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Abstract. This review paper explores recent efforts to estimate state- and national-scale carbon dioxide (CO2) and methane
(CHy4) emissions from individual anthropogenic source sectors in the United States. Nearly all state and national climate
change regulations in the US target specific source sectors, and detailed monitoring of individual sectors presents a greater
challenge than monitoring total emissions. We particularly focus on opportunities to synthesize disparate types of information
on emissions, including emissions inventory data and atmospheric greenhouse gas data.

We find that inventory estimates of sector-specific COs emissions are sufficiently accurate for policy evaluation at the
national scale but that uncertainties increase at state and local levels. CHy emissions inventories are highly uncertain for all
source sectors at all spatial scales, in part because of the complex, spatially-variable relationships between economic activity
and CH,4 emissions. In contrast to inventory estimates, top-down estimates use measurements of atmospheric mixing ratios
to infer emissions at the surface; thus far, these efforts have had some success identifying urban CO5 emissions and have
successfully identified sector-specific CH4 emissions in several opportunistic cases. We also describe a number of forward-
looking opportunities that would aid efforts to estimate sector-specific emissions: fully combine existing top-down datasets,
expand intensive aircraft measurement campaigns and measurements of secondary tracers, and improve the economic and

demographic data (e.g., activity data) that drive emissions inventories. These steps would better synthesize inventory and top-

15 down data to support sector-specific emissions reduction policies.
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1 Introduction

Government regulations of greenhouse gas (GHG) emissions have evolved rapidly in the past five years, particularly in the
United States. The US pledged to decrease its GHG emissions by 26-28% relative to 2005 levels by 2025 as part of the
Paris Agreement negotiated at COP21 (UNFCC). In parallel with this agreement, the US Environmental Protection Agency
(EPA) has finalized CO5 and CH,4 emissions regulations for numerous source sectors under the White House Climate Action
Plan (Executive Office of the President, 2013). Several US states have also taken aggressive action on emissions, including
Massachusetts (Massachusetts Executive Office of Energy and Environmental Affairs, 2015) and California (Air Resources
Board, 2014), among others.

These policy actions require that scientists and government agencies quantify regional- and national-scale GHG emissions
from specific source sectors. In this paper, we define a source sector as the total emissions from an industry, such as CO5 from
power plants, CHy from the oil and natural gas industries, or CH4 from landfills. This review paper focuses on existing and
evolving capabilities for the United States. The US has far greater resources to estimate emissions relative to many developing
countries. Furthermore, GHG emissions regulations in the US are nascent relative to regulations in Europe (e.g., Prahl and
Hofman, 2014), and the monitoring strategies discussed in this review could be developed in parallel with new regulations.

Many national emissions regulations in the US target this sector level. For example, the US Clean Power Plan mandates a
32% decrease in power sector CO, emissions by 2030 relative to 2005 levels (In February, 2016, the Supreme Court stayed
implementation pending a final court ruling. The new presidential administration that assumed office in January 2017 has
announced its intention to discard the plan.) (US EPA, 2015). The EPA and National Highway Traffic Safety Administration
have also extended and strengthened CO, emissions standards for cars and light trucks through 2025 (US EPA Office of
Transportation and Air Quality, 2012). In addition to these measures, EPA has set several sector-specific CH4 emissions targets.
In May of 2016, EPA issued a rule that will decrease CH4 emissions from oil and gas operations by 40—45% relative to 2012
levels by 2025 (US EPA, 2016b). In August of 2014, the US EPA, US Department of Agriculture (USDA), and US Department
of Energy (DOE) released the Biogas opportunities roadmap targeting voluntary reduction strategies for agriculture (USDA
et al., 2014). Last but not least, EPA announced regulations for CH, emissions from landfills in July 2016 (EPA, 2016b). It
is important to note that a number of these national policies are implemented at the state level. For example, each state has a
different emissions reduction target under the Clean Power Plan, and each state can decide how to meet and monitor progress
toward that target (US EPA, 2015).

We examine sector-specific GHG estimates with an eye toward combining or assimilating multiple data streams. This review
article is part of a special issue of the European Geophysical Union (EGU) journals that focuses on data assimilation and the use
of multiple data streams to understand the carbon cycle. In this context, we explore opportunities to creatively synthesize both
bottom-up emissions inventories and top-down atmospheric inverse modeling. Most government agencies estimate emissions
using bottom-up inventories: quantify total emissions by estimating the total amount of some activity and the average emissions
per unit of activity. Other efforts utilize top-down atmospheric inverse modeling: measure atmospheric GHG mixing ratios and

use those measurements to infer the level and distribution of emissions at the Earth’s surface. In the future, scientists and
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government agencies will likely need to combine these approaches to robustly estimate sector-specific emissions — frameworks
that can synergistically leverage the information content of bottom-up datasets and top-down strategies using atmospheric
GHG data. This review paper focuses on these opportunities.

These frameworks will need to address two key tasks: estimate the total quantity of GHG emissions from each source type
and detect changes or trends in emissions from that source type. From the standpoint of inverse modeling, the former problem
is more challenging than estimating total emissions and requires separating the space-time patterns of one emissions source
from the patterns of other sources. In the latter case, we not only need to estimate a trend in total emissions but also need to
attribute this trend to trends in specific source sectors. This challenge is complicated by changes in technology and changes
in the spatial or temporal distribution of individual source sectors. For example, hydraulic fracturing and horizontal drilling
became widely used in the past decade (US Energy Information Administration, 2015). These operations utilize new equipment
and operational practices, and the spatial distribution of drilling across the United States has changed during that time; these
emissions are literally a ‘moving target.’

These challenges are further complicated by GHG fluxes from the biosphere, particularly in the case of CO5. Biospheric
and fossil fuel sources will be important to disaggregate from one another for sound policy evaluation. These sources are often
co-located and trends in one could be mistaken for trends in the other. In addition, future changes in biospheric COy and
CH, sources may be natural or human-caused (e.g., land use change, emissions induced by climate change, biological and/or
geological carbon sequestration). Disentangling these natural and human causes will be challenging. Note that GHG fluxes
from the biosphere and biological/geological carbon sequestration are beyond the scope of this review.

In this article, we explore the challenge of estimating sector-specific emissions from several perspectives. First, we discuss
bottom-up inventory efforts. We then explore top-down strategies to estimate sector-specific emissions and the atmospheric
datasets available to make both bottom-up and top-down estimates. Next, we highlight several new or novel approaches for es-
timating sector-specific emissions, and lastly, we close the review with a synthesis discussion of forward-looking opportunities

for combining bottom-up and top-down strategies.

2 Bottom-up data

Bottom-up efforts typically use an accounting-type approach to estimate sector-specific emissions. The first step usually in-
volves collecting activity data: a map or database of economic activity or behavior that leads to emissions. Examples include
the amount of coal burned by power plants, the number of passenger cars and miles travelled, and the number of cows by
location. A second step entails estimating a set of emissions factors (EFs) for each activity. EFs could include the COy emis-
sions per kg of coal burned or the average CO- emissions per mile travelled by passenger cars. The product of these two
numbers provides a bottom-up estimate of emissions for a given source sector. State and national governments in the US use
this strategy to construct official emissions estimates (e.g., California Air Resources Board, 2015; EPA, 2016a). A number of
academic and government efforts have produced bottom-up CO5 and CH4 emissions estimates at local/regional (e.g., Gately

et al., 2013; Jeong et al., 2014; Lyon et al., 2015; California Air Resources Board, 2015), national (e.g., Petron et al., 2008;
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Gurney et al., 2009; Gately et al., 2015; US EPA, 2013; Environment and Climate Change Canada, 2016; Maasakkers et al.,
2016), and global scales (e.g., Rayner et al., 2010; Andres et al., 2011; Oda and Maksyutov, 2011; Olivier et al., 2014; Euro-
pean Commission, Joint Research Centre (JRC)/Netherlands Environmental Assessment Agency (PBL), 2016). In this section,

we primarily discuss bottom-up data with an eye toward how this information can be combined with top-down strategies.
2.1 A prototypical example

We describe EPA’s estimate of CO2 emissions from coal-fired power plants as a prototypical example of how government
agencies construct bottom-up inventory estimates. EPA describes the procedure that it uses to estimate COy emissions in
compliance with 2006 IPCC guidelines (US EPA, 2016a): first, the agency estimates activity data — coal use by source sector.
EPA uses retail statistics from the electricity sector to estimate total consumption by each type of end user (e.g., residential,
commercial, etc.). Second, EPA adjusts this activity data to account for non-combustion uses, double-counted emissions, and
fuel exports/imports. For example, a coal gasification plant in North Dakota produces synthetic natural gas; this fuel is added
to natural gas activity data and subtracted from the coal activity data. According to EPA, “Because this energy of the synthetic
natural gas is already accounted for as natural gas combustion, this amount of energy is deducted from the industrial coal
consumption statistics to avoid double counting” (US EPA, 2016b, p. A-31). Third, EPA estimates the carbon content of the
coal. EPA uses Energy Information Administration (EIA) estimates of carbon content by coal rank and state of origin (Hong
and Slatick, 1994). EPA then computes the weighted average carbon content of coal by state of origin and estimates the end use
of coal produced in each state (e.g., electricity, industry, etc.). The agency uses this procedure to estimate the average carbon
content (and EF) for each end use sector in the United States (US EPA, 2016a).

IPCC guidelines also require a reference approach: an additional verification or consistency check against fuel production,
imports, and exports (EPA, 2016a). The new draft inventory then goes through expert review undertaken by a panel of technical
experts. EPA revises its inventory estimate based upon this review and distributes the subsequent draft for public comment. At
the conclusion of that process, EPA issues its finalized inventory estimate.

The approach outlined above is similar to many government inventories. More recently, a number of academic efforts have
developed very different approaches that leverage novel data streams (e.g., satellite images lights at night) or that use gridded

activity data, and these efforts are described in detail in the next section.
2.2 Recent bottom-up efforts

In the past ten years, inventory efforts have moved from coarse estimates that rely heavily on proxy activity data to spatially-
resolved estimates that use specific activity data and EFs that are tailored to the heterogeneities in each emissions source.

A number of recent CO; inventories incorporate more comprehensive activity data or detailed EFs than previously available.
At the regional scale, Gurney et al. (2012) and Gately et al. (2013) develop on-road CO5 emissions estimates for Indianapo-
lis and Massachusetts, respectively. Emissions in the latter study are within 8.5% of Federal Highway Administration fuel
consumption statistics but differ from the commonly-used, global-scale EDGAR inventory by 22.8% (Olivier et al., 2014; Eu-
ropean Commission, Joint Research Centre (JRC)/Netherlands Environmental Assessment Agency (PBL), 2016). The authors
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explain that many global-scale efforts use road density as a proxy for vehicle emissions but argue that the relationship be-
tween road density and emissions is not constant. Two subsequent studies (McDonald et al., 2014; Gately et al., 2015) estimate
on-road CO, emissions for the entire United States at spatial resolutions down to 1 km?. McDonald et al.’s 2014 emissions
estimates differ from EDGAR by 20-80% at the municipal level, though the two inventories produce nearly identical national
totals.

At the national scale, the VULCAN inventory (Gurney et al., 2009) is the most comprehensive academic effort to date.
The inventory includes COy emissions by sector at high spatial and temporal resolutions — 10km x 10km and sub-daily for
the year 2002. Furthermore, VULCAN uses more detailed activity data than EPA’s national inventory. At the global scale,
the EDGAR anthropogenic emissions inventory (available for 1970-2010) has moved from a 1° x 1° lat/lon resolution to
0.1° x 0.1° (Olivier et al., 2014; European Commission, Joint Research Centre (JRC)/Netherlands Environmental Assessment
Agency (PBL), 2016). In a separate effort, Andres et al. (2011) estimate CO5 emissions for 80 countries for the years 1950—
2006 with a particular focus on estimating the seasonal cycle of CO; emissions.

A number of studies incorporate more detailed activity data and EFs to estimate anthropogenic CH4 emissions at both
regional and national scales. At the regional scale, Jeong et al. (2014) and Lyon et al. (2015) estimate oil and gas CH4 emissions
from California for 2010 and the Barnett Shale region for 2013, respectively. Both studies find emissions that greatly exceed
EPA’s estimates. A relatively small fraction of emitters account for the majority of oil and gas emissions, and Lyon et al.
(2015) argue that rigorous EFs capture this skewed distribution more effectively than those used by EPA. In addition to these
oil and gas inventories, Owen and Silver (2015) compile field studies of CH, emissions from agriculture (e.g., cattle, sheep,
and manure management). The authors explain that current emissions inventories use EFs from lab-based experiments, not
field observations. These field observations imply much higher EFs that result in larger emissions more in line with existing
top-down estimates. At the national scale, Maasakkers et al. (2016) create a gridded version of EPA’s CH, inventory (0.1 x
0.1 lat-lon, monthly resolution for 2012). Maasakkers et al. (2016) point out that the spatial distribution of their estimate is
different from EDGAR, particularly for the oil and gas industries. Oil and gas emissions in EDGAR correlate with population
density while emissions in Maasakkers et al. (2016) are concentrated in drilling basins.

A number of additional studies also employ novel inventory methodology or novel proxy datasets. For example, Oda and
Maksyutov (2011) develop ODIAC (Open source Data Inventory of Anthropogenic CO, emission), a global, gridded COq
inventory constructed using a database of CO, point sources and satellite images of lights at night. Rayner et al. (2010)
and Asefi-Najafabady et al. (2014) develop a data assimilation framework known as FFDAS (Fossil Fuel Data Assimilation
System). The authors use datasets like population density, carbon intensity of energy, and satellite images of lights at night, and
they report national emissions totals. Davis and Caldeira (2010) use a very different approach from any of the above studies.
The authors build a CO4 estimate based upon economic imports and exports and explored the idea of carbon ’leakage’, the
carbon emitted by one country to manufacture products that are then imported by another country. These studies do not provide
emissions estimates for each individual source sector, but ODIAC and FFDAS do incorporate novel datasets to separate point

sources (e.g., power plants) from non-point emissions.
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EPA’s GHG Reporting Program (GHGRP) represents an important advancement in government inventory efforts. EPA an-
nounced the GHGRP in 2009 and emissions reporting began in 2010 (US EPA, 2013). The GHGRP requires all entities that
emit over 25,000 metric tons of CO5 equivalents to report their emissions to a national registry (US EPA, 2013). This reporting
threshold is equivalent to the GHG emissions of 3,439 homes or 5,263 cars (EPA, 2015). The agricultural sector is excluded
from this threshold and is not required to report its emissions. Despite these omissions, EPA estimates that 85-90% of US GHG
emissions are covered under the GHGRP. Other recent studies, however, argue that the GHGRP is less complete than estimated
by EPA for two reasons (e.g., Kort et al., 2014; Karion et al., 2015; Lan et al., 2015; Lavoie et al., 2015; Lyon et al., 2015;
Mitchell et al., 2015; Subramanian et al., 2015; Zimmerle et al., 2015). First, the emissions that are excluded from the GHGRP
are sometimes larger than estimated by EPA, and second, the EFs used in the GHGRP are smaller than actual emissions from

some source sectors like oil and natural gas.
2.3 Recent, direct measurements that support bottom-up efforts

Inventory development requires two different types of data: activity data and data that can be used to develop EFs. Activity
data can come from economic, census, and remote sensing datasets, among other possible data sources. These datasets differ
from those used to develop EFs. The IPCC provides a database of EF estimates but encourages countries to take measurements
of emitters or emitting processes to develop tailored, country-specific EFs (Goodwin et al., 2006). A number of observation
strategies can directly support the development and evaluation of country-specific EFs. We discuss a number of recent efforts
here as well as the advantages and challenges of using these datasets.

