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Abstract

The aim of this thesis is to explore the use of atmospheric inversions to quantify emis-

sions of fossil fuel CO2 (ffCO2) for the U.S. state of California and assess its implica-

tions for the monitoring and verification of emissions. California is of particular interest

to atmospheric inversion studies of ffCO2 due to a combination of its ambitious emis-

sions reduction legislation and high density greenhouse gas measurement network. First

I examine uncertainties associated with inventories of ffCO2 emissions that inform prior

uncertainty in the inversion. Next I investigate potential errors and uncertainties related

to the spatial and temporal representation of ffCO2 emissions, and modelled atmospheric

transport. To do this I perform simulation experiments based on a network of ground-

based observations of CO2 concentration and radiocarbon in CO2, a tracer of ffCO2, by

combining prior emissions and transport models, currently used in many atmospheric

studies. Finally, as nearly all national and sub national climate change mitigation policies

target economic sector specific emissions reductions, I investigate the development of a

novel inversion approach that optimizes emissions by sector.

My results show that although an atmospheric inversion of ffCO2 in California can

reduce a hypothetical bias in the magnitude of prior emissions estimates, uncertainties in

ffCO2 estimates arising from the choice of prior emissions or atmospheric transport model

are on the order of 15% or less of state-total emissions for the ground-based network in

California we consider. The need for temporal variations to be included in prior emissions

is highlighted along with continuing efforts to evaluate and improve the representation of

atmospheric transport for regional ffCO2 inversions. I conclude that further work on
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establishing relationships between emissions sectors and trace gases is required for the

successful monitoring of sector specific ffCO2 emissions.
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Chapter 1

Introduction

1.1 Fossil Fuel Emissions and Climate Change

Over the last century, observed global air and ocean temperatures have increased sig-

nificantly (IPCC, 2014). The key driver behind this global warming is anthropogenic

greenhouse gas (GHG) emissions of Carbon Dioxide (CO2), Methane (CH4) and Nitrous

Oxide (N2O), which has resulted in concentrations of these gases reaching levels that are

unprecedented in at least the last 800,000 years (IPCC, 2014). CO2, CH4 and N2O are

chemically stable and can reside in the atmosphere for years and even centuries, mixing

throughout the atmosphere much faster than being removed. Radiative forcing quantifies

the change in global energy flux caused by increased concentrations of GHGs, with a

positive radiative forcing resulting in an uptake of energy by the Earth’s climate system.

Since the industrial revolution in 1750, the largest contribution to positive radiative forc-

ing has been caused by the increase in the atmospheric concentration of CO2. According

to the Intergovernmental Panel on Climate Change (IPCC), CO2 is by far the largest sin-

gle contributor to climate change, accounting for 76% of all global GHG emissions in

2013 (IPCC, 2014).

CO2 concentrations have increased by 40% since 1750 (IPCC, 2014), with the initial
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Figure 1.1: The contribution of emissions from fossil fuels and industry to the global CO2
budget from 1990 to 2016 (grey), compared to the contribution from land-use change
(brown). Also shown is the partitioning of emissions into the atmosphere (purple), land
sink (green) and ocean sink (dark blue) (Le Quéré et al., 2017). CO2 emissions from
fossil fuels and industry are based on The Carbon Dioxide Information Analysis Centre
(CDIAC) (Boden et al., 2017).

increase in atmospheric CO2 above pre-industrial levels primarily caused by the release

of carbon from land use changes (e.g. deforestation) (Ciais et al., 2013). While emissions

from fossil fuels started before the industrial revolution, they only became the main source

of anthropogenic emissions from around the 1920’s and their relative contribution has

continued to increase rapidly ever since (Figure 1.1, Le Quéré et al. 2017). An estimated

645 ± 80 Gt C (1 Gt C = 1015 g C) of anthropogenic CO2 has been emitted between 1750

and 2016, of which the combustion of fossil fuels (from oil, coal, gas, and gas flaring)

and cement production consist of 420 ± 20 Gt C (the remaining 225 ± 60 Gt C is due

to land use change) (Le Quéré et al., 2017). However for the decade 2007-2016, fossil

fuel emissions and cement production were ~88% of total anthropogenic CO2 emissions

(Figure 1.1, Le Quéré et al., 2017). Throughout this thesis I use the term “fossil fuel CO2”

or “ffCO2” to refer to CO2 emitted by fossil fuel emissions and from the production of
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cement.

Estimates of CO2 emissions can be combined with atmospheric CO2 observations to

calculate the airborne fraction, the ratio of the annual increase in atmospheric CO2 to the

CO2 emissions from anthropogenic sources. Less than half (approximately ~45%) is re-

tained in the atmosphere, thus the concentration has increased from 277 parts per million

(ppm) in 1750 (Joos and Spahni, 2008), to 405.0 ± 0.1 ppm in 2017 (Dlugokencky and

Tans, 2018). Research suggests that the atmospheric fraction has remained fairly constant

at 45% over the last 50 years (Ballantyne et al., 2012), and perhaps the last 150 years

(Knorr, 2009), as the rate of uptake by ocean and terrestrial biosphere sinks have also

increased in line with emissions (Figure 1.1). The connection between ffCO2 emissions

and increased atmospheric concentrations of CO2 is evidenced by: (1) the correlation be-

tween the rate of emission and increasing concentration (IPCC, 2014), (2) the correlation

between North - South gradients of ffCO2 emissions and atmospheric CO2 concentration

(Fan et al., 1998), (3) the decreasing trend of the ratio of 13C/12C in atmospheric CO2

(Ciais et al., 1995; Keeling et al., 2005), (4) the observed decrease in the ratio of 14C/12C

in atmospheric CO2 (Levin et al., 2010; Graven et al., 2012), and (5) observed changes in

the concentration of atmospheric O2 (Keeling et al., 1993).

Climate change poses potentially irreversible adverse effects in different regions of

the world (Solomon et al., 2009). Adverse effects include, but are not exclusive to: (1)

the increase in observed global atmospheric and ocean temperatures (Petit et al., 1999;

Shakun et al., 2012), (2) changes in the carbon cycle (Cox et al., 2000; Schuur et al.,

2008), (3) changes in precipitation (Trenberth, 2011; Dai, 2013), (4) reduced ice sheets

(Polyakov et al., 2010; Rignot et al., 2011), and (5) rising sea-levels (Meehl et al., 2005;

Rahmstorf, 2007). In light of this, countries, states and cities have taken action to re-

duce their emission of CO2 and other GHGs. As fossil fuel emissions become regulated,

verifiable quantification of emissions will be needed (Tans and Wallace, 1999).
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1.2. Inventories of Fossil Fuel CO2 Emissions

1.2 Inventories of Fossil Fuel CO2 Emissions

1.2.1 National Totals

Datasets of ffCO2 emissions are typically produced at national and annual scales. These

datasets estimate emissions using the same methodology; fossil fuel consumption statis-

tics are coupled with emissions factors that describe the average amount of CO2 emitted

per unit of fossil fuel consumed due to combustion. Six organisations produce ffCO2

emissions estimates at an annual global scale: The British Petroleum Corporation (BP, BP,

2017), The Carbon Dioxide Information Analysis Centre (CDIAC, Boden et al., 2017),

the International Energy Agency (IEA, OECD/IEA, 2018), the Energy Information Ad-

ministration of the U.S. Department of Energy (EIA, EIA, 2018), and the Joint Research

Centre of the European Commission and PBL Netherlands Environmental Assessment

Agency (Emission Database for Global Atmospheric Research, EDGAR, Olivier et al.,

2016). The United Nations Framework Convention on Climate Change (UNFCCC) also

maintains a dataset of national GHG emissions for negotiating climate agreements that

are based on national reports of emissions. Its member states are grouped into Annex I

countries, which as of March 2018 includes 43 of the most developed nations, and non

Annex I countries (154 countries as of March 2018). Annex I countries are required to

report detailed inventories annually, and non Annex I countries are required to report less

frequently (UNFCCC, 2018).

Although the six global ffCO2 inventories estimate emissions using the same method-

ology, as summarised in Table 1.1 inventories use different fuel consumption statistics,

emission factors, and include or exclude different emissions sectors, resulting in dif-

ference in emissions estimates (Andres et al., 2012). For example, emissions from gas

flaring, cement production and non-fuel uses (fuels that are not directly consumed for en-

ergy e.g., natural gas used to produce fertilizer) are included in some datasets and not in

others. Furthermore, differences exist in the treatment of sector emissions; for example
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BP CDIAC EDGAR EIA IEA UNFCCC
Energy Data BP UN IEA, UN, EIA IEA National-

USGS, BP statistics
Emission Factor BP Marland et IPCC EIA IPCC IPCC,

al. (1985) Country data
Countries Included 68 224 214 224 140 197

Bunker Fuels Yes Yes Yes Yes Yes Yes
Gas Flaring No Yes Yes Yes No Yes

Cement Production No Yes Yes No No Yes
Non-Fuel Uses No Yes Yes Yes No Yes

Reference BP, 2017 Boden et Olivier et EIA, OECD/IEA, UNFCCC,
al., 2017 al., 2016 2018 2018 2018

Table 1.1: Comparison of the six global ffCO2 emission inventories.

bunker fuel emissions (emission from aviation and marine transport) are included in all

estimates, however CDIAC allocates emissions to the country where the fuels are loaded,

whilst bunker fuel emissions are not included in national totals in IEA estimates, but are

shown separately in global totals.

Because of these differences, the 95% confidence interval in ffCO2 emissions has been

estimated to range from 3-5% for the US (U.S. EPA, 2006), to 15-20% for China (Gregg

et al., 2008), and 50% or more for countries where the quality of fossil fuel consumption

statistics may be poorer (Marland et al., 1999). Chinese ffCO2 emissions estimates alone

have been revised by +17% (Guan et al., 2012) and -14 % (Liu et al., 2015) over the past

5 years alone. Despite growing concerns for the impacts of increasing concentrations of

CO2 in the atmosphere, little work has been done to estimate seasonal or finer temporal

emissions or subnational emissions (Gregg and Andres, 2008).

1.2.2 Gridded Inventories

Estimates of ffCO2 emissions may be sufficient at national and annual scales for certain

purposes. For example, British Petroleum (BP) fossil fuel consumption estimates be-

ing used to forecast global ffCO2 emissions estimates for the Global Carbon Budget (Le

Quéré et al., 2015). However, estimates at higher spatial and temporal resolutions may be
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Inventory EDGAR ODIAC FFDAS Vulcan
Year Analysed 2008 2008 2008 2002

Version v4.2 FT2010 v2013 v2.0 v2.2
Emissions EDGAR CDIAC IEA EPA, NMIM,

Data Aero 2k
Domain, Resolution Global, 0.1º Global, 1km Global, 0.1º U.S., 10 km

Project http://edgar.jrc. http://odiac.org/ http://gurney. http://vulcan.
Website ec.europa.eu org/dataset faculty.asu.edu project.

/research/ffdas.php asu.edu/
Large Point Source Included CARMA Included NEI, ETS/CEMS

Sectors Energy, industrial Fossil fuel Energy, Air, cement,
Included processes, solvent and combustion, manufacturing, commercial,

other product use. cement, industrial, residential,
gas flaring. bunker fuels, industrial, cement,

residential, utilities, on-road,
agriculture. and non-road.

Spatial Location of large point Satellite observed Nightlights, GDP, Road networks,
Distribution sources, road networks, nightlights and population density, location of large

shipping, aviation, location of large energy intensity, point sources,
population density. point sources. carbon intensity, building size.

location of large
point sources.

Reference Olivier et al., 2005 Oda and Asefi-Najafabady Gurney
Maksyutov (2011) et al, (2014) et al. (2009)

Table 1.2: Comparison of the four gridded ffCO2 emissions inventories used in this study
(based on Hutchins et al., 2017).

needed to monitor and verify efforts to reduce emissions, and inform global carbon cycle

research by better understanding CO2 sources and sinks. In recent years, efforts aimed at

producing inventories at spatial scales of 1° or finer has increased rapidly (Andres et al.,

2012; Hutchins et al., 2017). However downscaling national emissions total into a gridded

emissions map requires distributing emissions spatially. In this study we focus on four in-

dividual gridded inventories that estimate emissions using different emissions statistics,

sectors included and methods used to spatially downscale emissions. The inventories are

summarised in Table 1.2 and described below.

Version 4.2 FT2010 of the EDGAR gridded data set uses activity data based on en-

ergy statistics produced by the International Energy Agency (IEA), but supplemented by
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data from British Petroleum (BP), the U.S. Geological Survey (USGS), and the United

Nations (U.N.) (Marland et al., 1999; Olivier et al., 2005). EDGAR distributes emissions

onto a 0.1° × 0.1° spatial resolution emission map based on human and animal population

density, the location of road and shipping networks, industrial and utility facilities, and

agricultural land use (Olivier et al., 2005; Andres et al., 2012; EDGAR, 2018). Included

in EDGAR are bunker fuel emissions and fugitive emissions from fuel use, industrial pro-

cesses such as cement manufacture, and non-fuel uses (Section 1.2.1; Olivier et al., 2005).

EDGAR produces global gridded emissions by individual IPCC sector (e.g., energy in-

dustries, manufacturing, transport) for the years 2000 to 2010.

The ODIAC inventory is produced by Tom Oda of the NOAA Earth System Research

Laboratory. ODIAC utilizes national emissions data from CDIAC and distributes emis-

sions using a hybrid of satellite observed nightlights and a large point source database

produced by CARMA (Carbon Monitoring and Action, http://carma.org). CARMA con-

tains the locations of over 50,000 power plants globally, and is commonly used in ffCO2

emissions studies (e.g. Singer et al., 2014; Hogue et al., 2016). ODIAC is published at

the same resolution as the nightlight data; approximately 1 km, or 0.008333° (Oda and

Maksyutov, 2011). As ODIAC is based on CDIAC emissions, it includes bunker fuel

emissions and emissions from natural gas flaring, cement production, and non-fuel uses

(Section 1.2.1; Boden et al., 2017). In this study, ODIAC was provided by Tom Oda for

years 2005 (ODIAC version 3.1), 2008 and 2012 (ODIAC version 2013).

FFDAS version 2.0 also uses a hybrid approach of satellite observed nightlights, pop-

ulation data and power plant profile data. National emissions are based on IEA estimates

(Asefi-Najafabady et al., 2014), which excludes emissions from cement production and

gas flaring are excluded, and bunker fuel emissions are supplemented by EDGAR. Ob-

servations of nightlights and population statistics are used to inform a model known as

the Kaya identity, which estimates ffCO2 emissions from a region based on population

density, per capita GDP, the energy intensity per unit GDP and emissions per unit of en-
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ergy consumed. Power plant emissions are based on publicly disclosed information where

available, with the remainder based on data from the World Electric Power Plants (WEPP)

database (Rayner et al., 2010; Asefi-Najafabady et al., 2014). Like EDGAR, FFDAS has

a 0.1° × 0.1° spatial resolution.

Vulcan version 2.2 dataset was created using seven primary datasets to estimate ffCO2

emissions (Gurney et al., 2009). Vulcan estimates CO2 emissions directly where avail-

able, or CO emissions and CO2 emissions factors as an alternative when CO2 emissions

are not reported. Estimates include airborne emissions, emissions related to commercial,

industrial, and residential energy use, and emissions from cement manufacturing, utilities,

road and non-road transport (Gurney et al., 2009). Emissions are downscaled either by us-

ing information about the location of large point source emissions, or averaged over local

regions such as a county or census tract. For example, utility emissions rely on Emissions

Tracking System/Continuous Emissions Monitoring (ETS/CEM) estimates that are geo

located to a specific power plant, but non point source emissions from industrial, com-

mercial, and residential buildings are downscaled to county or census tract level using the

total floor square footage of industrial, commercial, and residential buildings within each

tract (Gurney et al., 2009). Emissions are finally rendered to a 10 × 10 km native grid

using area based weighting (Gurney et al., 2009). Road emissions (based on activity data

from the EPA’s National Mobile Inventory Model, NMIM), and stationary point sources

such as individual factories and power plants are geocoded to a location. Vulcan includes

aircraft emissions using the Aero 2k data product which analyses global civil and military

aircraft movements.

The EDGAR, ODIAC and FFDAS inventories are compared here for annually aver-

aged emissions. Vulcan temporally downscales emissions onto hourly estimates using

ffCO2 emissions available at power plants or extrapolating road use data and commercial

and residential gas consumption statistics. Power plant information is reported hourly

by the EPA’s Clean Air Markets Division’s (CAMD) Continuous Emissions Monitoring
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(CEM) program, widely considered the most comprehensive for estimates of ffCO2 emis-

sions for power plants (Pétron et al., 2008). Due to the multiple and varied datasets used

by Vulcan, it is often considered to be the most comprehensive ffCO2 emissions inven-

tory. However information on ffCO2 emissions at sub-annual scales are not very common,

hence sub-annual estimates are costly, labour intensive and can be prone to systematic er-

rors (Wang et al., 2017). Vulcan is only available for the year 2002 and is limited to the

contiguous U.S.

The four gridded inventories explicitly include “large point source emissions”, which

describe emissions originating from facilities involved with the generation of electricity

or oil refining or manufacturing. This is because using a spatial distribution method that

allocated emissions based on population density, or remote sensing of nightlights alone

will not account for such emissions. It has been estimated that emissions from these large

single sources account for approximately 40% of all ffCO2 emissions (Singer et al., 2014),

thus their accurate estimation is of importance.

1.2.3 Uncertainties in Gridded Inventories

Until recently, few studies have quantified uncertainty in gridded inventories of ffCO2.

However, quantifying uncertainty is important both for evaluating compliance with any

international CO2 agreements and constraining the behavior of natural sources and sinks

(Nisbet and Weiss, 2010). The uncertainty associated with the spatial distributions of

ffCO2 inventories are related to three aspects (Andres et al., 2012): (1) the ffCO2 inven-

tories (as discussed in Section 1.2.1); (2) the distribution proxy; and (3) the treatment of

borders.

The distribution proxy can contain errors by not perfectly describing emissions both

spatially and temporally. For example, nightlights may be a good indicator of major pop-

ulation centres, but grid cells which contain bright nightlights may not necessarily corre-

spond to high emissions and vice versa (i.e. large emissions from power plants which are
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not bright light source). The same argument is made for population density as a spatial

proxy; previous research by Rayner et al. (2010) showed that at higher spatial scales the

first order relationship between population density and emissions begins to break down,

and accounting for large point source emissions become more important. Furthermore,

Gurney et al. (2009) compared the gridded CDIAC inventory (Brenkert, 1998), which

uses population density as a distribution proxy, to a bottom-up inventory produced using

high resolution, sector specific, emissions datasets. They found that whilst there was good

agreement between the residential and commercial sectors (areas associated with popu-

lation centres), large discrepancies existed in the utility and industry sectors (emissions

associated with large point source emissions, but outside of large population centres).

Therefore the use of proxies such as population density or nightlights alone can be prob-

lematic.

Uncertainty can arise when downscaling national ffCO2 estimates onto a map as grid

cells map overlap with geographic borders. This can give rise to overlapping or incom-

plete coverage in the ffCO2 inventory. There are contrasting methodologies on apportion-

ing emissions from grid cells that contain the surface area of two or more countries, or

both land and ocean. CDIAC attributes grid cell emissions to the region with the dom-

inant surface area (Andres et al., 2012). However EDGAR attributes emissions propor-

tionally by surface area (Janssens-Maenhout et al., 2017). These different methodologies

are examples of how datasets can result in different emissions estimates for a particular

geographic region.

Temporal uncertainty reflects the ability of an emissions proxy to represent emissions

on an annual, weekly or diurnal basis. Temporal emissions estimates are produced at var-

ious spatial scales. For example continuous emissions monitoring at power plant exhaust

chimneys provide hourly estimates. However this high temporal emissions information is

a rarity, with most estimates having to temporally downscale emissions using an assumed

temporal relationship. For example Vulcan road emissions are based on monthly data
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produced per county per vehicle type. To represent road emissions on the hourly scale,

such as the morning commute, hourly emissions are extrapolated from traffic data from

the Federal Highway Administration. As with downscaling emissions spatially, high tem-

poral resolution emissions may contain uncertainties. For example, a ffCO2 distribution

that includes large point source emissions might not fully characterize newly constructed,

decommissioned or temporarily shut down large point source emissions (Andres et al.,

2012).

Usually, uncertainty is not reported on gridded inventories of ffCO2. Hence comparing

inventories that use different energy statistics, emission factors, or methods to downscale

emissions both spatially and temporally can give useful insights into the possible range of

uncertainty between estimates.

1.3 Verifying Inventories of Fossil Fuel CO2

1.3.1 Climate Change Mitigation Policies

Accurate ffCO2 emissions inventories is essential for the monitoring and verification of

emissions and efforts to mitigate emissions (National Research Council, 2010). Emissions

inventories are also used to estimate the baselines years upon which emission reduction

targets are set. Therefore we can have more confidence in meeting emissions reduction

goals if uncertainties are lower than intended reductions (Wang et al., 2017).

As a result of the 21st Conference of Parties in Paris, 165 countries submitted Intended

National Contributions (INDCs) to the UNFCCC (March 2018, http://www4.unfccc.int/

submissions/indc/Submission%20Pages/submissions.aspx). For example, China has pledged

to have peak emission by 2030, and the European Council has set out a 40% reduction in

emissions by 2040 compared to 1990 levels. As discussed in section 1.2.1, national in-

ventories can contain uncertainties due to incorrect or incomplete knowledge of emissions

39



1.3. Verifying Inventories of Fossil Fuel CO2

sources. However there is a potential for uncertainties to be compounded by: (1) Coun-

tries using both different methodologies and different data-sets (Ciais et al., 2014), al-

though the IPCC has published guidelines of good practice for emission reporting (IPCC,

2006); (2) fossil fuel consumption statistics may be incomplete in developing countries

(Marland et al., 1999); and (3) time lag between emission and reporting. In a previous

study, Den Elzen et al. (2013) showed that estimating emissions reductions in developing

countries contains large uncertainties due to recent upward revisions of GHG emissions

projections in those countries. These uncertainties make the forecasting of both national

and global ffCO2 emissions reductions hard to assess. Thus verifying national emissions

reduction policies using an independent method is desired.

1.3.2 Verifying Fossil Fuel Emissions Using Atmospheric Observa-

tions

Direct observations of sources and sinks of CO2 are localised and separated in both space

and time, hence inferring fluxes from coupling atmospheric measurements of CO2 con-

centration and atmospheric transport models has proved useful. This approach is called

an atmospheric inversion. Atmospheric inversions typically use a prior knowledge of

emissions flux, observations, and an understanding of how observations related to fluxes

(i.e. how emissions are transported through the atmosphere), and uncertainties in the

prior knowledge and observations to optimize emission fluxes with Bayesian statistics.

Previous scientific studies have used gridded ffCO2 emissions inventories mostly for the

purpose of specifying ffCO2 emissions in inversions of CO2 fluxes that are used to better

understand CO2 sources and sinks (e.g. Gurney et al., 2002; Lauvaux et al., 2016), and

hence how the Earth’s climate system may change in the future. Typically, atmospheric

inversions of CO2 prescribe ffCO2 emissions from inventories with zero uncertainty (e.g.
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Rödenbeck et al., 2003; Peters et al., 2007). Under these conditions, any deviation from

prescribed spatial and temporal distribution of ffCO2 emissions from their true values can

result in errors in resulting terrestrial biosphere fluxes. However previous research have

highlighted the need for accurate spatial and temporal ffCO2 emissions datasets at the res-

olution of atmospheric transport models: (1) Gurney et al. (2005) showed that neglecting

temporally varying ffCO2 emissions can result in posterior monthly fluxes being biased

by up to 50% during certain times of the year. (2) Peylin et al. (2011) showed differences

in ffCO2 inventories was around 30% of the mean European carbon sink. (3) In a recent

study, Basu et al. (2016) showed differences between two gridded inventories of ffCO2

emissions over North America were similar in magnitude to estimates of Net Ecosystem

Exchange (NEE) for 1º×1º grid cells.

Recent developments in the use of radiocarbon (14C) could change this. Measure-

ments of 14C in CO2 can distinguish CO2 added by fossil fuel combustion because 14C

has a half-life of 5700 ± 30 years, and fossil fuels, which are millions of years old, have

lost all their14C to radioactive decay (Godwin, 1962). The ratio 14C/C in CO2 is there-

fore diluted by the increase in atmospheric concentrations of ffCO2 , making 14C a unique

tracer of ffCO2 emissions. This dilution is known as “The Suess Effect” after being first

observed by Hans Suess in 1955 in tree rings (Suess, 1955). The ratio of 14C to atmo-

spheric CO2 has varied over the last 100 years, initially as a result of the creation of

radiocarbon due to nuclear weapons testing in the 1950’s and 60’s (Rafter and Fergus-

son, 1957). Since the passing of the Partial Nuclear Test Ban Treaty in the 1960’s, the

subsequent decrease in the ratio of 14C to atmospheric CO2 was initially mainly due to

the mixing of CO2 between the atmospheric, oceanic, and biospheric carbon reservoirs.

However five decades later, fossil fuel emissions are again the primary influence on the

trend of 14C to atmospheric CO2 (Manning, 1990; Levin et al., 2010; Graven et al., 2012).

The deviation of 14C/C compared to a standard ratio is reported as D14C in parts per

thousand (‰) (Stuiver and Polach, 1977). The delta notation refers to the fact that the
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ratio is presented in parts per thousand deviations from Oxalic Acid standard activity, and

has also to be corrected for (1) the decay that took place between year of collection and

measurement and (2) fractionation. Whereas other CO2 sources have D14C close to that

of present day ambient air (~20‰, Levin et al., 2013), the D14C for ffCO2 is defined

as -1000‰. Estimates of ffCO2 do not include anthropogenic CO2 emissions from non-

fossil sources (e.g. wood burning) as they have different D14C signatures to ffCO2.The

total observed CO2 concentration at an observation site can be described as the sum of

concentrations due to background CO2 (Cbg), CO2 exchanged by the terrestrial biosphere

due to net primary production and heterotrophic respiration (CNPP and CRh), and fossil

fuel combustion (Cff ) (Turnbull et al., 2006):

Cobs =Cbg +C f f +CRh −CNPP (1.1)

The product of the isotopic ratio and concentration of CO2 is approximately conserved

(Tans et al., 1993), thus we obtain:

DobsCobs =DbgCbg +D f fC f f +DRhCRh −DNPPCNPP (1.2)

Here D is the D14C of each CO2 component. The observed ffCO2 concentration at a

given site can be solved using Equations 1.1 and 1.2 to get Equation 1.3 (Levin, 2003;

Turnbull et al., 2009):

C f f =Cobs

(
∆obs −∆bg

∆ f f −Dbg

)
−CRh

(
DRh −Dbg

D f f −Dbg

)
−CNPP

(
DNPP −Dbg

D f f −Dbg

)
(1.3)

As the D14C of NPP is approximately equal to the background signature we can sim-

plify Equation 1.3 to get:
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C f f =Cobs

(
Dobs −Dbg

D f f −Dbg

)
−CRh

(
DRh −Dbg

D f f −Dbg

)
(1.4)

Simplifying further yields:

f fCO2 =C f f =Cobs

(
Dobs −Dbg

D f f −Dbg

)
−β (1.5)

Where Dff ≡ -1000‰. b describes the effect of non ffCO2 fluxes that have an effect

on D14C in CO2, principally due to heterotrophic respiration. Carbon that has been se-

questered in soils or organic material and is emitted back into the atmosphere many years

later due to heterotrophic respiration (residence time of carbon is 10 ± 10 years in the

northern hemisphere Levin and Kromer, 2004) or biomass burning may result in D14C

being slightly elevated compared to background levels (Turnbull et al., 2009). This is

due to the decreasing trend in D14C with time since the ban on nuclear weapons testing

(Graven, 2015). Here, DRh is the D14C signature of heterotrophic respiration. For ex-

ample in wintertime, a higher concentration of CRh will have the effect of lowering the

resulting value of ffCO2.

Further research was carried out to estimate the effect of nuclear fission reactors and

air-sea fluxes on the D14C signature in California. Radiocarbon is produced in the nu-

clear fission reaction of light water pressurised reactors (Graven et al., 2018). Accord-

ing to the U.S. Nuclear Regulatory Commission, the only active nuclear power plant in

California for 2014-15 was Diablo Canyon (https://www.nrc.gov/reactors/operating/ops-

experience/tritium/plant-info.html). The potential for 14C to be influenced by emissions

from nuclear power plants and air-sea exchange was examined in Graven et al. (2018).

