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Abstract

Methane is a potent greenhouse gas emitted into the atmosphere by anthropogegic (60%)
and biological (40%) sources. Its growth is attributed to the industrial revolution, with sectors
such as energy production, agriculture and waste treatment taking the lead as emitters.
South Africa is committed to monitoring its growth to lessen the effects of climate change
on the globe. The study identified methane (C'Hy) emission hotspots over South Africa from
space-based solar backscatter measurements using observations of TROPOspheric Monitoring
Instrument (TROPOMI) and compared observed concentrations to surface in-situ data and to
an Emissions Database for Global Atmospheric Research (EDGAR) database. Even though
no statistical correlation was found between the space-based observations and bottom-up
inventory, correlations could be identified visually. Weak positive correlation exists between
the space-based observations and surface observations. Monthly C'H, total-averaged dry-
air mole fraction (X¢p4) were predicted for the year 2022 using seven statistical models
based on a time series of three and half years. The predictions were compared to actual
monthly Xcpy for 2022 evaluated using root mean square error (RMSE) and mean absolute
percentage error (MAPE) performance metrics. The Holt-Winters’s additive (HWA) model
performed best with a RMSE of 4.95 and MAPE of 25% due to its capability to capture
both the trend and seasonality components of the data well. The study demonstrated the
capability of TROPOMI for the estimation of C'H, concentrations in the atmosphere and for

identification of trend patterns along both spatial and temporal profiles.
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1 Introduction

CH, is a potent greenhouse gas emitted by anthropogenic (60%) and natural (40%) sources.
Its concentration in the atmosphere has risen from a pre-industrial value of 722 parts per
billion (ppb) to a current global average of 1,850 ppb (de Gouw et al., 2020). Globally, its
growth is attributed to the industrial revolution, with sector such as energy production,
agriculture and waste treatment taking the lead as culprits. In South Africa, the key drivers
to a growth in emissions have been identified as population growth and development activities
(Shikwambana et al., 2021a). Due to its global warming potential which is 25 times that of
carbon dioxide (C'O2) and its shorter lifetime in the atmosphere, measuring and monitoring
it is crucial for mitigating the impacts of climate change.

CH, emissions in the atmosphere have both consequences for climate change and air
quality. It is well known that exposure to high concentrations of C'H,4 can lead to respiratory
problems (Nesme et al., 2021). In many parts of the developed world such as Europe,
north America and other highly industrialised parts of the world, climate change policies
have become more important than air pollution policies. This is different in parts of the
world with mega-cities with fast-growing economies where air pollution is extremely toxic
and therefore the protection of human life through the enforcement of air quality policies
is more urgent than the subject of climate change. FEven though global policies for climate
change and local or regional policies for air quality are viewed differently in different parts
of the world depending on different perspectives, it is important to note that the sources
of air pollutants and greenhouse gases are the same. As thus there is a need for combined
strategies to address the challenges of both climate change and air pollution.

Therefore, South Africa has committed to reducing its national emissions and to take part
in a global stocktaking of greenhouse gases exercises which is scheduled to take place every five
years. The global stocktake has been mandated by the United Nations Framework Convention
on Climate Change (UNFCCC) in efforts to support the Paris Agreement (Bergamaschi et al.,

2018). The country has several bottom-up greenhouse gas inventories, which include C'Hy.
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There are, however, several problems with them. Seymore et al. (2014), even though now
dated, analysed and summarised South Africa’s greenhouse gas inventories at the time and
found that the country had several, dating back to 1988. The inventories came from six

sources and have been summarised below:

e The inventory of Scholes and van der Merwe (1996) for 1988 despite being significantly
outdated was quite comprehensive, covering C Oz, C'Hy, nitrous oxide (N20O), NO, and
carbon monoxide (CO). Seymore et al. (2014) reported that this was a good inventory
which provided a useful reference point for 1988, but could however not be useful
in analysis as its activity classification was inconsistent with the structure of energy

balances being used in 2014.

e The inventory of Howells and Solomon (2000) for 1994 was fairly outdated as well and

had the same limitations as that of Scholes and van der Merwe.

e The Department of Environmental Affairs and Tourism inventories for 1990, 1994 and
2000 were inconsistent with one-another as they utilised different IPCC guidelines, The
1990 and 1994 inventories were compiled using IPCC 1996 guidelines and the 2000

inventory using the 2000 guidelines.

e The International Energy Agency’s inventories for 1971, 1975, 1980, 1985, 1990, 1995,
2000, 2005, 2007, 2008 and 2009 were the only source of a comprehensive time-series
of emission inventory, however rather limited in terms of gas composition as they only

reported COs.

e The Department of Energy inventories for 2007 and 2008 had the limitation of assuming

nuclear and renewable energy sectors emitted zero emissions.

Seymore et al. (2014) concluded all inventories to be inconsistent, and to have major dis-
crepancies in terms of scope of sectors and gas components, as well as methods of estimation
used. It is also noteworthy that none of the inventories used space-based estimation methods.

Since then South Africa’s Department of Forestry, Fisheries, and the Environment (DFFE)

developed the National Atmospheric Emissions Inventory System (NAEIS) which was de-
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signed for companies to report their greenhouse gas emissions. Its key objective was to en-
hance the data collection process by the department for a national greenhouse gas inventory.
However, due to the complexity of bottom-up estimation calculations, it was unrealistic to
expect every company to have an environment scientist who would report accurate emissions,
or for every company to ensure the right kind of system in place for emission measurements.
This is expected to be a source of error for the emissions inventory. There was also a latency
of four years, at least, for publication of national greenhouse gas inventories. The greenhouse
gas inventory by the environment agency then, the Department of Environmental Affairs
and Tourism (DEAT), for the period spanning 1990 to 2000 was published in 2009 (Seymore
et al., 2014), the inventory for the period spanning 2000 to 2010 was published in 2014, that
of 2013 to 2015 in 2019, and lastly the inventory for 2017 was published in August 2021
(Stevens, 2021). It is not rare for greenhouse gas inventory estimates to have uncertain-
ties in emission factors for most C'H4 sources, as has been evidenced in other parts of the
world. As such, it is now common practice to have inventories that are an amalgamation of
bottom-up and top-down approaches. It is within this context that it becomes necessary for
South Africa to look to space-based measurements for improvements and to augment what
is existing. The TROPOMI onboard the S-5P satellite provides the opportunity for this as
well as for applications related to quick identification of hotspots and C' Hy plumes, tracking
of large-scale C H, transport events in the atmosphere and estimation and prediction of C'Hy
emission trends in the country (Jacob et al., 2016). The spatial and temporal resolution of
TROPOMI in combination, are unrivalled compared to other instruments in orbit and the
primary goal of the mission has been to accurately measure concentrations of CHy in the
atmosphere.

Satellite observations of atmospheric C Hy began in 1996 (Jacob et al., 2016) and have
continued in recent years at global, regional as well as city scales. With improving capabilities
of instruments in precision, spatial and temporal resolution, satellites are significantly en-
hancing the information that exists within the atmospheric chemistry domain. Therefore this

research attempted to quantify the concentration of C'Hy in the atmosphere in South Africa
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during the years 2018 to the end of 2021 using space-based observations from TROPOMI.
Further, using a time series of the observations, predicted emission concentrations for 2022.
Finally, it compared the space-based observations to an existing high quality bottom-up
inventory and surface flask measurements taken from South Africa’s only C' Hy monitoring

station in Cape Point.

1.1 Research Problem Statement

In order to properly formulate responses to control air and greenhouse pollutants, knowledge
of both emission levels and their respective sources is a prerequisite. Understanding emissions
is at the core of managing environmental pollution and responding to climate change. Glob-
ally, the effort to limit climate change and control emissions of greenhouse gases is mainly
coordinated through the UNFCCC, whose long-term objective is to stabilise atmospheric
greenhouse gas concentrations at a level that would prevent dangerous anthropogenic inter-
ference with the climate system. Through the UNFCCC, the Kyoto Protocol sets targets for
many industrialised countries and limits the emission increases of Annex 1 parties. There
are currently non-annex 1 countries that are producing more greenhouse gases than annex-1
countries, such as China and India. China is the single largest emitter of greenhouse gases
globally, followed by the United States of America (USA), European Union (EU), India and
Russia. However, the developing world sees the urgency around global warming and climate
change differently and argue that “social and economic development and poverty eradication
are the first and overriding priorities” (UNFCCC Secretariat, 2012) of their countries. The
IPCC and G7 group of economies (Canada, France, Germany, Italy, Japan, United Kingdom
(UK), and the USA) both have a goal of keeping accumulated greenhouse gas emissions be-
low levels that will generate a maximum increase in average global temperatures of 2° above
pre-industrial levels. This will require approximately a 50% reduction in global emissions to
be made by the middle of the 21st century (Pleijes, 2009).

In the immediate term, the enhanced transparency framework of the Paris Agreement
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requires countries to submit national sector-resolved emissions by November 2024 as a basis
for setting their nationally determined contributions (NDCs). Outside of the Paris Agree-
ment, there is a Global Methane Pledge of 2021, which has been signed by over 110 countries
who are committing to reduce their collective C'Hy emissions by 30% of 2020 levels by 2030
(Jacob et al., 2022).

The reason for the recent focus on C'H, emissions is that they have a very important
effect on global radiative forcing. C'H4’s potency as a greenhouse gas and shorter lifetime
relative to CO2 and other long-living greenhouse gases (Pleijel et al., 2009) makes it a low-
hanging fruit for climate change mitigation. Moreover, C'H4 has an impact on air quality and
subsequently human health, and quantitative analysis of its concentration through space and
time becomes critical for projecting and mitigating changes to the climate and air quality
(Kort et al., 2014).

South Africa signed the Paris Agreement in 2015, which legally bound it to efforts to limit
temperature rise by accounting for and reducing its greenhouse gas emissions and contribu-
tions. It has several national bottom-up greenhouse gas inventories conducted using IPCC
guidelines where emissions from individual sectors are collected using source-dependent ac-
tivity data and emission factors (Jacob et al., 2016). Bottom-up inventory estimates of C Hy
emissions of most countries, including South Africa, have large uncertainties in measure-
ments not being rigorously made or tested sufficiently across different sites and discrepancies
in emission factors for most C'Hy source sectors occur (Worden et al., 2021). Therefore,
to complement bottom-up methods, it has been demonstrated that atmospheric transport
modelling or inverse modelling can be used to check for consistency of bottom-up invento-
ries. The scientific and technical advise body of the UNFCCC stated in 2017 its notice of the
increasing capability of satellite observations to monitor greenhouse gas concentrations and
emissions and therefore their relevance in supporting the objectives of the Paris Agreement
(Bergamaschi et al., 2018).

Despite all the efforts, observations and monitoring techniques, forecasts indicate that the

world’s highest emitters will increase their greenhouse gas emissions by 3.67% by 2030 Tudor
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and Sova (2021). This indicates that countries will not meet the targets their governments
set out in their NDCs. This highlights the need for more impactful policies, and measures to
ensure countries will reach their targets ahead of time. The production of accurate estimates
of emissions and their evolution through time is critical for robust policy-making including
monitoring and evaluation processes.