One observation strategy is to measure GHG mixing ratios near an emitter or a group of emitters. These observations, by
factor of their targeted spatial scale, can be directly used to evaluate a single source type and develop corresponding EFs.
For example, a number of studies report on direct GHG measurements from individual facilities. These include direct stack
measurements of power plant COy emissions (e.g., Teichert et al., 2003) and numerous recent studies of CH4 emissions
from oil and gas operations: measurements of emissions from pneumatic controllers (Allen et al., 2015), compressor stations
(Subramanian et al., 2015), transmissions and storage systems (Zimmerle et al., 2015), and abandoned wells (Kang et al.,
2014). In addition, several site-level studies target agricultural emissions. Kebreab et al. (2008) and Sejian et al. (2010) review
several measurement strategies, and Owen and Silver (2015) specifically review field studies of CH4 emissions from manure.

On-road measurements provide a picture of emissions that is one spatial scale larger than direct facility observations. This
strategy usually entails measuring trace gas mixing ratios from a ground-based vehicle either on public roads (e.g., Maness
et al., 2015) or private roads in partnership with the facility owner (e.g., Roscioli et al., 2015). Existing studies often target oil
and gas facilities (e.g., Roscioli et al., 2015; Brantley et al., 2014; Jackson et al., 2014; Lan et al., 2015; Mitchell et al., 2015;
Subramanian et al., 2015) and mobile CO4 emissions (e.g., Brondfield et al., 2012; Maness et al., 2015). In the case of oil and
gas emissions, Brantley et al. (2014) explain that mobile measurements capture an integrated plume that includes all leaks from
a given facility but rarely indicate which components caused those leaks.

The use of facility-level and on-road observations entails a number of challenges. For example, facility-level observations

provide the most insight into detailed emissions processes from specific source sectors but can miss emissions events or
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processes. Observations of oil and gas facilities provide a prime example; scientists may not know about some leaks and
therefore may not measure them, other leaks may be in inaccessible locations (e.g., Subramanian et al., 2015), and the largest
leaks often come from ephemeral equipment failures at a small number of facilities that are difficult to identify (e.g., Brantley
et al., 2014; Allen, 2014; Allen et al., 2015). Cost also limits facility-level, continuous emissions monitoring; it is typically
only used for large point sources like power plants (National Research Council, 2010).

These observation strategies also require extrapolation to produce state or national-scale EF estimates. The relationship
between activity data and emissions can be complex and spatially variable, making it difficult to extrapolate facility or on-
road measurements. For example, CH4 emissions from oil and gas are likely dominated by a small number of malfunctioning
facilities. As a result, it is difficult to develop robust, national-scale EFs from a modestly-sized sample of facilities (Allen,
2014). Furthermore, Brantley et al. (2014) explain that these leaks do not correlate with production and can vary greatly in
time. Different oil and gas drilling basins also have different overall leakage rates — from 0.3% in Pennsylvania’s Marcellus
shale region to 8.9% in Utah’s Uintah basin (e.g., Karion et al., 2013; Petron et al., 2014; Karion et al., 2015; Peischl et al.,
2015). These factors make it challenging to create consistent, generalizable EFs that can translate activity data into emissions.

These considerations also apply to other source sectors beyond the oil and gas industries. For example, grazing and manure
management practices differ by region, and manure and landfill CH,4 emissions also differ by climate (EPA, 2016a, ch. 5), all

of which make extrapolation more challenging.
2.4 Impact of recent advances

Inventory estimates of sector-specific CO5 emissions from the US are likely relatively accurate at national-scale but have
substantial uncertainties at the local and state levels. Ackerman and Sundquist (2008), for example, compare smokestack versus
fuel-based CO, estimates for US power plants and find a mean absolute difference of 16.6% but only a 1.4% total difference at
the national scale. Furthermore, Gately et al. (2015) find biases of 100% or more at the urban scale in CO, emissions estimates
for mobile sources. However, they estimate a US national total that is broadly consistent with other inventories like VULCAN.

By contrast, sector-specific CHy emissions are more challenging to estimate and existing inventories for the US are highly
uncertain at state and national scales. For example, several top-down studies indicate that the California state inventory is likely
too low by a factor of 1.2 to 1.9 (Jeong et al., 2013, 2016; Wecht et al., 2014b), and several top-down studies estimate emissions
for oil and gas drilling regions of Utah and Colorado that are up to three times bottom-up estimates (e.g. Karion et al., 2013;
Petron et al., 2014). Overall, total US CH4 emissions are likely ~50% larger than estimated by EDGAR or US EPA (Miller
et al., 2013; Wecht et al., 2014a; Turner et al., 2015). Figure 1 compares several inventory estimates of sector-specific CO2 and
CH, emissions. Existing CO5 inventory estimates are broadly consistent while CH4 estimates vary between inventories and
among inventory versions.

CH, inventories are so uncertain, in part, because of the complexity of many anthropogenic CHy4 source sectors. For example,
emissions factors for oil and gas operations are difficult to estimate because a small number of emitters often account for a

large fraction of emissions (e.g., Allen, 2014; Brantley et al., 2014; Allen et al., 2015; Lan et al., 2015; Mitchell et al., 2015)
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and because there are so many points along the natural gas production, processing, transmission, and distribution cycle that
leak methane (e.g., Kang et al., 2014; Allen et al., 2015; McKain et al., 2015; Subramanian et al., 2015; Zimmerle et al., 2015).

Much of the uncertainty in CH4 inventories stems from difficulties developing accurate EFs. Brandt et al. (2014) writes, "...
measurements for generating emission factors are expensive, which limits sample sizes and representativeness. Many EPA EFs
have wide uncertainty bounds. And there are reasons to suspect sampling bias in EFSs, as sampling has occurred at self-selected
cooperating facilities." For example, EPA’s EFs for natural gas pipelines are based on a limited number of samples from a 1996
EPA and Gas Research Institute study; these EFs have uncertainties of +65% (Beusse et al., 2014). Beyond the oil and gas
industry, Owen and Silver (2015) also argue that many EFs for agriculture too low. These estimates are based upon a small

number of pilot or lab experiments that were not explicitly designed for GHG inventory development.

3 Top-down, inverse modeling strategies

In this section, we discuss inverse modeling strategies — strategies that leverage observations of atmospheric GHG mixing ratios
to infer emissions at the Earth’s surface. We specifically focus on strategies that attempt to parse the contribution of specific
source sectors. The first part of this discussion (Sects. 3.1 — 3.2) focuses on efforts at local, urban, and regional scales. These
studies do not provide direct state- or national-level estimates but could be combined or extrapolated to quantify emissions
at larger spatial scales. Many studies in this category target source sectors that do not overlap spatially, at least at the spatial
scale of interest. The second part of this discussion (Sects. 3.3 — 3.4) explores inverse modeling efforts that directly quantify
sector-specific emissions at the state and national levels. These efforts use observation networks that are sensitive to emissions
across broad geographic regions. These efforts must also devise strategies to disentangle emissions from multiple, spatially

overlapping source sectors.
3.1 Local-scale inverse modeling

Local-scale inverse modeling can best attribute emissions when the study region has a single, dominant source type. An estimate
of total emissions for the region thus provides insight into the source sector of interest.

Studies that fall within this category often employ one of a few different strategies to estimate emissions. For example, many
efforts use a simple box-modeling approach to estimate emissions (e.g., Turnbull et al., 2011; Karion et al., 2013; Caulton
et al., 2014; Karion et al., 2015; Schneising et al., 2014; Cambaliza et al., 2015; Peischl et al., 2015) while others use an
atmospheric transport model to relate GHG observations to emissions (e.g., McKain et al., 2012, 2015). Studies that use the
former strategy typically estimate emissions in a few steps: first, make GHG measurements upwind and downwind of the
region of interest. Second, use the difference between these measurements, the rate of flow through the “box” (i.e., wind speed
adjusted by pressure), and the volume of the box (i.e., the area of the box and the mixing height of the atmosphere) to calculate
total emissions in the box. Most studies that use box modeling estimate a total flux for the region of interest, a number that is

not spatially resolved.



10

15

20

25

30

Other studies in this category use a more involved approach: model atmospheric GHG mixing ratios using an emissions
inventory and an atmospheric transport model. Subsequently, these studies scale the inventory using a single scaling factor (53)

to better match modeled mixing ratios against measured mixing ratios:

Mg Mt

ue = Y hik(a}) +e (1)
j=1

xi = ﬁx? 2

In these equations, y, is an atmospheric GHG observation at a given time and location k. It is one of n total observations
(k =1...n). The variable x; denotes the emissions from a model grid box j at a specific location and time, and the function
h; 1 () is an atmospheric transport model that relates the surface emissions from grid box j to observation y,. The variable m
denotes the total number of model grid boxes in space, and m; denotes the number of time periods. In one study, this emissions
estimate varies both spatially and temporally (McKain et al., 2012), and in another study, the emissions varies spatially but is
constant in time (m; = 1) (McKain et al., 2015). The superscripts a and b denote an emissions inventory and final emissions
estimate, respectively. In addition, the variable ¢; denotes the cumulative error in the model and measurement (e.g., error in
estimated transport, in the measurement, and in the estimated emissions, among other errors). The objective of this approach
is to scale an inventory estimate using a single scaling factor (3) so that modeled atmospheric mixing ratios on the right hand
side of Eq. 1 reproduces the n observed atmospheric mixing ratios (y where k = 1...n).

These local-scale efforts can target sources with very large emissions or very uncertain emissions. For example, many
existing studies target emissions from cities. Cities account for 70% of global fossil fuel CO2 emissions, so insight into urban
emissions provides insight into a large fraction of total anthropogenic GHG emissions (Energy Information Administration
(EIA), 2016). Note that studies in this category generally do not discriminate among different urban source sectors but can
provide insight into the contribution of urban CO- sources versus power plant CO» sources (which often occur well outside
city limits). Existing efforts estimate CO» emissions for Indianapolis, Indiana (Mays et al., 2009); Sacramento, California
(Turnbull et al., 2011); and Salt Lake City, Utah (McKain et al., 2012) as well as CH4 emissions from Boston, Massachusetts
(McKain et al., 2015) and Indianapolis (Cambaliza et al., 2015). McKain et al. (2012) and McKain et al. (2015) use the
approach in Eq. 1 while the other studies implement box models.

Other studies in this category target oil and natural gas industry emissions. Existing studies use aircraft observations to
estimate CHy emissions from Utah’s Uintah drilling basin (Karion et al., 2013), from southwest Pennsylvania (Caulton et al.,
2014), from Colorado’s Denver-Julesburg Basin (Petron et al., 2014), from the Barnett Shale in Texas (Karion et al., 2015;
Lavoie et al., 2015), and from the Haynesville, Fayetteville, and Marcellus shale regions (in Texas, Arkansas, and Pennsylvania,
respectively) (Peischl et al., 2015). In addition to these aircraft-based studies, one study uses the SCIAMACHY instrument on
the Envisat satellite to estimate CH, emissions from the Eagle Ford and Bakken shale regions in Texas and North Dakota,
respectively (Schneising et al., 2014). Several of these studies find leakage rates that greatly exceed EPA’s estimated emissions

factors (e.g., Karion et al., 2013; Petron et al., 2014; Schneising et al., 2014) while other studies estimate leakage rates that are
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comparable to EPA’s numbers (e.g., Caulton et al., 2014; Peischl et al., 2015). Differences in drilling technology and practices
from one basin to another may account for these contrasting results (e.g., Peischl et al., 2015).

These local-scale inverse modeling studies confer a number of advantages relative to other top-down strategies. These
strategies capture emissions from all facilities in a given region, including those with anomalously high emissions. In the
past, EPA has had difficulty designing facility-level measurements that adequately sample these anomalous emitters (Sect.
2.4). An additional advantage of these strategies is their ease of implementation relative to those discussed in subsequent
sections (Sects. 3.3 — 3.4). Box modeling requires an estimate of air flow into and out of the box, but this approach does not
require a full atmospheric transport model. Furthermore, the strategies discussed in this section are not as computationally
intensive as many of the state- and national-scale strategies discussed later in Sect. 3.3.

These strategies also bring a number of challenges. Nearly all of the oil and gas studies listed above use data from a single
measurement campaign and provide a temporal snapshot of emissions. GHG emissions reduction policies make it necessary
to monitor trends, a goal that requires sustained monitoring. In addition, a locality or region must have one dominant source
sector or have spatially (or temporally) non-overlapping source sectors in order to attribute emissions using this strategy (e.g.,
Hutyra et al., 2014; Peischl et al., 2015). For example, Peischl et al. (2015) estimate oil and gas emissions from drilling regions
that also contain livestock, landfills, and wastewater treatment facilities, all of which produce CH,4 emissions. The authors
subtract an inventory estimate of these non-hydrocarbon CH4 sources from their estimated emissions total, and they attribute
the remaining emissions to oil and gas activities. The authors point out that these non oil and gas source sectors are small
contributors relative to oil and gas operations (8.5 — 19% of the CH, emissions total in each region), and uncertainties in these
other source sectors would likely have a small impact on their oil and gas emissions estimate.

Complex environmental conditions and the associated atmospheric transport errors can also pose a challenge for local-
scale inverse modelings strategies, particularly for box models. A simple box modeling setup can be difficult to apply when
atmospheric advection, vertical mixing, or upwind “clean air” measurements are highly heterogeneous across the box. For
example, Turnbull et al. (2011) report that their CO5 budget for Sacramento, estimated using a box model, is uncertain by a
factor of two due to uncertainties in estimated wind speed and upwind “clean air” mixing ratios. Furthermore, Karion et al.
(2015) estimate CH, emissions for the Barnett Shale that vary from 4.4 x 10* to 10.9 x 10* kg hr—!, depending on the flight.
However, the authors explain that two of the eight flights occurred during non-ideal meteorological conditions, and the range of
estimates narrows to 6.1 x 10% to 8.8 x 10* kg hr—! when those flights are excluded from the analysis. Atmospheric transport
models can simulate more complex atmospheric transport patterns relative to box models but still have difficulty modeling
local- or urban-scale phenomena, including small-scale turbulent eddies, air flow through street canyons, and vertical mixing
in a human-built landscape (e.g. Nehrkorn et al., 2013). These modeling challenges also apply to the state- and national-
scale strategies discussed in Sects. 3.3 — 3.4. New innovations in atmospheric monitoring and instrumentation may reduce
some of these uncertainties. Cambaliza et al. (2014), for example, explain that LIDAR instruments can measure atmospheric
mixing height, and LIDAR deployment could therefore improve certain aspects of atmospheric modeling, particularly at local
and regional scales. In addition, several studies develop high resolution meteorological simulations, in part to better resolve

atmospheric GHG transport in urban environments (e.g., McKain et al., 2012; Nehrkorn et al., 2013; McKain et al., 2015).
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3.2 Observations that support local-scale inverse modeling

Many recent, local-scale observation efforts focus on urban monitoring and on oil and gas basins. Existing urban, atmospheric
measurement networks include Salt Lake City, Utah (McKain et al., 2012); Los Angeles, California (Duren, 2016); Oakland,
California (Cohen, 2016), the Bay Area Air Quality Management District (Fairley and Fischer, 2015), and Indianapolis, In-
diana (Mays et al., 2009; Cambaliza et al., 2015; Lauvaux et al., 2016). Recent local-scale aircraft campaigns include the
INFLUX campaign focused on the Indianapolis metro region (Cambaliza et al., 2015), the SENEX and SOGNEX campaigns
focused on multiple oil and gas drilling basins (Peischl et al., 2015; NOAA Chemical Sciences Division, 2016), and the Barnett
Coordinated Campaign (Smith et al., 2015; Karion et al., 2015) (Fig. 2). In addition to these urban and oil and gas studies,
Lindenmaier et al. (2014) and Frankenberg et al. (2016) use spectroscopic CO5 and CH, observations, respectively, to identify
emissions from resource extraction in the Four Corners region of the western US.