They found that estimated ffCO2 concentration from the nuclear industry had a negligible

effect on the D14C signature over California. Air-sea CO2 fluxes were also examined

using a 5 km monthly climatology for a domain offshore of California using the Regional

Oceanic Modeling System (ROMS) simulation for the California Current System (Turi
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et al., 2014). The mean sea-air CO2 concentration at observation sites was also found to

be negligible and thus it was also assumed air-sea exchange had a negligible effect on

D14C over California.

Despite 14C being an excellent tracer for ffCO2 emissions, D14C in CO2 has not, until

recently, been used to estimate ffCO2 emissions in inversion models over scales larger

than individual cities (e.g. The Indianapolis Flux Experiment, INFLUX, and the Los

Angeles Megacities Carbon Project). This is due to measurements of 14C being both ex-

pensive and labour intensive (Wang et al., 2017). Observations of 14C have been used to

derive ffCO2 concentrations (e.g., Turnbull et al., 2006; Graven et al., 2009; Miller et al.,

2012; Levin et al., 2013), and directly estimate ffCO2 emissions (e.g. Turnbull et al.,

2011; Levin, 2003), with the latter two studies showing good agreement with ffCO2

inventory estimates. In 2010, the U.S. National Research Council recommended that

the U.S. government invest between $5-10 million annually to measure D14C across the

U.S. (National Research Council, 2010). Furthermore, a observation network includ-

ing CO2 concentration and D14C in CO2 is also being set up across 12 countries across

Europe (https://www.icos-ri.eu/). With these expectations of expanding observation net-

works, several synthesis studies (National Research Council, 2010; Basu et al., 2016),

have shown optimistic results in the use observations of atmospheric D14C in CO2 to

improve our knowledge of ffCO2 emissions.

1.4 California

1.4.1 Legislation

The U.S. state of California currently emits roughly 100 Mt C of fossil fuel CO2 (ffCO2)

each year (CARB, 2017), or approximately 1% of global emissions (Le Quéré et al.,

2017). “The California Global Warming Solutions Act” (AB-32) of 2006 was the first

program in the U.S. to take a long-term approach to mitigate climate change. AB-32
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requires that overall GHG emissions in California be reduced to their 1990 levels by

2020 (a 15% reduction compared to business as usual emissions) with further reductions

of 40% planned for 2030, and 80% by 2050. CO2 emissions are included in AB-32,

along with those of Methane (CH4), Nitrous oxide (N2O), Hydrofluorocarbons (HFCs),

Perfluorocarbons (PFCs), Sulfur hexafluoride (SF6) and Nitrogen trifluoride (NF3). Of

all GHG emissions in California, emissions of ffCO2 constituted approximately 76% in

2015 (CARB, 2017).

California’s Air Resources Board (CARB) is tasked with building and maintaining an

emissions inventory for the purpose of evaluating GHG emissions and implementation of

policies to meet the goals of AB-32. This inventory estimates emissions using a combina-

tion of mandatory reporting and bottom up inventory techniques. Similar to the national

inventories in Section 1.2.3, uncertainties in the CARB inventory are not reported. How-

ever uncertainties are likely to be larger than national U.S. uncertainty (3-5%, 2-sv; U.S.

EPA, 2006). CARB’s inventory is based on fuel use data from the Air Resources Board

(ARB) (Schnapp, 2008), and produced as per 2006 IPCC guidelines (IPCC, 2006), with

emission factors from the EPA (U.S. EPA, 2012). Large point source estimates rely on fa-

cility specific emission reports from ARB’s Mandatory GHG Reporting Program (MRR)

(http://www.epa.gov/ghgreporting/). The program requires that emissions are reported by

(1) all facilities that emit specific categories of emissions (e.g. Electricity generation and

cement production) regardless of magnitude of emissions, and (2) facilities that emit more

than 10,000 metric tons of CO2e over a year from other specific emissions categories (e.g.

iron and steel production) (CARB, 2017).

In an effort to further AB-32, the Governor of California, Jerry Brown, has outlined

key climate change strategy pillars that aims to reduce GHG emissions in key economic

sectors by 2030 (CARB, 2016b). The reductions that affect ffCO2 include: (1) reducing

petroleum use in road transport by up to 50%; (2) have 50% of electricity generated from

renewable sources; (3) increasing the energy efficiency of buildings by a factor of two.
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Evaluating the success or otherwise of such policies will therefore require accurate sector-

specific emissions estimates.

1.4.2 Measurement Network

As a test case to explore uncertainties in fossil fuel CO2 (ffCO2) inversions, this thesis

focuses on testing atmospheric ffCO2 inversions using pseudo observations based on an

existing network of 9 sites across California. These sites include: Trinidad Head (THD)

(Lueker et al., 2003), Sutter Buttes (STB) (CARB, 2016a), Walnut Grove (WGC) (An-

drews et al., 2014), Sutro Tower (STR) (Andrews et al., 2014), Sandia-Livermore (LVR)

(Liu et al., 2014), Victorville (VTR) (Welp et al., 2013), Caltech (CIT) (Newman et al.,

2016), San Bernardino (SBC) (Fischer et al., 2015), and Scripps Institution of Oceanog-

raphy (SIO) (Welp et al., 2013) (Figure 1.2, Table 1.3). Observation sites are focused near

Figure 1.2: The location of the 9 tower sites in the observation network (marked with
black circles): Trinidad Head (THD), Sutter Buttes (STB), Walnut Grove (WGC), Sutro
(STR), Sandia-Livermore (LVR), Victorville (VTR), San Bernardino (SBC), Caltech
(CIT) and Scripps Institute of Oceanography (SIO). Colours show annual mean ffCO2
emissions from the Vulcan v2.2 emission map (Gurney et al., 2009) within the United
States and EDGAR v4.2 (FT2010) (Olivier et al., 2005) for emission from outside the
U.S.
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the main ffCO2 emitting regions of Greater Los Angeles and the San Francisco Bay, and

are operated by a combination of universities, laboratories, agencies and private compa-

nies (Table 1.3).

Site Code Lat Lon Sampling Height (m) Reference
Trinidad Head THD 41.055 124.151 20 Lueker et al. (2003)
Sutter Buttes STB 39.206 121.821 10 CARB (2016a)
Walnut Grove WGC 38.265 121.491 91 Andrews et al. (2014)
Sutro Tower STR 37.755 122.452 232 Andrews et al. (2014)

Sandia-Livermore LVR 37.674 121.708 27 Liu et al. (2014)
Victorville VTR 34.609 117.287 90 Welp et al. (2013)

Caltech CIT 34.137 118.126 10 Newman et al. (2016)
San Bernardino SBC 34.085 117.313 58 Fischer et al. (2015)

Scripps Inst. Ocean. SIO 32.867 117.257 10 Keeling et al. (2005)

Table 1.3: Observation sites in California (Graven et al., 2018).

Unlike previous research of 14C based ffCO2 observations that have typically focused

on individual urban areas (Turnbull et al., 2011; Brioude et al., 2013; Newman et al.,

2013), the measurement network used here is expanded to the regional scale of California.

The network was used to collect flask samples for measurements of CO2 and radiocarbon

in CO2 in 2014-15 (Graven et al., 2018). Three month-long measurement campaigns were

conducted between 1st - 29th May 2014, 15th October - 14th November 2014 and 25th

January - 16th February 2015. Flasks were sampled approximately every 2-3 days within

each campaign at 22:30 GMT (14:30 PST) using programmable flask packages (Andrews

et al., 2014) at SBC, VTR, WGC, LVR, STR and at STB Oct-Nov 2014, and by manual

sampling at SIO, THD, and at STB in May 2014. CIT flasks were collected by automated

flask sampling (Newman et al., 2016). D14C in CO2 was measured using accelerator

mass spectrometry at Lawrence Livermore National Laboratory (LLNL). Concentrations

of CO2 and 13C/12C in CO2 (needed in the calculation of D14C, Stuiver and Polach,

1977) were both measured at Scripps Institution of Oceanography (SIO) using Cavity

Ring-Down Spectroscopy and isotope ratio mass spectrometry respectively (Graven et al.,

2018).
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Measuring across different seasons allows for the observation of concentrations under

various wind patterns and meteorological conditions. The time of observation was chosen

as the planetary boundary layer is more accurately represented by models in the afternoon

(Jeong et al., 2013), and afternoon concentrations are more representative of large regions

and best simulated by atmospheric transport models (Yver et al., 2013). Observation sites

Sutter Buttes (STB) and Sutro Tower (STR) were not sampled in the Jan-Feb campaign

due to sampling equipment issues.

1.4.3 Project Background

I joined the project team in 2014 and collaborated on two published papers that devel-

oped the inversion framework (Fischer et al., 2017) and reporting on the observations and

inversion results (Graven et al., 2018). In Fischer et al. (2017), we used synthetic data to

show that uncertainties in inventory estimates of ffCO2 emissions produced for California

could potentially be reduced to 5-10% for mean monthly emissions, hence showing the

potential for observations of ffCO2 to be used in both evaluating ffCO2 gridded inven-

tories and to monitor compliance with emission reduction policies such as AB-32. Our

work combined the network of observations sites with column mean CO2 observations

from NASA’s Orbiting Carbon Observatory (OCO-2). Synthetic data was generated us-

ing the Vulcan gridded inventory coupled with a high resolution atmospheric transport

model. However we also concluded that reducing the errors due to the modelling of the

transport of emissions to few percent is a significant challenge.

In Graven et al. (2018), measurements of radiocarbon and total CO2 were used to

estimate ffCO2 emissions at the observation sites during the three month long campaigns

described in Section 1.4.2. We found that by coupling Vulcan with a high resolution

atmospheric transport model, the resulting simulated ffCO2 concentrations was consistent

with measured atmospheric data. Furthermore, our findings showed a good agreement

between their estimates and those produced by CARB over the same time period. Thus
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showing the potential for observations of radiocarbon to monitor and verify emissions

reduction efforts, such as AB-32 for California, and potentially for other other similarly

sized regions.

Although atmospheric inversions may provide a method for estimating emissions that

is useful for evaluating emissions reduction policies, such as AB-32, systematic errors

can arise when the atmospheric transport or prior emission models contain errors. These

papers do not explicitly quantify the potential effects of systematic errors in ffCO2 in-

versions due to errors in the magnitude, spatial distribution or temporal distribution of

prior emissions or errors in the transport model. This is important in understanding the

potential limitations of such an inversion setup.

1.5 Objectives of this Thesis

This PhD thesis explores the use of atmospheric observations to infer fossil fuel CO2

emissions at the scale of the U.S. state of California. The following questions are ad-

dressed in the thesis: What is the uncertainty in inventories of ffCO2 emissions produced

for California? What impact can errors in both the prior estimate of emissions and at-

mospheric transport modelling have on posterior emissions estimates in an atmospheric

inversion? Can the inversion constrain sector specific emissions of ffCO2 in California?

In Chapter 2, I present the inversion setup which describes how synthetic observations

are combined with gridded inventories to produce optimised emissions estimates. A de-

tailed explanation of how uncertainties related to the measurement of ffCO2 concentration

using radiocarbon is also provided, along with the atmospheric transport models used in

this study.

In Chapter 3, the state total and regional sub-state total emissions estimated by four

gridded inventories are compared for California. These inventories use different emis-

sions data and methods to distribute emissions onto a gridded map. An investigation
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into the level of agreement between inventories is carried out at statewide, substate, and

inventory grid cell spatial resolutions. Finally, as it is commonly assumed that prior emis-

sions estimates of ffCO2 are temporally invariant (e.g. Basu et al., 2016), time varying

emissions are compared with time invariant estimates to assess their potential impact on

an atmospheric inversion. Discrepancies between inventories were used to inform prior

uncertainty in both Fischer et al. (2017) and Graven et al. (2018).

In Chapter 4, an atmospheric inversion that optimizes ffCO2 emissions using pseudo

observations is developed following previous research by Jeong et al. (2012,?); Fischer

et al. (2017). Specifically this work investigates errors that could arise in an atmospheric

inversion due to a bias in the (1) magnitude, (2) spatial distribution or (3) temporal dis-

tribution of prior emissions. Synthetic observations of ffCO2 are created by specifying

and transporting “true” emissions that differ from those used to produce estimated prior

concentrations. In a set of Observation System Simulation Experiments (OSSEs), I eval-

uate the ability of the inversion to recover true emissions using the synthetic observations.

Finally, the effect of transport error on the inversion results is investigated by using dif-

ferent atmospheric transport models, and differences in simulated ffCO2 are compared to

the transport models’ resolution or error in modelled meteorology.

In Chapter 5, a novel atmospheric inversion approach for sectoral ffCO2 emission in

California is developed. Emissions estimates and reduction policies are commonly sector

specific (such as those of the Governor’s Pillars in California), and sectoral emissions

estimates may be correlated by their use of the same emissions factor or type of activity

data. Thus solving the inversion for individual emissions sectors could be beneficial to

verify individual policies and to account for correlations in the prior estimates. Analogous

to Chapter 3, sectoral emissions estimates between inventories are compared. The study

concludes by determining whether the inversion can successfully attributed changes in

sector specific emissions to the correct sector in the inversion, given an incorrect prior

emissions model.
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Methods

2.1 Bayesian Inversion

2.1.1 Inversion Setup

The framework developed here uses Bayesian inverse modelling which incorporates a

prior probability distribution and observations to produce an updated probability distribu-

tion (called the “posterior distribution”). Based on Rodgers (2000), the inversion relates

model predictions to measurements by assuming a linear model for scaling the prior prob-

ability distribution to observations as:

y = Hx+ ε (2.1)

Where y is an (n×1) vector (where n is the total number of measurements) containing

the observed background subtracted concentrations of ffCO2 with error e. H is an (n×

r) matrix (where r is the number of emission fluxes being solved for by the inversion)

which describes the predicted concentrations for each emissions source. x is a (r × 1)

state vector of scaling factors that describes how predicted emissions should be scaled

to match observations for a given error e. The framework developed here estimates an
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optimized scaling factor x, given a set of observations y, by solving the cost function J

using the standard least squares formulation under the assumption of Gaussian distributed

uncertainties:

J(x) = (y−Hx)T R−1(y−Hx)+(x−xb)T B−1(x−xb) (2.2)

xb is the prior estimate of x. Here xb is a vector of ones. R and B are the error

covariance matrix relating to observational and model transport error, and prior emission

estimate error respectively. The non-diagonal elements of R and B were left zero as it was

assumed errors do not co-vary. Included in R are observational errors and transport model

errors. As these errors are in general uncorrelated, the corresponding error covariance

matrices can be summed: R = Rmeas +Rtrans (Jacob, 2007). Minimizing J results in an

optimal posterior estimate for x:

xa =
(
HT R−1H+B−1)−1

(
HT R−1y+B−1xb

)
(2.3)

Again assuming normally distributed uncertainties, the posterior error covariance is

given as:

Pa =
(
HT R−1H+B−1)−1

(2.4)

xa and Pa are computed separately for each of the three campaigns outlined in section

2.1. Posterior emission estimates are the product of xa and the prior emission estimate.

State total emission are then calculated by summing the posterior emissions within Cal-

ifornia. Uncertainty in the state wide Californian posterior flux, including error correla-

tions, was calculated as:

σ
2
E =

(
EpriorPaET

prior
)

(2.5)

Where Eprior is a vector of prior ffCO2 emissions.
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2.1.2 Regional and Sectoral Analysis

In Chapter 4, the inversion solves Equation 2.3 for emissions from 15 regions within Cal-

ifornia and one region outside California (shown in Figure 1.2). The regions are specified

as “air basins” defined by the California Air Resources Board. According to the Califor-

nia Air Resources Board (CARB), the air basin boundaries were determined by “grouping

together areas with similar geographical and meteorological features”. Air basins vary

considerably by size with some being relatively small, while others are quite large. Some

air basins consist of valleys surrounded by mountains, while others are more open. Here

the prior scaling vector, xb, is a 16× 1 vector of ones, where the 16th region represents

ffCO2 emissions from outside California within our modelled domain. Solving Equation

2.3 gives posterior scaling factors that when multiplied by prior emissions estimates from

each of the 16 regions gives the resulting posterior emissions. Prior uncertainty is es-

timated by comparing inventories in Chapter 3. From the methodology described, it is

assumed the prior flux from each air basin does not co-vary with the emissions from any

other air basin, and all emissions within air basins are perfectly correlated.

The inversion described in Chapter 5 solves Equation 2.3 for sector-specific emissions

from California. Therefore the length of the state vector x will be the number of sectors

being solved for in the inversion plus total emissions from outside California. Prior uncer-

tainty for sectoral inversion is estimated in Chapter 5. Analogous to the regional inversion

setup, it is assumed prior emissions do not co-vary between sectors and sector emissions

are perfectly correlated.
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Figure 2.1: Typical diurnal evolution of the planetary boundary layer. Adapted from
Garratt (1992).

2.2 Atmospheric Transport Modelling

2.2.1 The Planetary Boundary Layer

The planetary boundary layer (PBL) is the lowest part of the atmosphere and has great

importance in the dispersion and dilution of ffCO2 as wind velocity in the PBL greatly

influences the dispersion of ffCO2emissions and hence the simulated ffCO2 concentration

at an observation site. The PBL has been defined in previous studies as “the part of the

troposphere that is directly influenced by the presence of the Earth’s surface, and responds

to surface forcing with a time scale of about an hour or less” (Stull, 1988). Surface forcing

occurs primarily in two forms: mechanical and thermal. Mechanical forcing arises from

friction between the prevailing wind and the Earth’s surface, this friction causes wind

shear and creates turbulence. Thermal forcing during daytime is related to incoming solar

radiation heating the planetary surface and radiating back into the lower atmosphere as

infrared radiation, heating the atmosphere from below. Penetrative convection follows,

forming the convective boundary layer (CBL) as shown in Figure 2.1. This convective
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motion typically occurs in the lowest 1-2km of the atmosphere, and this height is what is

used to define the daytime PBL. The turbulence induced by mechanical forcing is much

weaker than that of thermal convection, except at the lower part of the CBL where both are

approximately equal: this region is known as the surface layer. After sunset, the absence

of incoming solar radiation at night, and hence convection, creates vertical stratification

due to outward heat loss and what used to be the CBL leaving behind a residual layer. A

shallow nocturnal boundary layer (NBL) remains due to mechanical forcing. Its height

is dependent on the prevailing wind speed and surface terrain, but rarely exceeds 300m.

Above the NBL, the former CBL becomes lightly stratified due to heat loss outward dur-

ing nighttime, this is termed the residual layer. The residual layer and NBL are eroded

by the following daytime convection (Figure 2.1). The observations that took place in

California were taken in the mid afternoon as the PBL is deeper and well mixed, hence

observed ffCO2 is more indicative of surrounding emissions.

2.2.2 Atmospheric Transport Models

We simulate ffCO2 using three different atmospheric transport models outlined in Ta-

ble 2.1. These models are commonly used in regional atmospheric transport modelling

and greenhouse gas inversion studies but to date have not been compared in California.

Two of the transport models use different versions and parameterizations of the Weather

Research and Forecast (WRF) model combined with the Stochastic Time-Inverted La-

grangian Transport (STILT) model. The third transport model uses meteorology from

the UK Met Office’s Unified Model (UM) combined with the Numerical Atmospheric-

dispersion Modelling Environment (NAME).

The first WRF-STILT model is run at Lawrence Berkeley National Laboratory (WS-

LBL, Jeong et al., 2016; Fischer et al., 2017; Bagley et al., 2017) and uses WRF version

3.5.1 (Lin, 2003; Nehrkorn et al., 2010). Estimates for Planetary Boundary Layer Height

(PBLH) are based on the Mellor-Yamada-Nakanishi-Niino version 2 (MYNN2) param-
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eterization (Nakanishi and Niino 2004, 2006). As in Jeong et al. (2016); Fischer et al.

(2017); Bagley et al. (2017), two land surface models (LSMs) are used depending on the

location of the observation site. A 5-layer thermal diffusion land surface model is used in

the Central Valley for the May campaign whilst the Noah LSM (Chen and Dudhia, 2001)

is used in the remaining campaigns and regions of California. Multiple nested domains

are used, with the outermost domain spanning 16-59°N and 154-137°W with a 36km res-

olution, a second domain of 12km resolution over western North America, and a third

domain of 4km resolution over California. Two urban domains of 1.3 km resolution are

used in the San Francisco Bay Area and metropolitan area of Los Angeles. Footprints de-

scribing the sensitivity of an observation to surface emissions are calculated by simulating

500 model particles and tracking them backward for 7 days. The footprint of a given site

and observation time is produced hourly for particles below 0.5 times the PBLH.

The second WRF-STILT model is from CarbonTracker-Lagrange (WS-CTL), an ef-

fort led at NOAA to produce standard footprints for greenhouse gas observation sites in

North America (https://www.esrl.noaa.gov/gmd/ccgg/carbontracker-lagrange). WS-CTL

uses WRF version 2.1.2 and the Yonsei University (YSU) (Hong et al., 2006) PBLH

scheme coupled with the Noah land surface model and the MM5 (fifth generation Penn-

sylvania State University-National centre for Atmospheric Research Mesoscale Model,

Grell et al., 1994) similarity theory-based surface layer scheme. As with WS-LBL, simu-

lations are run for 7 days and particles below 0.5 times the modelled PBL height are used

in the calculation of the footprint. Footprints have a spatial resolution of 0.1° for the first

24 hours and 1° for the remaining 6 days, with an hourly temporal resolution. The 0.1°

spatial resolution domain is 31° longitude by 21° latitude with the domain centered on

the release location. The 1° resolution has a domain of 170°E to 50°E longitude and 10°

N to 80° N latitude. The WRF domain covers most of continental North America (Fig.

1 in Nehrkorn et al., 2010) with 30 km resolution and has a finer nest with 10 km spa-

tial resolution over the contiguous United States. WS-CTL simulates footprints for 500
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Meteorology Domain

Model Resolution

Reference
Transport

Horizontal
Vertical

TemporalModel (nLevels /
Max Height)

WS-LBL WRF North America 1 km, 4 km, 50 / 16 km 1 hour Lin, 2003;
(v3.5.1) 12 km, 36 km Nehrkorn et al.,

(2010)
WS-CTL WRF North America 0.1°, 1° 29 / 25 km 1 hour Carbon Tracker,

(v2.1.2) (2017)
UM-NAME Unified Model Global 17 km, 25 km 59 / 29 km 3 hours Jones et al.,

(2004)

Table 2.1: Comparison of the three atmospheric transport models used in this study.

particles released over a 2 hour period between 21:00 and 23:00 GMT. An exception is

Sutro Tower (STR), where an instantaneous release of 500 particles at 22:10 GMT is run.

This was due to data constraint on footprints provided from the CarbonTracker-Lagrange

website. Walnut Grove (WGC) footprints are generated based on a release height of 30m

a.g.l, which is lower than the sampling height of 91m a.g.l. used in the observation cam-

paign (Graven et al., 2018) and used in the other two transport models. Footprints were

available for 2014 but not for 2015, so the WS-CTL model is used for simulations of the

May and Oct-Nov 2014 campaigns but not for the Jan-Feb 2015 campaign.

The third model, UM-NAME, is the U.K. Met Office’s NAME (Numerical Atmospheric-

dispersion Modelling Environment) mode, Version 3.6.5 (Jones et al., 2007), driven by

meteorology from the Met Office’s global numerical weather prediction model, the Uni-

fied Model (UM) (Cullen, 1993). The UM model has a spatial resolution of 25 km (Mark

7) for the first half of 2014, including the period of the May 2014 campaign. The resolu-

tion was then upgraded to 17 km resolution (Mark 8) in mid-2014, and this resolution is

used in the period of the October-November 2014 and January-February 2015 campaigns.

The temporal resolution of the UM meteorology is every 3 hours for all campaigns. Fol-

lowing a similar approach as for the WRF-STILT models, 500 particles were released

instantaneously at 22:30 GMT and simulated for hourly dis-aggregated footprints for the
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first 24 hours and aggregated for the remaining 6 days. The footprints are calculated for

the same horizontal resolution as for the UM meteorology (25 or 17km), where the par-

ticles present in the layer between 0 and 100 m above ground level are used to calculate

the footprint. The computational domain covers 175.0°E to 75°E longitude and 6.0°N to

74°N latitude.

The relationship between simulated CO2 and the height used to calculate the footprint,

or particle integration height, was investigated in Gerbig et al. (2003) by varying the

integration height between 10% and 100% of the PBLH. Although no significant change

in the modelled concentration was found, they showed that for small particle integration

heights, the number of particles influenced by surface fluxes was less, which increased

the statistical noise in simulated concentrations. Gerbig et al. (2003) chose a depth of

0.5 the PBLH as the integration height “for which timescales for vertical mixing roughly

matches the model time step for advection”, which has been adopted by the two WRF-

STILT models used here. The average PBLH at sites in California was between 1 km and

1.6 km in the mid afternoon, thus resulting in an integration height than is between 5-8

times larger than the UM-NAME integration height of 0-100m.

2.3 Simulation of ffCO2

Simulated ffCO2 signals (the enhancement of CO2 concentration due to ffCO2 emissions

within the model domain) are calculated by convolving the footprint with a gridded emis-

sions inventory. Simulated signals are used to test whether the inversion can estimate the

“true” emissions that were used to produce the pseudo data, within the uncertainties, when

the prior emissions estimate are generated by using an incorrect prior emissions model,

or when the transport model used for the prior simulation is different from the transport

model used to produce the pseudo data, emulating transport error.
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2.4 Model-Data Uncertainty

2.4.1 Measurement Uncertainty

Uncertainty in measured ffCO2 concentration is composed of uncertainties in each term

of Equation 1.5. Due to the very precise nature of CO2 measurements (uncertainty of

<0.1 ppm), total uncertainty in Equation 1.4 is dominated by uncertainties in measured

D14C in local observations (Dobs) and background (Dbg) CO2. I follow the estimates

made in Fischer et al. (2017). Determining uncertainties in actual observations of Dobs

in California is based on the work of Graven et al. (2007) with measurement uncertainty

of 2 ‰, equivalent to ~0.8 ppm in ffCO2. This is compared to only 0.1 ppm for total

observed CO2 concentration (Cobs) (Keeling et al., 2005). As detailed in Graven et al.

(2012), uncertainty in background D14C (Dbg) is influenced by both variation in D14C of

Pacific marine air as well as the D14C measurement uncertainty. Observations of D14C

of the western coast of North America between La Jolla, California (latitude ~ 26° N) and

Point Barrow, Alaska (latitude= ~ 71° N) has shown D14C variations by season, near zero

in April and approximately 2-3‰ in October. Therefore uncertainty in DBG was assumed

to be also 2 ‰ (~ 1.2 ppm).

b in California has been previously estimated to be 0.2 ppm in 2009 (Turnbull et al.,

2011), and less than 0.5 ppm in 2004-05 (Hsueh et al., 2007). Here we assume b is

0.2 ppm and we use values of DRh and CRh estimated by Turnbull et al. (2006), where

DRh=166 ± 100 ‰ and CRh varies from 2 ± 1 ppm in winter to 2 ± 2.5 ppm in summer.

This yields an uncertainty in b of ~0.2 ppm for both winter and summer values. Therefore

b is assumed to be 0.2 ± 0.2 ppm and remain constant for all observations.

Summing the above uncertainties in quadrature gives 1-sv statewide observational un-

certainty in ffCO2 to be ~1.3 ppm which is rounded up to 1.5 ppm based on Fischer et al.

(2017). This is similar to findings of Lafranchi et al. (2013) that found uncertainties in

flask measurements of CO2 and D14CO2 in the Western US to have a standard deviation
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of 1.2 ppm.

2.4.2 Model Uncertainty

As the transport models used in this study are subject to uncertainties in the representation

of atmospheric processes, such as the formation of the PBL, they can result in errors in

the simulated ffCO2 at an observation site which lead to biases in posterior emissions

estimates in an atmospheric inversion (Bagley et al., 2017). Following previous work, we

assume a transport model uncertainty of 50% of the mean pseudo-observed concentration

of ffCO2 observed at each site for each campaign (Jeong et al., 2013; Fischer et al., 2017).

This uncertainty factors in particle number error, aggregation error, background error, and

errors in modelled meterology.