To support South Africa’s climate policy and its political will to contribute to fighting
climate change, the study aimed to identify C'H4 emission hotspots over the country from
space-based solar backscatter measurements, with the expectation that these hotspots are
over areas of intense industrial activity or areas with high population densities. The hotspots
were identified using daily observations of the TROPOMI onboard the S-5P satellite and av-
eraged to weekly and monthly time intervals. A time series was also performed to investigate
the presence of seasonal trends and patterns over the course of three years, from TROPOMI’s
launch date to the end of 2021. And using the time series, concentrations for the first seven
months of 2022 were predicted and validated using real measurements from TROPOMI.
Lastly, as it is accepted that the EDGAR inventory is a valuable tool for countrywide to
global estimation of greenhouse gas emissions, validation of the TROPOMI measurements

was done using an EDGAR inventory, in addition to surface measurements.

1.2 Research Aim and Objectives

The aim of the research is thus to evaluate the capability of TROPOMI as a tool to aid South
Africa in its climate policy and in supporting the Paris Agreement. It is to ascertain whether
it can accurately measure C' Hy concentrations in its atmosphere and facilitate predictions of
CH,4 concentration in the future in order to serve as a warning system for the country not
reaching its emission reduction targets.

The aim is supported by the following objectives:

1. To spatially analyse trends and patterns in C'H4 emissions using satellite retrievals in

order to answer the question of where the highest concentrations of C'H4 are located
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within the country and to ascertain any relationships between them and events on
the surface. The expectation is that high concentrations of emissions are related to a
number of anthropogenic source sectors such as livestock rearing, oil and gas systems,

coal mining, landfills and wastewater treatment.

. To monitor emissions during the period 2018 to 2021 using monthly averaged data of
TROPOMI. This will comprise of a time-series analysis of the average C'Hy emissions
across the study area in order to test for seasonality and for the identification of a
temporal trend during the period of observation. This objective will help in answering
the question of how have the C Hy emissions behaved over time. Ascertaining whether
they are increasing in line with observed C'H4 emission estimates globally? And further,
to determine if the rate of emissions can be characterised by annual variables and if the
patterns are influenced by climatic conditions or surface conditions such as vegetation

cycles.

. To produce forecasts of C'H4 emissions by employing time-series based prediction (or
forecasting) models to the space-based observations of C'Hs. This can contribute to the
timely monitoring and evaluation of South Africa’s progress towards the target it set

out in the Paris Agreement and its NDC, and act as an early-warning system.

. To test agreement with an existing bottom-up inventory. Even though it has been noted
that discrepancies exist between bottom-up and top-down approaches of C'Hy invento-
ries, it is expected that at the very least a correlation exists between estimates obtained
by the different approaches. This objective will therefore test how the TROPOMI ob-
servations of C'H, agree or disagree with those reported by a high quality bottom-up

inventory by the European Commission.
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2 Theoretical Background

2.1 Introduction

This section provides a theoretical background of the concepts that have been addressed
throughout this dissertation as well as explains briefly how they are interlinked. As atmo-
spheric emissions and concentrations of C'Hy continued to rise, CH4 came to be the most
important human-influenced (fuelled by the rise in industrial and economic activity of the
planet) greenhouse gas in terms of climate forcing, after COy. Terms such as the earth’s
energy balance, radiative forcing and greenhouse effect are introduced in attempts to illus-
trate how the increase of the gases and C'Hy concentrations in the atmosphere contribute to
climate change. The structure of the atmosphere and its layers are introduced to show how
CH, interacts with the atmosphere at different levels and how those affect the way that C Hy
can be measured from space using remote sensing techniques. And most specifically why the
TROPOMI instrument onboard the S-5P is a superior instrument for short- to medium-term
monitoring of different components of the atmosphere to aid the objective of the UNFCCC

of keeping emissions low in order to reverse the effects of climate change.

2.2 The Atmosphere and its Constituents

The word atmosphere has Greek origins, 'atmos’ and ’sphaira’ which can be translated into
English, 'vapour’ and ’ball’. Indeed, atmospheres are gaseous envelopes around the plan-
ets. The atmospheres of the different planets have different compositions and constituents.
Different from those of other planets, the atmosphere of planet Earth supports life and its
composition is determined by the biological processes that are essential for supporting life
on Earth (Wayne, 2000).

Its composition is primarily made up of gases, with nitrogen (Ns), oxygen (O3) and argon
(Ar) accounting for 78%, 21% and 0.93%, respectively. The remaining 0.07% is made up

of trace gases and despite their extremely low concentrations, play a crucial role in Earth’s
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radiation balance in the greenhouse effect, the ozone layer and other environmental issues
(Seinfeld, 2016). Table 1 summarises the concentrations of the major atmospheric gases.
Concentrations of constituents of the atmosphere are given as mixing ratios, by volume, and
are also referred to as mole fraction, in parts per million (ppm). Figure 1 present the different
layers of the atmosphere with the yellow line indicating the altitude and temperatures in the
respective layers. The layers of the atmosphere are important in this context as the sinks of
CH, are defined by different oxidation processes of the hydroxyl radical (OH) in different

parts of the atmosphere.

Table 1. Mixing ratios of gases in the atmosphere

Gas Mixing ratio (mol/mol)
Ny 0.78
O, 0.21
Ar 0.0093
CO; 365 x 107°
neon (Ne) 18 x 1076
ozone (O3) (0.01-10) x 1076
helium (He) 52x 1076
CH, 1.7x107°
krypton (K7) 1.1 x 1076
hydrogen (Hs) 500 x 1079
N> O 310 x 10~*

2.3 The Greenhouse Effect

The greenhouse effect refers to the absorption and re-radiation of energy by atmospheric
gases, resulting in a downward flux of infrared radiation from the atmosphere to the surface.
Figure 2 shows incoming and outgoing energy fluxes from Earth on an annual-average basis.
At equilibrium, the total rate at which energy leaves the Earth is 102 W/m? of reflected
sunlight + 239 W/m? of infrared which equates to 341 W/m?, the incoming solar radiation
at the top of the atmosphere, establishing the equilibrium temperature of the Earth (Jacob,

2011).

The global average surface temperature of the Earth is approximately 288 Kelvin (K)
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Figure 1. Layers of the atmosphere, retrieved from McElroy (2012)

or 15° Celsius (C) for which the corresponding blackbody irradiance is 396 W/m?2. How-
ever, much of the infrared energy emitted at the surface is absorbed by molecules in the
atmosphere such as COq, water vapour, CHy, N2O, chlorofluorocarbons (CFCs), and Os
and re-emitted in both upwards and downward directions, further heating Earth’s surface
and maintaining the atmospheric temperature gradient. The Earth’s energy balance is sum-
marised graphically in Figure 2. N and Os which account for 99% of the atmosphere’s

composition are transparent to infrared radiation (Wayne, 2000). It is essentially the 1% of
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Figure 2. The Earth’s energy balance, retrieved from Seinfeld (2016)

trace gases that are responsible for the absorption and remittance of infrared radiation. At
equilibrium, emitted longwave flux at the top of the atmosphere is 239 W/m?, significantly
less than emitted at the surface (396 W/m?). This aids the Earth in keeping a habitable
temperature of 15°C instead of -18°C. This natural phenomenon is known as the greenhouse
effect and it is made possible by water vapor, CO-, C H4 and other gases which have come
to be known as the greenhouse gases. Despite their small amounts, they profoundly affect

the Earth’s temperature (Seinfeld, 2016).

2.4 Climate Change

Pleijel et al. (2009) states that for a long period in the establishment of atmospheric particles
and aerosols as air pollutants, no or little attention was paid to greenhouse gases and climate

change and very few attempts were made to control greenhouse gases until the 1990s. The
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detection of the widespread destruction of ozone in the stratosphere over Antarctica is what
prompted the control of ozone-depleting substances under the Montreal Protocol in the 1990s.
Climate change policies over the past thirty years benefited considerably from the control of
ozone-depleting substances such as CFCs and other halocarbons, hydrofluorocarbons (HFCs)
and perfluorocarbons (PFCs) (Neelin, 2011).

Major steps in controlling greenhouse gases were taken in 1992 when the UNFCCC was
signed and subsequently when the Kyoto Protocol was signed in 1997 (Pleijel et al., 2009).
Steps were then taken to establish binding targets for emission reductions for the main long-
lived greenhouse gases including COs, CH4, NoO and others as detailed in Table 2. The
gases are nick-named the Kyoto greenhouse gases, and also included in the table is the po-
tential of each gas to increase surface temperatures in one hundred years. A number of
additional pollutants have global-warming properties, including many ozone-depleting sub-
stances but they are regulated under a different protocol, the United Nations Environment
Programme (UNEP) Montreal Protocol on Substances that Deplete the Ozone Layer and

they are typically controlled under air quality regulation.

Table 2. Residence times and global warming potential of Kyoto greenhouse gases in the atmosphere

Greenhouse Gas Residence time in the atmosphere Global warming potential
COs 100 years 1

CHy 10 years 25 times

N2O 114 years 280 times

HFCs 260 years 11 700 times

PFCs >50 000 years 6 630 times

sulphur hexafluoride (SFs) 3 200 years 23 900 times

Climate change induced by greenhouse gases not only influences the behaviour of the
atmosphere and weather systems over land and sea. It also brings with it modifications
of a range of physical, chemical and biological processes within the terrestrial and marine
ecosystems. Many of these process-changes directly or indirectly affect the composition of

the atmosphere (Pleijel et al., 2009).

25



2.5 Methane

CHy is a short-lived climate pollutant (SLCP) and together with other SLCPs contribute as
much as one third of the current total greenhouse forcing. This relates to a strong impact on
climate change. Due to C Hy short residence time in the atmosphere relative to other longer-
lived greenhouse gases (CO2, SFg, N2O, etc.) it is argued that strategies for reducing SLCP
emissions should be prioritised as their reduction will lead to nearer-term climate benefits
(Worden et al., 2021; Seinfeld, 2016).

Atmospheric concentrations of COo, C Hy and NoO were recorded in 2011 to be 391 ppm,
1,803 ppb and 324 ppb respectively, which exceeded pre-industrial levels by approximately
40%, 150% and 20% respectively. Saunois et al. (2020) reported that concentrations have
now exceeded the highest concentrations recorded in ice cores in the last 800,000 years.
Globally averaged C'Hy was estimated to be 722 -/+ 25 ppb (IPCC 2013) and in 2011 it grew
to 1,803 -/+ 2 ppb. Measurements of global C'Hy levels began in 1978 and in 1980 through
to 2006, a decline was identified in its growth where global emissions approached a steady
state at approximately 550 TgC Hyyr~' (Seinfeld, 2016).

Understanding and quantifying the global C'H4 budget is important for assessing pathways
to mitigating climate change. The relative importance of C' Hy compared to C'O2, other than
its shorter atmospheric lifetime and stronger global warming potential is its significant growth
rate over the past ten years (Saunois et al., 2020). Bottom-up methods suggest almost 30%
larger global emissions (737 TgC Hyyr~') of C Hy than top-down inversion methods, reckons
Saunois et al. (2020), adding that atmospheric constraints on top-down estimates suggest
that at least some of the bottom-up emissions are overestimated. However, Bergamaschi
et al. (2018) offers that the difference could be explained by the significant contribution of
biogenic sources (40%) which is not included in national inventories reported to UNFCCC.

The main sink of atmospheric C'Hy, according to Seinfeld (2016), is oxidation with the OH
radicals in the troposphere, which accounts for at least 87% of the total sinks of C Hy. Other

sinks include photochemical reactions in the stratosphere, reactions with chlorine radicals in

26



the marine boundary layer and soil (Bergamaschi et al., 2018).