The observational strategies described above are relatively diverse. These efforts include a combination of aircraft and
stationary sites (e.g., telecommunications towers or building rooftops). Some of these campaigns provide a one or two day
snapshot in time (e.g, most oil and gas studies) while other campaigns involve sustained measurements over a year or more

(e.g., urban observation networks like LA Megacities and the Indianapolis INFLUX project).
3.3 State- and national-scale inverse modeling

The top-down strategies discussed in this section provide sector-specific GHG emissions estimates across larger regions, re-
gions that typically have several overlapping source sectors. Furthermore, these strategies make spatially variable adjustments
to existing inventories, unlike the strategies outlined in Sect. 3.1. The three strategies discussed in this section use both GHG
observations and inventories to attribute sector-specific emissions. Each approach, however, uses a different mix; the first
approach relies most heavily on existing inventories while the last relies most on GHG observations.

Overall, these strategies have been relatively successful at attributing CH,4 emissions, but promising strategies for CO; are
nascent. Biospheric CO, fluxes are large relative to anthropogenic CO- emissions at diel to monthly time scales, particularly
during the growing season, and the spatiotemporal distribution of these fluxes is highly uncertain (e.g., Huntzinger et al., 2012).
These factors have limited the success of COy-focused efforts.

The first strategy discussed here scales the individual source sectors in a bottom-up inventory. This setup is often similar to

a multiple linear regression:

P
zf =) Bil; 3)
1=1

where ¢ denotes an individual source sector from a bottom-up inventory, and p indicates the total number of source sectors
in the inverse model. The observational constraint (yj) in this approach is the same as in Eq. 1. This setup also assumes that
the initial emissions estimate (;1:5-” j where ¢ = 1...p and 7 = 1...m, - m;) is defined at each of m, spatial locations, at each of
my time periods, and for each of p source sectors. In one study, this initial emissions estimate is spatially but not temporally

resolved (e.g., my = 1) (Zhao et al., 2009), while in another study, it is resolved in both space and time (Jeong et al., 2013).
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The p unknown scaling factors (3; where ¢ = 1...p) adjust the magnitude of different source sectors in the bottom-up inventory;
these factors are estimated by the inverse model. As a result of this setup, the estimated emissions (z¢) will always be a linear
combination of source-specific emissions patterns in an existing bottom-up inventory. Studies that use this approach often
estimate the scaling factors (3;) using Bayesian statistics; these frameworks can weigh uncertainty in the measurements (yy,)
and in the atmospheric model (h; 1) against uncertainty in the initial or prior guess for the scaling factors (typically unity) (e.g.,
Rayner et al., 2016).

To date, a handful of studies leverage this approach to attribute emissions of CHy4. For example, Zhao et al. (2009) and Jeong
et al. (2013) use atmospheric measurements from tall towers to estimate emissions from individual source sectors in California.
Both studies find higher CH,4 emissions from agriculture relative to the EDGAR emissions inventory.

This scaling factor approach brings several strengths and weaknesses. An advantage of this approach is that it not only
provides an estimate of total emissions but also the contributions of individual source sectors. The approach can be relatively
easy to implement from a statistical perspective. With that said, one still needs to run an atmospheric transport model and must
have an estimate of background or upwind, clean air mixing ratios.

A notable challenge of this strategy is that it requires accurate knowledge of the spatial distribution of each source sector. The
estimated emissions will always be a linear combination of source-specific emissions patterns from an existing inventory, and
errors in the spatial distribution of these inventories will propagate into errors in sector-specific attribution. Furthermore, the
atmospheric GHG observations (y;,) must be sensitive to differences in the space-time patterns among different source sectors.
Worded differently, each of the p source sectors must have differing spatiotemporal patterns, and each sector must explain
substantial variability the observations (yx). If the former condition does not hold, then some of the p source sectors will be
collinear; colinearity can lead to unphysical scaling factors (/3;) and unrealistically large uncertainty estimates (e.g., Zucchini,
2000). If the latter condition does not hold, then the scaling factors may be poorly constrained by the data, resulting in uncertain
or unrealistic sector-specific estimates. To account for these challenges, Jeong et al. (2013) only report source-specific estimates
when they obtain scaling factors that are statistically significantly different from zero.

A second common inverse modeling strategy scales an emissions inventory at the model grid level to better reproduce the
atmospheric observations (y;). All of the strategies discussed previously scale the spatial patterns in an existing inventory. By
contrast, this strategy scales the emissions level at each location in the model domain, and the resulting estimate can have

spatial patterns that are different from any inventory. These estimates have the following general form:
a __ b
z§ = Bjx; “)

Note that xé’ and zf are the total emissions from model grid box j, not the emissions by sector. Hence, the scaling factors (0,
where j = 1...mg - m;) adjust total emissions, and all of the m, - m; factors are typically estimated simultaneously. Several
studies estimate scaling factors that vary spatially but are the same at each time step (e.g., Wecht et al., 2014a, b; Turner et al.,
2015). One study allows the scaling factors to vary in both space and time (Jeong et al., 2016). This approach is also Bayesian

in nature; the modeler sets an initial guess for the scaling factors (typically unity) and an uncertainty in that initial guess; this
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information guides the estimate for the scaling factors, particularly when these factors are under-constrained by the available
observations (yx) (e.g., Rayner et al., 2016).

This strategy does not support attribution in and of itself, but several studies adapt this approach for that purpose. These
studies attribute emissions in each model grid cell (7) using the attribution in a bottom-up inventory. For example, let’s say that
an inventory estimates that 60% of the emissions in a given grid cell are from oil and gas and 40% are from cattle and manure.

The inverse modeling estimate will attribute emissions in that grid box in the same proportion:
af; = Bja; 5)
6,j IV

All variables in this equation are as defined earlier. As a result of this setup, the total emissions in any one model grid box may
differ from the inventory. However, the relative magnitude of the source sectors in any one grid box will be the same as in the
bottom-up inventory.

Wecht et al. (2014b) and Jeong et al. (2016) leverage this strategy to estimate CHy emissions for California using aircraft and
tower-based observations, respectively. Like Zhao et al. (2009) and Jeong et al. (2013), they also find higher emissions from
agriculture relative to EDGAR. Wecht et al. (2014a) and Turner et al. (2015) further apply this strategy to attribute emissions at
continental scales; these studies used Envisat/SCIAMACHY and the GOSAT satellite, respectively, to estimate sector-specific
CH, emissions across North America. Both studies estimate larger emissions from agriculture relative to the EPA and EDGAR
inventories. Turner et al. (2015) estimate oil and gas emissions that are a factor of two larger than EDGAR while Wecht et al.
(2014a) find that these emissions are broadly consistent with EDGAR.

This strategy has a number of advantages and weaknesses relative to other approaches. The strategy can be used to estimate
emissions at grid scale, and the resulting emissions estimate will not be the a linear combination of existing inventory estimates.
However, it assumes that the inventory has correctly estimated the relative magnitude of each emissions source in each model
grid box. Errors in this relative magnitude will produce errors in the sector-specific attribution.

Third, a number of studies leverage a strategy known as geostatistical inverse modeling (GIM) to estimate GHG fluxes gener-
ally (e.g., Michalak et al., 2004; Gourdji et al., 2008, 2012) and anthropogenic emissions specifically (Miller et al., 2013, 2016;
Shiga et al., 2014; ASCENDS Ad Hoc Science Definition Team, 2015; Yadav et al., 2016). This approach attributes patterns
in the emissions to individual anthropogenic source sectors when possible. However, it will leave emissions as unattributable
when those emissions do not match the space-time patterns in any bottom-up inventory or when the information content of the

atmospheric observations is insufficient for attribution:
P
b
xd = Bl +§ 6)
i=1

The elements xf ; can be individual source sectors from a bottom-up inventory (similar to Eq. 3). The inverse model will
then map the emissions onto those patterns to the extent possible. The inverse model will further add (or subtract) emissions

at the model grid scale to better reproduce the atmospheric observations (y;). These emissions are denoted by &; (where
b

J =1..mg-my), and a GIM typically labels the emissions in ; as unattributable. Furthermore, existing studies allow 27 ; and

&; to vary both spatially and temporally with j, in contrast to the studies described earlier in this section. Note that existing
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GIM studies fix the coefficients (/3;) in both space and time. In reality, the relationship between xf ; and GHG emissions may
vary spatially and temporally by grid box j. Two recent GIM studies experiment with allowing the coefficients to vary by
region or biome in the context of anthropogenic (Shiga et al., 2014) and biospheric (Fang and Michalak, 2015) fluxes.

Several studies leverage this strategy in the context of both anthropogenic CH4 and CO5 emissions. Miller et al. (2013) use
a GIM and in situ atmospheric measurements to estimate sector-specific CHy emissions in the US; like Turner et al. (2015),
they find higher emissions from the agriculture and oil and gas sectors relative to inventory estimates. Miller et al. (2016) also
use this strategy to separate CH, emissions patterns due to wetlands from anthropogenic emissions and to evaluate bottom-up
estimates of the former emissions category. Two studies (Shiga et al., 2014; ASCENDS Ad Hoc Science Definition Team,
2015) implement a GIM-based framework to identify anthropogenic CO- emission patterns using in situ and satellite CO2
observations, respectively. They investigate whether the atmospheric signal resulting from anthropogenic CO- emissions can
be reliably identified given the confounding signal from biospheric CO4 fluxes. They find that in situ and remote sensing COq
networks can only identify anthropogenic emissions in a few regions during a few months of the year.

The GIM approach makes more conservative assumptions relative to other source attribution strategies discussed in this
section. A GIM will only attribute emissions to patterns in a bottom-up inventory when that inventory matches patterns in
the atmospheric GHG observations. In Miller et al. (2013), for example, the GIM maps 60% of total US CH4 emissions onto
patterns in the EDGAR inventory but indicates that 40% of the total emissions are unattributable to the patterns in any bottom-
up dataset. By contrast, the other approaches discussed above will attribute 100% of the emissions. In GIM studies like Miller
et al. (2013), the unattributable emissions indicate shortfalls in either the GHG observation network or available bottom-up data.
In the former case, existing atmospheric observations do not provide enough information to reliably estimate sector-specific
emissions patterns. For example, the information content of the atmospheric observations in Miller et al. (2013) is insufficient
to uniquely constrain emissions from coal mining, and those emissions are included in ; instead of Y %_; ,6’1:1:? ;- In the latter
case, the unattributable emissions in ; indicate inaccuracies in the spatial distribution of available inventory estimates. Many
existing inventories do not have well-developed activity data for the oil and gas industry, and the unattributable emissions in
Miller et al. (2013) provide information about shortfalls in these activity datasets.

Yadav et al. (2016) modify the existing GIM framework to better isolate anthropogenic CO4 emissions. The authors exploit
differences in the spatiotemporal properties of biospheric versus fossil fuel fluxes to do this attribution. Specifically, the authors
argue that biospheric fluxes have smooth spatiotemporal patterns, and fossil fuels emissions do not have smooth patterns. The
authors then partition &; into two components (smooth and non-smooth) and attribute these emissions to the biosphere and
fossil fuels, respectively. The study examines emissions in January when biospheric fluxes are smaller than in other months.

In summary, this section discusses statistical innovations that help isolate individual emissions sources. In addition to these
innovations, accurate models of atmospheric transport also play a crucial rule. A number of studies indicate the deleterious
influence of transport errors. For example, Shiga et al. (2014) argue that atmospheric transport errors hinder the detection of
fossil fuel emissions patterns across the United States. The authors also argue that biospheric fluxes mask fossil fuel patterns
to a similar degree. Numerous additional studies examine the effects of transport errors on CO2 modeling, though not in the

context of fossil fuel emissions (e.g. Stephens et al., 2007; Liu et al., 2012; Miller et al., 2015).
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Several efforts could reduce these transport modeling errors. Like urban-scale studies (Sect. 3.1), national inverse modeling
studies have also begun moving toward high resolution meteorology simulations. These studies simulate atmospheric GHG
transport at high resolution over the US and Canada and utilize coarser resolutions elsewhere to save on computational costs.
For example, national-scale studies using the Weather Research and Forecasting (WRF) model GHG transport at resolutions up
to 8—10km (Nehrkorn et al., 2010; Gourdji et al., 2012; Miller et al., 2013), and studies using the GEOS-Chem model simulate
CHy4 transport at resolutions up to ~50km (e.g., Wecht et al., 2014a; Turner et al., 2015). In addition to these efforts, NASA’s
Atmospheric Carbon and Transport — America campaign (ACT-America, Fig. 2a) aims to diagnose and reduce atmospheric
transport errors (NASA). The campaign includes new tower sites and five years of aircraft flights across the eastern US. Many
flights will travel through frontal systems and extratropical cyclones to better characterize and evaluate atmospheric transport

errors.
3.4 Observations that have been used to attribute emissions at state and national scales

The observations discussed in this section do not provide a direct constraint on an individual source sector but have been
used by existing regional- and national-scale inverse modeling studies (Sect. 3.3) to support sector-specific attribution. These
observations are typically distributed across a broad geographic region. They are therefore sensitive to emissions over a large
area and can constrain larger regions, albeit with less detail than the local approaches discussed in Sect. 3.2.

Observations in this category include air samples collected atop telecommunications towers and from aircraft: the NOAA tall
tower observation network (Andrews et al., 2014), regular NOAA aircraft monitoring (Sweeney et al., 2015), the Environment
and Climate Change Canada tower monitoring network (Environment and Climate Change Canada, 2011), the California
Greenhouse Gas Research Monitoring Network (e.g., Zhao et al., 2009; Jeong et al., 2012, 2013, 2016), and a privately-funded
tower network operated by Earth Networks (Fig. 2). Most of the inverse modeling studies discussed in the previous section
(Sect. 3.3) use these in situ observation networks to estimate sector-specific emissions (Zhao et al., 2009; Jeong et al., 2013;
Miller et al., 2013; Shiga et al., 2014; ASCENDS Ad Hoc Science Definition Team, 2015; Jeong et al., 2016).

The current tower network is sensitive to emissions from some source sectors but not to others. Many of the NOAA tall
towers and regular aircraft sites are in or near the Great Plains. As a result, the network has sensitivity to agricultural emissions
and to several oil and gas basins but has little sensitivity to emissions from east coast population centers. Earth Networks, by
contrast, has focused its efforts on the East Coast proximal to large population centers. The state of California has a dense
network of publicly-operated towers. By contrast to these regions, the network is sparse across the western US outside of
California and northern Colorado. On one hand, the population in the regions is sparse and some emissions sectors are likely
to be small (e.g., vehicle emissions). On the other hand, large resource extraction regions are beyond reach of the long term
monitoring network, regions like the Powder River Basin coal mining region of Wyoming or the Bakken oil and gas basin in
Montana and North Dakota.