“As a Lagrangian model, UM-NAME uses Monte Carlo random-walk techniques to

represent atmospheric transport. Hence there is normally distributed randomness to model

particle dispersion. To test what effect these random errors would have on simulated con-

centration, we ran the UM-NAME model 10 times using the same input parameters of

500 particles and 0-100 m a.g.l. integration height, and computed the simulated concen-

tration for a given observation site, campaign, and model run. The RMS difference was

calculated across model runs for each site and campaign. The RMS difference was within

10% of mean campaign signal for all but two observation sites. This is similar to the

findings of Jeong et al. (2012), which the above uncertainty is based on. Two observation

sites (THD and VTR) were both within 20% of the mean monthly signal, however as

these sites have relatively small mean ffCO2 concentration, it was deemed that this would

not substantially affect our inversion results. We also examined an integration height of

0-40m height, we found that the RMSE between runs was only slightly higher, and all

sites bar two were within 10% of mean monthly signal. Further continuing this experi-

ment for 0-500, 0-1000m, for example, could develop a more robust relationship between

integration height and random error for the UM-NAME model.
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Model-data uncertainty is calculated by summing the model and measurement uncer-

tainty (1.5 ppm) in quadrature. Squaring the result, and assuming model-data errors are

uncorrelated, gives the error covariance matrix R in Section 2.1.1.
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Chapter 3

A Comparison of Fossil Fuel CO2

Emissions Inventories in California

3.1 Introduction

Emissions of Carbon Dioxide (CO2) from the combustion of fossil fuels and cement pro-

duction are resulting in increased levels of CO2 in the atmosphere, driving changes in the

Earth’s climate system due to the enhanced greenhouse effect (IPCC, 2014). Estimates of

fossil fuel CO2 (ffCO2) emissions are now widely reported at annual and national scales

(Section 1.2.1), and have become important in monitoring GHG mitigation efforts. How-

ever recent efforts have seen a rapid increase in subnational efforts to curb the emission

of GHG, including the state of New York (New York State Energy Plan, 2015), and the

Greater London Area (Mayor of London, 2018) among others. To verify GHG mitigation

policies at all spatial scales, it has become increasingly important to estimate emissions at

higher spatial and temporal resolutions. The U.S. state of California has passed legislation

with the aim of reducing its total greenhouse gas emissions by 15% by 2020, compared to

business-as-usual growth in emissions; with further reductions of 40% planned for 2030,

and 80% by 2050. Estimates of California’s fossil fuel CO2 (ffCO2) emissions rely on an
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emissions inventory that integrates activity data, such as fuel consumption, with emission

factors that describe how much ffCO2 is emitted per unit of activity. Although national

total annual total ffCO2 emissions are likely known to 3-5% (2-sv, U.S. EPA, 2006), un-

certainties can become much larger on subnational scales (Asefi-Najafabady et al., 2014),

such as that of California.

Inversions of atmospheric data, including fossil fuel tracers such as radiocarbon, could

provide independent estimates for emissions of ffCO2 in California (Fischer et al., 2017).

Gridded emissions data are used in inverse modelling as prior source estimates, where

atmospheric concentrations and transport data are used to derive estimates of emissions

sources to produce improved emissions estimates. Future efforts aimed at monitoring,

reporting and verifying ffCO2 emissions using inverse modelling techniques will there-

fore require accurate high spatial and temporal resolution ffCO2 emissions inventories

(Peylin et al., 2011; Basu et al., 2016; Fischer et al., 2017). Although recent efforts have

used proxies such as population statistics and nightlights to produce gridded emissions

inventories at 1º resolution or higher (Andres et al., 1996; Olivier et al., 2005; Gurney

et al., 2009; Oda and Maksyutov, 2011; Asefi-Najafabady et al., 2014), little work has

been done to estimate monthly or finer temporal distribution of ffCO2 emissions (Gregg

and Andres, 2008). Atmospheric inversions of CO2 commonly prescribe ffCO2 emissions

from inventories with an assigned uncertainty of zero (e.g. Rödenbeck et al., 2003; Peters

et al., 2007). Therefore any deviation in the spatio-temporal distribution of ffCO2 emis-

sions from those prescribed will result in errors in estimated terrestrial biosphere fluxes,

and potentially contribute to errors in carbon cycle modelling and inaccurate projections

of climate change into the future (Gurney et al., 2009; Andres et al., 2011).

Quantifying uncertainty in gridded inventories of ffCO2 has, until recently, been pro-

visional if carried out at all. Such studies are necessary to understand the importance

of using different fossil fuel consumption datasets or methods to distribute emissions

for example. Recent studies by Hogue et al. (2016) and Basu et al. (2016) examined
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discrepancies in 1º spatial resolution ffCO2 emissions estimates across the U.S.; Hogue

et al. (2016) found 1-sv grid cell level uncertainty was on average 150% of mean emis-

sion, whilst Basu et al. (2016) found these discrepancies were similar to the estimated

Net Ecosystem Exchange (NEE). Hutchins et al. (2017) examined uncertainty at various

spatial resolutions across the U.S., and concluded that the largest contribution to spatial

uncertainty is due to accuracy of the distribution method used to represents emissions.

Quantifying uncertainties in the temporal distribution of emissions, however, has not yet

been carried out.

In this chapter we compare four gridded ffCO2 inventories at a variety of spatial and

temporal resolutions in California. The spatial comparisons presented here will be used

to inform prior uncertainty in the atmospheric inversion of Chapter 4, and has been in-

cluded in both Fischer et al. (2017) and Graven et al. (2018) to inform prior uncertainty in

atmospheric inversions of ffCO2. We investigate the temporal distribution of emissions in

California both on a diurnal and seasonal basis to assess the likely impact the assumption

of time invariant prior emissions would have on an atmospheric inversion of ffCO2.

3.2 Data & Methods

3.2.1 State Total and Air Basin Total Emissions

As explained in Section 1.2.2, the four gridded inventories examined are EDGAR v4.2

FT2010, ODIAC v2013, FFDAS v2.0 and Vulcan v2.2. Data files representing three of

the four gridded inventories were downloaded from the EDGAR, FFDAS and Vulcan

websites (Table 1.2), ODIAC was provided directly from Tom Oda. Emissions datasets

were imported into MATLAB® and converted to mega tonnes of carbon per year (Mt

C /yr) per grid cell. A shape-file of the 15 air basins was downloaded from CARB

(https://www.arb.ca.gov/desig/adm/basincnty.htm), and shown in Figure 3.1. The MAT-

LAB® function “inpolygon” was used to determine if the centre of a grid cell was within
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Figure 3.1: The 15 air basins of California. Extended coastal areas are shown in green
and observations sites in red.

one of the 15 air basins, or outside California. Vulcan specifies the latitude and longitude

of the North West (top left) corner of each pixel, therefore the centre point of each Vulcan

grid cell was calculated for consistency. Some coastal grid cells, especially those located

in the San Francisco Bay, had centre points that were not on land, but still contained land-

based emissions. Hence we included additional regions (marked in green in Fig. 3.1) to

include emissions from these grid cells. Grid cell emissions were summed in each air

basin for each of the four inventories.

EDGAR and FFDAS are produced annually for years 2000-2010, however ODIAC

was provided for 2005, 2008 and 2012 and Vulcan for 2002 only. Therefore we compared

state total emissions from EDGAR, ODIAC and FFDAS for the year 2008 and Vulcan for

2002. To determine what effect, if any, comparing these different years would have on

our conclusions, and to investigate whether there existed a decadal trend in the spread of

inventory estimates, we compared annual state totals estimated by EDGAR and FFDAS

to two state total estimates produced by CARB and the EIA. California’s government uses
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Sectors Included EDGAR ODIAC FFDAS Vulcan CARB EIA
Bunker Yes Yes Yes* Yes Yes Yes
Cement Yes Yes No Yes Yes No

Gas flaring Yes Yes No No Yes Yes
Aircraft Yes Yes Yes* Yes Yes Yes

Table 3.1: Differences between the treatment of different sectors in each emissions inven-
tory. For consistency, marine and aviation emissions, as well as emissions from non-fuel
use and gas flaring were excluded from all inventories when comparing air basin and state
total emissions. *FFDAS includes EDGAR estimates for bunker and aircraft emissions.

the CARB inventory to monitor the state’s compliance with AB-32 which uses a combi-

nation of mandatory large emitter reporting and bottom up inventory techniques (Section

1.5). CARB includes bunker fuel emissions and emissions from cement, natural gas flar-

ing and non-fuel uses. Emissions from imported electricity were excluded. The EIA

state totals produced for California (https://www.eia.gov/environment/emissions/state/)

are calculated using the methodology outlined in Section 1.2.1. The EIA include bunker

fuel emissions and emissions from natural gas flaring, and non-fuel uses, however emis-

sions relating to cement production are excluded (EIA, 2018).

For consistency, marine and aviation emissions, as well as emissions from non-fuel

use and gas flaring were excluded from all inventories when comparing air basin and state

total emissions. Cement emissions were included in all estimates except FFDAS and the

EIA, thus cement emissions from Vulcan were added to FFDAS and EIA totals (state total

of 1.7 Mt C/yr).

3.2.2 Spatial Emissions

To compare grid cell level agreement between the four inventories, both ODIAC and

Vulcan were regridded onto the same 0.1° grid as EDGAR and FFDAS; the MATLAB®

function “polybool” was used to determined the fraction of a native grid cell in a given

0.1° resolution cell. The fraction was then convolved with the emission of the native cell,

thus giving the fractional emission contribution of the native grid cell to the 0.1° grid
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cell. This methodology was looped for all native and 0.1° grid cells until a 0.1° map

was populated. This method was chosen over an interpolation function as total emissions

within the modelled domain was conserved. Grid cells representing ffCO2 emissions from

the same geographic area were compared across the four inventories without being scaled

to account for the inclusion or exclusion of emissions sectors (as with calculating state

totals and air basin totals in Section 3.2.1).

Comparisons between the spatial distribution of emissions were conducted based on

similar analyses of ffCO2 datasets (e.g., Marland et al., 1999; Gurney et al., 2009; Rayner

et al., 2010; Oda and Maksyutov, 2011; Asefi-Najafabady et al., 2014; Hutchins et al.,

2017). Spatial distribution maps, spatial correlation, sum of absolute differences and cu-

mulative emissions plots were all analysed to gain a greater insight into the similarities and

differences between the four emissions inventories. The cumulative emissions curve was

plotted for each inventory and compared for 0.1° grid cells within California. This was to

ascertain the distribution profile of emissions, i.e. if inventories concentrate emissions at a

small number of high emitting grid cells or if emissions are more evenly distributed. Cor-

relation coefficients were used to compare the spatial distribution of emissions between

inventories. The sum of absolute differences is useful for understanding differences in

the magnitude of emissions across inventories, and was calculated by taking the sum of

the absolute differences between corresponding grid cells at the same location. Also in-

cluded is the logarithm of the ratio of emissions between inventories compared to mean

emissions. This is a useful comparison as data points will cluster around zero when grid

cell emissions are comparable (Marland et al., 1999).

As part of the atmospheric inversion modelling approach explored in this thesis, grid-

ded inventories were coupled with atmospheric transport models to produce simulated

concentrations of ffCO2. In Chapters 4 and 5, we simulated concentrations of ffCO2 by

coupling gridded inventories with transport models with a spatial resolution of 0.1°, 17km

and 25km. Previous findings by Hutchins et al. (2017) showed discrepancies between
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gridded inventories decreased with decreasing spatial resolution in the U.S. Therefore

we regridded the four inventories to both 17 km and 25 km resolutions and repeated the

comparisons outlined above for 0.1° grid cells.

Hutchins et al. (2017) also found that the absolute difference between inventories at

0.1° resolution was largest for large emitting grid cells. Here discrepancies in large point

source emissions were examined by comparing the magnitude of grid cells that had emis-

sions of greater than or equal to 0.1 Mt C/yr according to CARB’s mandatory reporting

regulation (MRR) program. Large point sources inventoried by CARB were downloaded

from CARB’s MRR website (https://ww2.arb.ca.gov/mrr-data) and converted from points

to the gridded 0.1° inventory map in MATLAB®. This resulted in certain grid cells con-

taining emissions from multiple large point sources.

3.2.3 FFDAS Ensembles

As advocated by Shiga et al. (2014), it is important that inventories start estimating un-

certainty in bottom-up fluxes so as to evaluate certainty in compliance with any interna-

tional CO2 agreements and in constraining fluxes. In the case of FFDAS, attempts have

been made to estimate uncertainty using Monte Carlo simulations described in Asefi-

Najafabady et al. (2014). Ten FFDAS ensembles were downloaded from the FFDAS

website and imported into MATLAB® following the methodology described previously,

with ensemble’s emissions summed across each air basin. The standard deviation was

taken across the ten ensembles and compared to uncertainty calculated for the four inven-

tories in Section 3.2.1 at state-wide, air basin and 0.1° grid cell spatial scales.

3.2.4 Temporal Varying Emissions

We compared state-total diurnal emissions from Vulcan to campaign-averaged Vulcan

emissions to quantify the amplitude in the diurnal cycle of ffCO2 emissions. The ob-
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servation campaigns outlined in Section 2.4 take place over three month-long periods in

May, October-November and January-February. Observations took place at 14:30 PST

(22:30 UTC), therefore we investigated the impact sampling atmospheric concentrations

of ffCO2 in the mid afternoon would have on our results. Monthly averaged emissions

were also compared to annually averaged emissions to assess the seasonal cycle of ffCO2

emissions in California.

3.3 Results

3.3.1 State Total and Air Basin Total Emissions

State-total ffCO2 emissions in California were estimated by Vulcan to be 86.9 Mt C yr-1

in 2002, while the EDGAR, ODIAC and FFDAS 2008 estimates were 104.7, 88, and

82.7 Mt C yr-1, respectively (Table 3.2). The standard deviation across the four state

total emissions was ~11% , approximately 4-5 times larger than the uncertainty in ffCO2

emissions for the U.S. (3-5% 2-sv, U.S. EPA, 2006). The standard deviation in emission

estimates assumes a normal distribution, the associated uncertainty in this distribution, svs,

was estimated using (Kenney and Keeping, 1951):

σs = σ
√

k(N) (3.1)

Where σ is the standard deviation of emissions across inventory maps and k(N) is

given by:

k(N) =
1
N

[
N −1−

2G2 (N
2

)
G

2 (N−1
2

)] (3.2)
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Where G is a gamma function. For a sample size of N = 4, σs = 0.34σ , hence the

uncertainty in the standard deviation of California’s emissions is 3.3 Mt C or ~4% of the

mean state-total emissions.

At the sub-state air basin level, the standard deviation across the four emission maps

corresponds to percentage uncertainties of between 4% and 100% (Table 3.2). As ex-

pected, the highest emitting air basins were in the metropolitan regions of greater Los

Angeles (included in the South Coast air basin), the San Francisco Bay Area and the San

Joaquin Valleys, with substantial emissions also from San Diego and the Sacramento Val-

ley. In general, the standard deviation across air basin emissions was considerably higher

than state-total 1-sv. For the three highest emitting air basins, the standard deviation was

12%, 22% and 35% in emissions from the South Coast, San Francisco Bay, and the San

Joaquin Valley respectively. However rural air basins have the highest percentage un-

certainty. As shown in Figure 3.3, this is due to differences in the spatial methods, for

example, rural emissions not being represented by nightlights in ODIAC, whilst EDGAR

estimates large emissions on rural highways.

Figure 3.2 shows the time series of state total emissions from both gridded and tabular

inventories. We can see all inventories estimate reduced emissions from 2007 onwards.

This is probably not a reflection on the success of the AB-32 law signed the year before,

but due to the financial crises of 2007-2008. CARB-IE represents emissions estimates

from CARB with imported electricity included in state totals, which adds an additional

~10% to total emissions.

The Root Mean Square Error (RMSE) between EDGAR, FFDAS CARB and EIA has

a weakly decreasing trend of ~0.2 Mt C/yr over the period 2000-2010. Therefore the

spread in emissions estimates is not changing significantly with time. Hence, comparing

years 2002 and 2008 would result in a ~1Mt C difference between estimates, small in

comparison to the annual RMSE between estimates. Furthermore, CARB estimates state-

total ffCO2 emission of 97, 94 and 91 Mt C yr-1, in 2002, 2008 and 2014-15 respectively.
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Native grid (incl cement & excl bunker/airborne emissions)

Air Basin Name
EDGAR ODIAC FFDAS Vulcan 1−σ

(Mt C/yr) (Mt C/yr) (Mt C/yr) (Mt C/yr) (%)
1 North Coast 1.6 0.5 0.5 1.0 59
2 Northeast Plateau 1.3 0.2 0.3 0.4 96
3 Sacramento Valley 7.4 6.2 6.4 6.8 8
4 Mountain Counties 2.1 0.8 0.8 2.2 51
5 Lake County 0.2 0.1 0.1 0.1 65
6 Lake Tahoe 0.1 0 0 0.1 42
7 Great Basin Valleys 0.6 0.1 0.1 0.2 100
8 San Joaquin Valley 20.2 14.7 11.9 8.6 35
9 North Central Coast 2.2 2.0 1.5 6.0 71
10 Mojave Desert 4.3 4.4 4.5 6.1 17
11 South Central Coast 3.4 3.1 2.7 4.4 21
12 Salton Sea 1.7 3.6 4.7 1.4 55
13 San Francisco Bay 17.5 12.1 11.1 16.4 22
14 South Coast 35.5 33.8 31.2 26.9 12
15 San Diego 6.6 6.4 6.9 6.6 4

Total California 104.7 88.0 82.7 86.9 11

Table 3.2: Annual emissions for each air basin and state total in units of Mt C yr-1. Also
shown is the standard deviation across the four inventories (Table 2 in Fischer et al., 2017),
and the standard error of the mean standard deviation. Air basin numbers correspond to
those marked in Figure 3.1.

These differences are again within the RMSE across inventories. Therefore it was deemed

that the use of inventories produced for the years 2002 and 2008 to estimate emissions

when our observation campaign took place in 2014 and 2015 would not substantially

affect our conclusions.

3.3.2 Spatial Distribution of Emissions

When visually comparing the four inventories in Figure 3.3, we can see similarities and

dissimilarities between the inventory’s spatial distribution methods. For example, the

metropolitan regions of greater Los Angeles and the San Francisco Bay area show up

distinctively in all inventories, however differences in spatial distribution method are ap-

parent in rural areas. Vulcan and EDGAR estimate large emissions in rural highways
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Figure 3.2: Time series of ffCO2 emissions estimates (top), and Root Mean Square Error
(RMSE) between CARB, EIA, EDGAR and FFDAS for the period 2000-2010 (bottom).
CARB-IE includes CARB estimates of imported electricity.

(Figs. 3.3 a & b) due to the inclusion of road emissions, whereas ODIAC and FFDAS

have relatively sparse rural emissions (Figs. 3.3 c & d). Rural emissions, by definition,

do not contain large population centres, therefore using population density or nightlights

to distribute methods as employed by ODIAC and FFDAS would struggle to represent

emissions not accounted for by large point source datasets.

To determine the discrepancies at a 0.1° grid cell level, the standard deviation was

taken across the four inventories at each grid cell (Fig. 3.3 f). The range in 1-sv across

grid cells was between 3-200% of mean emissions (Fig. 3.3 e) with a mean of ~120%. To

examine differences in the inventory’s spatial distribution methods, we plot the cumulative
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Figure 3.3: Annual mean ffCO2 emissions in California from the four bottom-up emission
inventory maps: a) Vulcan, b) EDGAR, c) FFDAS and d) ODIAC, e) mean of four models
and f), standard deviation of four models (Fig. 2 in Fischer et al., 2017). Logarithmic plots
are to the base 10.

emissions going from least to highest emitting grid cells (Fig. 3.4, top). The rate of

increase in cumulative emissions for both EDGAR and Vulcan is at a faster rate compared
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Figure 3.4: Cumulative emissions for the four gridded inventories (top). Grid cells were
arranged in ascending order and compared for 4,690 non-zero 0.1° Vulcan grid cells in
California. The bottom plot shows the cumulative emissions uncertainty as a percentage
of the average total flux between the four inventories (91.65 Mt C)

to ODIAC and FFDAS. This indicates that EDGAR and Vulcan attribute more emissions

to low emitting grid cells, hence emissions are less concentrated in major urban areas.

FFDAS and ODIAC cumulative emissions curves indicate they attribute the majority of

emissions to a small number of high emitting cells. Cumulative uncertainty increases in

a likewise fashion, with largest contribution of uncertainty from the high emitting grid

cells. This implies that in absolute terms, high emitting grid cells contain the highest

uncertainty.

Another metric to compare agreement between grid cell emissions is by calculating

the correlation coefficient between inventories (Table 3.3). There is a large variation in

correlation between inventories with Vulcan and EDGAR having a correlation of 0.56
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Correlation Coefficient Absolute Difference (Mt C)
0.1° 17 km 25 km 0.1° 17 km 25 km

Vulcan v EDGAR 0.56 0.82 0.89 12.4 12.8 12.5
Vulcan v ODIAC 0.71 0.84 0.90 0.7 3.8 3.6
Vulcan v FFDAS 0.74 0.82 0.86 11.3 11.6 11.6

EDGAR v ODIAC 0.57 0.80 0.89 13.1 16.6 16.1
EDGAR v FFDAS 0.51 0.81 0.86 23.7 24.4 24.0
ODIAC v FFDAS 0.85 0.92 0.97 10.6 7.8 8.0

Table 3.3: Correlation coefficient for the inventory datasets along with absolute difference
between statewide emissions estimates.

whilst ODIAC and FFDAS have a correlation of 0.85. To determine why these differences

exist, Figure 3.5 shows the ratio of Vulcan compared to EDGAR, ODIAC and FFDAS.

Noticeable is that Vulcan places more emissions in lower emitting grid cells, another

symptom of Vulcan spreading emissions over regions uniformly. At 0.1° resolution, Vul-

can has the best agreement with FFDAS with a correlation coefficient of 0.74 (Table 3.3),

higher than previously found by 0.62 U.S. correlation in Hutchins et al. (2017), however

lower than found by previous research by Asefi-Najafabady et al. (2014), which calcu-

lated a correlation coefficient of 0.86 between Vulcan and FFDAS at 0.1° for the U.S.

However, this approach did not include the cement sector from Vulcan, while this analy-

sis included emissions from all sectors (including cement) in Vulcan. Removing cement

emissions from Vulcan, we found that the correlation in California was unchanged (0.74)

when cement emissions were excluded. The unchanged correlation coefficient indicates

that the omission of emissions from cement in California’s emissions is not as significant

as in national U.S. emissions.

The fact that ODIAC and FFDAS have a good correlation is unsurprising as both

inventories use nightlights to downscale emissions. This is reflected by the tendency of

both FFDAS and ODIAC to concentrate the majority of their emissions to high emitting

grid cells in urban areas. From Figure 3.5d, we see that the ratio between ODIAC and

FFDAS grid cells cluster around 1 for all values of mean emissions.

There does not appear to be a link between correlation and absolute difference in
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statewide emissions. This shows that even if inventories have similar methods to dis-

tribute emissions spatially, there is still a significant difference in the magnitude of grid

cell emissions. This could be due to the different national emissions datasets used by

inventories.

3.3.2.1 Coarser Spatial Resolution

Previous research by Hutchins et al. (2017) found that correlations between emissions

improved when coarsening spatial resolution. Furthermore in Chapters 4 and 5 we in-

vestigate coupling gridded inventories with the atmospheric transport models outlined in

Section 2.2. When coarsening the spatial resolution to 17km, the range in standard devia-

tion between grid cells remained approximately the same, however mean 1-sv was reduced

to ~98%. Furthermore, the relationship between EDGAR, ODIAC, FFDAS and Vulcan

strengthens with correlation coefficients of 0.82, 0.84, and 0.82 respectively (Table 3.3).

EDGAR shows the largest increase in correlation coefficient and has approximately the

same correlation to Vulcan as ODIAC and FFDAS. Coarsening the resolution further to

25km again results in lower mean standard deviation across grid cells (89% of mean

emissions) and higher correlations between inventories. The improvement in correlation

is shown in Figure 3.5, where the ratio of Vulcan to EDGAR at 25km tends to fit the x axis

better than the 0.1° grid cells. These results imply differences between inventories using

different emissions data and distribution methodologies are reduced for lower resolutions.

When regridded to 17km and 25km, the cumulative emissions curves follow roughly

the same pattern as the 0.1° example (Figure A.1). The sum of the absolute difference was

shown not to change significantly when regridding between resolutions. Therefore greater

correlation may not translate exactly into magnitude difference. This is different from the

findings by Hutchins et al. (2017) that found a decrease in the absolute difference when

going to coarser resolutions. However, Hutchins et al. (2017) was investigating spatial

resolution to 1°, 2° and 3°, and over a much larger extent (the contiguous U.S.).
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Figure 3.5: The ratio of Vulcan to a. EDGAR, b. ODIAC and c. FFDAS hybrid invento-
ries at 0.1° plotted against mean emissions across the four inventories. Also shown is the
ratio of e. Vulcan to EDGAR and f. ODIAC to FFDAS at a 25km grid cell resolution.

3.3.2.2 Inter Annual Changes in Emissions

In Section 3.3.1, all inventories showed a decrease in emission due to the financial crises.

To determine if inventories attribute the reduction to similar 0.1° grid cells, we compared

78



Chapter 3. A Comparison of Fossil Fuel CO2 Emissions Inventories in California

a.

c.

b.

Figure 3.6: Percentage change in a. EDGAR, b. ODIAC and c. FFDAS from 2005 and
2008 at native grid resolutions.

the change in gridded inventories between the years 2005 and 2008. From Figure 3.2,

there does not appear to be a significant change in state total emissions estimates for this

time period, however looking at the changes per grid cell (Figure 3.6), we see a percentage

change in grid cells emission that is significantly different between inventories. Changes

in FFDAS and EDGAR emissions are based on changes in sectoral fuel consumption,

with some FFDAS grid cell emissions changing by up to ±100%. For ODIAC however,

changes are uniformly scaled over the United States. From Section 1.2.2 we note that

ODIAC is based on CDIAC emissions estimates. When looking at CDIAC emissions be-

tween 2005 and 2008 there is a -3% reduction in emissions (CDIAC 2018), thus ODIAC

is simply reducing emissions uniformly and presuming the same spatial pattern of emis-

sions over the time period. These results show that although there might be a similar trend

in emissions on a state-wide level, there is large disagreement between on how grid cell

79



3.3. Results

emissions change with time due to discrepancies between spatial distribution methods.

3.3.3 Large Point Sources

Here we compare the four inventories to CARB’s large point source mandatory reporting

regulation (MRR) program (Section 1.4) at a 0.1° resolution from 2008. Large point

source emissions are reported by CARB’s MRR for (1) all facilities that emit specific

categories of emissions (e.g. Electricity generation and cement production) that report

emissions regardless of magnitude of emissions, and (2) facilities that emit more than

10,000 metric tons of CO2e over a calendar year from other specific emissions categories

(e.g. iron and steel production) (CARB, 2017). EDGAR contains self reported large

point source emissions in their methodology, although no reference to a specific large

point source inventory is given. ODIAC’s large point source emissions are informed by

CARMA. FFDAS uses two different databases of global power plant emissions: where

ffCO2 information on power plant emissions and location is publicly disclosed in the

U.S., the information is used directly. Remaining data is based on the World Electric

Power Plants (WEPP) database. Vulcan estimates large point source emissions by using

several datasets (National Emissions Inventory (NEI) and EPA ETS/CEMs; Gurney et al.,

2009). The NEI include emissions estimates from all large point sources, whilst CARMA

and WEPP estimates CO2 emissions from electrical generation only.

The 58 grid cells that emit more than 0.1 Mt C per year according to CARB’s Manda-

tory Reporting Regulation (MRR) in 2008 were plotted against corresponding grid cells

in EDGAR, ODIAC, FFDAS and Vulcan. In 40 out of the 58 grid cells CARB MRR

emissions were higher than the gridded inventories (Figure 3.7). This is despite CARMA

and WEPP datasets informing ODIAC and FFDAS respectively. Only EDGAR has sim-

ilar large emitting grid cells greater than 1 Mt C/yr. At 0.1° resolution Vulcan has poor

agreement with emissions from CARB’s MRR. This is unexpected as Vulcan uses the

EPA ETS/CEMs dataset that places all point values in the grid cell corresponding to their
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Figure 3.7: The 58 grid cells that emit greater than 0.1 Mt C per year according to CARB’s
Mandatory Reporting Regulation (MRR) in 2008 plotted against corresponding grid cells
in EDGAR, ODIAC, FFDAS and Vulcan at 0.1° resolution.

geocoded location. This emissions mismatch may be partly attributed to the difference in

years analysed (CARB MRR emissions are estimated for 2008 whilst Vulcan emissions

are estimated for 2002) or the fact that CEMs measured emissions do not always agree

with emissions calculated using material balance (Quick, 2014).

The standard deviation between the 58 grid cells of Figure 3.7 is approximately the

same as average uncertainty over the map (~120%), hence in absolute terms, uncertainty

is largest at these large emitting grid cells. Ackerman and Sundquist (2008) compared

EIA and the Environmental Protection Agency’s (EPA) eGRID emission estimates from

individual U.S. power plants and found uncertainty was on the order of ~20%. The large

standard deviation in our results could be due to the fact that we include all emissions

within grid cells and not just from power plants.