CH, is expressed as either fluxes or atmospheric concentrations. Flux refers to the differ-
ence between the amount of gas added to the atmosphere by emissions from various sources
and the amount taken up by surface sinks that remove the gas from the atmosphere, while
concentration refers to the amount of gas contained in a volume of air. Units for express-
ing CH,; measurements are teragrams of CHy (T'gCHyyr~!) for fluxes and ppm or ppb for
atmospheric concentrations.

The general approach for inferring C'H4 emissions from observed atmospheric concentra-
tions is to use a three-dimensional chemical transport model (CTM) describing the sensitivity
of concentrations to emissions. Due to errors in measurements and in model transport, the
best that can be achieved is an error-weighted statistical fit of emissions to the observations.
Two different methods have been used for Greenhouse Gases Observing Satellite (GOSAT)
and SCanning Imaging Absorption spectroMeter for Atmospheric CHartographY (SCIA-
MACHY) retrievals, namely the COy proxy method and the full physics method (Jacob

et al., 2016).

2.6 Satellite Observations of Atmospheric Methane

Shortwave infrared (SWIR) satellite instruments observe solar backscatter from the Earth
surface between the spectral ranges of 1.63-1.70 pand at 2.2-2.4 n(Jacob et al., 2022). Satel-
lites that measure C'Hy in the thermal infrared (TIR) are not sensitive to C'H4 near surface
but provide measurements of background C Hy in the upper troposphere (Jacob et al., 2022).
Satellites that observe in the SWIR also do not directly measure gases. Instead they obtain
information on the column-averaged dry-air mixing ratios of the gases in the atmosphere, the
average amount of a particular gas in a vertical column above a specified location excluding
water vapour. These column-averaged dry-air mixing ratio values are denoted as X¢ 4 with
the X to indicate that they are from satellite measurements and therefore different from in-

situ ground based or near-surface measurement. An Xcp4 concentration of 1,800 ppb means
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that the atmosphere about a location contains on average 1,800 C'H4 molecules per 1 billion

air molecules.
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3 Literature Review

3.1 Introduction

The objective of this chapter is to provide an overview of the current state of knowledge in
space-based observations of C'H4, amongst other greenhouse gases, in support of the Paris
Agreement and climate change mitigation strategies.

Section 3.2 presents the global C'Hy budget to provide context and to show why it is
important for South Africa or any country on the planet. Section 3.3 gives an overview of
satellite missions targeting C'H4, what they have achieved in the past and currently, and
what those proposed for the future will offer. Section 3.4 provides an account of current
themes in terms of applications of space-based measurements of C' Hy, and section 3.5 an
overview of emission inventories and which are used in different parts of the world. Finally,
section 3.6 provides a review of time series forecasting or prediction models, especially those

that have been applied in greenhouse gas estimations for climate policy.

3.2 Understanding the Global Methane Budget

Understanding the global budget is important for South Africa as every country needs to know
how its emissions contribute to the overall global warming potential. Emissions of greenhouse
gases from man-made activities are the most dominant cause of global warming. Figure 3
summarises the global growth trajectory of C'Hy between 1980 and 2020. The upper level
shows the globally-averaged, monthly mean atmospheric concentrations determined from
NOAA surface sites (Bergamaschi et al., 2018). Following a rapid decrease in C H4 emissions
in the 1990’s, a steady state occurred until 2006 (Kort et al., 2014). The atmospheric burden
of CHy grew again in 2007 (Kort et al., 2014). In 2017, global C'H, emissions were estimated
by atmospheric inversions to be 576 TgCHyyr—!, of which 60% (359 TgCHyr~') was
attributed to anthropogenic sources (Saunois et al., 2020). From NOAA’s observations,

global CH, emissions were estimated in 2021 to be 15% higher than in the 1984 - 2006
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period (World Meteorological Organization, 2021). 2021 was the second year in a row where
a record increase in atmospheric levels of C'H, was reported. Findings by NOAA showed
the increase was 17 ppb, the largest annual increase recorded since systematic measurements
began in 1983 (World Meteorological Organization, 2021). The increase during 2020 was 15.3
ppb, with atmospheric levels averaging to 1,895.7 ppb during 2021, or around 162% greater
than pre-industrial levels. Multiple studies (Bergamaschi et al., 2015; de Gouw et al., 2020;
Jacob et al., 2016; Krautwurst et al., 2017; Turner et al., 2017) have attempted to uncover

the cause of this renewed growth.
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Figure 3. Globally averaged atmospheric CHy in ppb and its annual growth rate, as estimated by Saunois et al.
(2020). It shows the decline in emissions in the 1990s, the rapid growth in 2007 and other significant changes in
the growth rate of CHy

3.3 Space-based Observations of Methane

Measurements of total C'H4 column by solar backscatter began in 2002, with SCTAMACHY
onboard European Space Agency (ESA)’s Environmental Satellite (ENVISAT), until it went
out of orbit in 2012. GOSAT which was launched in 2009 continues today to measure C' Hy
with the Thermal And Near infrared Sensor for carbon Observation - Fourier Transform

Spectrometer (TANSO-FTS) instrument (Alexe et al., 2015; Jacob et al., 2016). The GHGSat
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instrument was launched on a microsatellite in June 2016 by GHGSat Inc with a high spatial
resolution of 50 x 50 m?, over targeted viewing domains for the detection of point sources.
It has a swatch of 12 x 12 km? but with a precision of 1-5%. Carbon Monitoring Satellite
(CarbonSat), also known as TanSat, was launched in 2016 and designed to measure C'Hy
globally with an unprecedented combination of fine pixel resolution (2 x 2 km?) and high
precision of 0.4% (Jacob et al., 2016). The TROPOMI onboard the S-5P satellite, launched
in October 2017, observes C'H, with a 5.5 x 7 km? spatial resolution and a precision of less
than 1% (Veefkind et al., 2012).

The first Light Detection and Ranging (LiDAR) mission, MEthane Remote sensing Lidar
missioN (MERLIN), is a joint German and French space mission planned for launch in 2024.
It has the scientific objective of delivering C'Hy atmospheric columns for all latitudes, with
emphasis on poorly accessible regions in the tropics and at high latitudes (Ehret et al.,
2017; Bousquet et al., 2018). The active sensor will make possible the constraining of C'Hy
emissions irrespective of season, weather, or latitude and will operate both day and night
(Bousquet et al., 2018).

CH,4 measurements in the TIR region of the electromagnetic spectrum began with the
Interferometer Monitor for Greenhouse Gases (IMG) in 1996-1997 and continued from 2002
with the launch of Atmospheric Infrared Sounder (AIRS) and Tropospheric Emission Spec-
trometer (TES) in 2004. Infrared Atmospheric Sounding Interferometer (IASI), launched in
2006, even though it offers very low sensitivity in the boundary layer, it provides statistically
consistent C'Hy emissions. Cross-Track Infrared Sounder (CrIS) is planned to launch on 30
Sep 2022. All instruments listed above have been onboard sun-synchronous LEO satellites
and their mission launch dates and completion have been summarised in Figure 4.

Geostationary satellites, Geostationary Fourier Transform Spectrometer (GeoFTS), Geo-
stationary Carbon Observatory (GeoCARB), Geostationary Coastal and Air Pollution Events
(GEO-CAPE) and Geostationary Emission Explorer for Europe (G3E) have been planned
and proposed for the future to map CH4 on continental scales with a 2-5 km resolution

(Jacob et al., 2016). Sheng et al. (2018) conducted simulation experiments to test the ability
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Figure 4. A summary of space-based instruments measuring C'H4 onboard completed and ongoing LEO satellites
with the length of missions.

of these future satellites for constraining C'Hy emissions. After an inverse analysis using
a GEOS-Chem CTM in a one-week simulation, Sheng et al. (2018) concluded that Geo-
CARB and GEO-CAPE will perform a much better job than all the LEO satellites, includ-
ing TROPOMI. The geostationary satellites are less sensitive to cloud cover and are better
capable of constraining C'H4 emissions due to their finer pixel resolution and more frequent
observations. Bousserez et al. (2016) conducted similar experiments to compare the efficacy
of SWIR, TIR and multispectral SWIR and TIR measurements in geostationary satellites
from LEO satellites concluding that geostationary satellites would constrain twice as many
independent flux patterns and would greatly mitigate the impact of inherent uncertainties in
source inversion methods. A further advantage of the geostationary satellites, particularly
G3E, is going to be the ability to monitor point-source emissions of C'Hy due to its planned

higher spatial resolution of 2 x 3 km (Butz et al., 2015).

3.4 Applications of Space-based Observations

The applications of space-based observations for emission hotspot detection and plume iden-

tification exist in literature and have been applied in different parts of world including the
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USA (Buchwitz et al., 2017; Turner et al., 2015; Kort et al., 2014), Turkmenistan (Schneising
et al., 2020), Argentina (Puliafito et al., 2020), and South Africa (Shikwambana et al., 2021a,
2022). Pandey et al. (2019) and Schneising et al. (2020) made use of TROPOMI observations
to detect C'Hy leakages and monitor their dispersion in the atmosphere through time, demon-
strating the effectiveness of routine satellite measurements in detecting and quantifying emis-
sions from unpredictable events, such as gas and oil leaks which release dangerous amounts of
C H, in the atmosphere. A common occurance has also been the use of an EDGAR inventory
for validation and verification or for testing satellite observations for agreement (Kort et al.,
2014).

Estimation of C'Hy emissions on regional scales and using global inverse analyses for
retrievals on GOSAT and SCIAMACHY have been the most predominant. Examples can be
found in the works of Alexe et al. (2015); Lunt et al. (2019); Turner et al. (2015) and Wecht
et al. (2014). Comparison of retrievals between the instruments have been noted (Alexe et al.,
2015). Retrievals using TROPOMI are growing in significance, as in Qu et al. (2021) and
Hu et al. (2018) who compared retrievals from GOSAT and TROPOMI.

Inversions for relating surface emissions of C'H4 to atmospheric mole fractions have typi-
cally been by a GOES-Chem CTM as conducted by Lunt et al. (2019); Turner et al. (2015)
and Wecht et al. (2014) for global analysis, and nested versions became the alternative when
studies were on a regional scale. Alexe et al. (2015) utilised a TM5-4DVAR model, which is
a customized Bayesian optimisation CTM. Validations of the retrievals made against a total
carbon column observing network (TCCON) or independent shipboard and aircraft obser-
vations and were found to be agreeable with some minor uncertainties and errors declared.
Wecht et al. (2014) validated their results against an EDGAR v4.2 inventory.

Tracking of large-scale transport events was also identified, for example Pandey et al.
(2019) and Schneising et al. (2020) used TROPOMI observations to detect C' Hy leakages and
monitor their dispersion in the atmosphere through time, demonstrating the effectiveness of
routine satellite measurements in detecting and quantifying greenhouse gas emissions from

unpredictable events.
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Additional recurring themes were estimation of CHy emission trends, where de Gouw
et al. (2020) and Turner et al. (2015) used satellite retrievals to anaylse trends and patterns
in emissions, and Buchwitz et al. (2017) and Kort et al. (2014) detected C'H4 emission
hotspots in the USA. Estimation methods included a fast data-driven method (Buchwitz
et al., 2017) applied to GOSAT and SCIAMACHY retrievals and a weather research and
forecasting coupled with chemistry (WRF-Chem) model was applied by Kort et al. (2014).

Validation and agreement were tested using EDGAR v4.2.