NOAA’s regular aircraft monitoring network complements these tower-based sites. The flights measure GHG mixing ratios
across a vertical atmospheric profile. These datasets can help evaluate vertical mixing and transport in atmospheric transport

models, and observations from the middle and upper troposphere can be used to quantify background “clean air” mixing ratios,
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a necessity for the inverse modeling studies described in Sect. 3.3. A downside is that NOAA’s aircraft profiles are usually
limited in frequency to one or two times per month, unlike towers which often have continuous observations. Scientists at
NOAA have also invented a technology known as AirCore that can observe vertical atmospheric GHG profiles from a weather
balloon (Karion et al., 2010). This technology could become a key component of the long term monitoring network in the
future.

A number of intensive aircraft campaigns provide observations across entire state or multi-state regions (Fig. 2). These
include the 2010 CalNex campaign (Ryerson et al., 2013), the 2013 SEAC*RS campaign (Toon et al., 2016), and the ACT-
America campaign (2015-2019) (NASA). Few existing studies use these observations to attribute state-wide emissions. For
example, Wecht et al. (2014b) use CalNex data to attribute state-wide CH4 emissions from California.

Several satellites make total column observations of COs and CHy (e.g., AIRS, TES, IASI, Envisat/SCIAMACHY, GOSAT,
OCO-2, and GHGSat). Streets et al. (2013) describe a number of these satellites in detail, and Jacob et al. (2016) provide
a thorough overview of CHy-observing satellites. Several of these satellites (Envisat/SCIAMACHY, GOSAT, OCO-2, and
GHGSat) observe in the shortwave infrared. Relative to other satellites, these four are more sensitive to GHG mixing ratios in
the lower troposphere and, hence, to emissions at the surface (e.g., Chevallier et al., 2005; Wecht et al., 2012). Only a handful
of existing studies use these datasets to attribute sector-specific emissions in the US, and these studies focus on CHy, not
CO; (e.g., Schneising et al., 2014; Wecht et al., 2014a, b; Alexe et al., 2015; Turner et al., 2015). For example, Turner et al.
(2015) use GOSAT observations to estimate sector-specific CH4 emissions in North America and find results that are broadly
consistent with emissions estimates derived from the US tall tower and aircraft monitoring network (Miller et al., 2013). Wecht
et al. (2014b), however, explains that GOSAT observations are too sparse to constrain CH, emissions from California outside

of the Los Angeles Basin.

4 Novel strategies that could be used for estimating sector-specific emissions

This section discusses two observational strategies that support top-down modeling efforts, strategies that show promise for
estimating sector-specific emissions. First, we discuss the potential of upcoming and proposed satellite-based GHG observa-
tions. Next, we discuss the utility of ‘secondary tracers.” These gases or isotopologues are co-emitted with GHGs and aid in

sector-specific attribution.
4.1 New satellite-based GHG observations

Existing satellites could hold enormous potential for estimating fossil fuel emissions. For example, several studies indicate
that Envisat/SCIAMACHY and GOSAT should be able to constrain CO5 emissions from large cities or large industrial regions
(e.g., Schneising et al., 2008; Kort et al., 2012; Schneising et al., 2013). Kort et al. (2012) further argues that GOSAT could
detect a trend as small as 22% from Los Angeles. OCO-2 and GHGSat should be even more capable. OCO-2 observations
have a smaller footprint and precision relative to GOSAT. As a result, the satellite should be able to constrain COy from large

power plants (National Research Council, 2010). The privately-funded GHGSat makes targeted observations over specific
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point sources with a smaller footprint than OCO-2 and therefore should be ideal for constraining large point sources (Kramer,
2017).

Other studies offer a more skeptical perspective on current satellite capabilities. Keppel-Aleks et al. (2013) argue that vari-
ations in total column CO- due to fossil fuel emissions are largely obscured by biospheric fluxes. Furthermore, Gavrilov and
Timofeev (2015) find large biases (4.7 &= 2.6 ppm) in GOSAT retrievals of CO. Future retrieval improvements could reduce
these biases (e.g., Dils et al., 2014; Buchwitz et al., 2015). An additional challenge is that current satellites do not provide
comprehensive global mapping and therefore are not well-suited for monitoring all urban areas and point sources (Fig. 2);
Miller et al. (2007) point out that OCO-2 covers only 7-12% of Earth’s land surface. Trend detection can also be challenging.
Individual satellites have limited lifetimes, and different satellite datasets with unique error characteristics and biases can be
difficult to compare.

Future satellites, both selected and proposed, offer a number of improvements over existing capabilities. Some, like GOSAT-
2 (selected), have better precision relative to the existing generation of satellites (Matsunaga and et. al., 2016). Other future
satellites have a wide swath (CarbonSat, proposed) or are geostationary (GeoCARB and GEO-CAPE; selected and proposed,
respectively). They would generate higher density observations across the US relative to OCO-2 and GOSAT (Fishman et al.,
2012; Polonsky et al., 2014; Bovensmann et al., 2015; Buchwitz et al., 2013; Bousserez et al., 2016; Pillai et al., 2016). LIDAR-
based missions (e.g., MERLIN and ASCENDS; selected and proposed, respectively) measure in the absence of sunlight and
through thin or scattered clouds (Kiemle et al., 2011; ASCENDS Ad Hoc Science Definition Team, 2015). As a result, these
satellites would also generate dense observations relative to current satellites, particularly at high latitudes.

These future satellites should have sufficient precision and small footprints to constrain CO5 emissions from power plants.
They should also have better spatial coverage to monitor a greater number of emitters. For example, Bovensmann et al. (2010)
report that the proposed CarbonSat satellite should be able to constrain CO- emissions from a mid-sized power plant to within
12-36%. Other studies, by contrast, indicate that future missions like ASCENDS would have difficulty constraining regional-
scale fossil fuel CO9 emissions from the US (ASCENDS Ad Hoc Science Definition Team, 2015) and would have limited
ability to detect continental-scale changes in emissions (Hammerling et al., 2015). In addition to CO», future CH, observations
also show promise. For example, the TROPOMI sensor is schedule to launch in 2017. A year of observations should be
sufficient to detect the largest 1% of grid cells in EPA’s gridded CH4 inventory (Maasakkers et al., 2016), equivalent to 30%
of total national emissions (Jacob et al., 2016). Jacob et al. (2016) define emissions as “detectable” if the total column CHy

enhancement is more than twice the sensor precision at aggregated time scales.
4.2 Secondary tracers

Secondary tracers are co-emitted with GHGs and are often emitted from only a small number of source sectors. These tracers
make it possible to isolate and factor out at least a portion of natural fluxes or factor out emissions from source sectors that are
not of primary interest. The top-down approaches discussed previously either require a limited geographic scope or accurate
activity data to effectively estimate sector-specific emissions. Secondary tracers could identify sector-specific emissions without

these limitations (though secondary tracers present challenges of their own). Examples of secondary tracers include radiocarbon
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(1*Q), ethane, 3CO,, ¥CHy, and carbon monoxide (CO). We focus on radiocarbon and ethane because they hold particular

promise.
4.2.1 Radiocarbon

Radiocarbon is produced by cosmic rays in the upper atmosphere and has a lifetime of approximately 5,730 years before
decaying back to '2C. Since the mid 1950s, nuclear bomb testing has elevated radiocarbon within the atmosphere (Bowman,
1990). CO, fluxes from the biosphere will mirror the isotopic composition of the atmosphere at the time that carbon was
incorporated into the plant. CO, emissions from fossil fuels, by contrast, contain no radiocarbon because fossil fuel reservoirs
are far older than the decay lifetime of radiocarbon, and these reservoirs have not interacted with atmospheric carbon during
the intervening time period.

Several exploratory studies used radiocarbon to separate the atmospheric CO5 signal from biogenic versus anthropogenic
emissions. One study uses radiocarbon measurements from the US East Coast to estimate the relative contribution of fossil
fuel versus biogenic emissions (Miller et al., 2012). Another study reports on radiocarbon measurements in California (Riley
et al., 2008). Graven et al. (2011) and LaFranchi et al. (2013) use radiocarbon observations from an aircraft and a tall tower,
respectively, to estimate the contribution of anthropogenic and biogenic CO5 emissions in Colorado. Beyond these studies,
radiocarbon measurements are not widely used in regional- or continental-scale inversions.

Radiocarbon has not been widely used, in part, because only a handful of atmospheric monitoring sites in the US report
radiocarbon measurements. An expanded observation network shows enormous potential. NOAA and its partners currently
measure radiocarbon in air samples from eight tall tower sites, three mountaintop sites, and four aircraft sites in the US. NOAA
collects these samples up to three times per week at tall tower and mountaintop sites and collects up to two to three samples
every two weeks at aircraft sites. Basu et al. (2016) explain that there were 1639 total radiocarbon measurements between July
2009 and April 2011 (21 total months). By contrast, the National Research Council (2010) recommends that the US invest
$15-20 million annually to collect 5000-10000 radiocarbon observations per year, but that goal has not yet come to fruition.
Basu et al. (2016) argue that this level of investment would allow scientists to constrain US fossil fuel CO5 emissions to within
1% per year and to within 5% per month.

Despite this promise, the use of atmospheric radiocarbon measurements also presents several challenges. One primary chal-
lenge is accounting for the disequilibrium effect (Bowman, 1990). The atmospheric abundance of radiocarbon has changed in
the past 60 years due to nuclear bomb testing. CO5 from decomposing organic matter (heterotrophic respiration) will reflect
radiocarbon levels during the time that carbon was incorporated into plant tissue, not current atmospheric levels of radiocarbon.
Furthermore, the lifetime of dissolved gases in the ocean is much longer than 60 years, so the isotopic signature of air-sea gas
exchange will also lag the recent rise in atmospheric radiocarbon. One must account for this mismatch or “disequilibrium”
when using radiocarbon measurements to partition between fossil fuel CO, and biospheric COs; biospheric (and ocean) fluxes
will not necessarily match current atmospheric radiocarbon levels but rather reflect the levels of a past date. Atmospheric sam-
pling upwind of anthropogenic sources could be used to characterize the biospheric radiocarbon signature and would mitigate

this concern.
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4.2.2 Ethane

Methane is the primary component of natural gas, but natural gas also contains small quantitates of other alkanes, including
ethane. These trace constituents are collectively referred to as natural gas liquids. Oil and natural gas operations and biomass
burning are the two primary sources of ethane to the atmosphere, so enhancements in atmospheric ethane mixing ratios can
indicate leaks from oil and gas infrastructure (e.g., Rudolph, 1995). Other CH, emitters, including agriculture, landfills, and
wetlands do not emit higher order alkanes in substantial amounts. For example, Peischl et al. (2013) estimate that natural gas
leaks account for 90% of all ethane emissions in the Los Angeles metro region. If one has an estimate of ethane emissions
and an estimate of the ethane content of natural gas, then one could estimate CH, emissions from oil and gas infrastructure.
McKain et al. (2015), for example, measure CH4 and ethane at several sites in Boston, and they use CH,4-ethane ratios reported
from natural gas pipeline operators to estimate the portion of Boston’s CH,4 emissions that are due to natural gas leaks. Several
other studies similarly use ethane measurements to explore oil and gas industry emissions from Los Angeles (Wennberg et al.,
2012), Dallas, Texas (Yacovitch et al., 2014), the Barnett shale region (Smith et al., 2015; Townsend-Small et al., 2015), and
from global oil and gas operations (e.g., Simpson et al., 2012; Schwietzke et al., 2014).

The use of ethane for CHy source attribution brings several challenges. Until recently, atmospheric observations of ethane
were sparse. Research groups at UC-Irvine and NOAA have measured ethane in air samples from global background sites since
1984 and 2004, respectively (Simpson et al., 2012; Helmig et al., 2016). Each group collects samples at 40—45 sites at weekly
to seasonal frequencies. Recently, NOAA has expanded its ethane measurements to its US tall tower and aircraft network.
Instrumentation has also become more widely available with Aerodyne, Inc.’s ethane analyzer (Yacovitch et al., 2014).

The ethane content of natural gas can also vary by region and will change if natural gas liquids are removed at processing
facilities (Fig. 3). These variations complicate the task of inferring CH, emissions using ethane measurements. Smith et al.
(2015), for example, find three distinct ethane signatures in different areas of the Barnett shale region. Townsend-Small et al.
(2015) report that ethane content in the Barnett ranges from 6% at natural gas wells to 13% at oil wells.

In summary, secondary tracers like ethane and radiocarbon allow scientists to use measurement networks with broad spatial
coverage (like those in Sect. 3.4) to estimate specific source sectors. These measurements bypass, to some degree, the need
to rely on the spatial and temporal patterns in an inventory for source attribution and the need to have accurate activity data
to support inverse modeling. With that said, only some CO2 and CHy source sectors have obvious secondary tracers, and the
associated atmospheric observations are primarily collected by in situ networks, not by satellites. Furthermore, progress in this
area has been limited because of measurement availability, but this limitation could change in the future with more funding

(i.e., in the case of radiocarbon) or deployment of new instrument technology (i.e., in the case of ethane).

5 Synthesis discussion

In this section, we synthesize progress to date on estimating sector-specific COy and CH4 emissions at state and national scale.
We also discuss forward-looking opportunities to improve sector-specific GHG emissions estimates, with a particular focus on

opportunities to integrate bottom-up and top-down strategies.
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Recent innovations in both bottom-up and top-down efforts have advanced scientists’ abilities to identify emissions from
specific source sectors. Several efforts have produced high resolution, sector-specific inventory products that are based on more
accurate, detailed activity data and EFs. These products are largely driven by research in academia and by the Joint Research
Centre in Europe. New inverse modeling strategies can incorporate these inventory estimates in more rigorous ways that are not
limited to the spatial patterns in the inventory. In addition, more extensive observations are available to support these inverse
modeling efforts, observations that span a number of spatial scales. For example, numerous intensive measurement campaigns
in the past five years have focused on large GHG-emitting regions, particularly cities and oil and gas production basins. The
national US in situ network and remote sensing GHG observations have also expanded in the last decade, though the US in situ
network expansion is smaller than the level required for robust evaluation of a wide array of GHG source sectors.

Despite these advances in bottom-up inventories, top-down strategies, and measurement density, the scientific community
has only been able to use inverse modeling and atmospheric data to improve sector-specific emissions estimates in a relatively
small number of cases. To date, the community has had more success integrating top-down and bottom-up estimates for CHy
than for CO»; the atmospheric signal from biospheric CO5 fluxes often obscures the signal from fossil fuel emissions, except in
some urban environments. National CH, inventory estimates are often uncertain by a factor of 23 at the sector level while CO9
inventories typically agree to within 5% (Fig. 1). Arguably, the community has been able to use top-down inverse modeling to
improve these inventories when they arguably stood to benefit most.

Specifically, the community has been most successful with top-down, sector-specific attribution in two types of scenarios:
intensive measurement campaigns paired with local-scale inverse modeling and opportunistic cases. In the former case, the
community has put substantial resources into intensive, local-scale measurement campaigns for a few specific source sectors.
Measurements from each affected locality or region provide a puzzle piece, and the community has begun to assemble a
cohesive, national-scale picture by amalgamating these individual pieces. The community has employed this strategy in the
case of CH,4 emissions from oil and gas operations (e.g., the SENEX, SONGNEX, Barnett Coordinated Campaign, etc.) and,
to a lesser degree, in the case of urban CO5 emissions (including recent measurement efforts in Los Angeles, Salt Lake City,
Boston, Indianapolis, and Oakland). These campaigns typically provide a snapshot of current emissions and would need to be
repeated in the future to estimate how emissions vary over time.