What is clear from our results, and from other studies, is the necessity for improve-
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ments in the geo-location and characterisation of large point sources in ffCO2 inventories

(Ackerman and Sundquist, 2008; Hutchins et al., 2017). Recent efforts by Turnbull et al.

(2016) have demonstrated that using atmospheric observations and modelling ffCO2 emis-

sions from large point sources could reduce uncertainty to within 10%. Thus, a hybrid

approach of emissions reporting and atmospheric observation estimates could allow reli-

able independent evaluation of large point source emissions in the future.

3.3.4 FFDAS Ensembles

FFDAS applies a Monte Carlo simulation approach to estimate uncertainties in ffCO2

emission associated with uncertain fuel consumption statistics or activity data in the spa-

tial distributing of emissions. The standard deviation was taken across the ten ensembles

and compared to the uncertainty calculated between the four inventories in Section 3.2.1.

As shown in Table 3.4, the state-wide standard deviation across the FFDAS ensembles is

only 2%, compared to the 11% 1-sv across the four inventories. For most air basins, the

1-sv across ensembles is also significantly less than across inventories. Only the air basins

of Sacramento and San Diego have an ensemble standard deviation that is larger than the

1-sv across inventories, with the large uncertainty in Sacramento Valley being a result of a

small number of highly uncertain grid cells in the ensemble approach driving overall air

basin 1-sv. Whereas the standard deviation across inventories is larger for rural air basins,

there does not seem to be a link between uncertainty in rural and urban air basins across

ensembles.

The 1-sv across the ensembles is characterized by a large number of grid cells with

small uncertainty with a small number of grid cells with a relatively high standard devia-

tion (Figure 3.8a). Comparing Figures 3.8a and Figure 3.3f, the 1-sv across grid cells is, on

average, considerably larger when compared across the different inventories. Furthermore,

as shown in Figure 3.8b, the 1-sv across grid cells when comparing the four inventories

approximately follows the 1-1 line for all emission values (the standard deviation ranges
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Figure 3.8: (a) FFDAS ensemble uncertainty plotted as a standard deviation. (b) the
standard deviation plotted against mean emissions from the four inventories and (c) the
standard deviation across the FFDAS ensembles plotted against mean emissions from the
four inventories.

from 3% to 200% with a mean of ~120%). The standard deviation across ensemble grid

cells in Figure 3.8c is predominantly below the 1-1 line, implying discrepancies across en-

sembles are less than emissions, with a mean standard deviation of only ~19%. Thus we

can conclude that comparing FFDAS Monte Carlo ensemble runs does not fully capture

the range of uncertainty found by comparing inventories that use different emissions data

and emissions distribution methodologies. To examine if this was still the case even under

the assumption that EDGAR is an outlier, we took the standard deviation across ODIAC,

FFDAS and Vulcan estimates only. Even when EDGAR was removed, the standard de-

viation across the three remaining inventories is ~114%, only slightly less than when in-

cluding all four inventories. Hence we can again conclude that comparing FFDAS Monte

Carlo ensemble runs does not fully capture the range of uncertainty found by comparing

inventories that use different emissions data and emissions distribution methodologies.

83



3.3. Results

Native grid (incl cement & excl bunker/airborne emissions)

Air Basin Name
FFDAS 1-sv FFDAS Ens. 1-sv Inventories

(Mt C/yr) (%) (%)
1 North Coast 0.5 4 59
2 Northeast Plateau 0.3 4 96
3 Sacramento Valley 6.4 11 8
4 Mountain Counties 0.8 6 51
5 Lake County 0.1 9 65
6 Lake Tahoe 0 5 42
7 Great Basin Valleys 0.1 10 100
8 San Joaquin Valley 11.9 2 35
9 North Central Coast 1.5 2 71
10 Mojave Desert 4.5 3 17
11 South Central Coast 2.7 3 21
12 Salton Sea 4.7 37 55
13 San Francisco Bay 11.1 2 22
14 South Coast 31.2 2 12
15 San Diego 6.9 9 4

Total California 82.7 2 11

Table 3.4: FFDAS annual emissions for each air basin and state total in units of Mt
C yr-1along with the standard deviation across the FFDAS ensembles and inventories
respectively. Air basin numbers correspond to those marked in Figure 3.1.

3.3.5 Diurnal Emissions

To assess the difference in temporally varying to temporally invariant emissions, we first

compared hourly Vulcan to campaign-averaged Vulcan estimates to quantify the average

diurnal cycle in ffCO2 emissions. The resulting state-total peak-to-peak amplitude in

diurnal emissions is approximately 90% for all three campaigns (Fig. 3.9). This is similar

to the diurnal cycle found by Peylin et al. (2011) in Europe (∼80% peak-to-peak). The

amplitude of the seasonal cycle is considerably smaller than the diurnal cycle with a peak

to peak difference of ~15%, the same as was found by Gregg and Andres (2008) for

latitude and longitude bands which encompass California. Although the diurnal amplitude

found in Europe by Peylin et al. (2011) is similar to our findings, the seasonal cycle in

Europe was ∼40%, much larger than what was found here. This is possibly due to greater

temporal emission variations of certain sources, for example domestic heating, depend on
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Figure 3.9: Vulcan diurnal emissions normalized to campaign averaged emissions for
the 3 campaigns (see Section 1.4.2) (left). The vertical black line represents the time
observations were taken during the campaign. Average monthly emissions normalized to
Vulcan annual emissions (right). Shown is annually averaged EDGAR emissions (grey).

regional variations in climatic conditions. Although the seasonal cycle in California has

a small amplitude, the three month long campaigns take place at maxima (Jan-Feb) or

minima (May, Oct-Nov) of the seasonal cycle (Fig. 3.9b).

The time of observation, 14:30 PST (22:30 UTC), occurs during elevated emissions

in the mid afternoon (Fig. 3.9a). Here emissions were ~30% higher than monthly aver-

aged emissions. To put the temporal variations in context, this is approximately twice the

difference when comparing temporally invariant EDGAR emissions (shown by the grey

line in Figure 3.9b) to annually averaged Vulcan emissions. Furthermore, peak-to-peak

values of the seasonal cycle amplitude are approximately equal to the difference in annu-

ally averaged Vulcan emissions to EDGAR, and diurnal cycle amplitudes are significantly

larger than the annual inventory difference. Previous work by Turnbull et al. (2015) that

analysed ffCO2 emissions around observation sites found that although elevated emis-

sions occurred in the mid afternoon, the elevated planetary boundary layer height during

these times mitigated the elevation in atmospheric ffCO2 concentration. The impact of
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temporal variations in emissions on simulated ffCO2 is investigated in Chapter 4.

3.4 Discussion

The results presented here indicate that discrepancies between gridded inventories of

ffCO2 are dominated by both choice of spatial distribution method and how large point

source emissions are accounted for. The 11% 1-sv uncertainty in gridded inventory esti-

mates of California’s emissions is of the same order as the state’s reduction targets (15%

compared to business as usual). This agrees with previous studies that estimating emis-

sions at a U.S. state or European country level to within 10% is a significant challenge

(Peylin et al., 2011). The gridded and tabular inventories shown here exhibit a decrease in

inter-annual emissions after 2007, suggesting that inventories still capture similar trends

in emissions. Furthermore, no inventory picks up the significant increase in 2009-2010

emissions shown in Peters et al. (2011), and CARB remains relatively unchanged after

2010, tentatively suggesting the success of AB-32. However this result is based on the

inventories analysed here alone.

To characterize how the standard deviation changes with spatial resolution, we plot-

ted the uncertainty in state, air basin, and three different grid cell spatial resolutions in

Figure 3.10. Our results show that at spatial resolutions off less than 1000 km2 uncer-

tainty stays approximately constant. This constancy suggests that increasing the spatial

resolution of gridded emissions inventories does not necessarily increase total uncertainty

over a domain, with total uncertainty being dominated by high emitting - high uncertainty

grid cells (as also found in section 3.3.3). Only at the state total and air basin scale does

the cumulative weight of low emissions (with high uncertainty) increases the percentage

uncertainty. Although our results in Section 3.3.2 show that correlation improves signif-

icantly at the grid cell level when the resolution decreases to 17km and 25km, if one is

only interested in the total uncertainty over a domain such as California, it is high emitting
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Figure 3.10: Summary of the 1-sv uncertainty at different spatial scales as a percentage of
total state emissions. The grey line represents maximum to minimum values of air basin
area. State total (CA) percentage uncertainty was calculated by taking the standard devi-
ation across the four inventory totals for California and dividing by mean state emissions.
Air basin (AB) uncertainty is calculated by summing the square of the standard deviation
for each air basin, taking the square root of the result, then dividing by mean state total
emissions. Similarly, the cumulative uncertainty for each grid cell spatial resolution was
estimated by summing the square of the standard deviation in each grid cell across the
domain of California, taking the square root of the result, then dividing by mean state
total emissions.

grid cells that have the largest contribution to this total uncertainty, which are more likely

to be concentrated in a few grid cells.

Our findings from Section 3.3.5 indicate that neglecting temporal variations in emis-

sions could significantly bias simulated observations of ffCO2 concentration at a given

observation site, which in turn could bias posterior emissions estimates in atmospheric

inversion modelling. However inversions of CO2 and ffCO2 commonly have temporally

invariant ffCO2 prior emissions (e.g. Rödenbeck et al., 2003; Basu et al., 2016), due to

a lack of global high temporal resolution emissions data. Consequently, in Chapter 4 of

this thesis we explore the effect of assuming temporally incorrect prior emissions on an

atmospheric inversion using the observation network in California. However including

high temporal resolution estimates can come with its own issues; Peylin et al. (2011)
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found significant differences between two hourly emissions estimates produced for sev-

eral countries in Europe, highlighting the fact that high resolution temporal estimates, like

high resolution spatial estimates, can contain large uncertainties. Presently, although re-

cent research has attempted to estimate uncertainties in temporal variations of emissions

based on the number of scaling factors employed to describe hourly emissions (Nassar

et al., 2013), emissions estimates on the scale of hours have not yet been fully quantified.

3.5 Conclusion

This chapter compared four high spatial resolution ffCO2 inventories in California that es-

timate emissions using different emissions datasets and methods to distribute emissions.

Statewide 1-sv between the four inventories was ~11% of mean emissions, a similar per-

centage as overall GHG reduction targets for the state of California. Although the uncer-

tainty at annual-statewide levels was shown to be significant in terms of climate change

mitigation policies, all inventories compared, both gridded and tabular, showed a simi-

lar inter-annual decrease in California’s ffCO2 emissions after 2007, possibly due to the

financial crises.

By comparing the inventories at state, sub state and grid cell level, we were able to

show that increasing the spatial resolution of gridded emissions inventories does not nec-

essarily increase total uncertainty over a domain, with total uncertainty being dominated

by high emitting - high uncertainty grid cells. This is an important result as it highlights

the need for accurate accounting of large point source emitters. Our results also indi-

cate that estimating uncertainty from Monte Carlo ensembles within an inventory, or by

comparing inventories that used the same proxy to distribute emissions spatially, may

underestimate the true scale of discrepancies between gridded inventories.

Finally, we compared the effect of emissions that are temporally varying, both sea-

sonally and diurnally with an annually averaged emissions map, to estimate the degree to
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which emissions may change. From hourly estimates from the Vulcan, we found that the

amplitude of the diurnal cycle in California is ~90% of mean monthly emissions, and is

relatively consistent throughout the year. The seasonal cycle had an amplitude of ~15%.

In context these variations could be much greater than differences in annually averaged

emissions between inventories.
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Chapter 4

Characterizing Uncertainties in

Atmospheric Inversions of Fossil Fuel

CO2 Emissions in California

4.1 Introduction

The U.S. state of California currently emits roughly 100 Mt C of fossil fuel CO2 (ffCO2)

each year (CARB, 2017), or approximately 1% of global emissions (Boden et al., 2017).

The passing of California’s “Global Warming Solutions Act” (AB-32) in 2006 requires

that overall greenhouse gas emissions in California be reduced to their 1990 levels by

2020 (a 15% reduction compared to business as usual emissions) with further reductions

of 40% below 1990 levels planned for 2030, and 80% below by 2050. The California Air

Resources Board (CARB) is responsible for developing and maintaining an inventory of

greenhouse gas emissions to verify these reduction targets. However as shown in Chapter

3, and by previous studies (e.g. Marland et al., 1999; Andres et al., 2012), such invento-

ries may have errors or incomplete knowledge of sources. Uncertainties in inventories of

annual ffCO2 emissions from most developed countries (i.e. UNFCCC Annex I and An-

91



4.1. Introduction

nex II) have been estimated to be between 5-10% (Andres et al., 2012), and uncertainties

can become much larger at subnational levels (Hogue et al., 2016). In Chapter 3 we found

discrepancies between bottom-up gridded inventories of ffCO2 were 11% for California’s

state total emissions, a similar reduction to the state’s GHG reduction targets.

Previous research has suggested that inferring ffCO2 emissions from atmospheric

measurements, including measurements of ffCO2 tracers, could provide independent emis-

sions estimates (e.g. Basu et al.; Fischer et al.). Such estimates are derived from observa-

tions through the use of an atmospheric chemical transport model and a suitable inverse

method in a process often referred to as “inverse modelling” or an “inversion”. As ex-

plained in Section 1.3, distinguishing enhancements of CO2 due to anthropogenic or bio-

genic sources can be done using radiocarbon in CO2 (D14C) measurements, since CO2

emitted from fossil fuel combustion is devoid of 14C due to radioactive decay (Levin,

2003). Atmospheric D14C data have been used by previous studies to estimate ffCO2

over local regions in California to evaluate bottom-up inventories. For example, using

aircraft-based D14C measurements, Turnbull et al. (2014) found ffCO2 emissions from

Sacramento County in February 2009 were broadly consistent (mean difference of -17%,

range: -43% to +133%) with the Vulcan emissions estimate (Turnbull et al., 2011).

Recent studies have shown that both simulated (Fischer et al., 2017) and observed

(Graven et al., 2018) measurements of D14C at a network of sites could be used to es-

timate monthly mean California ffCO2 emissions in a regional inversion with posterior

uncertainties of ~5-8%, levels likely useful for the evaluation of bottom-up ffCO2 emis-

sions estimates. Furthermore, Graven et al. (2018) found their posterior emissions esti-

mates were not significantly different from the California Air Resources Board’s reported

ffCO2 emissions, providing tentative validation of California’s reported ffCO2 emissions

in 2014-15. Although atmospheric inversions may provide a method for estimating emis-

sions that is useful for evaluating emissions reduction policies, such as AB-32, systematic

errors can arise when the atmospheric transport or prior emission models contain errors
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(e.g. Gerbig et al., 2003; Chevallier et al., 2009; Hungershoefer et al., 2010; Liu et al.,

2014; Nassar et al., 2014). Comparisons of CO2 simulated by different transport mod-

els have been conducted globally (e.g. Gurney et al. 2003; Peylin et al. 2013), and on

the European continental scale (Peylin et al., 2011). Peylin et al. (2011) found that the

differences in modelled ffCO2 concentrations using different transport models with the

same emissions was 2-3 times larger than using the same transport model but different

emissions, depending on the location and time of year.

The objective of this chapter is to examine the sensitivity of a regional inversion for

ffCO2 emissions to errors in the prior emissions estimate and transport model in Califor-

nia. We build on previous work by Fischer et al. (2017) that developed an Observation

System Simulation Experiment to estimate the uncertainties in both California statewide

ffCO2 emissions and biospheric fluxes that might be obtained using an atmospheric in-

version. The inversion was driven by a combination of in situ tower and satellite column

measurements from OCO-2, prior flux estimates, a regional atmospheric transport mod-

elling system, and estimated uncertainties in prior CO2 flux models, ffCO2 measurements

using radiocarbon, OCO-2 measurements, and in atmospheric transport. In contrast to

Fischer et al. (2017) we focus only on ffCO2 emissions and use a network of flask sam-

ples without incorporating satellite measurements. Our approach is to use simulation ex-

periments to test whether the inversion can estimate the “true” emissions that were used

to produce the pseudo data, within the uncertainties, when the prior emissions estimate

includes spatial and temporal representation errors within the scope of current emissions

estimates (Vulcan v2.2 and EDGAR v4.2 FT2010). We further test whether the inversion

can estimate “true” emissions, within the uncertainties, when the transport model used

for the prior simulation is different from the transport model used to produce the pseudo

data, emulating transport error.
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4.2 Data & Methods

The analysis approach applies the Bayesian inversion setup outlined in Section 2.1 based

on previous work that combines atmospheric observations, atmospheric transport mod-

elling, prior flux models, and uncertainty specification (Jeong et al., 2013; Fischer et al.,

2017). Here, the inversion scales prior emission estimates in the 15 air basins (Figure

4.1a, Table 3.2).

4.2.1 Prior Emissions Estimates and Prior Uncertainty

The two prior emissions estimates used here are the gridded inventories EDGAR (version

FT2010) (EDGAR, 2011) for the year 2008 and Vulcan (version 2.2) for 2002 (Gurney

et al., 2009). As detailed in Section 1.2.2, EDGAR emissions are annually averaged

whereas Vulcan is produced hourly. The two models also use different emissions data and

different methods to spatially allocate emissions with annual statewide emissions differing

by 17.8 Mt C (~19% of mean emissions), and up to 11.6 Mt C (~12% of mean statewide

emissions) for individual air basins of California (Table 3.2). Although our campaigns

took place in 2014-2015, we use emissions estimates from Vulcan for the year 2002 and

EDGAR for 2008 as emissions estimates are not available from Vulcan and EDGAR for

2014-15. The difference in state total emissions between 2002, 2008 and 2014-15 is 3-6

Mt C (Figure 3.2; CARB, 2017), much less than the EDGAR-Vulcan difference of 17.8

Mt C. We estimate prior uncertainty in the same way as in Fischer et al. (2017); based on

our comparison of the four gridded emissions estimates (Vulcan v2.2, EDGAR FT2010,

ODIAC v2013 and FFDAS v2) in Section 3.3.1 as well as the comparison across an

ensemble of emissions estimates for FFDAS in Section 3.3.4. The 1-sv uncertainty in the

prior emissions from each air basin was based on the standard deviation across inventories

per air basin (Table 3.2). This was with the exception of the San Diego air basin, which

was taken from the inter FFDAS ensemble comparison (Table 3.4). This estimate of prior
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Figure 4.1: a. The location of the 9 tower sites in the observation network (marked
with black circles): Trinidad Head (THD), Sutter Buttes (STB), Walnut Grove (WGC),
Sutro (STR), Sandia-Livermore (LVR), Victorville (VTR), San Bernardino (SBC), Cal-
tech (CIT) and Scripps Institute of Oceanography (SIO). The 15 air basins are marked
out with black lines with region 16 representing emission from outside California within
the model domain. Under layed is a map of annual mean ffCO2 emissions from the Vul-
can v2.2 emission map within the United States and EDGAR v4.2 (FT2010) for emission
from outside the U.S. b. Scaled EDGAR subtracted from Vulcan emissions map, where
EDGAR has been scaled to have the same air basin total emissions.

uncertainty is referred to as “SD prior uncertainty”. Following Graven et al. (2018), we

also conduct tests with an alternative prior uncertainty of 70% for each air basin. This is

done as to test the effect of a large prior uncertainty on posterior emissions (referred to as

“70% prior uncertainty”). Emissions occurring outside California were assumed to have

an uncertainty of 100% for both cases.

4.2.2 Simulation Experiments

We conduct a series of experiments to test the performance of the inversion in estimating

the true emissions when the emissions estimates or transport models used to produce

pseudo-observations are different to those used to produce prior simulations. The tests

explore the effect differences in the magnitude, spatial distribution, and temporal variation

of prior emissions have on posterior emissions. We also examine the effect of using a
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different transport model to simulate pseudo observations than the transport model used

to simulate prior concentrations. We also examine the effect of using a different transport

models to simulate synthetic observations and prior concentrations.

As part of these experiments, we evaluate the effect of outlier removal on the simula-

tion experiments. Outlier removal is generally used in atmospheric inversions when there

is an issue with the ability of the model to simulate a particular observation. We use the

outlier removal method outlined in Graven et al. (2018) and compare with inversion re-

sults where no outliers are removed. In this outlier removal method, an observation (here,

a pseudo-observation) is designated as an outlier if (1) the absolute difference between the

ffCO2 signals in the observation and (2) the prior simulation is greater than the average of

the observed and simulated ffCO2, and either the observed or simulated ffCO2 is greater

than 5 ppm.

4.2.2.1 Difference in magnitude of emissions

First we test how well the inversion estimates the true emissions if the prior emissions

have a systematic error in magnitude, but no error in the spatial or temporal distribution

of emissions and no error in atmospheric transport. In this experiment, the prior emis-

sions estimate is given by EDGAR and the true ffCO2 signals were generated by scaling

the EDGAR emissions in each air basin to match the annually averaged Vulcan emissions

in that air basins. These differences range from 0.1 Mt C in San Diego to 11.6 Mt C in

the San Joaquin Valley (Table 3.2). The EDGAR state total emissions are 12% higher

than Vulcan, so the bias in the prior estimate in the state total ffCO2 emissions is +12%.

The experiment is run for all the transport models with no temporal variation in emis-

sions. This experiment assesses the performance of the inversion and the strength of the

data constraint provided by the observation network in the simplest case where there are

regional errors in the magnitude of prior emissions.

The above experiment was also run under the assumption of a much smaller observa-
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tional and model transport error (R in Section 2.1.1). Here, the combined observational

and model transport standard deviation was chosen to be 0.1 ppm, hence the diagonal

elements of R were set to be 0.01 ppm, a factor of between 100 and 1,000 times smaller

than choosing realistic values for the diagonal elements of R. This was done to assess to

inversion’s ability to scale prior emissions without and would provide a benchmark as the

maximum possible fit to true emissions.

Finally, we investigated an alternative posterior estimate for emissions using the min-

imum least squares solution using the equation (Rodgers, 2000):

xa =
(
HT H

)−1 (HT y
)

(4.1)

This provides us with a posterior emissions estimate without any prior and no Bayesian

optimization.

4.2.2.2 Difference in spatial distribution of emissions

To investigate the bias in the posterior emissions estimate that could result from errors in

the spatial distribution of prior emissions within each air basin, we now use annually av-

eraged Vulcan emissions as the true emissions and EDGAR emissions scaled in each air

basin to match the annually averaged Vulcan emissions in that region as the prior estimate

of emissions. In this experiment, the prior estimate of the total emissions in each air basin

is unbiased, and we assess how differences in the spatial distribution of emissions be-

tween Vulcan and EDGAR in each air basin may lead to a bias in the posterior emissions

estimate. As shown in Figure 4.1b, most significant discrepancies in spatial distribution

are in the major urban areas of Los Angeles and the San Francisco Bay. This experiment

is also run for all the transport models using the same transport model for both the true

and prior simulation and including no temporal variation in emissions.
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4.2.2.3 Difference in temporal variation of emissions

To assess the impact of temporally-varying emissions on the inversion result, we gen-

erated true ffCO2 signals with temporally-invariant annually-averaged Vulcan emissions

and prior ffCO2 signals with temporally-varying Vulcan emissions. We scaled the temporally-

varying Vulcan emissions in each air basin so that the total ffCO2 emissions were the same

magnitude as the total ffCO2 emissions in the annually averaged Vulcan emissions for

each field campaign. As shown in Figure 3.9b, scaling was less than 10% of annual mean

emissions with campaigns occurring during maxima and minima of the annual emissions

cycle. Here the prior estimate is again unbiased, and we assess how differences in the

diurnal variation of emissions (see Fig 3.9a) may lead to a bias in the posterior emissions

estimate. This experiment is also run for all the transport models using the same transport

model for both the true and prior simulation.

4.2.2.4 Difference in Atmospheric Transport

To test the effect of a systematic error in the atmospheric transport of emissions, the same

emissions estimate (annually-averaged Vulcan) is coupled with two different transport

models to generate prior and true ffCO2 signals. WS-LBL is considered the “true” at-

mospheric transport while UM-NAME and WS-CTL are used for the prior simulation

in individual experiments. Here the prior estimate is again unbiased, and we assess how

differences in the modelled atmospheric transport may lead to a bias in the posterior emis-

sions estimate.
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4.3 Results

4.3.1 Simulated ffCO2 Observations

Before presenting the results of the inversion experiments, we first examine simulated

ffCO2 contributions from each of the 15 Californian air basins and one region outside

California at each of the 9 observation sites. This allows us to quantify which air basins

have the largest influence on simulated concentrations at observation sites and better in-

terpret the results of the experiments. Figure 4.2 shows simulated concentrations at ob-

servation sites resulting from emissions in the 6 highest-emitting air basins in California,

and from outside California. The highest signals (> 10 ppm) are simulated at urban sites

(e.g. CIT and SBC) for emissions from urban air basins (e.g., South Coast, 14.SC). The 9

air basins not shown in Fig. 4.2 contributed signals below 0.1 ppm due to the small size

or low emissions of the air basin (e.g. Lake County and Lake Tahoe), or distance from

the observation network (e.g. Northeast Plateau, Great Basin Valleys and Salton Sea). All

transport models show simulated signals are, in general, elevated in more air basins in

the Oct-Nov and Jan-Feb campaigns, however WS-CTL simulates elevated signals from

fewer air basins than UM-NAME or WS-LBL.

In our simulation experiments, signals from outside California are generally small

compared to the total signal for most sites (<10% on average), although they can average

20-50% for STB, STR, SLT and SIO for individual campaigns. For THD, a larger influ-

ence from outside California is found, 10-90%, due to a combination of relatively low

local emissions and northerly winds transporting emissions from the northwestern United

States and Canada to the THD observation site located near the northern border of the

state.
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Figure 4.2: The average ffCO2 signal (ppm) simulated by each atmospheric transport
model as a result of emissions from the 6 largest emitting air basins and one outside
California region at each observation site over the three measurement campaigns. Signals
were simulated based on the EDGAR emission map.

4.3.2 Difference in magnitude of emissions

Figure 4.3 (a) shows the statewide inversion result for the experiment testing the effect

of a bias in magnitude in regional emissions in the prior simulation. In this figure, and

similar figures that follow for the other experiments, prior estimates are represented by

black markers and posterior estimates are represented by coloured markers, with the 2-sv

uncertainty on the x-axis and the bias relative to the truth on the y-axis. The diagonal

lines show the 1:1 and 1:-1 lines, so that a marker lying to the right of these lines indicate

the posterior bias is smaller than the posterior uncertainty, whereas a marker to the left

of these lines indicate the posterior bias is larger than the posterior uncertainty. Filled

markers show results using SD prior uncertainty and empty markers show results using
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70% prior uncertainty. Prior and posterior uncertainties are expressed as 2-sv.

For all transport models and campaigns, the inversion is able to reduce prior bias and

scale posterior emissions towards the truth. The +12% bias in the statewide emissions

in the prior was reduced to a posterior bias of between 0 and +9% (mean bias = +5%)

for SD prior uncertainty. Using 70% prior uncertainty reduced prior bias to between -3

and +6 (mean = +1%). Statewide posterior uncertainty of 10-14% (mean 12%) and 14-

32% (mean = 21%) for SD and 70% prior uncertainty respectively, where uncertainty is

expressed as 2-sv, lower than the statewide prior uncertainties of 16% for SD and 69% for

70% prior uncertainty. There were no outliers identified in this experiment.

To determine what is driving the statewide results, we examine the individual air basin

inversion results. Figure 4.3 (b) shows the inversion results for the six main emission re-

gions of California, with San Joaquin Valley (8.SJV) and South Coast (14.SC) having the

largest prior biases. For the San Joaquin Valley (8.SJV) and South Coast (14.SC) regions

with the largest prior bias, the biases are reduced in most cases, however, only the poste-

rior estimates from the 70% prior uncertainty experiment overlap the true emissions. The

posterior estimates for SD prior uncertainty do not overlap with the truth, indicating that

the 2-sv prior uncertainty of 24% in South Coast (14.SC), for example, restricts the inver-

sion from eliminating biases of 30% in these regions (Table 3.2), given the observations

available. The 9 air basins omitted from Fig. 4.3(b) are generally not being scaled by

the inversion due to a lack of constraint from the observation network, low emissions, or

small prior uncertainty (Figure A.2).