3.5 Emission Inventories

A popular practice in space-based C'Hy studies is the use of bottom-up inventories either
for validation/ verification of the space-based observations or as prior emission estimates in
inversion analyses. It is common to see a national inventory of the country whose observa-
tions are being mapped or the global EDGAR being compared to the derived space-based
estimations. For example Puliafito et al. (2020) used a high resolution Argentinian inven-
tory, GEAA, for comparison with TROPOMI measurements and Thi Quynh Nguyen et al.
(2021) made use of the Regional Emission inventory for Asia for validation when mapping
emissions in Vietnam. In Varon et al. (2022)’s integrated C'Hy4 inversion toolbox, several
bottom-up inventories make up prior estimates for different sections of the world, namely;
(i) the US EPA Inventory of US Greenhouse Gas Emissions and Sinks is used for the USA,
(ii) the National Institute of Ecology and Climate Change (INECC) inventory for Mexico,
(iii) the Environment and Climate Change Canada National Inventory Report (ECCC NIR)
for Canada, and (iv) the Global Fire Emissions Database and (v) EDGAR for the rest of
the world. The Community Emissions Data System (CEDS) bottom-up inventory has also
come up in comparison studies. Tan et al. (2022) developed a model using GEOS-Chem and
two inventories EDGAR v4.3.2 and CEDS version 2017-05-18 where the inventories showed

considerable differences reflecting large uncertainties in estimates of Chinese C'H4 emissions.
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3.6 Forecasting Models for Methane Emissions

Forecasting of greenhouse gases are seen as essential for the monitoring and evaluating of
global climate change policy (Tudor and Sova, 2021). At a local South Africa level, Durbach
et al. (2017) were part of a project forecasting greenhouse gas emissions for the country for
2050 and subsequently developed a tool to assess uncertainty in the forecast greenhouse gas
emissions. Tudor and Sova (2021) argue that the aim of time series forecasting is to identify
the best predictive model within a pool of candidates and employ it to produce forecasts
for the series of interest. They, therefore, compared seven predictive models, namely; (i)
the exponential smoothing state-space model, (ii) the Holt-Winters (HW) model, (iii) the
exponential smoothing state space model with Box-Cox transformation, ARMA errors, trend
and seasonal components (TBATS) model, (iv) the ARIMA model, (v) the structural time
series model, (vi) neural network auto-regression (NNAR) model, and (vii) the naive model
on 49 countries to test if they would meet their 2030 targets for the global climate policy.
They reported that NNAR presented the best performance for greenhouse gas emissions
citing the lowest RMSE and mean absolute scaled error (MASE). In 2022, Tudor and Sova
(2022) continued with the research on greenhouse gas emissions forecasting and predicted the
aggregate greenhouse gas emissions in nine Central and Eastern European countries for the
2019 — 2050 horizon using the same set of six statistical methods and one machine-learning
method.

Bhatti et al. (2021) predicted future concentrations of particulate matter using SARIMA
for Pakistan, focusing mostly on the seasonal analysis of variation in the time series for the
datatset. (Bhatti et al., 2021)’s model is well explained and the choice well defended.

More studies have predicted the evolution of COs than any other greenhouse gas or air
pollutant. Tudor (2016) predicted COs emissions levels for Bahrain at the end of 2020 and
2021, again attesting to the supremacy of NNAR. Qader et al. (2021) are in agreement with
regards to the supremacy of the NNAR model which they used to forecast the evolution

of COy for Bahrain with high accuracy. Malik et al. (2020) predicted CO2 emissions for
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Pakistan using an ARIMA univariate model with historical data for Pakistan up till 2020,
forecasting yearly to 2030. What was interesting in this paper was that the forecasting was
carried out under two different scenarios, (i) business as usual, and (ii) where the assumption
was that the country adopted mitigation strategies to curb emissions. The model performed
satisfactorily when evaluated using RMSE, MAPE and an additional mean absolute error
metric. It was however not known if other models would have performed better, the study
had no justification for the model and performance metrics chosen. Hopali and Cakmak
(2020) predicted daily energy-related C'Oy emissions by a factory in the USA using ARIMA,
HWA and HWM forecasting models. They found ARIMA to be the most appropriate model
based on a MAPE score of 10.4%. However, this study only evaluated three models and there
was no motivation on why only those three were selected for the time series forecasting. It
also failed to provide a defense on robustness and it was not clear if any tests were done for
stationarity of the auto-regressive model.

A study predicting coalbed C'Hy was also reviewed (Linghu et al., 2020). Even though the
study was not based on space-based C' H4 observations but mainly for the rational allocation of
resources and energy conversation, emission reduction was still an objective and was therefore
relevant. Further it affirmed that the core of time series prediction is to find the law from
the data and use it to make predictions about future data, as denoted by Box et al. (2016).

Time series and forecasting, even though common in air quality and greenhouse gas
emissions literature, are not as wide for CHy emissions. Lastly most of the time series
forecasting models reviewed were statistical in nature, with the exception of Tudor and Sova
(2021), Qader et al. (2021) and Tudor and Sova (2022)’s best performing model which was
a combination of a machine learning and auto-regressive model, the NNAR. Despite the
popularity and successes of the NNAR model, it is omitted from this research as it employs
complex and sophisticated machine learning techniques that are beyond the scope of the
research. ARIMA and the Holt Winters’ models have also been used successfully in the
prediction of COy emissions (Hopali and Cakmak, 2020; Malik et al., 2020). Therefore they

have been employed in this research alongside others, namely the (i) naive, (ii) SMA, (iii)
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SES, and (iv) SARIMA forecasting models.

3.7 Research Gaps

CH, emissions in South Africa have been studied on a qualitative basis using a combina-
tion of data sources such as indicators from the World Bank, census office and satellite data
(Shikwambana et al., 2022). Studies that exclusively use satellite data for quantitative anal-
ysis or conducting chemical transport models currently do no exist. However, a study by
Hakkarainen et al. (2021) quantitatively analysed other greenhouse gases and air pollutants
using TROPOMI.

Additional research is needed to identify the cause of discrepancies between top-down
and bottom-up results for many C' Hy emission sectors. There is a lack of confidence in the
available C'H, emission estimates as studies are still showing discrepancies between bottom-
up inventories and top-down inversions (Worden et al., 2021; Turner et al., 2015; Saunois
et al., 2020). Of course, the problem with bottom-up approaches involve spatial resolution
as sampling using in-situ methods can only be performed at sparse locations or with a course
spatial resolution leading to extrapolation of few samples or small areas to large areas, or
relying on the use of proxy data such as energy consumption data and emissions ratios applied
to species. These are the main sources of error.

With top-down approaches using space observations, even though achieving global cover-
age with frequencies of up to one day, the limitation is being sun-synchronous and therefore
covering an area at the same local time each day. The temporal under-sampling affects the
ability to accurately quantify fluxes. Seemingly geostationary satellites will mitigate some of
these challenges, however not without the limitation that spatial coverage will be regional.
For example, G3E will only be targeting central Europe (Butz et al., 2015). So far no geo-
stationary satellites have been planned for covering South Africa or the continent of Africa.

The causes of the recent growth in concentrations of CHy in the atmosphere. Two

main challenges in reducing the uncertainties in this atmospheric growth of C'Hy are (i) the
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variety of geographically overlapping C'H, sources on the planet and (ii) the destruction
of CH,4 by short-leaved OH. Saunois et al. (2020) have reported that the most important
source of uncertainty in the C'Hy budget is attributable to natural emissions, especially those
from wetlands and other inland waters. They made several suggestions for improving C Hy
measurements one of them being the intensification of C'H, observations at local scales and
urban-scale monitoring to constrain bottom-up land surface models, and at regional scales
(surface networks and satellites) to constrain atmospheric inversions. A lot of funding is
required for the development and implementation of these networks and it is encouraging that
some Annex 1 countries are well on their way such as with the UK and Ireland’s Green house
gAs UK and Global Emission (GAUGE) project, more of which can be read in Palmer et al.
(2018). NOAA as well as the GAW programme of the World Meteorological Organization
(WMO) also maintain wide networks of stations across the world for monitoring greenhouse
gases at global and local scales. However, South Africa has only one observation station at
Cape Point. It is the author’s view that this physical constraint has to be addressed first by
the construction of more observation stations for a more homogeneous coverage before this
gap can be addressed. It is also interesting that the C Hy concentrations at the Cape Point
observation station published by the GAW program are different from those published by
NOAA, even though captured by one provider, the South African Weather Services (SAWS).

It is also noted that significant uncertainties exist in the identification and quantification
of individual CH,4 sources. One of the ways of addressing this is by the development of
a 3D variational inversion system using isotopic and/or co-emitted species such as ethane
to improve source partitioning. Addressing this gap requires a thorough understanding of
atmospheric chemistry and atmospheric science engineering. This is an interesting area that
can be addressed by future works by the author in addition to looking at improvements to

transport models and the representation of photochemical sinks in top-down inversions.
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4 Research Design

4.1 Introduction

This section outlines the methodology utilised for achieving the aim of analysing the spatial
and temporal distributions of C Hy and making predictions of emissions for 2022. The study

area and datasets utilised are also presented.

4.2 Description of Study Area

The study was constrained to South Africa (Figure 5), a country on the southern tip of the
African continent between the latitudes of 22° and 35° S, with a landmass covering an area
of approximately 1.2 million km?. Most of South Africa experiences cold and dry weather
conditions during the seasons of autumn and winter, and in turn the hot and rainy weather
is experienced in spring and summer. It’s weather is also influenced significantly by the El

Nino southern oscillation.
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Figure 5. Map of South Africa showing the location of its nine administrative areas
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South Africa’s population is increasing at a rapid rate, reported to be 57,8 million in 2018
and growing at a rate of 29.8%. The World Bank reported its gross domestic product (GDP)
to be 419.95 billion in 2021. The country is urbanising rapidly and with that, adding pressure
to electricity demand as more houses and businesses are being established (Shikwambana
et al., 2021b). The following paragraphs summarise industrial activity in South Africa and
its profile with respects to C' Hy emissions and climate change mitigation.

38% of the country’s land mass is mainly occupied by cattle, sheep and goats, which
are the main drivers of the livestock industry in the country. The agricultural sector as
a whole contributed 2.3% to South Africa’s GDP in 2020 (Casey, 2021), and 2016 records
indicate that animal production contributed 46% to the agricultural gross value. This sector
contributes significantly to the C'H, emissions in South Africa and Stevens (2021) reported
that the agriculture, forestry, and other land-use (AFOLU) livestock category contributed
50.4% to the country’s C' H, emissions in 2017. Emissions from animal husbandry are mainly
due to enteric fermentation and manure management. The waste sector was the second
biggest contributor to the C'Hy emissions of 2017, contributing 41.0% (Stevens, 2021). Car
ownership levels were reported to be at 210 vehicles per 1,000 people in 2016. In many of
its cities, motorised trips can be split equally between private and public transport trips,
daily, however, with 20% of the population walking. Around 600,000 internal combustion
engine vehicles are sold yearly (Brink and Stander, 2016). Most of South Africa’s freight is
transported by road between its cities, with the remaining 20% being transported by rail.
The above are contributing factors to the country’s increasing greenhouse gas emissions,
which is currently the leading emitter of greenhouse gases, including C'Hy, on the African
continent (Crippa et al., 2019).