Other cases of successful source attribution have been largely opportunistic. In certain cases, the community had the right
atmospheric measurements and spatially-distinct source sectors to attribute emissions at large spatial scales. For example,
Miller et al. (2013) find large CH4 emissions in Texas and Oklahoma that do not fit the spatial distribution of cows, and
CH4 measurements in that region correlate with measurements of higher order alkanes. The authors conclude that a large
fraction of those emissions are likely due to oil and gas operations. Turner et al. (2015) reach similar conclusions using satellite
observations from GOSAT.

Numerous future opportunities would improve scientists’ ability to merge bottom-up inventories, inverse modeling, and
atmospheric GHG data for better GHG source attribution:

1. Combine the strengths of existing datasets
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Many inverse modeling studies to date use only in situ or satellite GHG data to estimate emissions. CHy inverse modeling
studies for North America provide a good example. Miller et al. (2013) use in situ observations from long term monitoring
stations, Wecht et al. (2014a) use remote sensing observations from Envisat/SCIAMACHY, and Turner et al. (2015) use re-
mote sensing observations from GOSAT. Future studies may be able to attribute emissions more effectively by leveraging the
strengths of all available in situ and remote sensing datasets. Different datasets often bring complementary strengths for this
attribution: remote sensing datasets have broad spatial coverage and in situ datasets have complete temporal coverage and
greater sensitivity to surface emissions, among other strengths. A number of challenges may have prevented the synthesis of
multiple datasets in past efforts: large datasets entail a number of computational challenges, the data are not always accessible,
and the observations can have different information content or error characteristics that are challenging to balance in a single
framework. Future efforts that can combine these disparate datasets likely stand the best chance of attributing emissions to
specific source sectors.

2. Expand several existing measurement strategies

Expanded GHG measurements would also advance efforts to attribute emissions to specific source sectors. As discussed
earlier, some of the most successful top-down efforts to attribute emissions have been intensive aircraft campaigns. These
campaigns are more flexible than the long term monitoring network and can easily target source sectors of interest by flying
in specific regions, in flight patterns that encapsulate the source of interest, and by flying at certain times of year that have
fewer competing biogenic sources. An expansion of these campaigns would enable scientists to target specific source sectors,
including CO- emissions from large power plants, CH4 from agriculture, and CH4 from coal mines, among other source sectors.
These aircraft campaigns could then be used to estimate regional-scale EFs. Existing aircraft campaigns, for example, target
CH, leakage rates for a range of different oil and gas drilling basins (see Sects. 3.1 — 3.2). The long term in situ atmospheric
network and GHG monitoring satellites could be used to intelligently extrapolate and gap-fill these regional EFs at larger spatial
scales and to identify broad trends over time.

In addition, successful cases of sector-specific attribution have usually involved observations that span multiple spatial and
temporal scales. This strategy allows scientists to bridge between the regional scale that atmospheric observations are best able
to constrain and the facility-level scale where inventories are strongest. For example, atmospheric observations can be used to
identify regional differences between top-down and bottom-up estimates. Subsequent facility-level and on-road measurements
can indicate why those regional differences occurred and how to improve EFs in a way that will bring inventories into agreement
with top-down estimates. This measurement strategy can be expensive and requires extensive coordination, but several studies
employ it successfully in the case of oil and gas CH, emissions (e.g., Allen, 2014; Brandt et al., 2014; Peischl et al., 2015).
Bottom-up and top-down estimates of these emissions disagree at regional and national spatial scales (e.g., Miller et al., 2013;
Turner et al., 2015). Subsequent facility and on-road measurements elucidate why: a small number of malfunctioning facilities
account for a large percentage of emissions. EFs that account for this skewed distribution are more consistent with regional

top-down estimates (e.g., Brantley et al., 2014; Lavoie et al., 2015; Subramanian et al., 2015).
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Effective source attribution will also likely require the use of secondary tracers. Measurements of some secondary tracers,
like ethane, have expanded markedly in the past several years with advances in instrumentation. With that said, measurements
of tracers like radiocarbon are only available for some of the long term US monitoring sites.

3. Improve inverse modeling strategies with an eye toward secondary tracers

The inverse modeling community has yet to develop inverse modeling strategies that can fully leverage observations of sec-
ondary tracers. This task is not straightforward and would likely require the development of new strategies. These strategies
would need to quantify heterogeneities in the ethane content of natural gas or the disequilibrium effect in the case of radiocar-
bon. Furthermore, these strategies may need to relate the primary and secondary tracers in a single statistical framework and
account for uncertainties in that relationship. Observations of these secondary tracers have historically been very sparse, so few
existing studies focus on designing statistical inverse modeling frameworks to fully exploit these tracers.

4. Develop detailed activity data as part of bottom-up efforts

Top-down efforts, like those outlined above, can help in developing regional-scale EFs for different source sectors. These
studies can be particularly helpful when EFs are challenging to determine at facility scale. For example, direct measurements
of oil and gas facilities are difficult to design because a small number of leaks account for the majority of emissions, and these
large emitters may be difficult to find and/or representatively sample (see Sect. 2.3).

In contrast to EFs, activity data can only come from bottom-up inventory efforts. In fact, top-down efforts depend upon
reliable activity data for attributing emissions (Sects. 3.1 and 3.3). Efforts to improve these activity datasets would markedly
improve source attribution. In many cases, these activity data exist but are not publicly available or are not available in gridded
form. Gurney et al. (2007) cite local fuel sales or electric utility bills as examples. CH4 emissions from oil and gas provide an
additional example. Oil and gas wells generally report production figures to state regulatory agencies, but this reporting varies
by state, does not have a consistent format, and can be difficult to find (e.g., http://pmc.ucsc.edu/~brodsky/wellindex.html).
The inaccessibility of accurate activity data for oil and gas operations is a barrier to source attribution in recent national-scale
CHy inverse modeling studies (Miller et al., 2013; Turner et al., 2015). Maasakkers et al. (2016) represents an important step
forward in this area; the authors develop gridded versions of EPA’s activity data. These activity data are key to connecting
inverse modeling results with bottom-up estimates of specific source sectors. Future bottom-up efforts should particularly
focus on the development and public release of gridded activity data.

In synthesis, future improvements in bottom-up inventories and top-down strategies would likely complement one another
and translate into more reliable, sector-specific emissions estimates; scientists will likely need to combine both strategies to
robustly estimate GHG emissions from individual sources. Improved activity data would lead to gridded inventory estimates
with more accurate spatial and temporal patterns. Top-down frameworks could then harness these patterns, along with more
extensive, future GHG observations, to estimate regional-scale EFs for specific source sectors. National-scale observations of
secondary tracers like radiocarbon and ethane would further strengthen these top-down efforts for applicable source sectors.
This coordinated, combined approach offers the most promising opportunity to evaluate state and national GHG emissions

reduction policies in the US.

22


http://pmc.ucsc.edu/~brodsky/wellindex.html

Acknowledgements. We thank John B. Miller of NOAA, Thomas Nehrkorn of AER, Inc., Seongeun Jeong of Lawrence Berkeley Labs,
and Yoichi Shiga of the Carnegie Institution for Science for their technical input on the manuscript. This work is funded by the Carnegie

Distinguished Postdoctoral Fellowship.

23



10

15

20

25

30

35

References

Ackerman, K. V. and Sundquist, E. T.: Comparison of two U.S. power-plant carbon dioxide emissions data sets, Environ. Sci. Technol., 42,
5688-5693, doi:10.1021/es800221q, pMID: 18754494, 2008.

Air Resources Board: First update to the Climate Change Scoping Plan, California Environmental Protection Agency, Sacramento, CA,
http://www.arb.ca.gov/cc/scopingplan/2013_update/first_update_climate_change_scoping_plan.pdf (last access: 17 July 2016), 2014.
Alexe, M., Bergamaschi, P., Segers, A., Detmers, R., Butz, A., Hasekamp, O., Guerlet, S., Parker, R., Boesch, H., Frankenberg, C., Scheep-
maker, R. A., Dlugokencky, E., Sweeney, C., Wofsy, S. C., and Kort, E. A.: Inverse modelling of CH4 emissions for 2010-2011 using
different satellite retrieval products from GOSAT and SCIAMACHY, Atmos. Chem. Phys., 15, 113-133, doi:10.5194/acp-15-113-2015,

2015.

Allen, D. T.: Methane emissions from natural gas production and use: reconciling bottom-up and top-down measurements, Current Opinion
in Chemical Engineering, 5, 78 — 83, doi:10.1016/j.coche.2014.05.004, 2014.

Allen, D. T., Pacsi, A. P,, Sullivan, D. W., Zavala-Araiza, D., Harrison, M., Keen, K., Fraser, M. P, Hill, A. D., Sawyer, R. F.,, and Seinfeld,
J. H.: Methane emissions from process equipment at natural gas production sites in the United States: pneumatic controllers, Environ. Sci.
Technol., 49, 633-640, doi:10.1021/es5040156, pMID: 25488196, 2015.

Andres, R., Gregg, J., Losey, L., Marland, G., and Boden, T.: Monthly, global emissions of carbon dioxide from fossil fuel consumption,
Tellus B, 63, doi:10.1111/j.1600-0889.2011.00530.x, 2011.

Andrews, A. E., Kofler, J. D., Trudeau, M. E., Williams, J. C., Neff, D. H., Masarie, K. A., Chao, D. Y., Kitzis, D. R., Novelli, P. C.,
Zhao, C. L., Dlugokencky, E. J., Lang, P. M., Crotwell, M. J., Fischer, M. L., Parker, M. J., Lee, J. T., Baumann, D. D., Desai, A. R.,
Stanier, C. O., De Wekker, S. F. J., Wolfe, D. E., Munger, J. W., and Tans, P. P.. CO2, CO, and CHs4 measurements from tall towers
in the NOAA Earth System Research Laboratory’s Global Greenhouse Gas Reference Network: instrumentation, uncertainty analysis,
and recommendations for future high-accuracy greenhouse gas monitoring efforts, Atmospheric Measurement Techniques, 7, 647-687,
doi:10.5194/amt-7-647-2014, 2014.

ASCENDS Ad Hoc Science Definition Team: Active Sensing of CO2 Emissions over Nights, Days, and Seasons (ASCENDS) Mission: sci-
ence mission definition study, NASA, http://cce.nasa.gov/ascends_2015/ASCENDS_FinalDraft_4_27_15.pdf (last access: 17 July 2016),
2015.

Asefi-Najafabady, S., Rayner, P. J., Gurney, K. R., McRobert, A., Song, Y., Coltin, K., Huang, J., Elvidge, C., and Baugh, K.: A multiyear,
global gridded fossil fuel CO2 emission data product: Evaluation and analysis of results, J. Geophys. Res.-Atmos., 119, 10,213-10,231,
doi:10.1002/2013JD021296, 2014.

Basu, S., Miller, J. B., and Lehman, S.: Separation of biospheric and fossil fuel fluxes of CO> by atmospheric inversion of CO2 and 14C0o,
measurements: Observation system simulations, Atmos. Chem. Phys., 16, 5665-5683, doi:10.5194/acp-16-5665-2016, 2016.

Beusse, R., Hauck, E., Good, K., and Jones, R.: Improvements needed in EPA efforts to address methane emissions from natural gas
distribution pipelines, 14-P-0324, US EPA Office of Inspector General, https://www.epa.gov/sites/production/files/2015-09/documents/
20140725-14-p-0324_0.pdf (last access: 17 July 2016), 2014.

Bousserez, N., Henze, D. K., Rooney, B., Perkins, A., Wecht, K. J., Turner, A. J., Natraj, V., and Worden, J. R.: Constraints on methane emis-
sions in North America from future geostationary remote-sensing measurements, Atmos. Chem. Phys., 16, 6175-6190, doi:10.5194/acp-
16-6175-2016, 2016.

24


http://dx.doi.org/10.1021/es800221q
http://www.arb.ca.gov/cc/scopingplan/2013_update/first_update_climate_change_scoping_plan.pdf
http://dx.doi.org/10.5194/acp-15-113-2015
http://dx.doi.org/10.1016/j.coche.2014.05.004
http://dx.doi.org/10.1021/es5040156
http://dx.doi.org/10.1111/j.1600-0889.2011.00530.x
http://dx.doi.org/10.5194/amt-7-647-2014
http://cce.nasa.gov/ascends_2015/ASCENDS_FinalDraft_4_27_15.pdf
http://dx.doi.org/10.1002/2013JD021296
http://dx.doi.org/10.5194/acp-16-5665-2016
https://www.epa.gov/sites/production/files/2015-09/documents/20140725-14-p-0324_0.pdf
https://www.epa.gov/sites/production/files/2015-09/documents/20140725-14-p-0324_0.pdf
https://www.epa.gov/sites/production/files/2015-09/documents/20140725-14-p-0324_0.pdf
http://dx.doi.org/10.5194/acp-16-6175-2016
http://dx.doi.org/10.5194/acp-16-6175-2016
http://dx.doi.org/10.5194/acp-16-6175-2016

10

15

20

25

30

35

Bovensmann, H., Buchwitz, M., Burrows, J. P., Reuter, M., Krings, T., Gerilowski, K., Schneising, O., Heymann, J., Tretner, A., and Erzinger,
J.: A remote sensing technique for global monitoring of power plant CO2 emissions from space and related applications, Atmospheric
Measurement Techniques, 3, 781-811, doi:10.5194/amt-3-781-2010, 2010.

Bovensmann, H., Bosch, H., Brunner, D., Ciais, P, Crisp, D., Dolman, H., Hayman, G., Houweling, S., and Lichtenberg, L.: Report for
mission selection: CarbonSat — An earth explorer to observe greenhouse gases, http://nora.nerc.ac.uk/514012/1/N514012RE.pdf, 2015.

Bowman, S.: Radiocarbon Dating, University of California Press, Berkeley, CA, 1990.

Brandt, A. R., Heath, G. A., Kort, E. A., O’Sullivan, F.,, Pétron, G., Jordaan, S. M., Tans, P., Wilcox, J., Gopstein, A. M., Arent, D., Wofsy, S.,
Brown, N. J., Bradley, R., Stucky, G. D., Eardley, D., and Harriss, R.: Methane leaks from North American natural gas systems, Science,
343, 733-735, doi:10.1126/science. 1247045, 2014.

Brantley, H. L., Thoma, E. D., Squier, W. C., Guven, B. B., and Lyon, D.: Assessment of methane emissions from oil and gas production
pads using mobile measurements, Environ. Sci. Technol., 48, 14 508-14 515, doi:10.1021/es503070q, pMID: 25375308, 2014.

Brondfield, M. N., Hutyra, L. R., Gately, C. K., Raciti, S. M., and Peterson, S. A.: Modeling and validation of on-road CO2 emissions
inventories at the urban regional scale, Environ. Pollut., 170, 113 — 123, doi:10.1016/j.envpol.2012.06.003, 2012.