The bias in the posterior estimate of statewide emissions is larger in May than in

Oct-Nov and Jan-Feb (Fig 4.3a). This poorer performance of the inversion in May can

be largely attributed to the San Joaquin Valley (8.SJV), where the posterior emissions

are largely unchanged from the prior in May. There is no observation site in the San

Joaquin Valley, and as shown in Fig. 4.2, emissions in the San Joaquin Valley do not

reach observation sites in neighboring air basins in May, but they do reach these sites in
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Figure 4.3: (a) Statewide and (b) individual air basin inversion results for an error in the
magnitude of prior emissions. Prior emissions are given by EDGAR and true emissions
are given by EDGAR scaled to Vulcan total in each air basin. Air basin results are shown
for Sacramento Valley (3.SV), San Francisco Bay (13.SFB), San Joaquin Valley (8.SJV),
Mojave Desert (10.MD), South Coast (14.SC) and San Diego (15.SD). Prior results are
presented by black markers and posterior results are represented by coloured markers.
Filled markers show results using SD prior uncertainty and empty markers show results
using 70% prior uncertainty. The prior bias in each air basin is given by the dashed lines
in (b) with SD prior uncertainty (dark grey) and 70% prior uncertainty (light grey). Prior
and posterior uncertainties are expressed as 2-sv. The bottom plot (c) shows the mean
signal error in simulated average ffCO2 concentration. Mean signal error is calculated by
subtracting the average true signal from the average prior signal. Error lines are drawn
between the maximum and minimum signal bias per campaign.
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Figure 4.4: The q2 test for each observation site.

Oct-Nov and Jan-Feb. In contrast, the South Coast (14.SC) influences several sites in all

campaigns (Fig. 4.2). Both CIT and SBC show prior signals are too high compared to

true signals for all campaigns and models (Fig. 4.3c), reflecting the positive bias in prior

emissions in the South Coast region, which is reduced in the posterior.

When testing for an observational and modelled transport uncertainty of 0.1 ppm,

statewide posterior emissions were within ±3 Mt C of true emissions across transport

models and campaigns. These results are significantly closer to true emissions than us-

ing realistic values for R shown in Figure 4.3. This provides an upper bound for the

performance of the inversion.

Using the minimum least squared solution, statewide bias was found to be 0. For all

other experiments in this Chapter, statewide bias was considerably larger than using the

Bayesian inversion method. Therefore we concluded that only under the naive assump-

tion of perfect transport and perfect temporal and spatial distribution of emissions is the

minimum least squares solution useful to consider.

For magnitude error experiment we calculated the q2 across the inversion and for

each individual site. This shows if the choice of covariance is reasonable compared to the

model-data mismatch. If the choice of covariance is reasonable, q2should be close to 1
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(see e.g. Michalak et al. 2005). If q2 is less than 1 this indicates that covariance is too

large. For the entire inversion, the q2 value was below 0.1, indicating that the assigned

errors in the inversion are too large. However on a site by site basis, q2 is approx. 1 for

urban sites CIT and SBC (Figure 4.4), suggesting that choice of uncertainty is sufficient

for these sites, and generally too large for other more rural observation sites. q2 values

larger than 2 for select campaigns are due to 1-2 days whereby the difference between

simulated observations and prior concentration was large, impacting the final q2 value.

4.3.3 Difference in spatial distribution of emissions

The statewide inversion results for the experiment including errors in the spatial distri-

bution of emissions are shown in Figure 4.5 (a). In this case the magnitude of prior

emissions in each air basin is equal to true emissions and we aim to quantify how errors

in the spatial distribution of emissions (EDGAR as prior and Vulcan as true distribution)

lead to bias in posterior emissions estimates. Posterior emissions are negatively biased,

apart from WS-LBL in January-February. Posterior bias was between -10% and +1%

(mean -4%) for SD prior uncertainty and between -10% and +4% (mean = -4%) for 70%

prior uncertainty across transport models and campaigns. As might be expected from the

experimental setup with an unbiased prior, posterior emissions estimates generated using

SD prior uncertainty have a smaller mean bias and smaller range of posterior estimates

compared to those generated using 70% prior uncertainty. Statewide uncertainty was re-

duced from 16% to 10-14% (mean = 12%) for SD prior uncertainty and from 58% to

14-21% (mean = 18%) for 70% air basin prior uncertainty. Biases induced are smaller

than the 2-sv posterior uncertainty across all transport models, campaigns and choice of

prior uncertainty.

For 70% prior uncertainty, posterior emissions results in the two largest emitting air

basins, the San Francisco Bay and South Coast, are also negatively biased in most cases

(Fig 4.5b). In several cases, posterior biases are larger than the associated posterior un-
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Figure 4.5: (a) Statewide and (b) individual air basin inversion results for an error in the
spatial distribution of prior emissions. Prior emissions are given by EDGAR scaled to
Vulcan emissions totals in each air basin and true emissions are given by Vulcan. The
bottom plot (c) shows the mean signal error in simulated average ffCO2 concentration.

certainties, for example in the South Coast for WS-LBL in all cases. Considering Figure

4.5 (c), prior ffCO2 signals are being overestimated more often than underestimated, par-

ticularly for the relatively more urban sites CIT and SLT. Sacramento Valley (3.SV) and

the San Joaquin Valley (8.SJV) have higher posterior emissions in WS-LBL, due to the

inversion redistributing lower emissions in the San Francisco Bay (13.SFB) and South

Coast (14.SC).
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Since the prior emissions from EDGAR have been scaled to have the same total as

Vulcan (the true emissions) in each region, the pattern of more negative posterior emis-

sions is only caused by the sub-regional spatial distribution of emissions. Comparing

Vulcan and EDGAR grid cell emissions in Figures 4.1b (and Fig. 3.5), EDGAR tends

to have greater emissions for high-emission grid cells. In other words, the emissions are

more concentrated in EDGAR and more dispersed in Vulcan. This pattern explains the

negative bias in posterior emissions for the urban South Coast air basin. The opposite ef-

fect does not appear to hold for rural observation sites and regions, perhaps because rural

emissions are already rather dispersed and have less of an influence on the observations.

In these experiments, 0-3% of observations were identified as outliers, but excluding

outliers did not change the statewide result significantly (<1% change in mean bias).

4.3.4 Difference in temporal variation of emissions

Figure 4.6 (a) shows the statewide inversion result for the experiment where the emis-

sions are Vulcan temporally-varying in the prior simulation (see Fig. 3.9b) but Vulcan

temporally-invariant in the true simulation. Posterior bias was between -13 and +5%

(mean = -3%) for SD uncertainty and between -15% and +6% (mean = -3%) for 70%

prior uncertainty. Posterior uncertainty was 11-15% (mean = 12%) for SD prior uncer-

tainty and 15-24% (mean = 18%) in posterior emissions for SD (70%) prior uncertainty.

Outlier removal resulted in 0-1% (mean = 0%) of data points being removed, which did

not change the statewide results.

The posterior estimate for WS-LBL in May has a significant negative bias with the SD

posterior bias of -13%, approximately the same magnitude as the associated 2-sv posterior

uncertainty. As can be seen by the air basin results of Figure 4.6 (b), the large statewide

bias for WS-LBL in May is being driven by a large regional bias in the South Coast, but

also in the San Francisco Bay and San Diego air basins. These regional biases are larger

than their associated posterior uncertainties. Figure 4.6 (c) shows the prior ffCO2 signals
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Figure 4.6: (a) Statewide and (b) individual air basin inversion results for an error in the
temporal distribution of prior emissions. Prior emissions are given by temporally varying
Vulcan and true emissions are given by annually averaged Vulcan. Prior emissions were
scaled to be the equal in magnitude to annually averaged Vulcan emissions. The bottom
plot (c) shows the mean signal error in simulated average ffCO2 concentration.

at CIT average ~7ppm too high in May for WS-LBL. In contrast, prior ffCO2 signals at

CIT and SBC are too low in Oct-Nov for WS-CTL, leading to a high bias in posterior

emissions from the South Coast. San Diego also exhibited both high and low biases in

the posterior emissions. Overall, temporal variations in emissions led to posterior biases

generally within ±6%, but as large as 15%; however, a consistent pattern in the posterior
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bias due to the temporal representation in emissions was not found.

4.3.5 Difference in Atmospheric Transport

The statewide inversion results for the experiment where the atmospheric transport in the

prior simulation uses WS-CTL or UM-NAME but the atmospheric transport in the true

simulation uses WS-LBL are shown in Figure 4.7 (a). Outliers were identified in these

experiments and we present results for inversions including all data, and where outliers

are removed. When all data are included, differences in modelled atmospheric transport

model introduce a bias in statewide posterior emissions of between -42% and -3% (mean

= -12%) for SD prior uncertainty and between -32% and 0% (mean = -15%) for 70% prior

uncertainty. For one case, using WS-CTL to generate prior signals in October-November,

the bias in the posterior emissions estimate was larger than the 2-sv uncertainty for both

SD and 70% prior uncertainty.

Removing outliers significantly improved the inversion results (Figure 4.8a): the mean

bias was between -10% and 0% (mean = -3%) for SD prior uncertainty and between -9%

and +6% (mean = -5%) for 70% prior uncertainty when outliers were removed. Poste-

rior uncertainty was 9-15% (mean = 12%) and 15-24% (mean = 18%) for SD and 70%

prior uncertainty respectively, with all posterior estimates within 2-sv of the true statewide

emissions. The reduction in posterior bias when outliers are removed is mostly due to the

removal of a few large positive outliers in prior simulated signals by WS-CTL (Figure

4.9). Figure 4.9 illustrates the time series of prior and true signals of ffCO2 with outliers

shown as an x. Outliers removed were between 6.9% and 20.6% of all observations (mean

= 10.5%). This is similar to the fraction of outliers identified in Graven et al. (2018) using

the same method with real data (~8%). It is also similar to that of Jeong et al. (2012,?) (0-

27%) for monthly inversions of CH4 in California using a different method of identifying

outliers where model-data residuals are larger than 3-sv of model-data uncertainty.

While the statewide posterior emissions estimate is significantly biased in only one
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Figure 4.7: Inversion results for an error in atmospheric transport with no outlier removal.
Posterior statewide emissions (a), individual air basin emissions (b), and percentage error
in simulated average ffCO2 concentration (c). Prior emissions are given by EDGAR and
true emissions are given by EDGAR scaled to Vulcan total in each air basin.

case (WS-CTL in Oct-Nov) when outliers are not removed, the posterior emissions esti-

mates for the main emissions regions are significantly biased in several cases (Fig 4.7c).

The largest bias is in the South Coast region where posterior estimates are biased by more

than -75% (with 1% posterior uncertainty) in Oct-Nov when using WS-CTL to generate

prior signals. This large posterior emissions bias in the South Coast and the statewide to-

tal can be attributed to overestimates in prior ffCO2 signal of more than 6ppm on average
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Figure 4.8: Inversion results for an error in atmospheric transport with outliers removed.
Posterior statewide emissions (a), individual air basin emissions (b), and percentage error
in simulated average ffCO2 concentration (c). Prior emissions are given by EDGAR and
true emissions are given by EDGAR scaled to Vulcan total in each air basin.

at CIT and SBC and more than 2ppm at WGC and STR (Fig. 4.8c) due to some high

outliers in the WS-CTL simulations (Fig. 4.9).

To investigate the differences in simulated ffCO2 and assess whether these could be

attributed to specific aspects of modelled meteorology, we compared Planetary Boundary

Layer Height (PBLH) and wind speed in WS-LBL and the UM for 5 of the 9 observation

sites where PBLH output was available. PBLH was not available for WS-CTL. Esti-
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Figure 4.9: All simulated ffCO2 from May (first column), October-November (second
column), and January-February (third column). Simulated ffCO2 using WS-LBL are
shown in black markers (triangles for May, squares for Oct-Nov and diamonds for Jan-
Feb) whilst prior WS-CTL signals are shown in blue and UM-NAME signals in ma-
genta. All simulated signals are generated using the Vulcan gridded emissions map. The
fourth column shows true vs prior ffCO2 signals, with colours corresponding to models
and markers corresponding to campaigns. Outliers omitted from the standard inversion
are shown by an x.
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mates for PBLH in WS-LBL are based on the Mellor–Yamada–Nakanishi–Niino version

2 (MYNN2) parameterization scheme that estimates PBLH using localized turbulence

kinetic energy closure parameterization (Nakanishi and Niino 2004, 2006). Estimates of

PBLH are calculated internally within the UM. PBLH and wind speed were averaged over

6 hours from 12 to 6pm Pacific Standard Time to compare the afternoon means (Seibert,

2000). We found no consistent correlation between differences in PBLH or wind speed

and differences in simulated ffCO2 between models across sites and campaigns (Figure

A.4). Absolute values of wind direction and ffCO2 did not show consistent correlations

either. The lack of correlation suggests we cannot attribute differences in simulated ffCO2

to any single meteorological variable in the transport models.

We also examined if differences in simulated ffCO2 signals across transport models

could be explained by transport model resolution error, owing to the differences in spatial

resolution of the models. WS-CTL footprints were regridded from a 0.1° native grid

to the coarser UM-NAME grid of 17 or 25 km and then used to simulate ffCO2. For

this comparison, we simulated ffCO2 every day over the campaign period. We found no

consistent reduction in mean ffCO2 bias between sites over the 2 campaigns, however

there is a reduction in spread of bias at 4 sites for both campaigns (WGC, SLT, SBC and

SIO), suggesting aggregation error could potentially have an impact for these sites. In

general however, we cannot say that aggregation error in atmospheric transport is a key

driver of ffCO2 signal bias across observation sites (Figure A.5).

4.4 Discussion

Our results show that atmospheric inversions can reduce a hypothetical bias in the magni-

tude of prior ffCO2 emissions estimates for the U.S. state of California using the ground-

based observation network from Graven et al. (2018), under the idealized assumptions

of perfect atmospheric transport and perfect spatio-temporal distribution of emissions in
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the prior estimate. By exploring potential biases in model transport and spatio-temporal

distribution of prior emissions, we found that biases of magnitude 1-15% in monthly pos-

terior estimates of statewide emissions can result from errors in the temporal variation,

spatial distribution and modelled transport of the prior simulation. However, these biases

were less than the 2-sv posterior uncertainty in state-total emissions when outliers were

removed. In some cases, the biases in posterior emissions for individual air basins were

significant, compared to the posterior uncertainties, suggesting that estimates for individ-

ual regions may be less reliable than the aggregate estimates of the state-wide total. How-

ever with regard trend detection, our results suggest that unless there was a systematic

nature to both representation and transport bias (e.g. consistent over or under estimation

of emissions by the prior), quantifying inter annual trends to a few percent would be a

significant challenge.

The largest bias in statewide posterior estimates was found to be caused by errors in

the temporal variation in emissions. This highlights the necessity for temporally-varying

emissions to be estimated and included in prior emissions estimates, particularly for urban

regions. Similar results have been found in other regions including Indianapolis (Turn-

bull et al., 2015) and Europe (Peylin et al., 2011), and more generally, for high-emission

regions around the globe (Zhang et al., 2016). Although the afternoon sampling is near to

the diurnal maximum in emissions in California (Fig. 3.9b, Gurney et al., 2009), which

might be expected to lead to higher simulated ffCO2 in temporally-varying vs temporally-

invariant emissions, we did not find consistently positive biases in ffCO2 but rather both

positive and negative biases. This suggests the overall impact of temporally-varying emis-

sions depends on the model transport and the characteristics of the observation site.

Errors in model transport, as represented in our experiments by using different trans-

port models, were shown to bias posterior ffCO2 emissions by 10% or less, when outliers

were removed. These biases related to transport error are somewhat lower than estimated

by similar simulation experiments for ffCO2 emissions estimates for the U.S. by Basu
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et al. (2016) using different transport models (>10%), although their spatial scale was

larger and the alternate model they used was intentionally biased. In contrast, the three

models we use are all actively applied in regional greenhouse gas inversions. Our results

are, however, comparable to the estimate of ±15% uncertainty in atmospheric transport in

WS-LBL using comparisons with atmospheric observations of CO in California (Bagley

et al., 2017).

The fraction of pseudo-observations we identified as outliers in these transport error

experiments (10.5%, range 6.9-20.6%), was similar to Graven et al. (2018), where 8%

of all observations were removed as outliers using the same method. The outliers in

our experiments were primarily high ffCO2 signals simulated by WS-CTL in Oct-Nov.

When included in the inversion, these lead to significant biases in the posterior estimates.

Therefore the need for such outlier removal, which has been done by many studies but

not all, would be a strong recommendation to the community when carrying out a similar

inversion using actual observations.

Attributing differences in simulated ffCO2 between the different transport models to

specific meteorological variables proved inconclusive, and transport model resolution er-

ror did not appear to explain the differences in simulated signals, although we were not

able to investigate transport resolution error in comparison to the high-resolution WS-

LBL model. Wang et al. (2017) found transport resolution error to be only a minor

contributor to errors in simulated ffCO2 in Europe, while Feng et al. (2016) found that

high-resolution gridded emissions estimates could be more important than high resolu-

tion transport models for simulations of greenhouse gases in Greater Los Angeles. We

also found that differences in the spatial representation of prior emissions in EDGAR

compared to Vulcan led to consistently lower, although not significantly different, pos-

terior state-wide estimates due to the emissions in EDGAR being more concentrated in

urban regions. The spatial allocation of emissions between urban and rural regions in

gridded emissions estimates have much larger uncertainties than national totals (Hogue
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et al., 2016), suggesting that several different gridded emissions estimates should be used

in regional ffCO2 inversions to capture this source of uncertainty.

The results of these experiments suggest that the choice of prior emissions estimate

and transport model (among those considered here and currently used in the community)

used in our ffCO2 inversion would result in differences of 15% or less in posterior state-

wide ffCO2 emissions in California, using the observation network from Graven et al.

(2018). These differences are generally not significant, compared to the posterior 2-sv

uncertainties of 10 to 15%. In comparison, Graven et al. (2018) found that posterior

state-wide ffCO2 emissions were not statistically different when using temporally-varying

emissions from Vulcan, as compared to annual mean emissions from Vulcan or EDGAR,

with posterior uncertainties of ±15 to ±17%. Our results may be specific to the California

region, observation network and inversion setup we consider here, but we expect that

similar differences of 1-15% are likely to be found elsewhere in similar inversions at

comparable regional scales. If the inversion approach outlined here was used to detect a

year-on-year trend, our results suggest that unless there was a systematic nature to the bias

e.g. consistent over/under estimation of emissions by the inversion each year, quantifying

inter annual trends to a few percent is a significant challenge.

In our results, emissions from many small or rural air basins did not have a signifi-

cant contribution to the local enhancement of ffCO2 at the observation sites and were not

adjusted by the inversion in most cases (Figure A.2). Combined with our experimental

setup specifying the magnitude of prior emissions to be equal to true emissions, it might

be expected that our results could underestimate the predicted biases in posterior emis-

sions. However, these experiments were designed specifically to quantify representation

and transport error using the inversion setup and the observation network from Graven

et al. (2018) as a test case. Fischer et al. (2017) showed in individual simulation experi-

ments that using either EDGAR or a spatially uniform flux of 1 µ mol m-2 s-1 as a biased

prior produced posterior emissions that are substantially closer to true emissions, but only
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if the prior uncertainties are set large enough to encompass biases in prior emissions.

Further experiments using a different experimental setup (e.g. a different mismatch error

between prior and true emissions) or specification of inversion regions, for example to

change the inversion region size based on proximity to the observation network (Manning

et al., 2011), would help to characterize uncertainties in regional ffCO2 inversions and the

robustness of posterior estimates to the choices made in the inversion setup.

4.5 Conclusion

We have shown that atmospheric inversions for the U.S. state of California can reduce

a hypothetical bias in the magnitude of prior emissions estimates of ffCO2 in California

using the ground-based observation network from Graven et al. (2018). Experiments to

characterize the effect of errors in the spatial and temporal distribution in prior emissions

resulted in biases in posterior state-total emissions with magnitudes of 1-15%, similar to

monthly posterior estimates of Basu et al. (2016) for the western United States. However,

without the removal of outlying data points, transport error was shown to induce a mean

statewide bias of 12-15%, approx. equal to California’s overall GHG reduction targets by

2020 (15% compared to business as usual). Our results highlight the need for (1) temporal

variation to be included in prior emissions, (2) different estimates of the spatial distribu-

tion of emissions between urban and rural regions to be considered, and (3) representation

of atmospheric transport in regional ffCO2 inversions to be further evaluated.
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Chapter 5

Developing a Novel Atmospheric

Inversion Approach for Sectoral Fossil

Fuel CO2 Emissions in California

5.1 Introduction

Efforts to regulate greenhouse gas (GHG) emissions have increased rapidly in recent

years. Much of this has been directed at reducing emissions in specific sectors. In the

United States for example, the Environmental Protection Agency (EPA) has mandated

a 32% decrease in ffCO2 emissions from power generation by 2030 relative to 2005

emissions (U.S. EPA, 2015). On the sub national level, further to California’s “Global

Warming Solutions Act” (AB-32), California’s Governor Brown announced that by 2030

(1) California will generate 50% of the state’s electricity from renewable sources, (2) re-

duce petroleum use in cars and trucks by up to 50% and (3) double the energy efficiency

savings from existing buildings (CARB, 2016b). To allow policymakers implement and

verify such emissions reduction policies, detailed estimates of individual emissions sec-

tors are required. For California, inventories produced by the California Air Resources

117



5.1. Introduction

Board (CARB) (used to monitor compliance of AB-32) contain sector specific emissions

estimates. High resolution sector-specific inventories have also been produced globally

(EDGAR, Olivier et al., 2005), for the U.S. (Vulcan, Gurney et al., 2009) and on city

scales in the U.S. (Hestia, Gurney et al. 2012).

As found in Chapter 3 however, inventories of ffCO2 contain uncertainties due to dif-

ferent emissions accounting methods and different methods to distribute emissions spa-

tially and temporally. Furthermore, recent studies have suggested that although sectoral

emissions are likely relatively accurate at the national scale, substantial uncertainties ex-

ist at local and state levels (Miller and Michalak, 2017). Ackerman and Sundquist (2008)

compared power plant ffCO2 emissions estimates produced by directly measured con-

centrations in exhaust chimneys, to estimates based on fuel consumption for U.S. power

plants. They found a mean uncertainty of ~20% but only a 1.4% total difference at the na-

tional scale. Previous research examining road emissions found that although uncertainty

on the U.S. national scale was likely 3-5% (Mendoza et al., 2013), inventories differed by

up to 40% for subnational and state scales (Gately et al., 2013).

Combining sectoral emissions inventories with observations allows for the improve-

ment in sectoral emission estimates needed for policy relevance (Turnbull et al., 2015).

Previous approaches have looked at sectoral ffCO2 concentrations in the city of Indi-

anapolis using isotopic measurements (Turnbull et al., 2015), or based on a prior knowl-

edge of sectoral emissions with no isotopic knowledge (Lauvaux et al., 2016). The latter

investigated the potential of detecting significant reductions in emissions from major eco-

nomical sectors in an inversion. Although the inversion was able to constrain the reduc-

tion in total ffCO2 emissions, it was not possible to attribute the reductions to the correct

sectors. Turnbull et al. (2015) found observations were consistent with the bottom-up

Hestia high resolution inventory emission sector patterns for most of the diurnal cycle but

disagreed during the nighttime hours.

For our analysis, sector specific inversions are attractive for three main reasons: (1)
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Emissions reduction policies are commonly sector specific, hence detailed, verifiable es-

timates of sectoral emissions is desired. (2) The regional inversion setup assumed air

basin’s emissions were not correlated. However in practice, inventories of ffCO2 are pro-

duced using the same emission factor for a source sector. Therefore it could be more

realistic to assume that sector-specific emissions are perfectly correlated rather than all

ffCO2 emissions from a particular region. (3) One of the findings from the regional inver-

sion method of Chapter 4 was that the inversion did not scale prior emissions significantly

in certain air basins. This was because emissions from these air basins were not being con-

strained by the observation network, which in turn was due to the size of the air basin or

distance from observation network. Amalgamating inversion regions into a larger region

should therefore be more beneficial.

Here we examine the potential of coupling high resolution inventories and synthetic

observations to optimise sector specific ffCO2 emissions in an atmospheric inversion by

asking the following questions: How well do we know the sectoral breakdown of emis-

sions in California; both in terms of magnitude over the state and it’s spatial distribution at

a grid cell level? Does our observation network have a good constraint on emissions from

specific sectors? Can the inversion recover true emissions if prior sectoral emissions are

incorrect? Is a sectoral inversion better able to scale emissions compared to the air basin

approach of Chapter 4? To answer these questions we first compare state total and native

grid cell estimates of gridded sectoral emission inventories produced for California. Next

we analyse the sectoral breakdown of simulated concentrations of ffCO2 by observation

site to determine which sites provided constraints on particular sectors. We investigate if

the sector specific emissions reduction targets outlined in the Governor’s pillars can be

successfully attributed to the correct sector by the inversion, and how well the inversion

can recover true emissions when prior concentrations are generated using different sector

emissions maps. Finally, to determine the ability of the sectoral inversion to scale emis-

sions compared to the air basin setup, we run the same transport error experiment set out

119



5.2. Methods

in Chapter 4, and compare posterior emissions estimates.

5.2 Methods

The analysis outlined here applies the Bayesian inversion setup outlined in Section 2.1

modified to optimize sectoral emissions in California. Specifically, the inversion scales

prior emission estimates in specific emissions sectors using emissions inventories, trans-

port models and transport uncertainty described previously.

5.2.1 Comparison of Sectoral Emissions

First we compare inventories to assess uncertainty by emissions sector. Of the gridded

ffCO2 inventories compared in Chapter 3, only EDGAR (version FT2010; Olivier et al.

2005) and Vulcan (version 2.2; Gurney et al. 2009) report emissions by sector. Sectoral

emissions were downloaded from the EDGAR website and Vulcan emissions were di-

rectly provided by Kevin Gurney of the Vulcan Project. Vulcan sector estimates, like

their respective total ffCO2 estimates, are produced only for 2002 at a spatial resolution

of 10km over the contiguous U.S. whilst EDGAR emissions are produced at 0.1º reso-

lution for years spanning 2000-2010. In keeping with our analysis in Chapters 3 and 4,

EDGAR is compared here for 2008.

The sectors defined in this chapter are based on those reported by Vulcan; industrial,

residential, commercial, road transport, non-road ground transport, utility, and cement.

The only modification was that commercial and residential sectors were combined into

a “buildings” sector. Vulcan’s sectoral estimates are plotted in Figure 5.1, with each

sector consisting of either geo-located point sources or emissions averaged over a local

region (e.g. county, census tract). Industrial emissions were spatially distributed using

both geo-located point source data from the National Emissions Inventory (NEI), with

non point source emissions uniformly distributed over census tracts. Similarly, utility
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Figure 5.1: Vulcan v2.2 sectoral ffCO2 emissions for 2002 with observation sites marked
in red.

sector emissions were distributed using a combination of point source emissions based on

Emissions Tracking System/Continuous Emissions Monitoring (ETS/CEM), with some

non point source emissions downscaled over census tracts. Road emissions rely on data

from the EPA’s National Mobile Inventory Model (NMIM) which provides a detailed

breakdown of the miles travelled monthly per (1) vehicle type (2) road type (3) county.

Vulcan combines this information with emission factors per vehicle type and geo locates

emissions onto a map using a GIS road atlas. Cement emissions are based on individual

facility emissions reports that are geo located onto a map. The residential, road and non

road sectors are derived from non point source data only and are represented as averaged

emissions over census tracts or counties, hence the “patchwork” nature of emissions in

these sectors (Figure 5.1). Commercial emissions are derived from both the point and non

point source data and hence are a mixture of point sources and emissions averaged over
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Figure 5.2: EDGAR v4.2 FT2010 sectoral ffCO2 emissions for 2008 with observation
sites marked in red.

census tracts.

For EDGAR we include 12 different ffCO2 sectors reported according to IPCC guide-

lines (IPCC, 2006). Emissions from solid fuel production (IPCC category 1A1c), manu-

facturing and construction (1A2), fugitive emissions from both solid fuels (1B1) and oil

production (1B2a), chemical industry (2B) and metal industry (2C) were amalgamated

into “industry” emissions to be directly compared with the equivalent Vulcan sector.

EDGAR’s road emissions (1A3b) are left unchanged, as are emissions from non-road

transport (1A3c, 1A3e), buildings (1A4), utilities (1A1a) and cement (2A). Thus we have

six resulting EDGAR emissions sectors that can be directly compared with Vulcan’s. The

combined sectors are shown in Figure 5.2. Noticeable is the more heterogeneous distri-

bution of emissions compared to Vulcan. However as explained in Chapter 3, EDGAR

does not provide detailed information on how sectoral emissions were distributed. Hence
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we can not comment on the strengths or weaknesses of EDGAR’s spatial distribution

approach with each sector.

We also downloaded CARB sectoral emissions from the CARB website for both 2002

and 2008 (https://www.arb.ca.gov/cc/inventory/data/data.htm). This was done as to com-

pare gridded inventories to emissions estimated by the CARB inventory and to assess

whether there was a significant difference in sectoral emissions between 2002 and 2008.