In 2004, South Africa put in place legislation that mandates big industrial emitters to
report their greenhouse gases (Shikwambana et al., 2020). The country has taken a strong
stance on climate change on the international stage and has developed a significant and
forward-looking domestic strategy that lays out a roadmap for mitigation and adaptation in

line with the country’s NDC to the Paris Agreement (Averchenkova et al., 2019).
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The DFFE in South Africa introduced a climate change Bill [B9-2022] to parliament
on 18 February 2022. If the Bill becomes law it will form the first legal framework for
a response to the impacts of climate change in South Africa. It acknowledges the urgent
threat that climate change presents and emphasizes the need for an effective, progressive
and incremental response and one of the most important aspects of the Bill is the DFFE
minister’s obligation to determine a pathway for the reduction of greenhouse gas emissions
progressively over time through a “national greenhouse gas emissions trajectory” which is
consistent with global obligations and efforts. The Bill provides that within one year of the
Bill coming into operation, the minister must publish a list of greenhouse gas emitting sectors
subject to sectoral emissions targets with the thresholds expressed in C'O2 equivalents.

Further to this new Bill and the NDC, it has been a signatory to a number of international
conventions for mitigating the impacts of climate change, including UNFCCC, TPCC and
Conference of the Parties (COP) for a number of years, again demonstrating the country’s
political will to reduce greenhouse gas emissions and play a positive role in the reduction of
global warming. Despite its political will, bottom-up inventories for 2018 estimated its C'Hy

emissions to be 45,140 kt of C'Oy equivalent.

4.3 Resources and Tools

The dataset being analysed were satellite data from the TROPOMI instrument onboard the
S-5P satellite. Secondary datasets which aided the analysis were the EDGAR high quality

bottom-up greenhouse gas inventory, surface flask measurements of atmospheric C Hy from

NOAA and the GAW program and Open Street Map (OSM) data.

4.3.1 Satellite data

TROPOMI level 2 (L2) daily observations from 30 April 2018 (when the TROPOMI opera-
tional record began) to 31 July 2022, is the primary collection of data utilised in the study.

The data from May 2018 to December 2021 is utilised for the spatial analysis and training of
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the time series forecast model while the data from 2022 is held out for testing the forecast.
TROPOMI retrieves atmospheric C'Hy columns from backscatter sunlight in the 2.3 um
C Hy absorption band, with daily global coverage at 5.5 x 7 km? nadir pixel resolution (Varon
et al., 2022). For observations before August 2019, the pixel resolution was 7 x 7 km? and
measurements are made at approximately 13h30 local solar time (Veefkind et al., 2012). The
CH, retrieval, produced by the Netherlands Institute for Space Research (SRON), is based
on the RemoTeC full-physics algorithm as column-average dry-air mixing ratios in ppm or
ppb along with scattering properties of the atmosphere (Varon et al., 2022; Veefkind et al.,
2012). Raw level 1 (L1) products are also available from the manufacturer and Schneising
et al. (2019, 2020) have used them for developing a weighting function modified differential
optical absorption spectroscopy (WFM-DOAS) algorithm optimized to retrieve C H4 and CO

simultaneously.

4.3.2 Bottom-up inventory

The study utilised the EDGAR inventory as one of the validation datasets. Agreement
of TROPOMI observations to CHy fluxes reported by EDGAR were tested using EDGAR
v6.0 of 2018 (Figure 6), constrained to the extent of South Africa. EDGAR is a global
database of emissions of greenhouse gases and air pollutants compiled by the Joint Research
Council for the European Commission. It provides gridded emissions data from atmospheric
inversions and land surface models for wetland or biomass burning provided at monthly scale.
The emissions it reports are yearly and monthly estimates of fluxes re-gridded to 0.1° x 0.1°.
They are then converted into teragrams of C Hy (T'gC Hy) per grid cell. The gridded inventory
reports emissions from various anthropogenic source categories that are mandated by climate
policy such as fossil-fuel related activities, agriculture, waste management, transport and
many more. Table 3 provides a complete list, and for each code the EDGAR dataset has a
separate grid mapping the average fluxes for the source type. Its temporal resolution ranges
from monthly to yearly from 1970 to 2018.

This independently compiled inventory is often used to compare emission estimates to
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Table 3. Methane emissions source types reported by the bottom-up EDGAR anthropogenic inventory with their
corresponding IPCC codes

IPPC Code Description

1Ala Power industry

1A1b Oil refineries and Transformation industry
1A2 Combustion for manufacturing
1A3a_CDS Aviation climbing and descent
1A3a_CRS Aviation cruise

1A3a_LTO Aviation landing and takeoff
1A3b_noRES Road transportation no resuspension
1A3c+ 1A3e Railways, pipelines, off-road transport
1A3d Shipping

1A4+1A5 Energy for buildings

1Bla Fuel exploitation COAL
1Bla+1B2aiii2+1B2aiii3+1B2bi+1B2bii  Fuel exploitation

1B2aiii2+1B2aiii3 Fuel exploitation OIL

1B2bi+1B2bii Fuel exploitation GAS

2B Chemical processes

2C1+2C2 Iron and steel production

3A1 Enteric fermentation

3A2 Manure management

3C1b Agricultural waste burning
3C2+-3C3+4-3C4+3C7 Agricultural soils

4A+4B Solid waste landfills

4C Solid waste incineration

4D Waste water handling

5B Fossil Fuel Fires

those reported by member states of the UNFCCC. It also features frequently in C Hy satellite

retrievals research (Wecht et al., 2014; Puliafito et al., 2020; Buchwitz et al., 2017; Liu

et al., 2021) either as a priori for chemical transport modelling or for validation of calculated

emission estimates.

4.3.3 Surface measurements

Surface measurements from the NOAA Global Monitoring Division (GMD) of the Earth

System Research Laboratory (ESRL) collected by SAWS was the first set of surface flask

CH, measurements for comparison with the space-based estimates (Lan et al., 2022). A

second group of surface measurements has also been obtained from Mkololo et al. (2022)
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Yearly methane emissions for South Africa

Figure 6. Mean emissions of C'Hy over one year, 2018, reported in EDGAR v6.0, for all source types

from the GAW program of the WMO. The data is also collected by SAWS from South
Africa’s only C' H4 monitoring station at Cape Point.

The Cape Point station is located in a nature reserve at the southern end of the Cape
Peninsula in South Africa, approximately 60 km from the Cape Town city centre. Its coor-
dinates are 34°21° S and 18°29’ E. Situated at 230 m above sea level on the Cape Peninsula,
it is primarily exposed to maritime air from the South Atlantic.

In 2020, the coronavirus disease 2019 (COVID-19) pandemic impacted flask shipping and
sampling frequency to the NOAA ESRL at many sites causing isolated gaps and some delayed
processing into the second half of 2021. South Africa and the Cape Point measurement site
was impacted by this and there was no data from March 2020 to December 2020. Flask
shipping and sampling continued as normal from January 2021 and there is data for the
whole year in 2021. The GAW data was also impacted in 2021 and has missing records from

January to June in 2021.
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4.3.4 Computing infrastructure

The project and research in its entirety was carried out on a desktop computer, a Lenovo
ThinkPad with an 11%" generation Intel Core i7 processor running at 2.8 gigahertz. The
RAM of the computer was 16 gigabytes. It ran a Windows 10 Pro 64-bit operating system.

A number of software packages were made use of during the course of the project in the
execution of the research. The biggest components included acquiring the data, which fits
in the category of big data, and processing it. This was done in Visual Studio Professional
2022 using Python 3.9. Second most important was ArcGIS Pro 2.9 for the geo-processing
of vector data and the production of all the maps. Quantum GIS 3.16 was used for some
data conversions, Microsoft One Drive for storage of all data inputs and outputs, and finally

GitHub was used for code back up and version control.

4.4 Method Design

4.4.1 Automated satellite data download and access

The download of satellite data from the Copernicus open access hub took place using the
sentinelsat Python package (Upadhyay et al., 2022). The package provides both a com-
mand line interface and a Python library for the search, download and metadata retrieval
for all Sentinel products. It has at its disposal three functions, namely SentinelAPT,
read_geojson and geojson_to_wkt which can be imported individually or in unison by not
specifying the function names when importing the library. All the functions were imported
for this work. SentinelAPI facilitated the connection to the Copernicus open access hub
over the world wide web and it took as arguments, username and password credentials for
authentication, as well as the website address to the open access hub. The login credentials
are to a generic account and are the same for all users. They are published on the Copernicus
website, the login is sbhpguest and password is also sbpguest.

The read_geojson function takes the directory of a file that will be used as a footprint

or the area to be downloaded. A shapefile of the South African country boundary was
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converted into a geojson using Quantum GIS and its directory supplied to read_geojson. The
geojson_to_wkt function then converted the given geojson file to a well-known-text (.wkt)
format and allocated it to a variable, footprint. The footprint specifies the geographical search
area and the algorithm only searches for products whose footprint intersects or is included
in the geography. The footprint could also be specified by typing the coordinates of a simple
polygon in .wkt format into the variable space. Even though there isn’t a limitation on the
number of points that can be specified for the bounding box, there is an 8,000 character
limit related to the number of characters that can go into the next function, api.query.
The footprint was then used as an input parameter for the api.query function together with
other query keywords which specified the data to be downloaded. A number of keywords were
specified, namely the start and end date, the product type and platform name. Table 4 was
useful for the selection of keywords as the api.query function works by sifting through the
TROPOMI product names and matches the search query to different parts of the product
name sub-string. Table 4 also offers an explanation of all the elements in the sub-string.
Lastly, the api.download all function took as input the result of the api.query and the
directory path where the data files were to be download. On execution, the products began
to download to the chosen location in the background and depending on internet speed and
start and end date specified, the data products of about 62 megabytes each, took from two
minutes to eight hours to download.

In order to cover South Africa, two products were downloaded for each day, and on rare
occasions, three products were required. For the period spanning 30 April 2018 to 31 July

2022, 3,417 products were downloaded.

4.4.2 Image processing and spatial analysis

Once downloaded, the products were processed using the harp (Zhou et al., 2020), a Python
toolkit for reading, processing and inter-comparing satellite remote sensing data, model data,
in-situ data and ground-based remote sensing data. It is part of an atmospheric toolbox devel-

oped for ESA by S&T Corp in partnership with European Organisation for the Exploitation
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Table 4. Description of substrings in the TROPOMI product name

Substring Meaning
S5P Mission name
NRTI, OFFL or RPRO Processing stream, near real-time, offline or reprocessing
L2__CH4 Product identifier
YYYYMMDDTHHMMSS Start of granule in UTC, T is a fixed character
YYYYMMDDTHHMMSS End of the granule in UTC, T is a fixed character
10028 Orbit number
01 Collection number
Processor version number as “MMmmpp”, with “MM” the major version
010302 “ . . v
number, “mm” the minor version number, and “pp” the patch level.
YYYYMMDDTHHMMSS The time of processing for this granule in UTC
.nc The file name extension. All Sentinel 5 precursor files are netCDF-4 files

of Meteorological Satellites and the Royal Belgian Institute for Space Aeronomy. The Python
interface of the harp library provides a set of functions to import and export harp products.
Its import_product function takes as input parameters, the file or files being imported, oper-
ations, options and post operations. A list of operations is provided as a single string where

each individual operation is separated by a semi-colon, as in lines 3 to 7 of Script 1.