Buchwitz, M., Reuter, M., Bovensmann, H., Pillai, D., Heymann, J., Schneising, O., Rozanov, V., Krings, T., Burrows, J. P., Boesch, H.,
Gerbig, C., Meijer, Y., and Loscher, A.: Carbon Monitoring Satellite (CarbonSat): assessment of atmospheric CO2 and CHy retrieval
errors by error parameterization, Atmospheric Measurement Techniques, 6, 3477-3500, doi:10.5194/amt-6-3477-2013, 2013.

Buchwitz, M., Reuter, M., Schneising, O., Boesch, H., Guerlet, S., Dils, B., Aben, 1., Armante, R., Bergamaschi, P., Blumenstock, T.,
Bovensmann, H., Brunner, D., Buchmann, B., Burrows, J., Butz, A., Chedin, A., Chevallier, F., Crevoisier, C., Deutscher, N., Frankenberg,
C., Hase, F., Hasekamp, O., Heymann, J., Kaminski, T., Laeng, A., Lichtenberg, G., Maziere, M. D., Noel, S., Notholt, J., Orphal,
J., Popp, C., Parker, R., Scholze, M., Sussmann, R., Stiller, G., Warneke, T., Zehner, C., Bril, A., Crisp, D., Griffith, D., Kuze, A.,
O’Dell, C., Oshchepkov, S., Sherlock, V., Suto, H., Wennberg, P., Wunch, D., Yokota, T., and Yoshida, Y.: The Greenhouse Gas Climate
Change Initiative (GHG-CCI): Comparison and quality assessment of near-surface-sensitive satellite-derived CO2 and CH4 global data
sets, Remote Sens. Environ., 162, 344 — 362, doi:10.1016/j.rse.2013.04.024, 2015.

California Air Resources Board: California greenhouse gas emission inventory — 2015 edition, http://www.arb.ca.gov/cc/inventory/data/data.
htm (last access: 17 July 2016), 2015.

Cambaliza, M. O., Shepson, P., Bogner, J., Caulton, D., Stirm, B., Sweeney, C., Montzka, S., Gurney, K., Spokas, K., Salmon, O., et al.: Quan-
tification and source apportionment of the methane emission flux from the city of Indianapolis, Elementa: Science of the Anthropocene,
3, 000037, doi:10.12952/journal.elementa.000037, 2015.

Cambaliza, M. O. L., Shepson, P. B., Caulton, D. R., Stirm, B., Samarov, D., Gurney, K. R., Turnbull, J., Davis, K. J., Possolo, A., Karion,
A., Sweeney, C., Moser, B., Hendricks, A., Lauvaux, T., Mays, K., Whetstone, J., Huang, J., Razlivanov, 1., Miles, N. L., and Richardson,
S. J.: Assessment of uncertainties of an aircraft-based mass balance approach for quantifying urban greenhouse gas emissions, Atmos.
Chem. Phys., 14, 9029-9050, doi:10.5194/acp-14-9029-2014, 2014.

Caulton, D. R., Shepson, P. B., Santoro, R. L., Sparks, J. P., Howarth, R. W., Ingraffea, A. R., Cambaliza, M. O. L., Sweeney, C., Karion, A.,
Davis, K. J., Stirm, B. H., Montzka, S. A., and Miller, B. R.: Toward a better understanding and quantification of methane emissions from
shale gas development, P. Natl. Acad. Sci. U.S.A., 111, 6237-6242, doi:10.1073/pnas.1316546111, 2014.

Chevallier, F., Engelen, R. J., and Peylin, P.: The contribution of AIRS data to the estimation of CO2 sources and sinks, Geophys. Res. Lett.,
32, doi:10.1029/2005GL024229, 123801, 2005.

Cohen, R.: BEACO2N: The Berkeley Atmospheric CO2 Observation Network, http://beacon.berkeley.edu/ (last access: 10 July 2016), 2016.

25


http://dx.doi.org/10.5194/amt-3-781-2010
http://nora.nerc.ac.uk/514012/1/N514012RE.pdf
http://dx.doi.org/10.1126/science.1247045
http://dx.doi.org/10.1021/es503070q
http://dx.doi.org/10.1016/j.envpol.2012.06.003
http://dx.doi.org/10.5194/amt-6-3477-2013
http://dx.doi.org/10.1016/j.rse.2013.04.024
http://www.arb.ca.gov/cc/inventory/data/data.htm
http://www.arb.ca.gov/cc/inventory/data/data.htm
http://www.arb.ca.gov/cc/inventory/data/data.htm
http://dx.doi.org/10.12952/journal.elementa.000037
http://dx.doi.org/10.5194/acp-14-9029-2014
http://dx.doi.org/10.1073/pnas.1316546111
http://dx.doi.org/10.1029/2005GL024229
http://beacon.berkeley.edu/

10

15

20

25

30

35

Davis, S. J. and Caldeira, K.: Consumption-based accounting of COs emissions, P. Natl. Acad. Sci. U.S.A., 107, 5687-5692,
doi:10.1073/pnas.0906974107, 2010.

Dils, B., Buchwitz, M., Reuter, M., Schneising, O., Boesch, H., Parker, R., Guerlet, S., Aben, 1., Blumenstock, T., Burrows, J. P., Butz,
A., Deutscher, N. M., Frankenberg, C., Hase, F., Hasekamp, O. P., Heymann, J., De Mazi¢re, M., Notholt, J., Sussmann, R., Warneke,
T., Griffith, D., Sherlock, V., and Wunch, D.: The Greenhouse Gas Climate Change Initiative (GHG-CCI): comparative validation of
GHG-CCI SCIAMACHY/ENVISAT and TANSO-FTS/GOSAT CO2 and CHy4 retrieval algorithm products with measurements from the
TCCON, Atmospheric Measurement Techniques, 7, 1723-1744, doi:10.5194/amt-7-1723-2014, 2014.

Duren, R.: Megacities project, https://megacities.jpl.nasa.gov/portal/ (last access: 17 July 2016), 2016.

Environment and Climate Change Canada: Canadian greenhouse gas measurement program, http://www.ec.gc.ca/mges-ghgm/Default.asp?
lang=En&n=C5F1AC14-1 (last access: 17 July 2016), 2011.

Environment and Climate Change Canada: National inventory report 1990-2014: Greenhouse gas sources and sinks in Canada - Executive
summary, https://www.ec.gc.ca/ges-ghg/default.asp?lang=En&n=662F9C56-1 (last access: 17 July 2016), 2016.

European Commission, Joint Research Centre (JRC)/Netherlands Environmental Assessment Agency (PBL): Emission Database for Global
Atmospheric Research (EDGAR), release version 4.3.1, http://edgar.jrc.ec.europa.eu/overview.php?v=431, 2016.

Executive Office of the President: The President’s Climate Action Plan, https://www.whitehouse.gov/sites/default/files/image/
president27sclimateactionplan.pdf (last access: 17 July 2016), 2013.

Fairley, D. and Fischer, M. L.: Top-down methane emissions estimates for the San Francisco Bay Area from 1990 to 2012, Atmos. Environ.,
107, 9 — 15, doi:10.1016/j.atmosenv.2015.01.065, 2015.

Fang, Y. and Michalak, A. M.: Atmospheric observations inform CO2 flux responses to enviroclimatic drivers, Global Biogeochem. Cy., 29,
555-566, doi:10.1002/2014GB005034, 2014GB005034, 2015.

Fishman, J., Iraci, L. T., Al-Saadi, J., Chance, K., Chavez, E., Chin, M., Coble, P., Davis, C., DiGiacomo, P. M., Edwards, D., Eldering, A.,
Goes, J., Herman, J., Hu, C., Jacob, D. J., Jordan, C., Kawa, S. R., Key, R., Liu, X., Lohrenz, S., Mannino, A., Natraj, V., Neil, D., Neu, J.,
Newchurch, M., Pickering, K., Salisbury, J., Sosik, H., Subramaniam, A., Tzortziou, M., Wang, J., and Wang, M.: The United States’ next
generation of atmospheric composition and coastal ecosystem measurements: NASA’s Geostationary Coastal and Air Pollution Events
(GEO-CAPE) Mission, B. Am. Meteorol. Soc., 93, 1547-1566, doi:10.1175/BAMS-D-11-00201.1, 2012.

Frankenberg, C., Thorpe, A. K., Thompson, D. R., Hulley, G., Kort, E. A., Vance, N., Borchardt, J., Krings, T., Gerilowski, K., Sweeney,
C., Conley, S., Bue, B. D., Aubrey, A. D., Hook, S., and Green, R. O.: Airborne methane remote measurements reveal heavy-tail flux
distribution in Four Corners region, P. Natl. Acad. Sci. U.S.A., 113, 9734-9739, doi:10.1073/pnas.1605617113, 2016.

Gately, C. K., Hutyra, L. R., Wing, . S., and Brondfield, M. N.: A bottom up aproach to on-road CO2 emissions estimates: Improved spatial
accuracy and applications for regional planning, Environ. Sci. Technol., 47, 2423-2430, doi:10.1021/es304238v, pMID: 23343173, 2013.

Gately, C. K., Hutyra, L. R., and Sue Wing, L.: Cities, traffic, and CO2: A multidecadal assessment of trends, drivers, and scaling relationships,
P. Natl. Acad. Sci. U.S.A., 112, 4999-5004, doi:10.1073/pnas.1421723112, 2015.

Gavrilov, N. M. and Timofeev, Y. M.: Comparisons of satellite (GOSAT) and ground-based spectroscopic measurements of CO2 content near
St. Petersburg, Izvestiya, Atmospheric and Oceanic Physics, 50, 910-915, doi:10.1134/S0001433814090084, 2015.

Goodwin, J., Woodfield, M., Ibnaof, M., Koch, M., and Yan, H.: 2006 IPCC Guidelines for National Greenhouse Gas Inventories, vol. 1,
chap. 2, Intergovernmental Panel on Climate Change, Hayama, Japan, http://www.ipcc-nggip.iges.or.jp/public/2006gl/voll.html (last ac-
cess: 17 July 2016), 2006.

26


http://dx.doi.org/10.1073/pnas.0906974107
http://dx.doi.org/10.5194/amt-7-1723-2014
https://megacities.jpl.nasa.gov/portal/
http://www.ec.gc.ca/mges-ghgm/Default.asp?lang=En&n=C5F1AC14-1
http://www.ec.gc.ca/mges-ghgm/Default.asp?lang=En&n=C5F1AC14-1
http://www.ec.gc.ca/mges-ghgm/Default.asp?lang=En&n=C5F1AC14-1
https://www.ec.gc.ca/ges-ghg/default.asp?lang=En&n=662F9C56-1
http://edgar.jrc.ec.europa.eu/overview.php?v=431
https://www.whitehouse.gov/sites/default/files/image/president27sclimateactionplan.pdf
https://www.whitehouse.gov/sites/default/files/image/president27sclimateactionplan.pdf
https://www.whitehouse.gov/sites/default/files/image/president27sclimateactionplan.pdf
http://dx.doi.org/10.1016/j.atmosenv.2015.01.065
http://dx.doi.org/10.1002/2014GB005034
http://dx.doi.org/10.1175/BAMS-D-11-00201.1
http://dx.doi.org/10.1073/pnas.1605617113
http://dx.doi.org/10.1021/es304238v
http://dx.doi.org/10.1073/pnas.1421723112
http://dx.doi.org/10.1134/S0001433814090084
http://www.ipcc-nggip.iges.or.jp/public/2006gl/vol1.html

10

15

20

25

30

35

Gourdji, S. M., Mueller, K. L., Schaefer, K., and Michalak, A. M.: Global monthly averaged CO fluxes recovered using a geostatistical
inverse modeling approach: 2. Results including auxiliary environmental data, J. Geophys. Res.-Atmos., 113, doi:10.1029/2007JD009733,
d21115, 2008.

Gourdji, S. M., Mueller, K. L., Yadav, V., Huntzinger, D. N., Andrews, A. E., Trudeau, M., Pétron, G., Nehrkorn, T., Eluszkiewicz, J.,
Henderson, J., Wen, D., Lin, J., Fischer, M., Sweeney, C., and Michalak, A. M.: North American CO2 exchange: inter-comparison of
modeled estimates with results from a fine-scale atmospheric inversion, Biogeosciences, 9, 457-475, doi:10.5194/bg-9-457-2012, 2012.

Graven, H., Stephens, B., Guilderson, T., Campos, T., Schimel, D., Campbell, J., and Keeling, R.: Vertical profiles of biospheric and fossil
fuel-derived CO5 and fossil fuel CO2 : CO ratios from airborne measurements of '*C, CO5 and CO above Colorado, USA, Tellus B, 61,
doi:10.1111/5.1600-0889.2009.00421.x, 2011.

Gurney, K., Ansley, W., Mendoza, D., Pétron, G., Frost, G., Gregg, J., Fischer, M., Pataki, D., Ackerman, K., Houweling, S., Corbin, K.,
Andres, R., and Biasing, T. J.: Research needs for finely resolved fossil carbon emissions, Eos. T. Am. Geophys. Un., 88, 542-543,
doi:10.1029/2007E0490008, 2007.

Gurney, K. R., Mendoza, D. L., Zhou, Y., Fischer, M. L., Miller, C. C., Geethakumar, S., and de la Rue du Can, S.: High resolution fossil fuel
combustion CO2 emission fluxes for the United States, Environ. Sci. Technol., 43, 5535-5541, doi:10.1021/es900806¢, pMID: 19708393,
2009.

Gurney, K. R., Razlivanov, 1., Song, Y., Zhou, Y., Benes, B., and Abdul-Massih, M.: Quantification of fossil fuel CO2 emissions on the
building/street scale for a large U.S. city, Environ. Sci. Technol., 46, 12 194-12202, doi:10.1021/es3011282, pMID: 22891924, 2012.
Hammerling, D. M., Kawa, S. R., Schaefer, K., Doney, S., and Michalak, A. M.: Detectability of CO2 flux signals by a space-based lidar

mission, J. Geophys. Res.-Atmos., 120, 1794-1807, doi:10.1002/2014JD022483, 2014JD022483, 2015.

Helmig, D., Rossabi, S., Hueber, J., Tans, P., Montzka, S. A., Masarie, K., Thoning, K., Plass-Duelmer, C., Claude, A., Carpenter, L. J.,
Lewis, A. C., Punjabi, S., Reimann, S., Vollmer, M. K., Steinbrecher, R., Hannigan, J. W., Emmons, L. K., Mahieu, E., Franco, B., Smale,
D., and Pozzer, A.: Reversal of global atmospheric ethane and propane trends largely due to US oil and natural gas production, Nature
Geosci, 9, 490495, doi:10.1038/nge02721, 2016.

Hong, B. and Slatick, E.: Carbon dioxide emission factors for coal, DOE/EIA-0121(94/Q1), Energy Information Administration, Washington,
DC, http://www.eia.gov/coal/production/quarterly/co2_article/co2.html (last access: 17 July 2016), 1994.

Huntzinger, D., Post, W., Wei, Y., Michalak, A., West, T., Jacobson, A., Baker, 1., Chen, J., Davis, K., Hayes, D., Hoffman, F., Jain, A., Liu,
S., McGuire, A., Neilson, R., Potter, C., Poulter, B., Price, D., Raczka, B., Tian, H., Thornton, P., Tomelleri, E., Viovy, N., Xiao, J., Yuan,
W., Zeng, N., Zhao, M., and Cook, R.: North American Carbon Program (NACP) regional interim synthesis: Terrestrial biospheric model
intercomparison, Ecol. Model., 232, 144 — 157, doi:10.1016/j.ecolmodel.2012.02.004, 2012.