CARB provides an extensive dataset of almost 300 different sector specific emissions,

which were amalgamated into the six defined sectors. Emissions from imported electric-

ity were excluded as were emissions from bunker fuel emissions such as all aviation and

marine emissions. Gas flaring, limestone and dolomite production and consumption, lime

production and limestone and dolomite applied to soils were also excluded.

5.2.2 Prior Uncertainty

Following the methodology described in Chapter 3, the “inpolygon” function is used to

determine whether the centre of an emissions grid cell was within a shape-file representing

the state of California (see Figure 3.1). Emissions from each grid cell are then summed

over California for each of the six sectors in both inventories. The standard deviation is

taken across the resulting EDGAR and Vulcan state-total estimates in each sector, which

informs prior uncertainty in our sectoral inversion. Like in Chapter 4 we also test the

inversion result for a uniform prior uncertainty of 70% in each sector.

5.2.3 Observational Constraint on Sectoral Emissions

The observation network described in Section 1.4.2 may have issues with constraining

sector specific emissions. This is because: (1) certain sectors (for e.g. utility) may consist

of a small number of large point source emissions that have a large fractional contribution

to statewide emissions. However if an observation site is not located near these high emit-
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ting point sources then the measurement network will not detect significant concentrations

from that sector, hence the inversion will not be able to scale emissions in that sector. (2)

Our results from Chapter 4 showed the largest contributions to simulated concentrations at

observation sites were from emissions in local air basins (e.g. CIT has significant concen-

trations due to large emissions from the South Coast air basin, Fig. 4.2). In our sectoral

setup however, it is possible that emissions from one sector will be the largest contributor

to simulated concentrations at most observation sites. This could be problematic in a sce-

nario whereby all sites have the same sector (e.g. sector A) as their largest local emitter,

and another sector (e.g. sector B) as a smaller contributor to simulated concentrations.

The inversion would find it difficult to distinguish a reduction in sector B emissions to

sector B only, without attributing some of the reduction to sector A. Hence we ideally

want to have different ratios of sectoral contributions to the simulated concentration at

each observation site.

To assess whether these issues could impact our inversion results, we compare each

sector’s fractional contribution to state total ffCO2 emissions to the fractional concentra-

tion simulated across the observation network. Fractional concentration contributions are

compared across transport models and gridded emissions inventories.

5.2.4 Simulation Experiments for Systematic Errors

5.2.4.1 Sector-Specific Emissions Reduction

We explicitly test whether the inversion can attribute the reduction of emissions in a par-

ticular sector correctly, whilst leaving the remaining sectors unchanged. As outlined in

Section 5.1, the Governor’s Pillars aim to reduce road emissions by 50% by 2030. The

experiment tests whether coupling (1) an inventory that approximates emissions at the

time the law was enacted with (2) air samples in 2030, in an atmospheric inversion could

be used to verify emissions reduction targets of 50% in road emissions. Thus we examine
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how well the inversion can correctly attribute a reduction in road emissions to the road

sector only. Prior emissions are estimated by EDGAR and the true ffCO2 signals were

generated by scaling the EDGAR emissions for a road emissions down by 50%. This

difference results in a statewide prior bias of +13%.

We further examine if the inversion can correctly attribute a reduction in 50% for both

the buildings and utility sectors, also targeted in the Governor’s pillars. The purpose is

also to examine if these two additional sectors is also to determine if the inversion’s sec-

toral constraint is consistent across these three sectors (i.e. if the inversion is better able to

reduce a prior magnitude error in one sector’s emissions compared to another). Reducing

emissions by half in buildings and utility results in a statewide prior bias of +12% and

+10% respectively. Like in the experiment for magnitude error across all sectors, there is

assumed to be no error in the spatial distribution of emissions and atmospheric transport.

All experiments are run for both UM-NAME and WS-CTL transport models.

5.2.4.2 Incorrect Prior Emissions

Next we conducted a series of experiments to test if the sectoral inversion can recover true

emissions when a different emissions inventory was used to generate prior signals. Prior

sectoral emissions are estimated by EDGAR and the true ffCO2 signals were generated

using Vulcan emissions. As Vulcan emissions did not included aviation emissions in

our sectoral inversion (unlike in Chapter 4’s inversion where all Vulcan emissions are

included), the bias in the prior state total ffCO2 emissions was +16%, slightly larger

than our prior difference in Section 4.2.2.1 (+12%). The experiment was run for the UM-

NAME and WS-CTL transport models only as sector specific concentrations generated by

the WS-LBL model are not available. There was assumed to be no error in the temporal

distribution of emissions or the atmospheric transport of emissions.

Due to the significant difference in the distribution of sectoral emissions between

EDGAR and Vulcan (Figures 5.1 and 5.2), we next modify the experiment to examine
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how the difference in spatial pattern alone effected the sectoral inversion. Analogous to

Section 4.2.2.2, we used Vulcan emissions as the true emissions and EDGAR emissions

scaled in each sector to match Vulcan emissions in that sector as the prior estimate of

emissions. Therefore, the magnitude of the prior estimate in each sector is unbiased. This

experiment is also run only for the UM-NAME and WS-CTL transport models for both

the true and prior simulation and including no temporal variation in emissions.

5.2.4.3 Comparison of Emissions Scaling in the Regional and Sectoral Inversions

Our results in Chapter 4 found that the inversion did not scale emissions in certain air

basins due to lack of constraint or small prior uncertainty. Hence the experiments setup to

quantify errors in the prior distribution of emissions or incorrect modelling of atmospheric

transport could be underestimating potential bias. To test if the sectoral inversion would

result in posterior estimates that had larger bias compared to the Chapter 4 setup, we

re-ran the transport error experiment in Section 4.2.2.4 for our sectoral inversion. As

with Section 4.2.2.4, Vulcan is coupled with two different transport models to generate

prior and true ffCO2 signals, and WS-LBL is considered the “true” atmospheric transport.

However here we only compare posterior results when WS-CTL is used for the prior

simulation in October-November campaign as this induced the largest bias when outliers

are removed. Here, sectoral uncertainty was scaled so that the total uncertainty of ffCO2 in

California across sectors was equal to the total standard deviation (“SD prior uncertainty”)

statewide uncertainty in Chapter 4. This was done as to compare posterior results between

our sectoral and regional inversion methods for the same statewide prior uncertainty.
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5.3 Results

5.3.1 Spatial Distribution of Sectoral Emissions

State total sector emissions differ significantly between EDGAR and Vulcan (Table 5.1).

Comparing estimates with CARB, EDGAR and Vulcan totals differ by 5-130%. CARB

tends to agree best with Vulcan sectoral emissions (apart from non-road emissions) re-

gardless of comparing the years 2002 or 2008 (Table 5.1). Furthermore, the difference

in CARB’s sector emissions between 2002 and 2008 is much smaller than differences

between EDGAR and Vulcan across all sectors. EDGAR estimates most emissions in

industry whereas Vulcan estimates road transport to be largest. This is surprising as from

our results in Chapter 3, EDGAR’s road emissions stood out clearly compared to the other

inventories.

Comparing emissions at an individual grid cell level in Figure 5.3, we see emissions

differ by a consistent ratio in several sectors (road, non road and buildings), regardless of

the magnitude of mean emissions. These sectors correspond to non point source emis-

sions that are spatially downscaled in Vulcan uniformly over counties or census tracts.

Taking road emissions as an example, emissions are overestimated in Vulcan compared

to EDGAR. This indicates a larger emissions factor used for road emissions in Vulcan

compared to EDGAR, as well as the different spatial distribution method used. Similarly,

industry sector emissions are consistently lower in Vulcan with exception of few scattered

points in Figure 5.3. The largest discrepancies at grid cell scales are for the utility, ce-

ment, and to certain extent industry sectors. Vulcan estimates utility emissions primarily

from CEM reports, whilst EDGAR’s methods for distributing emissions is not known but

since it is based on IEA sectoral data, it most likely is based on fuel consumption esti-

mates. The large difference in grid cell emissions back up our findings from Chapter 3

that differences in accounting for large point source emissions gives rise to the largest

discrepancies between inventories at grid cell levels.
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Vulcan 2002 EDGAR 2008 1-σv Scaled 1-σv CARB 2002 CARB 2008
(Mt C/yr) (Mt C/yr) (%) (%) (Mt C/yr) (Mt C/yr)

Industry 18.7 34.5 42 18 22.2 20.8
Road 40.l 23.7 36 15 44.9 42.3

Non-Road 4.6 1.0 92 38 2.0 2.0
Buildings 14.4 22.7 32 13 11.7 11.5

Utility 10.4 19.6 43 18 13.5 14.8
Cement 1.7 3.2 41 17 2.7 2.3

Total 89.9 104.7 11 11 97.0 93.7

Table 5.1: Breakdown of California’s sectoral emission (Mt C/yr). The standard deviation
is expressed as percentage of mean emissions from EDGAR and Vulcan.

Non road emissions are particularly high in Vulcan, which are more than twice either

CARB or EDGAR’s estimates (Table 5.1). From the Vulcan documents page (http://vulcan

.project.asu.edu/pdf/Vulcan.documentation.v2.0.online.pdf), some emissions from boat

emissions and what are described as “unknown sectoral emissions” are assigned to non

road emissions in California. These unknown sectoral emissions were estimated by com-

paring Vulcan state total emissions with those estimated by the Energy Information Ad-

ministration (EIA). Hence giving a false enhancement of non road emissions.

Total ffCO2 emissions in Vulcan differ by 3 Mt C/yr from those listed in Table 3.2.

The reason behind this difference is not currently known. One explanation is that Vul-

can’s statewide total in Section 3.3.1 is calculated by summing total ffCO2 emissions

over the shape-file of California, and then subtracting aviation emissions from each air

basin total based on a spreadsheet of aviation emissions produced per county from the

Vulcan Project (http://vulcan.project.asu.edu/). The difference between the spreadsheet

emissions and summing emissions over a map, which could include errors by the un-

der counting of emission grid cells at borders, could explain the difference between the

state total estimates for Vulcan. Another explanation is the unknown sectoral emissions

attributed to road emissions in the sectoral emissions is neglected in the total ffCO2 emis-

sions map. Upon further investigation of the Vulcan literature it is noted that unknown

emissions are not fully incorporated into the Vulcan code. Comparing state total non road
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Industry Road Non-Road Buildings Utility Cement
EDGAR 33% 23% 1% 22% 19% 3%

EDGAR + UM-NAME 35% 23% 1% 22% 16% 4%
EDGAR + WS-CTL 32% 26% 1% 24% 15% 2%

Vulcan 21% 45% 5% 16% 12% 2%
Vulcan + UM-NAME 16% 44% 4% 19% 14% 2%

Vulcan + WS-CTL 14% 49% 4% 20% 13% 1%

Table 5.2: The percentage contribution of sectoral emissions in California (shown in
bold), and the average percentage contribution of sectoral concentration simulated across
the observation network for a given combination of inventory and transport model.

emissions in Vulcan to CARB and EDGAR, we see that there is a 2.6-3.6 difference in

emissions, similar to our discrepancy in state totals.

5.3.1.1 Prior Uncertainty

Prior uncertainty in the sectoral inversion is based on the standard deviation across EDGAR

and Vulcan estimates only. Since CARB is not a gridded inventory it was decided to ne-

glect including CARB emissions estimates in the standard deviation calculation. The

resulting prior uncertainty ranged from 32% in buildings emissions to 92% for non-road

emissions (Table 5.1). Summing sectoral 1-sv uncertainty in quadrature across both in-

ventory estimates results in statewide uncertainty of ~19%, a factor of 2.4 larger than

summing across the four inventories air basin uncertainty in quadrature. This difference

is due to the fact that here the standard deviation is being taken across only 2 emissions

estimates (EDGAR and Vulcan), whereas the 1-sv calculated in Chapter 3 was across four

emissions inventories (EDGAR, ODIAC, FFDAS and Vulcan).

5.3.2 Simulated Sectoral Concentrations

The average fractional concentration of each sector across the observation network is

compared to fractional emissions over the sate of California in Table 5.2. Differences

between inventories are larger compared to transport model. This indicates that the cor-
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Figure 5.3: Comparison of grid cell emissions between sectors. Units are in mega tonnes
of carbon per year.
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Figure 5.4: The percentage difference in fractional contribution of sectors to simulated
concentration to the mean emissions fractional concentration (shown in bold in Table
5.2).

rect distribution of emissions in a gridded inventory could be more important than choice

of transport model in an atmospheric inversion. Generally, simulated concentrations at

observation sites agree well with fractional emissions for each inventory. However Vul-

can tends to simulate concentrations that deviate more from fractional state emissions,

with large underestimation for both transport models in the industry sector. From Figure

5.1, this could be due to the observation network being far away from the large industry

emissions of the San Joaquin Valley in the middle of California.

To determine the ability of the observation network to distinguish different sectors,

we plotted the average contribution of each sector to each emissions site as a percent-

age difference from the statewide emissions percentage (bold in Table 5.2). As shown in

Figure 5.4, differences in sector contributions are much larger between inventories than

between transport models. The key result here is that using EDGAR and Vulcan to gen-
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Figure 5.5: Simulated sectoral ffCO2 concentrations from May (first column), October-
November (second column), and January-February (third column). Concentrations are
simulated using the EDGAR emissions map coupled with the UM-NAME transport
model.

erate pseudo concentrations results in observation sites being dominated by industry and

road emissions respectively (except for THD and STB in EDGAR which have road emis-

sions as their most dominant sector, see also Figure 5.5).

Figure 5.5 shows an example time series of sectoral concentration when the EDGAR

inventory was coupled with the UM-NAME transport model. Emissions from industry
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and road dominate sectoral emissions at different sites with significant contributions from

buildings in urban sites (e.g. CIT and SBC). Elevated contributions from utility emissions

are simulated at various sites at different time periods. This is due to emissions being

characterized by large point source emissions (Fig. 5.2), therefore simulating elevated

concentrations at a given site is much more dependent on wind pattern rather than emis-

sions distributed over large areas like the industry sector. Non-road and cement sector

contributions are negligible across most sites, however elevated concentrations of cement

are simulated for Livermore (SLT) in the Oct-Nov and Jan-Feb campaigns. SLT simu-

lates elevated concentrations from cement as it is located near large cement emissions of

the San Francisco Bay area (Figure 5.2). This suggests that, in the case of the EDGAR

inventory coupled with the UM-NAME model at least, SLT and VTR are important sites

in the constraining of cement and utility emissions respectively.

The above findings are problematic for two main reasons: (1) The large difference be-

tween EDGAR and Vulcan emissions and concentration ratios is significant as the ratio of

sectoral concentrations simulated at observation sites will be very different depending on

choice of prior inventory and (2) because industry and road emissions dominate EDGAR

and Vulcan emissions, the inversion would struggle to correctly attribute emissions if

there were significant reductions in other sectors.

5.3.3 Sectoral Emissions Reduction

To test the inversion’s ability to attribute emissions reduction to specific sectors we exam-

ined posterior results for a 50% reduction in road, buildings and utility emissions using

EDGAR as a prior emissions model. Across all transport models and campaigns, the in-

version is able to reduce statewide prior bias and scale posterior emissions towards the

truth (Figures 5.6, 5.8 and 5.9). However, the inversion varies in its ability to attribute

the reduction to the correct sector depending on campaign, prior uncertainty and sector in

which the reduction is tested. Generally speaking, a prior uncertainty of 70% results in

133



5.3. Results

(1) the inversion being able to scale the prior bias in magnitude to a greater extent than SD

prior uncertainty and (2) biased sectors have posterior estimates that generally have an as-

sociated uncertainty that overlaps with true emission (not true for SD prior uncertainty).

Across experiments, statewide 2-sv posterior uncertainty was reduced to 14-20% (mean

17%) and 15-27% (mean = 20%) from a 40% and 78% prior uncertainty respectively.

There were no outliers in any of the sector specific reduction experiments.

5.3.3.1 Road Emissions

Figure 5.6 (a) shows the statewide inversion result for the 50% reduction in road emis-

sions. The +13% bias in the statewide emissions in the prior was reduced to a posterior

bias of between +3 and +6% (mean bias = +4%) for SD prior uncertainty. Using 70%

prior uncertainty reduced prior bias to between +2 and +6 (mean = +3%). The inversion

can largely attribute emissions correctly to the road sector, however there are small reduc-

tions prevalent in the industry sector: the 11.9 Mt C bias in road emissions was reduced

to 9.3 to 5.4 Mt C (8.5 Mt C to 3.8 Mt C) across SD (70%) posterior estimates, but also

resulted in a downscaling of industry emissions by up to 2 Mt C. Attributing the reduction

in emissions in May is worse than other campaigns. To determine why this is the case we

plotted the posterior error covariance matrix, with each column and row being multiplied

by posterior emissions from each sector, and the transpose of posterior emissions respec-

tively (Figure 5.7). For both transport models in May the inversion has a larger negative

covariance between industry and road emissions, indicating that the inversion cannot dis-

tinguish road emission as well as in other campaigns. This is perhaps due to elevated

signal bias only simulated in Oct-Nov and Jan-Feb across observation sites. The small

positive bias in mean signals at all sites reflects the fact that road emissions are significant

throughout the state.
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Figure 5.6: (a) Statewide and (b) individual sector inversion results for +50% bias in prior
road emissions. Prior emissions are given by EDGAR and true emissions are given by
reducing EDGAR emissions by 50% in the road sector. The bottom plot (c) shows the
mean signal error in simulated average ffCO2 concentration with a 50% reduction in prior
road emissions.
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Figure 5.7: Posterior error covariance matrix using EDGAR as prior and scaled EDGAR
as true emissions for SD prior uncertainty only.

5.3.3.2 Utility Emissions

The statewide inversion result for a 50% reduction in utility emissions resulted in a poste-

rior bias of between +2 and +6% (mean bias = +3%) for SD prior uncertainty. Using 70%

prior uncertainty reduced prior bias to between +1 and +5 (mean = +2%). The consistent

positive signal bias in CIT results in emissions reductions across campaigns and transport

models (Fig. 5.8c). However as industry emissions make up a significant amount of con-

centration at CIT, SBC and SIO (Fig. 5.4), and has a large absolute prior uncertainty, the

inversion also scales industry emissions. The 9.8 Mt C statewide prior bias was reduced

to 9.4 to 6.4 Mt C and 7.3 to 3.2 Mt C for SD and 70% prior uncertainty respectively.

Significant bias was shown in the industry (3 MtC) and road (2 Mt C) sectors. Road emis-

sions are only biased in Oct-Nov, this is most likely due to the positive signal bias at WGC

and STR during these campaigns, sites which simulate significant road contributions. The

negative covariance between utility and industry, road and to a degree building emissions,

indicates that the inversion cannot distinguish sectoral contributions across the measure-

ment network (Figure 5.7). Furthermore, the relatively large absolute prior uncertainties
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Figure 5.8: (a) Statewide and (b) individual sector inversion results for +50% bias in prior
utility emissions. Prior emissions are given by EDGAR and true emissions are given by
reducing EDGAR emissions by 50% in the utility sector. The bottom plot (c) shows the
mean signal error in simulated average ffCO2 concentration with a 50% reduction in prior
utility emissions.

in industry and road means the inversion can scale emissions to a more significant degree.
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5.3.3.3 Buildings Emissions

Figure 5.9 (a) shows the statewide inversion result for the 50% reduction in buildings

emissions. The +12% bias in the statewide emissions in the prior was reduced to a pos-

terior bias of between -3 and +2% (mean bias = -1%) for SD prior uncertainty. Using

70% prior uncertainty reduced prior bias to between -2% and 0% (mean = -1%). This

resulted in CIT and SBC being positively biased, and as pointed out for the utility ex-

periment, these sites have most sectoral concentrations from industry, hence industry is

scaled downward by the inversion. The 11.4 Mt C prior bias was reduced to between 9.5

and 7.9, and 7.1 to 3.4 Mt C, for SD and 70% prior uncertainty. The reduction in industry

was up to 6 Mt C, with other reductions in road (4 Mt C), utility (1 Mt C). The posterior

error covariance shows a negative covariance between buildings and industry emissions

across all campaigns and transport models. This result is unsurprising as from Figure 5.4,

sites that show elevated building concentrations also have significant industry emissions.

5.3.4 Simulation Experiments

5.3.4.1 Incorrect Prior Emissions

Figure 5.10 (a) shows the statewide inversion result when EDGAR is used to generate

prior signals and Vulcan is true emissions. The +16% bias in the statewide emissions in

the prior was reduced to a posterior bias of between -6% and +10% (mean bias = 0%)

SD prior uncertainty. Using 70% prior uncertainty reduced prior bias to between -2% and

+10% (mean = -2%). Statewide posterior uncertainty was 13-20% (mean 16%) and 16-

28% (mean = 20%) for SD and 70% prior uncertainty respectively, approximately equal

to 2-sv posterior uncertainty in Section 4.2.2.1. Removing outliers was shown to change

in the mean posterior bias by <1%.

To determine what is driving the statewide posterior emissions, we examine the indi-

vidual sector inversion results (Figure 5.10b). The two highest emitting sectors, industry
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Figure 5.9: (a) Statewide and (b) individual sector inversion results for +50% bias in prior
building emissions. Prior emissions are given by EDGAR and true emissions are given
by reducing EDGAR emissions by 50% in the utility sector. The bottom plot (c) shows
the mean signal error in simulated average ffCO2 concentration with a 50% reduction in
prior building emissions.

and road transport, have large prior biases (85% and 41% compared to true emissions

respectively), with significant prior bias also in the buildings and utility sectors (58% and

88% respectively). From Figure 5.10b, we can say that the inversion is not able to cor-
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rectly recover true sector emissions, with the inversion scaling emissions in buildings and

utility emissions incorrectly in most cases. Although there is significant scaling in the

industry sector, it varies significantly between campaign. In almost all cases and sectors,

posterior estimates for SD prior uncertainty do not overlap with the truth. The non-road

sector is not being scaled by the inversion (due to a combination of a lack of constraint

from the observation network, low emissions, or small prior uncertainty). Therefore we

can conclude that the sectoral inversion as setup here would not be able to constrain sec-

tor specific emissions given such a large bias in the magnitude and spatial distribution in

sectoral emissions.

5.3.4.2 Difference in spatial distribution of emissions

The statewide inversion results for the experiment including errors in the spatial distri-

bution of emissions are shown in Figure 5.11 (a). Posterior bias was between -4% and

+15% (mean +5%) for SD prior uncertainty and between -5% and +14% (mean = +4%)

for 70% prior uncertainty across transport models and campaigns. This is a comparable

range and mean in bias to the posterior bias for SD and 70% prior uncertainty in Sec-

tion 4.3.3. Statewide uncertainty was reduced from 41% to 14-20% (mean = 17%) for

SD prior uncertainty and from 75% to 16-30% (mean = 21%) for 70% sectoral prior un-

certainty. Although posterior uncertainty in SD prior uncertainty examples is less than

Section 4.3.3, biases induced for WS-CTL in Oct-Nov are larger than the 2-sv posterior

uncertainty.

Posterior emissions results in industry, road buildings and utility have large posterior

biases for 70% prior uncertainty (Fig 5.11b). In several cases, posterior biases are larger

than the associated posterior uncertainties for both models in the industry, road, buildings

and utility sectors. Statewide results are not as significantly biased due to a compensating

effect whereby negatively biased posterior emissions in the industry and road sectors, are

counter acted by a positive bias in emissions in the building and utilities sector. Upon
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Figure 5.10: (a) Statewide and (b) individual sector inversion results for an error in the
magnitude of prior emissions. Prior emissions are given by EDGAR and true emissions
are given by Vulcan. The bottom plot (c) shows the mean signal error in simulated average
ffCO2 concentration.

examination of Figure 5.11c, this is due to the different sign in mean ffCO2 signal bias

between Northern and Southern observation sites, with prior signals typically being over-

estimated in northern sites, with an underestimation in southern sites (especially for CIT,

SBC and SIO). For example, CIT is dominated by industry and buildings, therefore a un-

derestimation in prior signals at CIT will result in the inversion scaling up emissions in

these sectors. However STR and SLT are also dominated by industry, but have a positive
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signal bias. Hence industry remains relatively unchanged, whereas building emissions

are scaled up. Again, excluding outliers did not change the statewide result significantly

(<1% change in mean bias). As building emissions is primarily picked up by southern

observation sites, we see a positive posterior bias in sectoral emissions. However road

is picked up more by northern sites, hence negative posterior bias. Industry is simulated

across the observation network, hence remains less biased than other sectors. Therefore

minimizing spatial error is key to reduce bias in the sectoral results of Section 5.3.4.1.

5.3.5 Scaling of Emissions: Air Basin v Sectoral Inversion

Here we ran the same experiment except the inversion solved for sector emission in Oct-

Nov and for SD prior uncertainty and outliers removed only. The prior simulation uses

WS-CTL but the atmospheric transport in the true simulation uses WS-LBL. To ensure

prior uncertainty was comparable, the standard deviation across sectors was scaled such

that it was the same as in Chapter 4. The scaled standard deviation is used to inform prior

uncertainty in the sectoral inversion, hence the scaled uncertainty in Table 5.3 ranges be-

tween 13% to 38%. We note that Vulcan emissions in Chapter 4 are slightly different to

those used here due to aircraft emissions not being included in sectoral emissions. Exam-

ining mean signal bias we found a difference of less than 2% across all sites. Therefore

this difference should not substantially effect our conclusions.

For our sectoral inversion, differences in modelled atmospheric transport model in-

troduce a bias in statewide posterior emissions of between -16.77 Mt C (19% of true

statewide emissions). This is considerably larger than transport error of Section 4.3.5 (-

9.25 Mt C, or 10% of statewide emissions, Table 5.3). This is due to the inversion scaling

sectoral emissions significantly in 4 out of the 6 sectors, compared to only 5 out of the 15

air basins. As shown from Table 5.4, 10 of the air basins were only scaled by 0.7 Mt C,

<1% of true emissions. This left ~22 Mt C not being scaled significantly in Chapter 4,

whereas this was only ~5 Mt C in the sectoral inversion.
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Figure 5.11: (a) Statewide and (b) individual air basin inversion results for an error in
the spatial distribution of prior emissions. Prior emissions are given by EDGAR scaled
to Vulcan emissions totals in each sector and true emissions are given by Vulcan. The
bottom plot (c) shows the mean signal error in simulated average ffCO2 concentration.

As shown in Table 5.4, utility emissions are less effected by transport emissions. This

is due to significant concentrations from utility emissions being simulated at STB and

SLT, and to a lesser extent at WGC, STR and SBC. These 5 sites have the most agreement

between models, as can be seen in Chapter 4 when conducting transport model error

experiments. Furthermore, there are also both positive and negative signal bias across the

5 sites, hence negating significant scaling within the inversion.
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Air Basin Name
Air Basin Sector

(Mt C) (Mt C)
1 North Coast -0.04 -0.07
2 Northeast Plateau 0.01 -0.03
3 Sacramento Valley 0.02 -2.18
4 Mountain Counties 0.09 -0.32
5 Lake County 0.00 -0.02
6 Lake Tahoe 0.00 -0.03
7 Great Basin Valleys 0.00 -0.05
8 San Joaquin Valley -0.07 -1.74
9 North Central Coast -0.82 -1.54

10 Mojave Desert -0.07 -1.01
11 South Central Coast 0.00 -0.23
12 Salton Sea 0.06 -0.23
13 San Francisco Bay -1.22 -2.71
14 South Coast -7.68 -5.70
15 San Diego 0.47 -0.91

Total California -9.25 -16.77

Table 5.3: Bias in posterior emissions due to an atmospheric transport error using the
regional inversion method of Chapter 4 (left) and sectoral method of Chapter 5 (right) for
each air basin.

5.4 Discussion

The discrepancies in state-total sector estimates agree with previous findings that esti-

mates of sector specific ffCO2 emissions are not well known on subnational scales like

California. Here we found road emissions had a difference of ~50%, similar to the find-

ings of Gately et al. (2013). Utility had a difference of ~60%, much larger than the

findings of Ackerman and Sundquist (2008). However comparing Vulcan and CARB

Air Basin
Truth Bias

Sector
Truth Bias

(Mt C) (Mt C) (Mt C) (Mt C)
South Coast 26.9 -7.7 Road 40.1 -5.0

SF Bay 16.4 -1.2 Utility 10.4 -0.5
Sacramento 6.8 0.0 Industry 18.7 -6.6
San Joaquin 8.6 -0.1 Buildings 14.4 -1.3
San Diego 6.6 0.5 Cement 1.7 -0.1

Other 10 Air Basins 21.6 0.7 Non-Road 4.6 -0.1

Table 5.4: Comparison of transport error across air basins compared to the sectoral result.
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emissions for 2002 and 2008, we see that the difference in utility emissions is 25-35%,

similar to findings of Ackerman and Sundquist (2008) individual power plants. This sug-

gests that EDGAR could be poor at representing sectoral emissions estimates in California

and basing prior uncertainty on the standard deviation between Vulcan and EDGAR may

over inflate uncertainty in the inversion. This points to a huge lack of sectoral knowledge

that is evident across gridded inventories. This has important implications for sectoral

inversions: the false attribution of large concentrations from a given sector at an observa-

tion site will see the inversion over emphasising changes in posterior emissions estimates

in that sector.

