurements

For the comparisons with the in-situ observation, the S4D submodel output is sub-sampled
onto the 
ight altitude by linear interpolation. Figure 4.8 ( upper panels) compares the re-
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sulting methane mixing ratios of the CH4FX tracer to the data sets J1 and J2. Again,
only the results of the two model instances CM7 and CM2.8 are shown. Since the mea-
surements cover larger areas outside the USCB, the mixing ratios simulated by the CM2.8
model instance, have several gaps in the model output. Thesegaps mark the aircraft leav-
ing the model domain (i.e. the USCB area) temporally. In the lower panels, the aircrafts'
atmospheric pressure altitude along the respective 
ight tracks is plotted. The pressure
follows a steep up-and-down movement between 900 and 200 hPa, indicating changes in
the 
ight altitude. As mentioned in Section 4.3.1, these 
ight patterns were chosen to
sample the vertical pro�le of methane in the atmosphere. Both, observed and simulated
methane mixing ratios correlate closely with atmospheric pressure, i.e. lower mixing ratios
with higher altitudes and higher mixing ratios with lower altitudes. This shows that the
vertical gradient of methane in the atmosphere is well represented by both model instances
(see also Figure 4.9). The data points of J1 and J2 in the Taylor diagram (see Figure 4.6)
are close to the reference point on the horizontal axis. The correlation coe�cients are very
high, which is especially true for the CM7 model instance. The methane variability at low
altitudes is well represented by both model instances CM7 and CM2.8, which are generally
in good agreement with each other and the observations.

However, the model does not resolve the �ne structures of the observations around
200 hPa (e.g. at 13:20 UTC (J1) or at 12:00 and 14:30 UTC (J2) in Figure 4.8). The
methane mixing ratios at these altitudes are strongly in
uenced by the global models'
boundary conditions, which makes it di�cult for the model to reproduce the observed
features. Furthermore, the small-scale 
uctuations, which are measured at 400 hPa, are
not simulated by the two model instances CM7 and CM2.8.

Overall, the comparison to J1 and J2 is the best in the Taylor diagram. Presumably
because the horizontal distribution of the methane plumes plays only a minor role in the
JIG observations in contrast to the CHARM-F and D-FDLR Cessna observations. Similar
to the comparison with the CHARM-F measurements, the two modeldomains CM2.8 and
CM7 perform equally well.

Comparison to Cessna

Similar to the comparison with the JIG observations, the curtains sampled with the S4D
submodel along the 
ight tracks, are further sub-sampled onto the 
ight altitude by linear
interpolation. Figure 4.10 (upper panels) shows the comparison of the CH4FX tracer
simulated by the two model instances CM7 and CM2.8 with the observations P4 and P5.
The measurements feature several enhancements in the methane mixing ratio relative to
the background. These peaks are indicative of the methane plumes sampled along the

ight paths near the USCB coal mines. The background methane shows little variations.

In general, the patterns of the model results and the observations agree well. The
simulated peaks along the P4 trajectory are close to or larger than the observations. In
particular, the peaks simulated by the CM2.8 model instanceexceed those of the obser-
vations and those of the CM7 model instance. Consequently, the resulting NMBE are
positive and di�er between the CM7 and CM2.8 model instance,with 1.30 % and 1.88 %,
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Figure 4.8: Comparison of the JIG in-situ measurements and theS4D submodel output
(CM7 and CM2.8) sampled along J1 (left panel) and J2 (right panel). Results show
methane mixing ratios in� mol/mol. Note that the model results are bias corrected. The
lower panels display the aircrafts' atmospheric pressure altitude along the 
ight tracks in
hPa. The time axis is in UTC. Figure from Nickl et al. (2020).