Hutyra, L. R., Duren, R., Gurney, K. R., Grimm, N., Kort, E. A., Larson, E., and Shrestha, G.: Urbanization and the carbon cycle: Cur-
rent capabilities and research outlook from the natural sciences perspective, Earth’s Future, 2, 473-495, doi:10.1002/2014EF000255,
2014EF000255, 2014.

Jackson, R. B., Down, A., Phillips, N. G., Ackley, R. C., Cook, C. W., Plata, D. L., and Zhao, K.: Natural gas pipeline leaks across Washing-
ton, DC, Environ. Sci. Technol., 48, 2051-2058, doi:10.1021/es404474x, pMID: 24432903, 2014.

Jacob, D. J., Turner, A. J., Maasakkers, J. D., Sheng, J., Sun, K., Liu, X., Chance, K., Aben, 1., McKeever, J., and Frankenberg, C.: Satel-
lite observations of atmospheric methane and their value for quantifying methane emissions, Atmos. Chem. Phys., 16, 14371-14 396,

doi:10.5194/acp-16-14371-2016, 2016.

27


http://dx.doi.org/10.1029/2007JD009733
http://dx.doi.org/10.5194/bg-9-457-2012
http://dx.doi.org/10.1111/j.1600-0889.2009.00421.x
http://dx.doi.org/10.1029/2007EO490008
http://dx.doi.org/10.1021/es900806c
http://dx.doi.org/10.1021/es3011282
http://dx.doi.org/10.1002/2014JD022483
http://dx.doi.org/10.1038/ngeo2721
http://www.eia.gov/coal/production/quarterly/co2_article/co2.html
http://dx.doi.org/10.1016/j.ecolmodel.2012.02.004
http://dx.doi.org/10.1002/2014EF000255
http://dx.doi.org/10.1021/es404474x
http://dx.doi.org/10.5194/acp-16-14371-2016

10

15

20

25

30

35

Jeong, S., Zhao, C., Andrews, A. E., Bianco, L., Wilczak, J. M., and Fischer, M. L.: Seasonal variation of CH4 emissions from central
California, J. Geophys. Res.-Atmos., 117, doi:10.1029/2011JD016896, d11306, 2012.

Jeong, S., Hsu, Y.-K., Andrews, A. E., Bianco, L., Vaca, P., Wilczak, J. M., and Fischer, M. L.: A multitower measurement network estimate
of California’s methane emissions, J. Geophys. Res.-Atmos., 118, 11,339-11,351, doi:10.1002/jgrd.50854, 2013JD019820, 2013.

Jeong, S., Millstein, D., and Fischer, M. L.: Spatially explicit methane emissions from petroleum production and the natural gas system in
California, Environ. Sci. Technol., 48, 5982-5990, doi:10.1021/es4046692, pMID: 24758763, 2014.

Jeong, S., Newman, S., Zhang, J., Andrews, A. E., Bianco, L., Bagley, J., Cui, X., Graven, H., Kim, J., Salameh, P., LaFranchi, B. W.,
Priest, C., Campos-Pineda, M., Novakovskaia, E., Sloop, C. D., Michelsen, H. A., Bambha, R. P., Weiss, R. F., Keeling, R., and Fischer,
M. L.: Estimating methane emissions in California’s urban and rural regions using multitower observations, J. Geophys. Res.-Atmos.,
121, 13,031-13,049, doi:10.1002/2016JD025404, 2016JD025404, 2016.

Kang, M., Kanno, C. M., Reid, M. C., Zhang, X., Mauzerall, D. L., Celia, M. A., Chen, Y., and Onstott, T. C.: Direct measure-
ments of methane emissions from abandoned oil and gas wells in Pennsylvania, P. Natl. Acad. Sci. U.S.A., 111, 18173-18177,
doi:10.1073/pnas. 1408315111, 2014.

Karion, A., Sweeney, C., Tans, P.,, and Newberger, T.: AirCore: An innovative atmospheric sampling system, J. Atmos. Ocean Tech., 27,
1839-1853, doi:10.1175/2010JTECHA1448.1, 2010.

Karion, A., Sweeney, C., Pétron, G., Frost, G., Michael Hardesty, R., Kofler, J., Miller, B. R., Newberger, T., Wolter, S., Banta, R., Brewer,
A., Dlugokencky, E., Lang, P., Montzka, S. A., Schnell, R., Tans, P., Trainer, M., Zamora, R., and Conley, S.: Methane emissions estimate
from airborne measurements over a western United States natural gas field, Geophys. Res. Lett., 40, 4393-4397, doi:10.1002/grl.50811,
2013.

Karion, A., Sweeney, C., Kort, E. A., Shepson, P. B., Brewer, A., Cambaliza, M., Conley, S. A., Davis, K., Deng, A., Hardesty, M.,
Herndon, S. C., Lauvaux, T., Lavoie, T., Lyon, D., Newberger, T., Pétron, G., Rella, C., Smith, M., Wolter, S., Yacovitch, T. L., and
Tans, P.: Aircraft-based estimate of total methane emissions from the Barnett Shale region, Environ. Sci. Technol., 49, 8124-8131,
doi:10.1021/acs.est.5b00217, pMID: 26148550, 2015.

Kebreab, E., Johnson, K., Archibeque, S., Pape, D., and Wirth, T.: Model for estimating enteric methane emissions from United States dairy
and feedlot cattle, J. Anim. Sci., 86, 2738-2748, doi:10.2527/jas.2008-0960, 2008.

Keppel-Aleks, G., Wennberg, P. O., O’Dell, C. W., and Wunch, D.: Towards constraints on fossil fuel emissions from total column carbon
dioxide, Atmos. Chem. Phys., 13, 4349-4357, doi:10.5194/acp-13-4349-2013, 2013.

Kiemle, C., Quatrevalet, M., Ehret, G., Amediek, A., Fix, A., and Wirth, M.: Sensitivity studies for a space-based methane lidar mission,
Atmospheric Measurement Techniques, 4, 2195-2211, doi:10.5194/amt-4-2195-2011, 2011.

Kort, E. A., Frankenberg, C., Miller, C. E., and Oda, T.: Space-based observations of megacity carbon dioxide, Geophys. Res. Lett., 39,
doi:10.1029/2012GL052738, 117806, 2012.

Kort, E. A., Frankenberg, C., Costigan, K. R., Lindenmaier, R., Dubey, M. K., and Wunch, D.: Four corners: The largest US methane anomaly
viewed from space, Geophys. Res. Lett., 41, 6898-6903, doi:10.1002/2014GL061503, 2014GL061503, 2014.

Kramer, H. J.: GHGSat-D (Greenhouse Gas Satellite - Demonstrator) microsatellite mission, https://directory.eoportal.org/web/eoportal/
satellite-missions/g/ghgsat-d, 2017.

LaFranchi, B. W., Pétron, G., Miller, J. B., Lehman, S. J., Andrews, A. E., Dlugokencky, E. J., Hall, B., Miller, B. R., Montzka, S. A., Neff,
W., Novelli, P. C., Sweeney, C., Turnbull, J. C., Wolfe, D. E., Tans, P. P., Gurney, K. R., and Guilderson, T. P.: Constraints on emissions of

28


http://dx.doi.org/10.1029/2011JD016896
http://dx.doi.org/10.1002/jgrd.50854
http://dx.doi.org/10.1021/es4046692
http://dx.doi.org/10.1002/2016JD025404
http://dx.doi.org/10.1073/pnas.1408315111
http://dx.doi.org/10.1175/2010JTECHA1448.1
http://dx.doi.org/10.1002/grl.50811
http://dx.doi.org/10.1021/acs.est.5b00217
http://dx.doi.org/10.2527/jas.2008-0960
http://dx.doi.org/10.5194/acp-13-4349-2013
http://dx.doi.org/10.5194/amt-4-2195-2011
http://dx.doi.org/10.1029/2012GL052738
http://dx.doi.org/10.1002/2014GL061503
https://directory.eoportal.org/web/eoportal/satellite-missions/g/ghgsat-d
https://directory.eoportal.org/web/eoportal/satellite-missions/g/ghgsat-d
https://directory.eoportal.org/web/eoportal/satellite-missions/g/ghgsat-d

10

15

20

25

30

35

carbon monoxide, methane, and a suite of hydrocarbons in the Colorado Front Range using observations of **COs, Atmos. Chem. Phys.,
13,11 101-11 120, doi:10.5194/acp-13-11101-2013, 2013.

Lan, X., Talbot, R., Laine, P., and Torres, A.: Characterizing fugitive methane emissions in the Barnett Shale area using a mobile laboratory,
Environ. Sci. Technol., 49, 8139-8146, doi:10.1021/es5063055, pMID: 26148552, 2015.

Lauvaux, T., Miles, N. L., Deng, A., Richardson, S. J., Cambaliza, M. O., Davis, K. J., Gaudet, B., Gurney, K. R., Huang, J., O’Keefe, D.,
Song, Y., Karion, A., Oda, T., Patarasuk, R., Razlivanov, 1., Sarmiento, D., Shepson, P., Sweeney, C., Turnbull, J., and Wu, K.: High-
resolution atmospheric inversion of urban CO2 emissions during the dormant season of the Indianapolis Flux Experiment INFLUX), J.
Geophys. Res.-Atmos., 121, 5213-5236, doi:10.1002/2015JD024473, 2015JD024473, 2016.

Lavoie, T. N., Shepson, P. B., Cambaliza, M. O. L., Stirm, B. H., Karion, A., Sweeney, C., Yacovitch, T. I., Herndon, S. C., Lan, X., and Lyon,
D.: Aircraft-based measurements of point source methane emissions in the Barnett Shale basin, Environ. Sci. Technol., 49, 7904-7913,
doi:10.1021/acs.est.5b00410, pMID: 26148549, 2015.

Lindenmaier, R., Dubey, M. K., Henderson, B. G., Butterfield, Z. T., Herman, J. R., Rahn, T., and Lee, S.-H.: Multiscale observations
of CO,, 3CO-, and pollutants at Four Corners for emission verification and attribution, P. Natl. Acad. Sci. U.S.A., 111, 8386-8391,
doi:10.1073/pnas.1321883111, 2014.

Liu, J., Fung, 1., Kalnay, E., Kang, J.-S., Olsen, E. T., and Chen, L.: Simultaneous assimilation of AIRS XCO> and meteorological obser-
vations in a carbon climate model with an ensemble Kalman filter, J. Geophys. Res.-Atmos., 117, D05 309, doi:10.1029/2011JD016642,
2012.

Lyon, D. R., Zavala-Araiza, D., Alvarez, R. A., Harriss, R., Palacios, V., Lan, X., Talbot, R., Lavoie, T., Shepson, P., Yacovitch, T. I., Herndon,
S. C., Marchese, A. J., Zimmerle, D., Robinson, A. L., and Hamburg, S. P.: Constructing a spatially resolved methane emission inventory
for the Barnett Shale region, Environ. Sci. Technol., 49, 8147-8157, doi:10.1021/es506359¢, pMID: 26148553, 2015.

Maasakkers, J. D., Jacob, D. J., Sulprizio, M. P., Turner, A. J., Weitz, M., Wirth, T., Hight, C., DeFigueiredo, M., Desai, M., Schmeltz,
R., Hockstad, L., Bloom, A. A., Bowman, K. W., Jeong, S., and Fischer, M. L.: Gridded national inventory of U.S. methane emissions,
Environ. Sci. Technol., 50, 13 123-13 133, doi:10.1021/acs.est.6b02878, pMID: 27934278, 2016.

Maness, H. L., Thurlow, M. E., McDonald, B. C., and Harley, R. A.: Estimates of COx traffic emissions from mobile concentration measure-
ments, J. Geophys. Res.-Atmos., 120, 2087-2102, doi:10.1002/2014JD022876, 2014JD022876, 2015.

Massachusetts Executive Office of Energy and Environmental Affairs: Massachusetts Clean Energy and Climate Plan for 2020: 2015 update,
Boston, MA, http://www.mass.gov/eea/docs/eea/energy/cecp-for-2020.pdf (last access: 17 July 2016), 2015.

Matsunaga, T. et al.: The Status of NIES GOSAT-2 Project and NIES Satellite Observation Center, in: 12th International Workshop on
Greenhouse Gas Measurements from Space, Kyoto, Japan, https://www.omc.co.jp/iwggms12/, 7-9 Jun 2016.

Mays, K. L., Shepson, P. B., Stirm, B. H., Karion, A., Sweeney, C., and Gurney, K. R.: Aircraft-based measurements of the carbon footprint
of Indianapolis, Environ. Sci. Technol., 43, 7816-7823, doi:10.1021/es901326b, pMID: 19921899, 2009.

McDonald, B. C., McBride, Z. C., Martin, E. W., and Harley, R. A.: High-resolution mapping of motor vehicle carbon dioxide emissions, J.
Geophys. Res.-Atmos., 119, 5283-5298, doi:10.1002/2013JD021219, 2013JD021219, 2014.

McKain, K., Wofsy, S. C., Nehrkorn, T., Eluszkiewicz, J., Ehleringer, J. R., and Stephens, B. B.: Assessment of ground-based atmo-
spheric observations for verification of greenhouse gas emissions from an urban region, P. Natl. Acad. Sci. U.S.A., 109, 8423-8428,

doi:10.1073/pnas.1116645109, 2012.

29


http://dx.doi.org/10.5194/acp-13-11101-2013
http://dx.doi.org/10.1021/es5063055
http://dx.doi.org/10.1002/2015JD024473
http://dx.doi.org/10.1021/acs.est.5b00410
http://dx.doi.org/10.1073/pnas.1321883111
http://dx.doi.org/10.1029/2011JD016642
http://dx.doi.org/10.1021/es506359c
http://dx.doi.org/10.1021/acs.est.6b02878
http://dx.doi.org/10.1002/2014JD022876
http://www.mass.gov/eea/docs/eea/energy/cecp-for-2020.pdf
https://www.omc.co.jp/iwggms12/
http://dx.doi.org/10.1021/es901326b
http://dx.doi.org/10.1002/2013JD021219
http://dx.doi.org/10.1073/pnas.1116645109

10

15

20

25

30

35

McKain, K., Down, A., Raciti, S. M., Budney, J., Hutyra, L. R., Floerchinger, C., Herndon, S. C., Nehrkorn, T., Zahniser, M. S., Jack-
son, R. B., Phillips, N., and Wofsy, S. C.: Methane emissions from natural gas infrastructure and use in the urban region of Boston,
Massachusetts, P. Natl. Acad. Sci. U.S.A., 112, 1941-1946, doi:10.1073/pnas.1416261112, 2015.

Michalak, A. M., Bruhwiler, L., and Tans, P. P.: A geostatistical approach to surface flux estimation of atmospheric trace gases, J. Geophys.
Res.-Atmos., 109, doi:10.1029/2003JD004422, d14109, 2004.

Miller, C. E., Crisp, D., DeCola, P. L., Olsen, S. C., Randerson, J. T., Michalak, A. M., Alkhaled, A., Rayner, P., Jacob, D. J., Suntharalingam,
P, Jones, D. B. A., Denning, A. S., Nicholls, M. E., Doney, S. C., Pawson, S., Boesch, H., Connor, B. J., Fung, 1. Y., O’Brien, D., Salawitch,
R.J., Sander, S. P, Sen, B., Tans, P., Toon, G. C., Wennberg, P. O., Wofsy, S. C., Yung, Y. L., and Law, R. M.: Precision requirements for
space-based data, J. Geophys. Res.-Atmos., 112, doi:10.1029/2006JD007659, d10314, 2007.