Our inversion was shown to be able to capture statewide reductions due to a sector

specific emission reduction and reduce the prior bias in emissions for each of the exper-

iments in Section 5.3.3. However in most cases examined, the inversion was not able to

attribute emissions reductions outlined by the Governor’s Pillars entirely to the correct

sector. This is similar to findings on the scale of the U.S. city of Indianapolis by Lauvaux

et al. (2016). They explored how the inversion attributed sectoral emissions in Indianapo-

lis when there is a large reduction in a combination of sectors. Although the inversion was

able to scale overall emissions towards true emission, it could not correctly attribute the

correct ratio of emissions reductions. To ensure our results were not dependent on only

reducing one particular sector, we tested the inversion result for the exact same emissions

reductions scenario tested in Lauvaux et al. (2016): a 20% reduction in road emission

and 40% in utility (Fig. A.8). Again, the inversion is able to reduce statewide prior bias

correctly, however significant scaling occurs in industry emissions.

Sectoral inversions have also been carried out for methane emissions (e.g. Turner and

Jacob, 2015; Jeong et al., 2016). Our results that the correct attribution of magnitude

error in sectoral emissions was difficult is similar to the findings of Jeong et al. (2016)

that looked at methane emissions in California. They emphasise the use of more gas

tracers for methane such as ethane. Newman et al. (2016) used 13C to isolate natural gas
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emissions from ffCO2 utility emissions in Los Angeles. Carbon monoxide has also been

used to identify emissions from engine combustion (Turnbull et al., 2015). This indicates

the potential identification of utility and road emissions by isotopic measurements. This

added information would allow inversions to solve for sectoral emissions separately, and

may help the inversion to correctly attribute changes in emissions to the correct sector,

without changing the emissions in others.

For spatial error, UM-NAME posterior results are more often less biased in terms of

mean signal bias compared to WS-CTL results. For example, all posterior sector results

in Figure 5.11 overlap with true emissions using UM-NAME as transport model. In terms

of spatial error this backs up our findings in Chapter 3 that showed correlation improves

significantly when the resolution decreases to the spatial resolution of UM-NAME (17km

and 25km). This implies that atmospheric inversion studies with coarser emissions maps

may not be as susceptible to spatial emissions errors as higher resolution models. Hence,

if we are more focused on the general picture of emissions over spatial scales of U.S.

states, then as suggested by Andres et al. (2016), a coarser emissions map with a well

constrained uncertainty map be more optimal.

Our results indicate that the inversion approach in Chapter 4 did not scale emissions in

certain air basins. This was also shown in Fischer et al. (2017), where air basin emissions

are not scaled. Comparing results from Chapters 4 and 5, we see that emissions are being

scaled to a greater extent in the sectoral inversion. Although it is beneficial in a scenario

where there is a bias in magnitude of prior emissions, and the sectoral inversion would be

better at scaling statewide bias towards true emissions, it can also lead to more biased pos-

terior results due to errors in the spatial distribution of emission for example. Hence we

may need to introduce more constraint into our sectoral inversion. From results in Chap-

ter 3, it may be argued that large point source emissions in California are considered well

known in CARB’s MRR, hence do not need to be solved for in an atmospheric inversion.

Looking at the percentage of large point source emitters by sector in 2008, we see 2.3
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Mt C in cement, 14.8 Mt C in utility and 15.7 in industry, which is 100% of cement and

utility emissions and 71% of industry emissions. This added constraint, combined with

sector specific trace gas inversion, could lead to more accurate sector specific inversions

of ffCO2 emissions that could independently verify sector specific emissions reduction

policies.

5.5 Conclusion

We have shown that state total ffCO2 emissions produced by both gridded and tabular

inventories for the U.S. state of California differ by between 5-130% across sectors.

Hypothetical sector specific emissions reduction were tested in the inversion and whilst

statewide prior bias was reduced in all cases, the inversion attributed emissions reductions

to other sectors that had no prior magnitude bias. With both a biased magnitude and spa-

tial distribution, the inversion was again able to correctly scale state emissions and reduce

prior bias by 40-90%, however, posterior sectoral emissions were biased by more than

100% of true emissions in certain sectors. These results highlight the significant degree

of uncertainty in sectoral ffCO2 emissions, both in terms of magnitude and spatial distri-

bution, among gridded inventories. We conclude that an atmospheric inversion modelling

approach on the scale of a U.S. state may need the further development of sector-trace

gas relationships in ffCO2 to be able to successfully attribute reductions in overall ffCO2

emissions to specific sectoral reductions.

147



5.5. Conclusion

148



Chapter 6

Summary and Conclusions

6.1 Summary of Key Findings

The main objective of this thesis was to explore the use of atmospheric inversions to

quantify emissions of fossil fuel CO2 for the U.S. state of California and assess its impli-

cations for the monitoring and verification of emissions. This involved first quantifying

uncertainties associated with gridded inventory emissions products produced for Califor-

nia. Next, using an Observation System Simulation Experiment (OSSE), we characterized

uncertainties associated with the magnitude, spatial, and temporal distribution of gridded

emissions inventories used to generate prior emissions in the atmospheric inversion. Fur-

thermore, we examined inter transport model differences in simulated emissions of ffCO2,

comparing transport models driven by different meteorological data, as well as different

spatial and temporal resolutions. A final objective was to assess the uncertainty between

specific emissions sectors in California, and determine whether the inversion can success-

fully attribute emissions reductions to the correct sector.

In Chapter 3 we found discrepancies between four annual ffCO2 gridded emission

datasets over the state of California result in a standard deviation of 11% (the same order

of magnitude as greenhouse gas reduction targets for the state of California), and even
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greater on smaller sub regional scale. By comparing the inventories at state, sub state and

grid cell level, we were able to show that increasing the spatial resolution of gridded emis-

sions inventories does not necessarily increase total uncertainty over a domain, with total

uncertainty being dominated by high emitting - high uncertainty grid cells. We also found

the peak to peak amplitude in the diurnal and annual cycle of emissions summed over

California was ~90% and ~15% respectively, highlighting the significance of temporally

varying emissions in California.

In Chapter 4 we showed that atmospheric inversions can reduce a hypothetical bias in

the magnitude of prior emissions estimates of ffCO2 in California using the observation

network from Graven et al. (2018). Experiments to characterize the effect of errors in the

spatial and temporal distribution in prior emissions resulted in biases in posterior state-

total emissions with magnitudes of 1-15%. Our results highlight the need for temporal

variation to be included in prior emissions, different estimates of the spatial distribution

of emissions between urban and rural regions to be considered, and representation of

atmospheric transport in regional ffCO2 inversions to be further evaluated.

In Chapter 5 we found that sectoral ffCO2 emissions estimates produced for the U.S.

state of California differ by 5-130% for across gridded and tabular sector estimates. Hy-

pothetical sector specific emissions reduction were tested in the inversion and whilst the

inversion was able to reduce statewide prior bias, the inversion was not able to attribute the

reduction to the correct emissions sectors. This result suggests that the use of atmospheric

inverse modelling to constrain sector specific emissions requires the further development

of trace gas to sector relationships.

Our findings show inversions of ffCO2 have potential in monitoring and verifying

ffCO2 emissions for our example in California. In terms of implications for future in-

version modelling, our results indicate that accurate representation of prior emissions

in the inversion, both spatially and temporally, is of most importance in order to reduce

systematic errors to a level of a few percent. With the advent of more sector specific emis-
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sions reduction policies, our results show that including radiocarbon alone in inversions

of ffCO2 will not be sufficient for the evaluation of such sector specific policies.

6.2 Future Work

Including temporally varying prior emissions was shown to be important in our regional

inversion results in Chapter 4, however characterizing uncertainty in diurnally varying

estimates has not yet been fully carried out. Further work is needed to characterize uncer-

tainty in inventories at different temporal resolutions. Nassar et al. (2013) tried to estimate

uncertainty by looking at the number of temporal scaling factors used by an inventory.

However as found by examining uncertainty in the spatial distribution of emission, the

full extent of temporal uncertainty may only be known by comparing inventories at the

same time scales.

Further experiments using a different specification of inversion region, for example

to define the inversion region size based the observation network’s constraint on emis-

sions (Manning et al., 2011; Ganesan et al., 2014; Jeong et al., 2016), could help char-

acterize the robustness of posterior estimates to the choices made in the inversion setup.

Although Graven et al. (2018) found that a hierarchical Bayesian approach had the ef-

fect of increasing the uncertainties in the prior and the inverse emissions estimates while

not significantly changing posterior estimates compared to the air basin inversion region

approach, it could provide a more robust choice of inversion region. Furthermore, a hier-

archical Bayesian approach is more applicable if recreating the inversion setup for other

regions. Another variation to our inversion setup would be changing the mismatch in

magnitude between prior and true emissions. Our choice of Vulcan and EDGAR was

simply to compare two widely used emissions inventories by the community. In reality,

the difference between a prior emissions estimate and true emissions could be signifi-

cantly different from the EDGAR-Vulcan mismatch. However our results in Chapter 4
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and 5 are likely depended on the size of the mismatch in magnitude between prior emis-

sions and true emissions. Therefore further work is needed on characterizing different

mismatch errors in the magnitude of prior and true emissions.

From our results in Chapter 5, the further development of atmospheric tracers is

needed to quantify sectoral specific emissions. Previous work has used 13C to distin-

guish natural gas (primary fossil fuel of utility sector and used extensively for building

heating, Newman et al., 2016), and Turnbull et al. (2015) has used the ratio of CO to

ffCO2 to examine the contribution of sectors (e.g. road transport which dominate concen-

trations of CO) to identify concentrations of ffCO2 from specific sectors. However the

relationship between trace gases and emissions sectors need further development for this

to be a considered an option for policy verification.

152



Bibliography

Ackerman, K. V. and E. T. Sundquist (2008). Comparison of two U.S. power-plant carbon dioxide

emissions data sets. Environmental Science and Technology 42(15), 5688–5693.

Andres, R. J., T. A. Boden, F. M. Bréon, P. Ciais, S. Davis, D. Erickson, J. S. Gregg, A. Jacobson,

G. Marland, J. Miller, T. Oda, J. G. J. Olivier, M. R. Raupach, P. Rayner, and K. Treanton (2012).

A synthesis of carbon dioxide emissions from fossil-fuel combustion. Biogeosciences 9(5),

1845–1871.

Andres, R. J., T. A. Boden, and D. M. Higdon (2016). Gridded uncertainty in fossil fuel carbon

dioxide emission maps, a CDIAC example. Atmospheric Chemistry and Physics 16(23), 14979–

14995.

Andres, R. J., J. S. Gregg, L. Losey, G. Marland, and T. A. Boden (2011). Monthly, global

emissions of carbon dioxide from fossil fuel consumption. Tellus, Series B: Chemical and

Physical Meteorology 63(3), 309–327.

Andres, R. J., G. Marland, I. Fung, and E. Matthews (1996). A 1◦ x 1◦ distribution of carbon

dioxide emissions from fossil fuel consumption and cement manufacture, 1950-1990. Global

Biogeochemical Cycles 10(3), 419–429.

Andrews, A. E., J. D. Kofler, M. E. Trudeau, J. C. Williams, D. H. Neff, K. A. Masarie, D. Y. Chao,

D. R. Kitzis, P. C. Novelli, C. L. Zhao, E. J. Dlugokencky, P. M. Lang, M. J. Crotwell, M. L.

Fischer, M. J. Parker, J. T. Lee, D. D. Baumann, A. R. Desai, C. O. Stanier, S. F. De Wekker,

D. E. Wolfe, J. W. Munger, and P. P. Tans (2014). CO2, CO, and CH4 measurements from

tall towers in the NOAA earth system research laboratory’s global greenhouse gas reference

153



Bibliography

network: Instrumentation, uncertainty analysis, and recommendations for future high-accuracy

greenhouse gas monitoring efforts. Atmospheric Measurement Techniques 7(2), 647–687.

Asefi-Najafabady, S., P. J. Rayner, K. R. Gurney, A. McRobert, Y. Song, K. Coltin, J. Huang,

C. Elvidge, and K. Baugh (2014). A multiyear, global gridded fossil fuel CO2 emission

data product: Evaluation and analysis of results. Journal of Geophysical Research: Atmo-

spheres 119(17), 10,213–10,231.

Bagley, J. E., S. Jeong, X. Cui, S. Newman, J. Zhang, C. Priest, M. Campos-Pineda, A. E. An-

drews, L. Bianco, M. Lloyd, N. Lareau, C. Clements, and M. L. Fischer (2017). Assessment

of an atmospheric transport model for annual inverse estimates of California greenhouse gas

emissions. Journal of Geophysical Research 122(3), 1901–1918.

Ballantyne, A. P., C. B. Alden, J. B. Miller, P. P. Tans, and J. W. C. White (2012, August). In-

crease in observed net carbon dioxide uptake by land and oceans during the past 50 years.

Nature 488(7409), 70–72.

Basu, S., J. B. Miller, and S. Lehman (2016). Separation of biospheric and fossil fuel fluxes of CO2

by atmospheric inversion of CO2 and 14CO2 measurements: Observation System Simulations.

Atmospheric Chemistry and Physics 16(9), 5665–5683.

Boden, T., B. Andres, and G. Maryland (2017). Global Greenhouse Gas Emissions Data. Technical

report.

BP (2017). BP Statistical Review of World Energy June 2017. Technical report.

Brenkert, A. L. (1998). Carbon Dioxide Emission Estimates From Fossil-Fuel Burning, Hydraulic

Cement Production, and Gas Flaring for 1995 on a One Degree Grid Cell Basis. Technical

report.

Brioude, J., W. M. Angevine, R. Ahmadov, S. W. Kim, S. Evan, S. a. McKeen, E. Y. Hsie, G. J.

Frost, J. a. Neuman, I. B. Pollack, J. Peischl, T. B. Ryerson, J. Holloway, S. S. Brown, J. B.

Nowak, J. M. Roberts, S. C. Wofsy, G. W. Santoni, T. Oda, and M. Trainer (2013). Top-down

154



Bibliography

estimate of surface flux in the Los Angeles Basin using a mesoscale inverse modeling technique:

Assessing anthropogenic emissions of CO, NOx and CO2 and their impacts. Atmospheric Chem-

istry and Physics 13(7), 3661–3677.

CARB (2016a). California Air Resources Board’s Statewide Greenhouse Gas Monitoring Net-

work.

CARB (2016b). The Governor’s Climate Change Pillars: 2030 Greenhouse Gas Reduction Goals.

CARB (2017). California Air Resources Board: Emission Inventory Data available at:.

Chen, F. and J. Dudhia (2001). Coupling an Advanced Land Surface-Hydrology Model with the

Penn State-NCAR MM5 Modeling System. Part II: Preliminary Model Validation. Monthly

Weather Review 129(4), 587–604.

Chevallier, F., S. Maksyutov, P. Bousquet, F. M. Bréon, R. Saito, Y. Yoshida, and T. Yokota (2009).

On the accuracy of the CO2 surface fluxes to be estimated from the GOSAT observations. Geo-

physical Research Letters 36(19).

Ciais, P., A. J. Dolman, A. Bombelli, R. Duren, A. Peregon, P. J. Rayner, C. Miller, N. Gobron,

G. Kinderman, G. Marland, N. Gruber, F. Chevallier, R. J. Andres, G. Balsamo, L. Bopp, F. M.

Bréon, G. Broquet, R. Dargaville, T. J. Battin, A. Borges, H. Bovensmann, M. Buchwitz, J. But-

ler, J. G. Canadell, R. B. Cook, R. Defries, R. Engelen, K. R. Gurney, C. Heinze, M. Heimann,

A. Held, M. Henry, B. Law, S. Luyssaert, J. Miller, T. Moriyama, C. Moulin, R. B. Myneni,

C. Nussli, M. Obersteiner, D. Ojima, Y. Pan, J. D. Paris, S. L. Piao, B. Poulter, S. Plum-

mer, S. Quegan, P. Raymond, M. Reichstein, L. Rivier, C. Sabine, D. Schimel, O. Tarasova,

R. Valentini, R. Wang, G. Van Der Werf, D. Wickland, M. Williams, and C. Zehner (2014).

Current systematic carbon-cycle observations and the need for implementing a policy-relevant

carbon observing system. Biogeosciences 11(13), 3547–3602.

Ciais, P., C. Sabine, G. Bala, L. Bopp, V. Brovkin, J. Canadell, A. Chhabra, R. DeFries, J. Gal-

loway, and M. Heimann (2013). Carbon and other biogeochemical cycles. The Physical Science

155



Bibliography

Basis. Contribution of Working Group I to the Fifth Assessment Report of the Intergovernmental

Panel on Climate Change, 465–570.

Ciais, P., P. P. Tans, M. Trolier, J. W. C. White, and R. J. Francey (1995). A Large Northern

Hemisphere Terrestrial CO2 Sink Indicated by the 13C/12C Ratio of Atmospheric CO2. Sci-

ence 269(5227), 1098–1102.

Cox, P. M., R. A. Betts, C. D. Jones, S. A. Spall, and I. J. Totterdell (2000). Acceleration of

global warming due to carbon-cycle feedbacks in a coupled climate model. Nature 408(6809),

184–187.

Cullen, M. J. P. (1993). The Unified Forecast/Climate Model. Meteorological Maga-

zine 122(1449), 81–94.

Dai, A. (2013). Increasing drought under global warming in observations and models. Nature

Climate Change 3(1), 52–58.

Den Elzen, M. G. J., A. F. Hof, and M. Roelfsema (2013). Analysing the greenhouse gas emission

reductions of the mitigation action plans by non-Annex I countries by 2020. Energy Policy 56,

633–643.

Dlugokencky, E. and P. Tans (2018). Trends in atmospheric carbon dioxide, National Oceanic &

Atmospheric Administration, Earth System Research Laboratory (NOAA/ESRL).

EDGAR (2011). EDGAR Greenhouse Gas Emissions Inventory v4.2 FT2010.

EDGAR (2018). EDGARv4 methodology.

EIA (2018). International energy statistics.

Fan, S., M. Gloor, J. Mahlman, S. Pacala, J. Sarmiento, T. Takahashi, and P. Tans (1998). A large

terrestrial carbon sink in North America implied by atmospheric and oceanic carbon dioxide

data and models.

156



Bibliography

Feng, S., T. Lauvaux, S. Newman, P. Rao, R. Ahmadov, A. Deng, L. I. Díaz-Isaac, R. M. Duren,

M. L. Fischer, C. Gerbig, K. R. Gurney, J. Huang, S. Jeong, Z. Li, C. E. Miller, D. O’Keeffe,

R. Patarasuk, S. P. Sander, Y. Song, K. W. Wong, and Y. L. Yung (2016). Los Angeles megacity:

A high-resolution land-atmosphere modelling system for urban CO2 emissions. Atmospheric

Chemistry and Physics 16(14), 9019–9045.

Fischer, M. L., S. Jeong, and S. Newman (2015). Atmospheric Measurement and Inverse Modeling

to Improve Greenhouse Gas Emission Estimates. (11).

Fischer, M. L., N. Parazoo, K. Brophy, X. Cui, S. Jeong, J. Liu, R. Keeling, T. E. Taylor, K. Gurney,

T. Oda, and H. Graven (2017). Simulating estimation of California fossil fuel and biosphere

carbon dioxide exchanges combining in situ tower and satellite column observations. Journal

of Geophysical Research: Atmospheres 122(6), 3653–3671.

Ganesan, A. L., M. Rigby, A. Zammit-Mangion, A. J. Manning, R. G. Prinn, P. J. Fraser, C. M.

Harth, K. R. Kim, P. B. Krummel, S. Li, J. Mühle, S. J. O’Doherty, S. Park, P. K. Salameh,

L. P. Steele, and R. F. Weiss (2014). Characterization of uncertainties in atmospheric trace gas

inversions using hierarchical Bayesian methods. Atmospheric Chemistry and Physics 14(8),

3855–3864.

Garratt, J. (1992). The Atmospheric Boundary Layer. Cambridge University Press.

Gately, C. K., L. R. Hutyra, I. S. Wing, and M. N. Brondfield (2013). A bottom up approach

to on-road CO2 emissions estimates: Improved spatial accuracy and applications for regional

planning. Environmental Science and Technology 47(5), 2423–2430.

Gerbig, C., J. C. Lin, S. C. Wofsy, B. C. Daube, a. E. Andrews, B. B. Stephens, P. S. Bakwin,

and C. a. Grainger (2003). Toward constraining regional-scale fluxes of CO2 with atmospheric

observations over a continent: 1. Observed spatial variability from airborne platforms. Journal

of Geophysical Research: Atmospheres 108(D24).

Godwin, H. (1962). Half-life of radiocarbon. Nature 195(4845), 984.

157



Bibliography

Graven, H. D. (2015). Impact of fossil fuel emissions on atmospheric radiocarbon and various

applications of radiocarbon over this century. Proceedings of the National Academy of Sci-

ences 112(31), 9542–9545.

Graven, H. D., M. L. Fischer, T. Lueker, S. Jeong, T. P. Guilderson, R. Keeling, R. P. Bambha,

K. Brophy, W. Callahan, X. Cui, C. Frankenberg, K. R. Gurney, B. LaFranchi, S. Lehman,

H. Michelsen, J. B. Miller, S. Newman, W. Paplawsky, N. Parazoo, C. Sloop, and S. J. Walker

(2018). Assessing fossil fuel CO2 emissions in California using atmospheric observations and

models. Environmental Research Letters 9.

Graven, H. D., T. P. Guilderson, and R. F. Keeling (2007). METHODS FOR HIGH-PRECISION

14C AMS MEASUREMENT OF ATMOSPHERIC CO2 AT LLNL. RADIOCARBON 49(2),

349–356.

Graven, H. D., T. P. Guilderson, and R. F. Keeling (2012, January). Observations of radiocarbon

in CO2 at seven global sampling sites in the Scripps flask network: Analysis of spatial gradients

and seasonal cycles. Journal of Geophysical Research Atmospheres 117(2), n/a–n/a.

Graven, H. D., B. B. Stephens, T. P. Guilderson, T. L. Campos, D. S. Schimel, J. E. Campbell,

and R. F. Keeling (2009). Vertical profiles of biospheric and fossil fuel-derived CO2 and fossil

fuel CO2: CO ratios from airborne measurements of ∆14C, CO2 and CO above Colorado, USA.

Tellus, Series B: Chemical and Physical Meteorology 61(3), 536–546.

Gregg, J. S. and R. J. Andres (2008). A method for estimating the temporal and spatial patterns

of carbon dioxide emissions from national fossil-fuel consumption. Tellus, Series B: Chemical

and Physical Meteorology 60 B(1), 1–10.

Gregg, J. S., R. J. Andres, and G. Marland (2008). China: Emissions pattern of the world leader

in CO2 emissions from fossil fuel consumption and cement production. Geophysical Research

Letters 35(8).

Grell, G. A., J. Dudhia, and D. R. Stauffer (1994). A description of the Fifth-generation Penn

State/NCAR Mesoscale Model (MM5). Number December.

158



Bibliography

Guan, D., Z. Liu, Y. Geng, S. Lindner, and K. Hubacek (2012). The gigatonne gap in China’s

carbon dioxide inventories. Nature Climate Change 2(9), 672–675.

Gurney, K. R., Y. H. Chen, T. Maki, S. R. Kawa, A. Andrews, and Z. Zhu (2005). Sensitivity

of atmospheric CO2 inversions to seasonal and interannual variations in fossil fuel emissions.

Journal of Geophysical Research D: Atmospheres 110(10), 1–13.

Gurney, K. R., R. M. Law, a. S. Denning, P. J. Rayner, D. Baker, P. Bousquet, L. Bruhwiler, Y. H.

Chen, P. Ciais, S. Fan, I. Y. Fung, M. Gloor, M. Heimann, K. Higuchi, J. John, E. Kowalczyk,

T. Maki, S. Maksyutov, P. Peylin, M. Prather, B. C. Pak, J. Sarmiento, S. Taguchi, T. Takahashi,

and C. W. Yuen (2003). TransCom 3 CO2 inversion intercomparison: 1. Annual mean control

results and sensitivity to transport and prior flux information. Tellus, Series B: Chemical and

Physical Meteorology 55(2), 555–579.

Gurney, K. R., R. M. Law, A. S. Denning, P. J. Rayner, D. Baker, P. Bousquet, L. Bruhwiler, Y.-

H. Chen, P. Ciais, S. Fan, I. Y. Fung, M. Gloor, M. Heimann, K. Higuchi, J. John, T. Maki,

S. Maksyutov, K. Masarie, P. Peylin, M. Prather, B. C. Pak, J. Randerson, J. Sarmiento,

S. Taguchi, T. Takahashi, and C.-W. Yuen (2002, February). Towards robust regional estimates

of CO2 sources and sinks using atmospheric transport models. Nature 415(6872), 626–30.

Gurney, K. R., D. L. Mendoza, Y. Zhou, M. L. Fischer, C. C. Miller, S. Geethakumar, and S. de

la Rue du Can (2009). High Resolution Fossil Fuel Combustion CO2 Emission Fluxes for the

United States. Environmental Science & Technology 43(14), 5535–5541.

Gurney, K. R., I. Razlivanov, Y. Song, Y. Zhou, B. Benes, and M. Abdul-Massih (2012). Quantifi-

cation of fossil fuel CO2 emissions on the building/street scale for a large U.S. City. Environ-

mental Science and Technology 46(21), 12194–12202.

Hogue, S., E. Marland, R. J. Andres, G. Marland, and D. Woodard (2016, May). Uncertainty in

gridded CO2 emissions estimates. Earth’s Future 4(5), 225–239.

Hong, S.-Y., Y. Noh, and J. Dudhia (2006). A New Vertical Diffusion Package with an Explicit

Treatment of Entrainment Processes. Monthly Weather Review 134(9), 2318–2341.

159



Bibliography

Hsueh, D. Y., N. Y. Krakauer, J. T. Randerson, X. Xu, S. E. Trumbore, and J. R. Southon (2007,

January). Regional patterns of radiocarbon and fossil fuel-derived CO2 in surface air across

North America. Geophysical Research Letters 34(2), L02816.

Hungershoefer, K., F.-M. Breon, P. Peylin, F. Chevallier, P. Rayner, A. Klonecki, S. Houweling,

and J. Marshall (2010). Evaluation of various observing systems for the global monitoring of

CO2 surface fluxes. Atmospheric Chemistry and Physics 10(21), 10503–10520.

Hutchins, M. G., J. D. Colby, G. Marland, and E. Marland (2017). A comparison of five high-

resolution spatially-explicit, fossil-fuel, carbon dioxide emission inventories for the United

States. Mitigation and Adaptation Strategies for Global Change 22(6), 947–972.

IPCC (2006). Guidelines for National Greenhouse Gas Inventories, v. 11. Technical report, IPCC

WGI Technical Support Unit, Bracknell, U.K.

IPCC (2014). IPCC, 2013: Climate Change 2013: The Physical Science Basis. Contribution

of Working Group I to the Fifth Assessment Report of the Intergovernmental Panel on Climate

Change.

Jacob, D. J. (2007). LECTURES ON INVERSE MODELING.

Janssens-Maenhout, G., M. Crippa, D. Guizzardi, M. Muntean, E. Schaaf, F. Dentener, P. Bergam-

aschi, V. Pagliari, J. G. J. Olivier, J. A. H. W. Peters, J. A. van Aardenne, S. Monni, U. Doering,

and A. M. R. Petrescu (2017). EDGAR v4.3.2 Global Atlas of the three major Greenhouse Gas

Emissions for the period 1970&amp;amp;ndash;2012. Earth System Science Data Discussions,

1–55.

Jeong, S., Y. K. Hsu, A. E. Andrews, L. Bianco, P. Vaca, J. M. Wilczak, and M. L. Fischer (2013,

October). A multitower measurement network estimate of California’s methane emissions. Jour-

nal of Geophysical Research Atmospheres 118(19), 11339–11351.

Jeong, S., S. Newman, J. Zhang, A. E. Andrews, L. Bianco, J. Bagley, X. Cui, H. Graven, J. Kim,

P. Salameh, B. W. LaFranchi, C. Priest, M. Campos-Pineda, E. Novakovskaia, C. D. Sloop,

160



Bibliography

H. A. Michelsen, R. P. Bambha, R. F. Weiss, R. Keeling, and M. L. Fischer (2016). Estimat-

ing methane emissions in california’s urban and rural regions using multitower observations.