Figure 4.9: Comparison of the JIG in-situ measurements and theS4D submodel output
(CM7 and CM2.8) sampled along J1 (left panel) and J2 (right panel). Results show
methane mixing ratios in � mol/mol versus the aircrafts' atmospheric pressure altitude
along the 
ight tracks in hPa.
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respectively. The di�erence between the two model instances is possibly related to their
di�erent grid cell size. The methane mixing ratios in a methane plume are not distributed
evenly. The smaller grid cells of the CM2.8 model instance may have captured only parts
of locally very enhanced methane mixing ratios in the a plume. In contrast, since the
coarser grid cells, cover a larger part of the methane plume,the mixing ratios could be
more diluted here. Additionally, the methane emissions 
uxes used in the simulation are
most likely overestimated. A comparison of the applied anthropogenic emission inventory
EDGAR v4.2FT2010 to a more recent release from the year 2019, (EDGAR v4.3.2, Crippa
et al., 2018), shows that the total methane emissions of the applied EDGAR v4.2FT2010
inventory in the USCB (longitude: 18.30-19.40°E, latitude: 49.90-50.40°N) are larger by
1030.4 kt a-1 compared to EDGAR v4.3.2.

Similarly to the comparison with the P4 observations, the simulated peaks along the
P5 
ight track exceed those of the observations. This is not as signi�cant as for the
P4 observations and therefore resulted in lower NMBEs of 1.17% and 1.18 % for the
CM7 model instance and the CM2.8 model instance, respectively. The sharp increase of
the methane mixing ratios, observed around 13:30 UTC, is not simulated by the CM7
model instance, and only to a small extent by the CM2.8 model instance. This peak was
measured very close to a coal mine ventilation shaft (personal communication with A.
Fiehn). Presumably, MECO(3) is not able to resolve these localized methane emissions.
Especially the large gird cells of the CM7 model instance blur these emissions in the
background methane.

Apart from these inconsistencies, the comparisons between model results and the ob-
servation, P4 and P5 are good. However, this is not always truefor the comparisons with
the other smaller scaled D-FDLR observations (i.e. other than P4 and P5). The statistical
results summarised in Figure 4.6 demonstrate the low correlation between simulated and
observed methane mixing ratios along the respective 
ight tracks. A graphical comparison
can be found in the Appendix A.1. In the case of P3 and P6, the observed methane peaks
can be simulated but are slightly shifted in time. This results in a similar mean ampli-
tude height (normalized standard deviation close to reference line), but a low correlation
between model results and observations. Additionally, other factors, such as the wind
speed could play an important role. The P7 data were sampled during very high wind
speed conditions and the model output shows considerable deviations from the observa-
tions. The corresponding data point lies outside the range of the Taylor diagram in Figure
4.6. For comparison, during the 6th and 7th of June, when the observations P4, P5 and
P6 were sampled, wind conditions were very stable. Figure 4.11 displays the results for the
comparison with the P2 observations. Both model domains arenot able to simulate the
observed methane peaks M1 and M2 (left panel). During this time, the 
ight track of P3 is
above the simulated methane plumes (see right panel). Sampling the model output at this
altitude consequently does not detect any of the observed methane peaks. This is because
MECO(3) simulates a too shallow Planetary Boundary Layer Height (PBLH) during the
morning. Around 09:30 UTC the simulated PBLH has risen alreadyand the observed
peak M3 can bee seen in the S4D submodel output. However, with asmaller amplitude,
which is also seen by the low normalized standard deviation in Figure 4.6. Previous studies
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(i.e. Collaud Coen et al., 2014; Mertens et al., 2016) analysed the simulated PBLH of the
COSMO model. In contrast to the results presented here, their results show an excessively
high simulated PBLH. However, in the present study we only consider a single moment of
a short-term simulation. A detailed investigation of the PBLH would go beyond the scope
of the study.

Figure 4.10: Comparison of the D-FDLR in-situ measurements and the S4D submodel
output (CM7 and CM2.8) sampled along P4 (left panel) and P5 (right panel). Upper
panels: methane mixing ratios in� mol/mol simulated by the CH4 FX tracer. Note that
the model results are bias corrected with 0.108� mol/mol. Lower panels: methane mixing
ratios in � mol/mol simulated by the PCH4 tracer. An o�set of 1.85� mol/mol is added to
PCH4 for a better visualization. The time axis is in UTC. Figure from Nickl et al. (2020).

Figure 4.10 (lower panels) displays the methane mixing ratios simulated by the PCH4
tracer compared to the observations P4 and P5. Since the PCH4 tracer only considers
those emissions which actually arise from the coal mining ventilation shafts, no background
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