## Apply quality filter, select variables, bin the time to desired

period

period = harp.import_product(files_array, operations = ";".join([

"CH4_column_volume_mixing_ratio_dry_air_validity>50",
"keep(latitude_bounds,longitude_bounds,
CH4_column_volume_mixing_ratio_dry_air)",

"bin_spatial (1561, -35, 0.1, 251, 10, 0.1)",

"derive(latitude {latitudel})",
"derive (longitude {longitudel})",
D,

options="ch4=bias_corrected", post_operations="bin() ;squash(time,

(latitude,longitude))")

## Execute join operation

nn
3

product_bin_bc = harp.execute_operations (period, "bin()")

## Export joined product
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14 harp.export_product (product_bin_bc, r"Outputs\\period.nc")

Script 1. Pre- and post-processing of the S-5P images using harp atmospheric toolbox

The operations used in the image pre-processing and appearing in Script 1 are described
here and in the following paragraphs. CH4_column _volume mixing ratio dry_air_validity
> 50 in line 3 was a comparison filter which searches all the data values in the qa_value file of
the TROPOMI product. Items for which the value of the provided variable does not match
the expression get excluded. Therefore all pixels for which the value was less than 50 were
excluded.

The keep(latitude_bounds,longitude_bounds,CH4_column volume mixing...)in line
4 specified the variable or variables to be included in the ingested product. Exclusion of the
keep function in the list of operations keeps all the TROPOMI variables, and these were kept
only where additional geophysical parameters such as elevation, albedo or surface pressure
needed to be analysed. For the pre-processing, only the X g4, latitude and longitude bounds
were kept.

In line 5, bin_spatial(151, -35, 0.1, 251, 10, 0.1) mapped the image products
onto a regular spatial latitude and longitude grid for all the variables in the TROPOMI

product and the parameters of the function are listed in Script 2 where:

e lat_steps was the total number of steps or pixels the resultant variable maps have in

the north - south direction, which is similar to the number of rows.
e lat_edge was the lower limit of the latitude bound.
e lat_res was the resolution in the north - south direction.

e lon_steps was the total number of steps or pixels the resultant variable maps have in

the east - west direction, which is identical to the number of columns.
e lon_edge was the lower limit of the longitude bound.

e lon_res was the resolution in the east - west direction.
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Script 3 details how the calculations of each parameter were carried out. The first step was
to determine the desired resolution, which was 0.1° x 0.1°, similar to the EDGAR inventory.
The value of 0.1 was therefore allocated for both lat_res and lon_res. Thereafter was
to determine the latitude and longitude bounds. South Africa is between the latitudes of
22° and 35° South and between the longitudes of 16° and 33° East. Therefore, lat min was
allocated -35 and lon min was allocated 10 to accommodate a buffer area on both sides. For
the desired lat_max to be -20, at a resolution of 0.1, the number of steps to be accounted for
was 150. For the desired lon_max to be 35, similarly with a resolution of 0.1, the number of
steps to be allocated was 250. It was necessary to add 1 to each of the steps as the grid is
specified in terms of cell corners and not the cell center positions.

In lines 6 and 7, derive(latitude latitude) and derive(longitude longitude) left
it to harp to derive the latitude and longitude bounds of the variables after the
bin_spatial operation had been executed.

In line 8, post_operations="bin();squash(time, (latitude,longitude))" removed
the time dimension from the latitude and longitude variables and options =
"ch4=bias_corrected" specified whether to ingest the ‘normal’ X¢ g4 column (default) or
the bias corrected Xcp4 column. For ingestion of the normal Xcp4 column, the options
could be omitted from the parameters of the import_product function as it is an optional

parameter.
1 bin_spatial(lat_steps,1at_edge,lat_res,lon_steps,1on_edge,1on_res)
Script 2. bin_spatial parameters
I bin_spatial ((lat_max-lat_min)/lat_resolution + 1, lat_min,

lat_resolution, (lon_max-lon_min)/lon_resolution + 1, lon_min,

lon_resolution)

Script 3. bin_spatial parameter calculations

An image of a single day does not reflect the X4 values of Xop4 across the entire

country. Further, the conditions of the atmosphere with respects to weather, rain or clouds
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on a particular day are capable of invalidating the obtained measurements of that day. Ap-
plication of the quality filter also stripped the dataset of a significant amount of pixels. It was
then more realistic to work with averaged values over a number of days by temporal averag-
ing to a resolution that is representative enough of the geophysical properties being mapped.
This was realised by the bin() function in line 11 of Script 1. The function performed an
averaging in the time dimension such that all samples in the same bin got averaged for all
variables in the product. The data was temporally averaged to weekly and monthly intervals.

After image processing with harp, the images were exported into the World Geodetic
System 1984 (WGS84) coordinate system as level 3 (L3) NetCDF files for further analysis.
Harp exports products as either NetCDF, HDF4 or HDF5. The downloaded products were
imported into harp using the import_product function.

The monthly NetCDF files were imported into ArcGIS Pro and each converted to a raster
for further analysis. A simple overlay process was employed where a band math algorithm
was used to add the cumulative X4 pixels values to each other. This allowed the creation
of a heat map where areas that consistently had high emissions resulted in higher values
and those that consistently had low emissions resulted in lower values. The heat map raster
was then overlaid with data from OSM of the following categories, (i) polygons where the
land use was industrial, (ii) point locations of buildings, (iii) point locations of landfills, and
(iv) point locations of wastewater treatment sites. The purpose was to investigate if the
locations of the aforementioned items would coincide with high emissions as the items have

been identified as high emitters.

4.4.3 Temporal analysis

The time series and model prediction were undertaken in the following steps:
1. Data preparation and decomposition of the time series data;
2. Testing for stationarity using the ADF and KPSS tests;

3. Box-Cox transformation and differencing to make the series stationary;
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4. Building the time series forecast; and
5. Performance evaluation.

Data preparation and decomposition of series data
The C Hy amount fractions across the study area were averaged. This was executed in ArcGIS
Pro where the L3 Net CDF files were converted to GeoTIFF's in order to fit raster requirements
in ArcGIS Pro. The GeoTIFF was converted into a point shapefile where the centroid of each
grid was converted into a point with the C'H4 value of the pixel. The unweighted mean of
the pixels within the country boundary were then calculated for each time interval. Monthly
averages were collated in a text file alongside their dates of occurrence as an index. The data
was plotted using the seaborn package (Waskom, 2021) in Python.

Testing for stationarity using the ADF and KPSS tests
A prerequisite to fitting a time series model is stability of the series (Bhatti et al., 2021).
When a time-series exhibits non-stationarity, stabilisation techniques are required before the
data can be processed further. ADF and KPSS tests were employed to check the stationarity
of the X4 time series. This determined whether the mean, variance and co-variance of the
series were constant. Using the ADF test, the null hypothesis (p — value > 0.05) is that the
series is not stationary, and following the KPSS test, the null hypothesis is that the series is
stationary. Stationarity of the series was tested using the ADF and KPSS statistic against
critical values in a t-distribution under a 95% confidence interval. The null hypothesis was
also evaluated.

Box-Cox transformation and differencing
For a time series with poor stability, the research employed a differential Box-Cox transfor-
mation to achieve stability. Box-Cox applies a transformation to an abnormally distributed
series to the best approximation of a normal distribution, making the variance constant. The

transformation follows Equation 1. Box-Cox differencing was applied to remove the trend
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component from the series.

y(N) = (1)

Building the time series forecast
For building the time series forecast and deploying the models, a hold-out technique for the
test data was applied by keeping the 2022 monthly dataset for testing while the complete
Xcme TROPOMI averages were used to train the time series. The models used in the study
and implemented in a Python environment are summarised in the following paragraphs.

Naive forecasting is one of the simplest forecasting techniques in which the last period’s
actual value is used as the current period’s forecast (Ostermann et al., 2022), without any
adjustments or any attempts to establish causal factors. It follows Equation 2 and it serves as
the baseline model for the forecasting. The performance of all models following the baseline

were expected to be superior to the naive forecasting model to be considered appropriate.

Vi =Y, (2)

SMA is also a simple forecast method, commonly used with time series data to smooth
out short-term fluctuations and highlight longer-term trends, according to Zeiml et al. (2019).
It creates a series of averages of different subsets of the full series. The first element of the
moving average is obtained by averaging the initial fixed subset of the number series. Then
the subset is modified by moving forward and excluding the first number of the series and
including the next value in the subset. This is presented in Equation 3, where Y; is data in
the current period and m is the length of the moving period. The equation has been adopted

from Swari et al. (2021).

Yi 1 =Y, +Yi 1+ ..+ Y 3)
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The basic idea pertaining to Holt Winters’ models (additive and multiplicative) is said
to be to make smooth estimates of long-term trends, trend increments and seasonal changes
for a time series with line trends, seasonal changes and random changes, and then to make a
prediction model and extrapolate the predicted values (Linghu et al., 2020). Holt’s forecasting
(or prediction) models smooth the time series with three exponential smoothing formulae that
are applied to the mean, trend and each seasonal sub-series. The exponential component (F;)
is given by Equation 4, the trend given by Equation 5 and finally the k' step is given by

Equation 6. The equations have been adopted from Tudor and Sova (2022).

Et:UJTt—F(l—w)(Etfl"{'thl) s O<w<1 (4)
Ti=v(E—E 1) +(1—-v)T1;0<v<1 (5)

One the time series was deemed stationary, the auto-regressive moving average model was
established using Equation 7, adopted from Linghu et al. (2020) and Bhatti et al. (2021). This
model is denoted ARIMA (p, d, q) and is also known as the auto-regressive integrated moving
average model. Its construction is based on two sub-models, the auto-regressive model and
the moving average model. In simple terms, the model says that ”a data series formed by the
predicted object over time can be regarded as a random series probably including volatility,
periodic trends and seasonal factors, and after technically processing, a certain mathematical

model can be used to describe this series approximately” - Bhatti et al. (2021).

Yi=po+ o1 Xe—1+ .. +opXip e — 161 — ... — 04644 (7)

In Equation 7, Y; is the linear combination of the observed values at previous p periods, &;
is the random error, a series of independent and identically distributed random variables with

the homogeneity of variance satisfied (Bhatti et al., 2021). The terms p and ¢ are the order of
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the auto-regressive model and the order of the the moving average model, respectively. The
terms, ¢;(i = 1,2,...p) and 6;(j = 1,2, ...q) are the undetermined coefficients of the model.

The model was further adapted for a time-series with significant seasonal effects in the
form of the SARIMA model. The SARIMA model is based on a short-term correlation
through a low-order auto-regressive moving average (ARMA) (p, ¢) model and seasonal cor-
relation is extracted through an ARMA (P, Q) model with a period step S, changing the
model structure to ARIMA (p,d,q) x (P, D,Q), with a multiplicative relationship between
the two aspects.

The goodness of fit of the candidate models were assessed using RMSE and MAPE per-
formance metrics. RMSE is a common metric for evaluating the performance of time series
forecasting and prediction models and is usually recommended above most metrics (Tudor
and Sova, 2021). It represents the square root of the mean square error and is computed by
Equation 8, adopted from Ostermann et al. (2022) and Tudor and Sova (2021). In simpler
terms it is the standard deviation of the forecast errors. MAPE, on the other hand, measures

the difference of forecast errors and divides it by the actual observed value (Equation 9).

N
1
RMSE = |~ > (yi— ) (8)
=1
MAPE = + > " (9)

i=1

The notable difference between RMSE and MAPE and why performance is evaluated
using both metrics is that the former is scale dependant, while the latter is independent of
scale. This means that RMSE cannot be used to measure out-of-sample forecast accuracy
when multiple series of different measurement units are being analysed. This brought the
need for an accompanying scale-independent metric, which MAPE satisfies. MAPE measures

forecasting error as a percentage and is the most common measure as it scales different
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variables units to percentage and therefore can be used to evaluate accuracy out-of-sample.
The use of MAPE was identified in the studies of Bhatti et al. (2021) and Linghu et al.
(2020).