Journal of Geophysical Research 121(21), 13,031–13,049.

Jeong, S., C. Zhao, A. E. Andrews, L. Bianco, J. M. Wilczak, and M. L. Fischer (2012). Seasonal

variation of CH4 emissions from central California. Journal of Geophysical Research 117(D11),

1–15.

Jeong, S., C. Zhao, A. E. Andrews, E. J. Dlugokencky, C. Sweeney, L. Bianco, J. M. Wilczak, and

M. L. Fischer (2012, August). Seasonal variations in N2O emissions from central California.

Geophysical Research Letters 39(16).

Jones, A., D. Thomson, M. Hort, and B. Devenish (2007). The U.K. Met Office’s Next-Generation

Atmospheric Dispersion Model, NAME III. In Air Pollution Modeling and Its Application XVII,

pp. 580–589.

Joos, F. and R. Spahni (2008). Rates of change in natural and anthropogenic radiative forcing over

the past 20,000 years. Proceedings of the National Academy of Sciences 105(5), 1425–1430.

Keeling, C. D., S. C. Piper, R. B. Bacastow, M. Wahlen, T. P. Whorf, M. Heimann, and H. A. Mei-

jer (2005). Atmospheric CO2 and 13CO2 Exchange with the Terrestrial Biosphere and Oceans

from 1978 to 2000: Observations and Carbon Cycle Implications. A History of Atmospheric

CO2 and Its Effects on Plants, Animals, and Ecosystems 177, 83–113.

Keeling, R. F., R. P. Najjar, M. L. Bender, and P. P. Tans (1993). What atmospheric oxygen

measurements can tell us about the global carbon cycle. Global Biogeochemical Cycles 7(1),

37–67.

Kenney, J. F. and E. S. Keeping (1951). The Distribution of the Standard Deviation. Princeton,

NJ: Van Nostrand.

Knorr, W. (2009). Is the airborne fraction of anthropogenic CO2 emissions increasing? Geophys-

ical Research Letters 36(21).

161



Bibliography

Lafranchi, B. W., G. Pétron, J. B. Miller, S. J. Lehman, A. E. Andrews, E. J. Dlugokencky, B. Hall,

B. R. Miller, S. A. Montzka, W. Neff, P. C. Novelli, C. Sweeney, J. C. Turnbull, D. E. Wolfe, P. P.

Tans, K. R. Gurney, and T. P. Guilderson (2013). Constraints on emissions of carbon monoxide,

methane, and a suite of hydrocarbons in the Colorado front range using observations of 14CO2.

Atmospheric Chemistry and Physics 13(21), 11101–11120.

Lauvaux, T., N. L. Miles, A. Deng, S. J. Richardson, M. O. Cambaliza, K. J. Davis, B. Gaudet,

K. R. Gurney, J. Huang, D. O’Keefe, Y. Song, A. Karion, T. Oda, R. Patarasuk, I. Razlivanov,

D. Sarmiento, P. Shepson, C. Sweeney, J. Turnbull, and K. Wu (2016). High-resolution atmo-

spheric inversion of urban CO2 emissions during the dormant season of the Indianapolis Flux

Experiment (INFLUX). Journal of Geophysical Research: Atmospheres 121(10), 5213–5236.

Le Quéré, C., R. M. Andrew, P. Friedlingstein, S. Sitch, J. Pongratz, A. C. Manning, J. I. Kors-

bakken, G. P. Peters, J. G. Canadell, R. B. Jackson, T. A. Boden, P. P. Tans, O. D. Andrews,

V. K. Arora, D. C. E. Bakker, L. Barbero, M. Becker, R. A. Betts, L. Bopp, F. Chevallier, L. P.

Chini, P. Ciais, C. E. Cosca, J. Cross, K. Currie, T. Gasser, I. Harris, J. Hauck, V. Haverd, R. A.

Houghton, C. W. Hunt, G. Hurtt, T. Ilyina, A. K. Jain, E. Kato, M. Kautz, R. F. Keeling, K. Klein

Goldewijk, A. Körtzinger, P. Landschützer, N. Lefèvre, A. Lenton, S. Lienert, I. Lima, D. Lom-

bardozzi, N. Metzl, F. Millero, P. M. S. Monteiro, D. R. Munro, J. E. M. S. Nabel, S.-i. Nakaoka,

Y. Nojiri, X. A. Padín, A. Peregon, B. Pfeil, D. Pierrot, B. Poulter, G. Rehder, J. Reimer, C. Rö-

denbeck, J. Schwinger, R. Séférian, I. Skjelvan, B. D. Stocker, H. Tian, B. Tilbrook, I. T. van der

Laan-Luijkx, G. R. van der Werf, S. van Heuven, N. Viovy, N. Vuichard, A. P. Walker, A. J. Wat-

son, A. J. Wiltshire, S. Zaehle, and D. Zhu (2017). Global Carbon Budget 2017. Earth System

Science Data Discussions, 1–79.

Le Quéré, C., R. Moriarty, R. M. Andrew, J. G. Canadell, S. Sitch, J. I. Korsbakken, P. Friedling-

stein, G. P. Peters, R. J. Andres, T. A. Boden, R. A. Houghton, J. I. House, R. F. Keeling, P. Tans,

A. Arneth, D. C. E. Bakker, L. Barbero, L. Bopp, J. Chang, F. Chevallier, L. P. Chini, P. Ciais,

M. Fader, R. A. Feely, T. Gkritzalis, I. Harris, J. Hauck, T. Ilyina, A. K. Jain, E. Kato, V. Kitidis,

K. Klein Goldewijk, C. Koven, P. Landschützer, S. K. Lauvset, N. Lefèvre, A. Lenton, I. D.

Lima, N. Metzl, F. Millero, D. R. Munro, A. Murata, J. E. M. S. Nabel, S. Nakaoka, Y. Nojiri,

162



Bibliography

K. O’Brien, A. Olsen, T. Ono, F. F. Pérez, B. Pfeil, D. Pierrot, B. Poulter, G. Rehder, C. Röden-

beck, S. Saito, U. Schuster, J. Schwinger, R. Séférian, T. Steinhoff, B. D. Stocker, A. J. Sutton,

T. Takahashi, B. Tilbrook, I. T. Van Der Laan-Luijkx, G. R. Van Der Werf, S. Van Heuven,

D. Vandemark, N. Viovy, A. Wiltshire, S. Zaehle, and N. Zeng (2015). Global Carbon Budget

2015. Earth System Science Data 7(2), 349–396.

Levin, I. (2003). A novel approach for independent budgeting of fossil fuel CO2 over Europe by

14CO2 observations. Geophysical Research Letters 30(23), 49–60.

Levin, I. and B. Kromer (2004). The Tropospheric 14CO2 Level in Mid-Latitudes of the Northern

Hemisphere (1959-2003). Radiocarbon 46(03), 1261–1272.

Levin, I., B. Kromer, and S. Hammer (2013). Atmospheric δ 14CO2 trend in Western European

background air from 2000 to 2012. Tellus, Series B: Chemical and Physical Meteorology 65(1).

Levin, I., T. Naegler, B. Kromer, M. Diehl, R. J. Francey, A. J. Gomez-Pelaez, L. P. Steele, D. Wa-

genbach, R. Weller, and D. E. Worthy (2010, February). Observations and modelling of the

global distribution and long-term trend of atmospheric 14CO2. Tellus, Series B: Chemical and

Physical Meteorology 62(1), 26–46.

Lin, J. C. (2003). A near-field tool for simulating the upstream influence of atmospheric ob-

servations: The Stochastic Time-Inverted Lagrangian Transport (STILT) model. Journal of

Geophysical Research 108(D16), ACH 2–1–ACH 2–17.

Liu, Z., D. Guan, W. Wei, S. J. Davis, P. Ciais, J. Bai, S. Peng, Q. Zhang, K. Hubacek, G. Marland,

R. J. Andres, D. Crawford-Brown, J. Lin, H. Zhao, C. Hong, T. A. Boden, K. Feng, G. P. Peters,

F. Xi, J. Liu, Y. Li, Y. Zhao, N. Zeng, and K. He (2015). Reduced carbon emission estimates

from fossil fuel combustion and cement production in China. Nature 524(7565), 335–338.

Liu, Z., C. Safta, K. Sargsyan, H. N. Najm, B. G. van Bloemen Waanders, B. W. LaFranchi,

M. D. Ivey, P. E. Schrader, H. A. Michelsen, and R. P. Bambha (2014). Greenhouse Gas Source

Attribution: Measurements Modeling and Uncertainty Quantification. Technical report.

163



Bibliography

Lueker, T. J., S. J. Walker, M. K. Vollmer, R. F. Keeling, C. D. Nevison, R. F. Weiss, and H. E.

Garcia (2003). Coastal upwelling air-sea fluxes revealed in atmospheric observations of O2/N2,

CO2and N2O. Geophysical Research Letters 30(6).

Manning, A. J., S. O’Doherty, A. R. Jones, P. G. Simmonds, and R. G. Derwent (2011). Estimat-

ing UK methane and nitrous oxide emissions from 1990 to 2007 using an inversion modeling

approach. Journal of Geophysical Research: Atmospheres 116(2), 1–19.

Manning, M. R. (1990). The use of radiocarbon measurements in atmospheric studies. Radiocar-

bon 32(1), 37–58.

Marland, G., A. Brenkert, and J. Olivier (1999). CO2 from fossil fuel burning: A comparison of

ORNL and EDGAR estimates of national emissions. Environmental Science and Policy 2(3),

265–273.

Mayor of London (2018). London’s Response To Climate Change.

Meehl, G. A., J. M. Arblaster, and C. Tebaldi (2005). Understanding future patterns of increased

precipitation intensity in climate model simulations. Geophysical Research Letters 32(18), 1–4.

Mendoza, D., K. R. Gurney, S. Geethakumar, V. Chandrasekaran, Y. Zhou, and I. Razlivanov

(2013). Implications of uncertainty on regional CO2 mitigation policies for the U.S. onroad

sector based on a high-resolution emissions estimate. Energy Policy 55, 386–395.

Michalak, A. M., A. Hirsch, L. Bruhwiler, K. R. Gurney, W. Peters, and P. P. Tans (2005). Maxi-

mum likelihood estimation of covariance parameters for Bayesian atmospheric trace gas surface

flux inversions. Journal of Geophysical Research 110(D24), D24107.

Miller, J. B., S. J. Lehman, S. A. Montzka, C. Sweeney, B. R. Miller, A. Karion, C. Wolak, E. J.

Dlugokencky, J. Southon, J. C. Turnbull, and P. P. Tans (2012). Linking emissions of fossil fuel

CO2 and other anthropogenic trace gases using atmospheric 14CO2. Journal of Geophysical

Research: Atmospheres 117(D8), n/a–n/a.

164



Bibliography

Miller, S. M. and A. M. Michalak (2017). Constraining sector-specific CO2 and CH4 emissions in

the US.

Nassar, R., L. Napier-Linton, K. R. Gurney, R. J. Andres, T. Oda, F. R. Vogel, and F. Deng

(2013). Improving the temporal and spatial distribution of CO2 emissions from global fossil

fuel emission data sets. Journal of Geophysical Research: Atmospheres 118(2), 917–933.

Nassar, R., C. E. Sioris, D. B. Jones, and J. C. McConnell (2014). Satellite observations of

CO2 from a highly elliptical orbit for studies of the arctic and boreal carbon cycle. Journal

of Geophysical Research 119(5), 2654–2673.

National Research Council (2010). Verifying Greenhouse Gas Emissions.

Nehrkorn, T., J. Eluszkiewicz, S. C. Wofsy, J. C. Lin, C. Gerbig, M. Longo, and S. Freitas (2010).

Coupled weather research and forecasting-stochastic time-inverted lagrangian transport (WRF-

STILT) model. Meteorology and Atmospheric Physics 107(1), 51–64.

New York State Energy Plan (2015). 2015 New York State Energy Plan.

Newman, S., S. Jeong, M. L. Fischer, X. Xu, C. L. Haman, B. Lefer, S. Alvarez, B. Rappenglueck,

E. A. Kort, A. E. Andrews, J. Peischl, K. R. Gurney, C. E. Miller, and Y. L. Yung (2013).

Diurnal tracking of anthropogenic CO2 emissions in the Los Angeles basin megacity during

spring 2010. Atmospheric Chemistry and Physics 13(8), 4359–4372.

Newman, S., X. Xu, K. R. Gurney, Y. K. Hsu, K. F. Li, X. Jiang, R. Keeling, S. Feng, D. O’Keefe,

R. Patarasuk, K. W. Wong, P. Rao, M. L. Fischer, and Y. L. Yung (2016). Toward consistency

between trends in bottom-up CO2 emissions and top-down atmospheric measurements in the

Los Angeles megacity. Atmospheric Chemistry and Physics 16(6), 3843–3863.

Nisbet, E. and R. Weiss (2010). Atmospheric science. Top-down versus bottom-up. Science (New

York, N.Y.) 328(5983), 1241–1243.

Oda, T. and S. Maksyutov (2011). A very high-resolution (1kmx1 km) global fossil fuel CO2

165



Bibliography

emission inventory derived using a point source database and satellite observations of nighttime

lights. Atmospheric Chemistry and Physics 11(2), 543–556.

OECD/IEA (2018). CO2 emissions from fuel combustion, 2017 edition.

Olivier, J. G. J., J. A. Van Aardenne, F. J. Dentener, V. Pagliari, L. N. Ganzeveld, and J. A. H. W.

Peters (2005). Recent trends in global greenhouse gas emissions:regional trends 1970-2000 and

spatial distributionof key sources in 2000. Environmental Sciences 2(2-3), 81–99.

Olivier, J. G. J. P., G. E.-J. Janssens-Maenhout, M. E.-J. Muntean, and J. A. H. W. P. Peters (2016).

Trends in Global CO2 Emissions: 2016 Report. PBL Netherlands Environmental Assessment

Agency & European Commission’s Joint Research Centre (JRC), 86.

Peters, G. P., G. Marland, C. Le Quéré, T. Boden, J. G. Canadell, and M. R. Raupach (2011).

Rapid growth in CO2 emissions after the 2008-2009 global financial crisis. Nature Climate

Change 2(1), 2–4.

Peters, W., A. R. Jacobson, C. Sweeney, A. E. Andrews, T. J. Conway, K. Masarie, J. B. Miller,

L. M. P. Bruhwiler, G. Pétron, A. I. Hirsch, D. E. J. Worthy, G. R. van der Werf, J. T. Randerson,

P. O. Wennberg, M. C. Krol, and P. P. Tans (2007). An atmospheric perspective on North

American carbon dioxide exchange: CarbonTracker. Proceedings of the National Academy of

Sciences of the United States of America 104(48), 18925–18930.

Petit, J. R., J. Jouzel, D. Raynaud, N. I. Barkov, J. M. Barnola, I. Basile, M. Bender, J. Chappellaz,

M. Davis, G. Delaygue, M. Delmotte, V. M. Kotiyakov, M. Legrand, V. Y. Lipenkov, C. Lorius,

L. Pépin, C. Ritz, E. Saltzman, and M. Stievenard (1999). Climate and atmospheric history of

the past 420,000 years from the Vostok ice core, Antarctica.

Pétron, G., P. Tans, G. Frost, D. Chao, and M. Trainer (2008). High-resolution emissions of CO2

from power generation in the USA. Journal of Geophysical Research: Biogeosciences 113(4).

Peylin, P., S. Houweling, M. C. Krol, U. Karstens, C. Rödenbeck, C. Geels, A. Vermeulen,

B. Badawy, C. Aulagnier, T. Pregger, F. Delage, G. Pieterse, P. Ciais, and M. Heimann (2011).

166



Bibliography

Importance of fossil fuel emission uncertainties over Europe for CO2 modeling: Model inter-

comparison. Atmospheric Chemistry and Physics 11(13), 6607–6622.

Peylin, P., R. M. Law, K. R. Gurney, F. Chevallier, A. R. Jacobson, T. Maki, Y. Niwa, P. K.

Patra, W. Peters, P. J. Rayner, C. Rödenbeck, I. T. Van Der Laan-Luijkx, and X. Zhang (2013).

Global atmospheric carbon budget: Results from an ensemble of atmospheric CO2 inversions.

Biogeosciences 10(10), 6699–6720.

Polyakov, I. V., L. A. Timokhov, V. A. Alexeev, S. Bacon, I. A. Dmitrenko, L. Fortier, I. E. Frolov,

J.-C. Gascard, E. Hansen, V. V. Ivanov, S. Laxon, C. Mauritzen, D. Perovich, K. Shimada, H. L.

Simmons, V. T. Sokolov, M. Steele, and J. Toole (2010). Arctic Ocean Warming Contributes to

Reduced Polar Ice Cap. Journal of Physical Oceanography 40(12), 2743–2756.

Quick, J. C. (2014). Carbon dioxide emission tallies for 210 U.S. coal-fired power plants: A

comparison of two accounting methods. Journal of the Air and Waste Management Associa-

tion 64(1), 73–79.

Rafter, T. and G. Fergusson (1957). "Atom Bomb Effect"-Recent Increase of Carbon-14COntent

of the Atmosphere and Biosphere. Science 126(3273), 557–558.

Rahmstorf, S. (2007). A semi-empirical approach to projecting future sea-level rise. Sci-

ence 315(5810), 368–370.

Rayner, P. J., M. R. Raupach, M. Paget, P. Peylin, and E. Koffi (2010). A new global gridded

data set of CO2 emissions from fossil fuel combustion: Methodology and evaluation. Journal

of Geophysical Research 115(D19), D19306.

Rignot, E., I. Velicogna, M. R. Van Den Broeke, A. Monaghan, and J. Lenaerts (2011). Accelera-

tion of the contribution of the Greenland and Antarctic ice sheets to sea level rise. Geophysical

Research Letters 38(5).

Rödenbeck, C., S. Houweling, M. Gloor, and M. Heimann (2003). CO2 flux history 1982-2001

inferred from atmospheric data using a global inversion of atmospheric transport. Atmospheric

Chemistry and Physics 3(6), 1919–1964.

167



Bibliography

Rodgers, C. D. (2000, July). Inverse Methods for Atmospheric Sounding - Theory and Practice,

Volume 2. WORLD SCIENTIFIC.

Schnapp, R. (2008). Personal communication (data submittal) between Larry Hunsaker of CA

Air Resources Board and Robert Schnapp of the Energy Information Administration. Technical

report.

Schuur, E. A. G., J. Bockheim, J. G. Canadell, E. Euskirchen, C. B. Field, S. V. Goryachkin,

S. Hagemann, P. Kuhry, P. M. Lafleur, H. Lee, G. Mazhitova, F. E. Nelson, A. Rinke, V. E.

Romanovsky, N. Shiklomanov, C. Tarnocai, S. Venevsky, J. G. Vogel, and S. A. Zimov (2008).

Vulnerability of Permafrost Carbon to Climate Change: Implications for the Global Carbon

Cycle. BioScience 58(8), 701–714.

Seibert, P. (2000). Review and intercomparison of operational methods for the determination of

the mixing height. Atmospheric Environment 34(7), 1001–1027.

Shakun, J. D., P. U. Clark, F. He, S. A. Marcott, A. C. Mix, Z. Liu, B. Otto-Bliesner, A. Schmittner,

and E. Bard (2012). Global warming preceded by increasing carbon dioxide concentrations

during the last deglaciation. Nature 484(7392), 49–54.

Shiga, Y., A. Michalak, S. M. Gourdji, K. L. Mueller, and V. Yadav (2014). Detecting fossil fuel

emissions patterns from subcontinental regions using North American in situ CO2 measure-

ments. Geophysical Research Letters 41, 1–8.

Singer, A. M., M. Branham, M. G. Hutchins, J. Welker, D. L. Woodard, C. A. Badurek, T. Ruseva,

E. Marland, and G. Marland (2014). The role of CO2emissions from large point sources in

emissions totals, responsibility, and policy. Environmental Science and Policy 44, 190–200.

Solomon, S., G.-K. Plattner, R. Knutti, and P. Friedlingstein (2009). Irreversible climate change

due to carbon dioxide emissions. Proceedings of the National Academy of Sciences 106(6),

1704–1709.

Stuiver, M. and H. Polach (1977). Discussion; reporting of C-14 data. Radiocarbon 19(3), 355–

363.

168



Bibliography

Stull, R. B. (1988). An Introduction to Boundary Layer Meteorology. Dordrecht: Springer Nether-

lands.

Suess, H. E. (1955). Radiocarbon Concentration in Modern Wood. Science 122(3166), 415–417.

Tans, P. P., J. A. Berry, and R. F. Keeling (1993, June). Oceanic 13C/12 C observations: A new

window on ocean CO2 uptake. Global Biogeochemical Cycles 7(2), 353–368.

Tans, P. P. and D. W. R. Wallace (1999). Carbon cycle research after Kyoto. Tellus, Series B:

Chemical and Physical Meteorology 51(2), 562–571.

Trenberth, K. E. (2011). Changes in precipitation with climate change. Climate Research 47(1-2),

123–138.

Turi, G., Z. Lachkar, and N. Gruber (2014). Spatiotemporal variability and drivers of pCO2 and

air-sea CO2 fluxes in the California Current System: An eddy-resolving modeling study. Bio-

geosciences 11(3), 671–690.

Turnbull, J., P. Rayner, J. Miller, T. Naegler, P. Ciais, and A. Cozic (2009). On the use of 14CO2

as a tracer for fossil fuel CO2 : Quantifying uncertainties using an atmospheric transport model.

Journal of Geophysical Research 114(D22), D22302.

Turnbull, J. C., A. Karion, M. L. Fischer, I. Faloona, T. Guilderson, S. J. Lehman, B. R. Miller, J. B.

Miller, S. Montzka, T. Sherwood, S. Saripalli, C. Sweeney, and P. P. Tans (2011). Assessment of

fossil fuel carbon dioxide and other anthropogenic trace gas emissions from airborne measure-

ments over Sacramento, California in spring 2009. Atmospheric Chemistry and Physics 11(2),

705–721.

Turnbull, J. C., E. D. Keller, M. W. Norris, and R. M. Wiltshire (2016). Independent evaluation of

point source fossil fuel CO2 emissions to better than 10%. Proceedings of the National Academy

of Sciences 113(37), 10287–10291.

169



Bibliography

Turnbull, J. C., J. B. Miller, S. J. Lehman, P. P. Tans, R. J. Sparks, and J. Southon (2006). Com-

parison of 14CO2, CO, and SF6 as tracers for recently added fossil fuel CO2 in the atmosphere

and implications for biological CO2 exchange. Geophysical Research Letters 33(1), 2–6.

Turnbull, J. C., C. Sweeney, A. Karion, T. Newberger, S. J. Lehman, M. O. Cambaliza, P. B.

Shepson, K. Gurney, R. Patarasuk, and I. Razlivanov (2014). Toward quantification and source

sector identification of fossil fuel CO2 emissions from an urban area: Results from the INFLUX

experiment. Journal of Geophysical Research: Atmospheres, 1–21.

Turnbull, J. C., C. Sweeney, A. Karion, T. Newberger, S. J. Lehman, P. P. Tans, K. J. Davis, T. Lau-

vaux, N. L. Miles, S. J. Richardson, M. O. Cambaliza, P. B. Shepson, K. Gurney, R. Patarasuk,

and I. Razlivanov (2015). Toward quantification and source sector identification of fossil fuel

CO2 emissions from an urban area: Results from the INFLUX experiment. Journal of Geophys-

ical Research Atmospheres 120(1), 292–312.

Turner, A. J. and D. J. Jacob (2015). Balancing aggregation and smoothing errors in inverse

models. Atmospheric Chemistry and Physics 15(12), 7039–7048.

UNFCCC (2018). Greenhouse Gas Inventory Data - Detailed data by Party.

U.S. EPA (2006). US emissions inventory 2006-Inventory of US greenhouse gas emissions and

sinks: 1990-2004. Technical report, Washington, D.C.

U.S. EPA (2012). Mandatory Reporting of Greenhouse Gas Regulation.

U.S. EPA (2015). Overview of the Clean Power Plan: cutting carbon pollution from power plants.

Wang, Y., G. Broquet, P. Ciais, F. Chevallier, F. Vogel, N. Kadygrov, L. Wu, Y. Yin, R. Wang, and

S. Tao (2017). Estimation of observation errors for large-scale atmospheric inversion of CO2

emissions from fossil fuel combustion. Tellus B: Chemical and Physical Meteorology 69(1),

1325723.

Welp, L. R., R. F. Keeling, R. F. Weiss, W. Paplawsky, and S. Heckman (2013). Design and

170



Bibliography

performance of a Nafion dryer for continuous operation at CO2and CH4 air monitoring sites.

Atmospheric Measurement Techniques 6(5), 1217–1226.

Yver, C. E., H. D. Graven, D. D. Lucas, P. J. Cameron-Smith, R. F. Keeling, and R. F. Weiss (2013,

February). Evaluating transport in the WRF model along the California coast. Atmospheric

Chemistry and Physics 13(4), 1837–1852.

Zhang, X., K. R. Gurney, P. Rayner, D. Baker, and Y. P. Liu (2016). Sensitivity of simulated CO2

concentration to sub-annual variations in fossil fuel CO2 emissions. Atmospheric Chemistry and

Physics 16(4), 1907–1918.

171



Bibliography

172



Appendix A

Supplementary Figures

173



0 100 200 300 400 500 600
Grid Cell Number

0

20

40

60

80

100

120

C
um

ul
at

iv
e 

E
m

is
si

on
s 

(M
t C

/y
r)

EDGAR 2008
ODIAC 2008
FFDAS 2008
Vulcan 2002

Figure A.1: Cumulative emissions for the EDGAR, ODIAC, FFDAS and Vulcan gridded
inventories at 25km grid cell resolution. Grid cells were arranged in ascending order and
are compared for 551 non-zero 25km Vulcan grid cells in California.
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Figure A.2: Posterior air basin emissions for an error in the magnitude of emission. Filled
markers show posterior results using SD prior uncertainty and clear markers represent
70% prior uncertainty. The prior bias in each air basin is given by the dashed lines with SD
prior uncertainty (dark grey) and 70% prior uncertainty (light grey). Prior and posterior
uncertainties are expressed as 2-sv.
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Figure A.3: (a) Statewide and (b) individual air basin inversion results for an error in the
magnitude of prior emissions. Prior emissions are given by EDGAR and true emissions
are given by EDGAR scaled to Vulcan total in each air basin. Air basin results are shown
for Sacramento Valley (3.SV), San Francisco Bay (13.SFB), San Joaquin Valley (8.SJV),
Mojave Desert (10.MD), South Coast (14.SC) and San Diego (15.SD). Prior results are
presented by black markers and posterior results are represented by coloured markers.
Filled markers show results using SD prior uncertainty and empty markers show results
using 70% prior uncertainty. The prior bias in each air basin is given by the dashed lines
in (b) with SD prior uncertainty (dark grey) and 70% prior uncertainty (light grey). Prior
and posterior uncertainties are expressed as 2-sv. The bottom plot (c) shows the mean
signal error in simulated average ffCO2 concentration. Mean signal error is calculated by
subtracting the average true signal from the average prior signal. Error lines are drawn
between the maximum and minimum signal bias per campaign.
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Figure A.4: PBLH error versus ffCO2 error (top) and wind speed versus ffCO2 error (bot-
tom). Error in PBLH/wind speed was calculated by subtracting UM from WRF estimates.
ffCO2 signal error was calculated by subtracting UM-NAME from WS-LBL signals.
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Figure A.5: ffCO2 signal bias for model resolution error (black) and no model resolution
error (red) in modelled atmospheric transport. For each box the central mark indicates the
median, and the left and right edges denote the 25th and 75th percentiles, respectively.
Dashed lines extend to the most extreme data points not considered outliers. Error was
calculated by subtracting WS-CTL signals (generated using native 0.1° resolution and
UM-NAME resolution footprints respectively) from UM-NAME signals.
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Figure A.6: PBLH versus ffCO2 (top) and wind speed versus ffCO2 (bottom) using
MYNN2 PBLH, Noah/LSU wind speed, and WS-LBL ffCO2 signal estimates.
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Figure A.7: Simulated sectoral ffCO2 concentrations from May (first column), October-
November (second column). Concentrations are simulated using the Vulcan emissions
map coupled with the W-S-CTL transport model.
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Figure A.8: (a) Statewide and (b) individual sector inversion results for +20% bias in
prior road emissions and +40% bias in prior utility emissions. Prior emissions are given
by EDGAR and true emissions are given by reducing EDGAR emissions by 20% in road
and 40% in utility sectors. The bottom plot (c) shows the mean signal error in simulated
average ffCO2 concentration.
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