The univariate time series analysis for this research was carried out in Visual Studio
Professional 2022 in the Python language using the following packages: (i) scipy.stats, (ii)

statsmodels, (iii) pylab, (iv) sklearn, and (v) seaborn.

4.4.4 Validation

A correlation analysis was performed in Python using the xarray package by Hoyer and
Hamman (2017) to determine the existence of any relationships between the satellite obser-
vations and bottom-up estimates. Before this could be achieved, a geographical subset was
created with a mask applied over the data pairs and to get the datasets to be co-located.

And thereafter, a Pearson correlation statistics was calculated for the pair using Equation 10

L Y@ dm—j)
N T ST
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5 Results

5.1 Introduction

The aim of the research was to evaluate the capability of TROPOMI as a tool to aid South
Africa in its climate policy and in meeting its targets as set out in its NDC. This will be
achieved if TROPOMI can accurately measure C H4 concentrations in the atmosphere above
South Africa and in facilitating predictions of C'Hy concentrations for the country into the
future. The success of this aim will see south Africa moving to new frontiers in climate
change mitigation as it will serve as a warning system for the country’s risk of not reaching
its emission reduction targets.

The aim was meant to be achieved by conducting a number processes as specified under
the method design in section 4.4. Firstly, it involved a spatial analysis of TROPOMI C'Hy ob-
servations for identification of hotspots that are related to a number of anthropogenic source
sectors such as livestock rearing, oil and gas systems, coal mining, landfills and wastewater
treatment. Secondly, a time-series analysis of the average C H4 emissions across the country
in order to test for seasonality, trends of any components that can aid in providing intelligence
pertaining to greenhouse gases and climate change. To also answer the question of whether
the evolution of CH, emissions in South Africa are in line with observed C'H4 emission
estimates globally? Thirdly, production of forecasts of C'H4 emissions through the employ-
ment of univariate time-series-based prediction models. Lastly it involved validating the
data obtained using an EDGAR inventory for the establishment of any relationship between
estimates of C'H4 obtained using bottom-up methods and those retrieved using space-based
methods. Surface flask measurements during the corresponding years were also investigated.

This chapter presents the results obtained for the spatio-temporal analysis of C'H4 emis-
sions in South Africa using observations of TROPOMI onboard S-5P. The first sub-section
5.2 addresses the spatial analysis component, followed by section 5.3 which is the temporal

analysis and lastly the cross-validation with EDGAR and surface data in section 5.4.
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5.2 Spatial Analysis

Figures 7 to 9 are visual representations of how the column-averaged dry-air mole fractions
of C'Hy4 evolved across South Africa over the course of three and half years, as per the space-
based C'Hy4 observations from TROPOMI since it began its operational record in May 2018.
TROPOMTI’s daily observations from 01 May 2018 to 31 December 2021 were retrieved and
processed to quantify the C'Hy concentrations in the atmosphere above South Africa on a
monthly basis. Overall, the maps show the gradual increase of concentrations from May 2018
to December 2021 at a quick glance. The country icons represented using the inferno colour
bar start off lighter, increasing in intensity until completely dark at the end of the timeline.
The mean concentrations started at 1,800 ppb in May 2018 and gradually rose to 1,836 ppb
by the end of 2021. This is an increase of 36 ppb observed for the country in a period of
three and a half years. However, the lowest concentrations were in November 2018 at 1,792
ppb and the highest recorded are in September 2021 at 1,838 ppb, with an absolute range of
46 ppb. The evolution across different parts of the country on a month to month basis is
described in detail in the following paragraphs.
May 2018 to December 2018

The monthly average for May exhibits moderate C Hy levels in the north and north-eastern
parts of the country. For June, this region shows a significant increase in the C'H4 monthly
average. The increase can be traced to the Eastern Cape Province and KwaZulu Natal
province. The central parts of the country including the Free State and Northwest province
show a slight decrease in C'"H4 concentrations, from May to June. There are no major
changes in monthly averages over the western parts of South Africa in the same months.
During the month of July, the concentration levels did not change significantly from those
observed in June. However, the western parts show some increases, specifically over Cape
Town and the Cape Point area. August showed a decrease in atmospheric C'Hy levels across
the country, with an exception over the extreme north in the Limpopo province where there

is a significant increase. September exhibited some enhancements over the east coast, which
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persisted throughout October including parts of the Mpumalanga Highveld coal belt and
towards the Namibian border. December is characterised by an overall decrease in the C'Hy
concentrations, especially along the east coast in KwaZulu Natal and extending to the Eastern
Cape.
January 2019 to December 2019

The monthly average for January showed higher concentrations in the eastern and central
parts of South Africa, with the higher concentrations moving towards the west of the country
in February. An increase in concentrations was also noted over the greater Gauteng, Limpopo
and Mpumalanga Highveld coal belt in February. In March, a belt of low concentration levels
that was present over the North West and Free State disappeared, with concentrations in
excess of 1,790 ppb over the country except for a small area over the Western Cape and
parts of the Eastern Cape which were still below 1,970 ppb. In April the C H4 concentrations
declined across the country except for a portion over Gauteng, which followed the same
pattern in May. However, May saw an increase with a belt of higher emissions on the
east coast that remained through-out the year and into 2020. The enhancement of C'Hy
over the east coast looks like it started in March, however pixels are missing over the east
coast in April and making it difficult to say if the enhancement was present in April. An
enhancement of emissions was also present in the central interior covering areas such as the
Free State, Gauteng and Mpumalanga in March, the Northern Cape and Mpumalanga in
June, Mpumalanga and parts of the Western Cape towards Cape Point in July and greater
Gauteng, and Mpumalanga in December. These enhancements were between the ranges of
1,825 and 1,843 ppb. The Western Cape and Eastern Cape showed sharp declines in the
range of 1,753 and 1,771 ppb in November and December. The mean Xcp4 decreased for
the whole country in the last two months of 2019, predating the COVID-19 pandemic. The
highest C'"H4 concentration was recorded in September 2019 at 2,069 ppb on the west coast

in KwaZulu Natal.
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January 2020 to December 2020
The year started with a number of missing pixels in January to April. The number of valid
pixels began to stabilise in May providing a stable picture for the year, before dropping again
in December. Despite the missing pixels, there was an increase in C' Hy concentrations from
the lower levels in the preceding months. Concentrations of between 1,825 and 1,844 ppb
persisted over the east coast. Most of the country had concentrations in the region of 1,807
and 1,824 ppb except for more enhancements over the area north of Lesotho going all the
way up to Gauteng in March, the north-east of the country encompassing Limpopo and the
eastern parts of Mpumalanga in April, and Gauteng in May. June saw the concentrations
between 1,825 and 1,844 ppb spread across the country with more areas covered almost
homogeneously in June and July. Concentrations dropped in August and September with
only a few areas to the west of the country still showing the enhanced values between 1,825
and 1,844 ppb. Concentrations of C'Hy increased from October till the end of year, however
a decline was experienced in November over the Western Cape, parts of the Karoo and the
Fastern Cape. December has a magnitude of missing pixels over the east of the country.
January 2021 to December 2021

The year of 2021 saw emission concentrations above 1,825 ppb, increasing as high as 1,959
ppb in November. The Western Cape, the Karoo in the Northern Cape and Eastern Cape
still had lower concentrations of C H4 in the atmosphere than the rest of the country, however
increasing slightly to between 1,790 and 1,824 ppb in January till March. The rest of the
country measured at more than 1,825 ppb. Concentrations of over 1,862 started to appear
in February originating from Namibia and spread across the north east of the country. The
north-east of Northern Cape towards the Botswana border, the North West, Free State,
Gauteng and Mpumalanga were all affected. There are missing pixels over Limpopo and
KwaZulu Natal. In March, as more pixels were available for the country, it was possible to see
that Limpopo and KwaZulu Natal were also affected by the widespread C'H, enhancement,
which intensified towards the north of the country. The CH4 enhancement over the north

dropped slightly in April with a few parts over the Northern Cape towards the Namibian
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border affected. The North West province had a number of spots of enhanced values, similar
to parts of Gauteng, Mpumalanga, KwaZulu Natal and the north-east of Limpopo towards
Thohoyandou. The lower atmospheric concentrations in the Western Cape, the Karoo in
the Northern Cape and Eastern Cape increased slightly from what they were before March,
and remained between 1,807 and 1,843 ppb until September. In October the south west of
the country experienced a decline in atmospheric concentrations of C'H4 with values between
1,790 and 1,806 ppb. However, enhancements over 1,844 ppb persisted over the likely suspects
Mpumalanga, Gauteng, Limpopo and parts of KwaZulu Natal until November. December
has a significant number of missing pixels over the eastern parts of the country.
Overall,three particular regions were identified as high emitters across consecutive months,

namely:

1. The Mpumalanga Highveld coal belt characterised by the country’s coal mines and the
coal-powered Eskom power stations which have chosen to be in thouse areas to be in

close proximity to the coal mines.

2. Gauteng and greater Johannesburg region characterised by the gold mines and the
Johannesburg Stock Exchange. A top of industrial activities in manufacturing and

production of goods can be found in the East Rand and Isando areas of Gauteng.

3. Richards Bay industries and surrounding suburbs. Richards Bay is a growing metropoli-
tan with several industries in relative proximity to residential areas. In addition to being
in close proximity to the largest coal export terminal in the world and the second-largest
port in South Africa, Richards Bay hosts several commercial, light, and heavy industrial

activities such as paper, fertiliser and sugar production (Okello et al., 2020).

4. Limpopo is not associated with heavy industry. However, there is a thriving manu-
facturing sector in the area and it hosts South Africa’s richest and largest agricultural

areas.

These are areas of significant C Hy emitting activities. The results of the overlay process

in Figure 10 show that these areas coincide with higher building densities, landfills and
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wastewater treatment sites which have been regarded as proxies for high-emission activities.
The Limpopo, Mpumalanga, Gauteng, KwaZulu Natal and Eastern Cape provinces have the
most buildings and industrial activity. There is also a significant amount of the contributing
factors in the Western Cape towards the Cape Town area, however due to missing data, it is

not possible to see if there are high emissions in the area.

5.3 Time Series Analysis and Forecasting

The results of the time series analysis and forecasting are presented in this sub-section.

The temporal evolution of Xcg4 observed by TROPOMI in the atmosphere over South
Africa is displayed in Figure 11. The time series indicates that atmospheric concentrations
of CHy have steadily increased since May 2018. Figure 12 demonstrates the decomposition
of the time series data. It showcases that the data exhibits both trend and seasonality and
therefore a model that can incorporate both into the forecast would be more desirable.

The test statistics for the ADF and KPSS tests are presented in Table 5. For a sample
of 51 observations the critical value for a series with a trend is -3.50. The calculated ADF
statistic is 0.062, a positive value and therefore greater than the critical value. Therefore
at a 95% confidence interval, the null hypothesis is accepted. This is conformed by the p-
value of 0.963 which greater than 0.05. Therefore the series is not stationary. The KPSS
statistic is 1.049, which is greater than the critical value of 0.46 at a 95% confidence interval.
This is sufficient to reject the null hypothesis. A p-value of 0.01 which is less than 0.05
also causes a rejection of the null hypothesis and therefore the the series is not-stationary.
Table 5 indicates the new test statistics after applying a Box-Cox transformation to make the
variance constant, and a Box-Cox differencing to remove the trend component of the series.

It can be confirmed visually from Figures 13 and 14 that among the seven models, Holt
Winters’ models outperformed the rest, by observing the yellow and green lines. The yellow
lines represent the test data, therefore the actual Xopg4 values obtained from the satellite.

The green line represent the X4 values fabricated by the models. In Figure 13, the naive,
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Table 5. Tests Statistics for the ADF and KPSS tests on the time-series data

Original Series Post-transformation

ADF Statistics 0.062 -7.154
Critical-values (at 5%) -2.92 -2.92
p-values 0.963 0.000
KPSS Statistics 1.049 0.274
Critical-values (at 5%) 0.46 0.46
p-values 0.010 0.100

SMA and SES models forecast values of 1,835 to 1,836 ppb for all the months in the year. The
naive model forecast 1,836 ppb for all the months which is equivalent to the last Xopg4 value
in the series, December 2021’s measurement. The SMA model forecast 1,835 ppb, which is
equivalent to the average of the last 6 months in the series, corresponding to the m that was
specified in the model. The SES model also predicted 1,836 ppb, similar to the naive model.
The plots show the distance between the forecast values and the actual values which do not
intersect at any point.

In contrast, the Holt Winters models and the auto-regressive moving average models in
Figure 14 appear to be more in-sync with the actual data showing at least one point of
intersection between the test data and predicted values. The ARMA has approximated the
trend without any seasonal components. The Holt Winters models incorporated both trend
and seasonality and their test and predicted values intersect at two occurrences

Using the RMSE and MAPE evaluation metrics, the lowest MAPE is desired as it in-
dicates the percentage of error in the prediction. The smallest RMSE is also desired as it
indicates the size of the error based on the scale of the sample. Further the models are
rated based on the performance of the baseline and the expectation is that they will have
a RMSE which is less than 9.5 and a MAPE score below 48%. The SMA and SES models
performed worse than the baseline, with RMSEs of 11.07 and 9.8 respectively. Their MAPE
were also higher than 48%, with the SMA scoring 57% and the SES scoring 50%. They were

immediately discarded.
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The ARIMA has a RMSE of 6.97 and MAPE score of 33% which indicates that it has
performed better than the baseline. The SARIMA also performed better than the baseline
with a RMSE or 6.58 and MAPE score of 28%. The HWA and HWM performed almost
similarly, with the best MAPE scores at 25%. Due to a lower RMSE for the HWA at 4.95 in
comparison to the HWM at 5.05, the HWA performed the best of all the models. The scores
have been summarised in Table 6.

Table 6. Forecasting accuracy metrics for the evolution of Xcpg4 in South Africa in 2022

Model RMSE MAPE

Naive 9.5 0.48
SMA 11.07 0.57
SES 9.8 0.5
HWA 4.95 0.25
HWM 5.02 0.25

ARIMA 6.97 0.33
SARIMA 6.58 0.28

The Xcp4 values predicted by the best performing forecast model, the HWA model are
presented in Table 7. It has predicted higher C H4 emissions for 2022, exceeding the highest
recorded measurement in September 2021 of 1,838 ppb. The model also predicted that the
highest X¢ g4 would be 1,852 ppb in June 2022. The lowest predicted value is 1,840 ppb with
an average of 1,847.433 ppb. In contrast the lowest actual X¢p4 value is 1,839 ppb and the
highest values occurred in February and again in July at 1,849 ppb. The actual mean of

observations for the first half of 2022 is 1,844.9 ppb.

Table 7. X4 emissions data forecast for 2022 using the HWA model. The forecasts are presented againt actual
values from the TROPOMI X4 values obtained for January to July 2022

Month Actual Values HWA Forecasts

01-2022 1844 1840.688
02-2022 1849 1845.355
03-2022 1842 1849.355
04-2022 1839 1845.688
05-2022 1844 1848.565
06-2022 1847 1852.065
07-2022 1849 1850.315
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5.4 Validation

Figure 15 shows the EDGAR v6.0 dataset compared alongside the TROPOMI averaged data
for the same period. Even though some similarity can be identified visually, a correlation
coefficient of 3.45 x 10~!? was achieved. Similarities are noticeable in KwaZulu Natal and
in the Guauteng and Mpumalanga regions where high emissions reported on the EDGAR
inventory (a) are observable on the map produced from TROPOMI data (b).

Figure 16 is a graph showing the relationship between surface measurements of C'Hy and
observations of TROPOMI on corresponding dates. It shows the discrepancy between the
datasets. The datasets tend to agree on the trend but the seasonal fluctuations are different
for all of them with the NOAA measurements having a smooth curve and sharp spikes are

noticed in June every year with the GAW data.
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Figure 7. Concentrations of atmospheric column-averaged dry-air mole fractions of C'H4 in South Africa from
May 2018 to July 2019
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Figure 8. Concentrations of atmospheric column-averaged dry-air mole fractions of C'H, in South Africa from
August 2019 to October 2020
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Figure 9. Concentrations of atmospheric column-averaged dry-air mole fractions of C'H, in South Africa from
November 2020 to December 2021
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Figure 10. The overlay process highlighting that the areas of higher building density and industrial activity are in
areas of higher C'H4 emissions.
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Mean CH4 observations
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Figure 11. Monthly time-series analysis from May 2018 to July 2022 shows a steady increase of C'H, emissions
over the country in the four year period.
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Figure 12. Seasonal decomposition of the data shows the data exhibits both trend and seasonality
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Figure 13. Graphical representations of mean monthly X¢ 4 forecast using the baseline model, the naive model,
the SMA and the SES models show the poor performance of the models where the monthly X¢ g4 have been
severely underestimated by the models.
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Figure 14. Graphical representations of mean monthly X¢ gy forecast using the HWA, HWM, ARIMA and
SARIMA models show the better performance of the models.
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Figure 15. Correlation between the EDGAR inventory (a) and TROPOMI (b) averaged observations for May
2018.
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Figure 16. Line plot of TROPOMI measurements being compared to GAW and NOAA surface measurements of
CHy.
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6 Discussion

Both the spatial and the temporal analysis confirmed the rise in C'H, emissions. How-
ever, there was also an expectation to see a decline in C'Hy emissions during the pandemic.
Contrarily, emissions continued to rise steadily according to previous trends and seasonal
fluctuations. In consideration of this, transportation was one of the only sources of emissions
that were reduced significantly during the pandemic. However, we could not expect reduced
levels of C'H, from reduced transportation activity in South Africa. Car ownership levels
in South Africa, as mentioned in section 4.2, are very low in comparison to the USA for
example, whose proportion of vehicles was 800 vehicles per 1,000 people in the same year.
Therefore the impact of reduced mobility could not have been enough to reduce emissions,
as the biggest contributors of C'Hy emission, agriculture, landfills and wastewater treatment
continued to operate under the guise of ”essential goods and services”

There was also an expectation to notice higher emissions estimates observed in spring, in
line with a study by Shikwambana et al. (2021a) that identified the months of September,
October and November as having the most significant recorded measurements of CHy in
the country. This has not been identified by this research, as the seasonal decomposition of
the time-series showed instead the highest emissions occurring in the autumn months every
year. The seasonal component showed the lowest measurements are experienced in October
followed by a sharp increase November. This continues until February and decline again
every year towards June, continuing to drop until November.

It remains to be addressed in future works if measurements from a CTM would yield
result which are closer to Shikwambana et al. (2021a) or to this research. Especially as there
are several variables that affect continuous monitoring of emissions and their concentrations,
cloud cover and precipitation being unequal throughout a particular day for examples. It
has also been made clear that the success of a TROPOMI retrieval is highly influenced by
cloud cover. And even though a posterior correction accounts for most of the bias in the

albedo, there is still a need for further investigation as it affects the accuracy of observed
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emissions. It is therefore important to note that this research did not incorporate the above
in the estimations.

The forecasting accuracy of 75% could also be improved. The forecasting models re-
searched were all a-priori. In light of that, it is not possible to say if a model dependant
on social, economic, etc, variables would have been more effective. Further other studies
(e.g (Tudor and Sova, 2021)) trained their time-series models on data aging back to 1970,
whereas this study trained the models with only 44 observations. Even though the forecast
were deemed satisfactory, it can be expected that observations of a longer time span may
increase the model accuracy.

One of the goals of TROPOMI is to provide consistent records of atmospheric concen-
trations on C'Hy with the accuracy and temporal resolution that enable inverse modelling
of CHy sources on weekly scales. Until an inversion has been performed, only estimations
can be achieved as effects of chemical transport in the atmosphere have to be accounted for
before accurate measurements of whats on the ground or at the bottom of the atmosphere
can be achieved. However, some important limitations with the TROPOMI data have to be
addressed. The data gaps that result from the quality filter and the effects of the albedo on
the observed C'H, values are problematic and do not inspire confidence when working with

the product.

1)



7 Conclusions and Recommendations

The research for this dissertation analysed 3,417 satellite images, each weighing between 65
and 87 megabytes and including the outputs and maps produced totalling 296 gigabytes. The
workflow which comprised of a combination of automation tools, models and batch processes
in ArcGIS Pro, and script writing in Python to enabled insights to be drawn from simple
cartographic techniques. Python was the workhorse of the project, the following packages
having carried out most of the work; sentinelsat, harp, xarray, pandas and statsmodels.

This dissertation makes two important contributions to existing literature on greenhouse
gas emissions and climate policy support. The first contribution is the focus on C'Hy for
predictive modelling within the current discourse on the renewed growth of C'Hy emissions
in the atmosphere. It took off from norm where predictions were made for CO2 and sums of
greenhouse gases in their entirety, and continued to extend the statistical methods employed
for time series of other gases to C'Hy. The second contribution is on the use of Python
packages to carry out the time series forecasting, where R and Matlab are mostly utilized in
literature.

The dissertation had the broad aim of assessing TROPOMI’s capability in supporting
South Africa’s climate policy by accurately mapping C' H4 emission quantities and their evo-
lution through time as well as for identifying hotspots for quick identification of dangerous
plumes over the country. The research has shown that TROPOMI can constrain the emissions
of C'H, and is useful in the identification of hotspots. But the aim of whether the estimations
provided by the satellite are accurate have not been met. This remains a challenge until an
inverse analysis of the emissions have been performed to account for climate, wind and other
weather conditions that result in the mixing of C'H4 particles in the air. In addition to the
great disparity between surface flask measurements, there is the challenge of spatial coverage
with South Africa being represented by only one station in the global monitoring network.
Three out of the four objectives were met with satisfactory results. Both the spatial analysis

and the temporal analysis showed the growth of C' Hy, at a rate of 12 ppb per year, which is in
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line with global measurements. Further, high emission activities have corresponded to areas
of high emissions across the country. And lastly, the HWA time series model has predicted
the future observations of TROPOMI for South Africa with an adequate of accuracy of 75%,
which could potentially be improved by machine learning models.

A zero correlation was found between the TROPOMI observations and the EDGAR in-
ventory of the same time period, where a positive correlation was expected. The objective of
validation of the TROPOMI against an EDGAR was also met, however with unsatisfactory
results and therefore necessitating the conversion of TROPOMI X g4 to fluxes. The limita-
tion for the conversion was access to South African wind data which could not be delivered
within the project timeline. There is still scope for this exercise to be carried out in future
work.

As it has now been established that time-series based models for forecasting of C'Hy
work satisfactorily, future work can look at creating a warning system for South Africa and
use forecasts to see if the country can meets its targets based on the current state of affairs.

Machine learning based time-series forecasting models are also an interest area for the future.

(word count: 14,931)
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