Miller, J. B., Lehman, S. J., Montzka, S. A., Sweeney, C., Miller, B. R., Karion, A., Wolak, C., Dlugokencky, E. J., Southon, J., Turnbull,
J. C., and Tans, P. P.: Linking emissions of fossil fuel CO5 and other anthropogenic trace gases using atmospheric *COz, J. Geophys.
Res.-Atmos., 117, doi:10.1029/2011JD017048, d08302, 2012.

Miller, S. M., Wofsy, S. C., Michalak, A. M., Kort, E. A., Andrews, A. E., Biraud, S. C., Dlugokencky, E. J., Eluszkiewicz, J., Fischer, M. L.,
Janssens-Maenhout, G., Miller, B. R., Miller, J. B., Montzka, S. A., Nehrkorn, T., and Sweeney, C.: Anthropogenic emissions of methane
in the United States, P. Natl. Acad. Sci. U.S.A., 110, 20018-20 022, doi:10.1073/pnas.1314392110, 2013.

Miller, S. M., Hayek, M. N., Andrews, A. E., Fung, 1., and Liu, J.: Biases in atmospheric CO» estimates from correlated meteorology
modeling errors, Atmos. Chem. Phys., 15, 2903-2914, doi:10.5194/acp-15-2903-2015, 2015.

Miller, S. M., Commane, R., Melton, J. R., Andrews, A. E., Benmergui, J., Dlugokencky, E. J., Janssens-Maenhout, G., Michalak, A. M.,
Sweeney, C., and Worthy, D. E. J.: Evaluation of wetland methane emissions across North America using atmospheric data and inverse
modeling, Biogeosciences, 13, 1329-1339, doi:10.5194/bg-13-1329-2016, 2016.

Mitchell, A. L., Tkacik, D. S., Roscioli, J. R., Herndon, S. C., Yacovitch, T. L., Martinez, D. M., Vaughn, T. L., Williams, L. L., Sul-
livan, M. R., Floerchinger, C., Omara, M., Subramanian, R., Zimmerle, D., Marchese, A. J., and Robinson, A. L.: Measurements of
methane emissions from natural gas gathering facilities and processing plants: measurement results, Environ. Sci. Technol., 49, 3219-
3227, doi:10.1021/es5052809, pMID: 25668106, 2015.

NASA Langley Research Center: ACT-America, https://act-america.larc.nasa.gov/ (last access: 11 Jan 2017), 2016.

National Research Council: Verifying greenhouse gas emissions: Methods to support international climate agree-
ments, The National Academies Press, Washington, DC, doi:10.17226/12883, http://www.nap.edu/catalog/12883/
verifying- greenhouse- gas-emissions-methods-to-support-international-climate-agreements (last access: 17 July 2016), 2010.

Nehrkorn, T., Eluszkiewicz, J., Wofsy, S. C., Lin, J. C., Gerbig, C., Longo, M., and Freitas, S.: Coupled weather research and forecasting—
stochastic time-inverted lagrangian transport (WRF-STILT) model, Meteorol. Atmos. Phys., 107, 51-64, doi:10.1007/s00703-010-0068-
X, 2010.

Nehrkorn, T., Henderson, J., Leidner, M., Mountain, M., Eluszkiewicz, J., McKain, K., and Wofsy, S.: WRF simulations of the urban
circulation in the Salt Lake City area for CO2 modeling, J. Appl. Meteorol. Clim., 52, 323-340, doi:10.1175/JAMC-D-12-061.1, 2013.
NOAA Chemical Sciences Division: SONGNEX 2015: Shale Oil and Natural Gas Nexus, http://www.esrl.noaa.gov/csd/projects/songnex/

(last access: 17 July 2016), 2016.
Oda, T. and Maksyutov, S.: A very high-resolution (1 km — 1 km) global fossil fuel CO> emission inventory derived using a point source

database and satellite observations of nighttime lights, Atmos. Chem. Phys., 11, 543-556, doi:10.5194/acp-11-543-2011, 2011.

30


http://dx.doi.org/10.1073/pnas.1416261112
http://dx.doi.org/10.1029/2003JD004422
http://dx.doi.org/10.1029/2006JD007659
http://dx.doi.org/10.1029/2011JD017048
http://dx.doi.org/10.1073/pnas.1314392110
http://dx.doi.org/10.5194/acp-15-2903-2015
http://dx.doi.org/10.5194/bg-13-1329-2016
http://dx.doi.org/10.1021/es5052809
https://act-america.larc.nasa.gov/
http://dx.doi.org/10.17226/12883
http://www.nap.edu/catalog/12883/verifying-greenhouse-gas-emissions-methods-to-support-international-climate-agreements
http://www.nap.edu/catalog/12883/verifying-greenhouse-gas-emissions-methods-to-support-international-climate-agreements
http://www.nap.edu/catalog/12883/verifying-greenhouse-gas-emissions-methods-to-support-international-climate-agreements
http://dx.doi.org/10.1007/s00703-010-0068-x
http://dx.doi.org/10.1007/s00703-010-0068-x
http://dx.doi.org/10.1007/s00703-010-0068-x
http://dx.doi.org/10.1175/JAMC-D-12-061.1
http://www.esrl.noaa.gov/csd/projects/songnex/
http://dx.doi.org/10.5194/acp-11-543-2011

10

15

20

25

30

35

Olivier, J., Janssens-Maenhout, G., Munteam, M., and Peters, J.: Trends in global CO> emissions; 2014 Report, PBL Netherlands Environ-
mental Assessment Agency; European Commission, Joint Research Centre, Ispra, Italy, 2014.

Owen, J. J. and Silver, W. L.: Greenhouse gas emissions from dairy manure management: a review of field-based studies, Glob. Change
Biol., 21, 550-565, doi:10.1111/gcb.12687, 2015.

Peischl, J., Ryerson, T. B., Brioude, J., Aikin, K. C., Andrews, A. E., Atlas, E., Blake, D., Daube, B. C., de Gouw, J. A., Dlugokencky, E.,
Frost, G. J., Gentner, D. R., Gilman, J. B., Goldstein, A. H., Harley, R. A., Holloway, J. S., Kofler, J., Kuster, W. C., Lang, P. M., Novelli,
P. C., Santoni, G. W., Trainer, M., Wofsy, S. C., and Parrish, D. D.: Quantifying sources of methane using light alkanes in the Los Angeles
basin, California, J. Geophys. Res.-Atmos., 118, 4974—-4990, doi:10.1002/jgrd.50413, 2013.

Peischl, J., Ryerson, T. B., Aikin, K. C., de Gouw, J. A., Gilman, J. B., Holloway, J. S., Lerner, B. M., Nadkarni, R., Neuman, J. A.,
Nowak, J. B., Trainer, M., Warneke, C., and Parrish, D. D.: Quantifying atmospheric methane emissions from the Haynesville, Fayet-
teville, and northeastern Marcellus shale gas production regions, J. Geophys. Res.-Atmos., 120, 2119-2139, doi:10.1002/2014JD022697,
2014JD022697, 2015.

Pétron, G., Tans, P, Frost, G., Chao, D., and Trainer, M.: High-resolution emissions of CO5 from power generation in the USA, J. Geophys.
Res.-Biogeo., 113, doi:10.1029/2007JG000602, g04008, 2008.

Pétron, G., Karion, A., Sweeney, C., Miller, B. R., Montzka, S. A., Frost, G. J., Trainer, M., Tans, P., Andrews, A., Kofler, J., Helmig, D.,
Guenther, D., Dlugokencky, E., Lang, P., Newberger, T., Wolter, S., Hall, B., Novelli, P., Brewer, A., Conley, S., Hardesty, M., Banta, R.,
White, A., Noone, D., Wolfe, D., and Schnell, R.: A new look at methane and nonmethane hydrocarbon emissions from oil and natural
gas operations in the Colorado Denver-Julesburg Basin, J. Geophys. Res.-Atmos., 119, 6836-6852, doi:10.1002/2013JD021272, 2014.

Pillai, D., Buchwitz, M., Gerbig, C., Koch, T., Reuter, M., Bovensmann, H., Marshall, J., and Burrows, J. P.: Tracking city CO2 emissions
from space using a high-resolution inverse modelling approach: a case study for Berlin, Germany, Atmos. Chem. Phys., 16, 9591-9610,
doi:10.5194/acp-16-9591-2016, 2016.

Polonsky, I. N., O’Brien, D. M., Kumer, J. B., O’Dell, C. W., and the geoCARB Team: Performance of a geostationary mission, geoCARB,
to measure CO2, CH4 and CO column-averaged concentrations, Atmospheric Measurement Techniques, 7, 959-981, doi:10.5194/amt-7-
959-2014, 2014.

Prahl, A. and Hofman, E.: European climate policy — history and state of play, http://climatepolicyinfohub.eu/
european-climate-policy-history-and-state-play (last access: 17 July 2016), 2014.

Rayner, P.J., Raupach, M. R., Paget, M., Peylin, P., and Koffi, E.: A new global gridded data set of CO2 emissions from fossil fuel combustion:
Methodology and evaluation, J. Geophys. Res.-Atmos., 115, doi:10.1029/2009JD013439, d19306, 2010.

Rayner, P.,, Michalak, A. M., and Chevallier, F.: Fundamentals of data assimilation, Geoscientific Model Development Discussions, 2016,
1-21, do0i:10.5194/gmd-2016-148, 2016.

Riley, W. J., Hsueh, D. Y., Randerson, J. T., Fischer, M. L., Hatch, J. G., Pataki, D. E., Wang, W., and Goulden, M. L.: Where do fossil
fuel carbon dioxide emissions from California go? An analysis based on radiocarbon observations and an atmospheric transport model, J.
Geophys. Res.-Biogeo., 113, doi:10.1029/2007JG000625, 204002, 2008.

Roscioli, J. R., Yacovitch, T. I, Floerchinger, C., Mitchell, A. L., Tkacik, D. S., Subramanian, R., Martinez, D. M., Vaughn, T. L., Williams,
L., Zimmerle, D., Robinson, A. L., Herndon, S. C., and Marchese, A. J.: Measurements of methane emissions from natural gas gathering
facilities and processing plants: measurement methods, Atmospheric Measurement Techniques, 8, 2017-2035, doi:10.5194/amt-8-2017-
2015, 2015.

31


http://dx.doi.org/10.1111/gcb.12687
http://dx.doi.org/10.1002/jgrd.50413
http://dx.doi.org/10.1002/2014JD022697
http://dx.doi.org/10.1029/2007JG000602
http://dx.doi.org/10.1002/2013JD021272
http://dx.doi.org/10.5194/acp-16-9591-2016
http://dx.doi.org/10.5194/amt-7-959-2014
http://dx.doi.org/10.5194/amt-7-959-2014
http://dx.doi.org/10.5194/amt-7-959-2014
http://climatepolicyinfohub.eu/european-climate-policy-history-and-state-play
http://climatepolicyinfohub.eu/european-climate-policy-history-and-state-play
http://climatepolicyinfohub.eu/european-climate-policy-history-and-state-play
http://dx.doi.org/10.1029/2009JD013439
http://dx.doi.org/10.5194/gmd-2016-148
http://dx.doi.org/10.1029/2007JG000625
http://dx.doi.org/10.5194/amt-8-2017-2015
http://dx.doi.org/10.5194/amt-8-2017-2015
http://dx.doi.org/10.5194/amt-8-2017-2015

10

15

20

25

30

35

Rudolph, J.: The tropospheric distribution and budget of ethane, J. Geophys. Res.-Atmos., 100, 11369-11 381, doi:10.1029/95JD00693,
1995.

Ryerson, T. B., Andrews, A. E., Angevine, W. M., Bates, T. S., Brock, C. A., Cairns, B., Cohen, R. C., Cooper, O. R., de Gouw, J. A,,
Fehsenfeld, F. C., Ferrare, R. A., Fischer, M. L., Flagan, R. C., Goldstein, A. H., Hair, J. W., Hardesty, R. M., Hostetler, C. A., Jimenez,
J. L., Langford, A. O., McCauley, E., McKeen, S. A., Molina, L. T., Nenes, A., Oltmans, S. J., Parrish, D. D., Pederson, J. R., Pierce,
R. B., Prather, K., Quinn, P. K., Seinfeld, J. H., Senff, C. J., Sorooshian, A., Stutz, J., Surratt, J. D., Trainer, M., Volkamer, R., Williams,
E. J., and Wofsy, S. C.: The 2010 California Research at the Nexus of Air Quality and Climate Change (CalNex) field study, J. Geophys.
Res.-Atmos., 118, 5830-5866, doi:10.1002/jgrd.50331, 2013.

Schneising, O., Buchwitz, M., Burrows, J. P., Bovensmann, H., Reuter, M., Notholt, J., Macatangay, R., and Warneke, T.: Three years of
greenhouse gas column-averaged dry air mole fractions retrieved from satellite — Part 1: Carbon dioxide, Atmos. Chem. Phys., 8, 3827-
3853, doi:10.5194/acp-8-3827-2008, 2008.

Schneising, O., Heymann, J., Buchwitz, M., Reuter, M., Bovensmann, H., and Burrows, J. P.: Anthropogenic carbon dioxide source areas
observed from space: assessment of regional enhancements and trends, Atmos. Chem. Phys., 13, 2445-2454, doi:10.5194/acp-13-2445-
2013, 2013.

Schneising, O., Burrows, J. P., Dickerson, R. R., Buchwitz, M., Reuter, M., and Bovensmann, H.: Remote sensing of fugitive methane emis-
sions from oil and gas production in North American tight geologic formations, Earth’s Future, 2, 548-558, doi:10.1002/2014EF000265,
2014.

Schwietzke, S., Griffin, W. M., Matthews, H. S., and Bruhwiler, L. M. P.: Natural gas fugitive emissions rates constrained by global atmo-
spheric methane and ethane, Environ. Sci. Technol., 48, 7714-7722, doi:10.1021/es501204c, pMID: 24945600, 2014.

Sejian, V., Lal, R., Lakritz, J., and Ezeji, T.: Measurement and prediction of enteric methane emission, Int. J. Biometeorol., 55, 1-16,
doi:10.1007/s00484-010-0356-7, 2010.

Shiga, Y. P., Michalak, A. M., Gourdji, S. M., Mueller, K. L., and Yadav, V.: Detecting fossil fuel emissions patterns from subconti-
nental regions using North American in situ CO2 measurements, Geophys. Res. Lett., 41, 4381-4388, doi:10.1002/2014GL059684,
2014GL059684, 2014.

Simpson, L. J., Sulback Andersen, M. P., Meinardi, S., Bruhwiler, L., Blake, N. J., Helmig, D., Rowland, F. S., and Blake, D. R.: Long-term
decline of global atmospheric ethane concentrations and implications for methane, Nature, 488, 490-494, doi:10.1038/nature11342, 2012.

Smith, M. L., Kort, E. A., Karion, A., Sweeney, C., Herndon, S. C., and Yacovitch, T. I.: Airborne ethane observations in the Barnett Shale:
quantification of ethane flux and attribution of methane emissions, Environ. Sci. Technol., 49, 8158-8166, doi:10.1021/acs.est.5b00219,
pMID: 26148554, 2015.

Stephens, B. B., Gurney, K. R., Tans, P. P,, Sweeney, C., Peters, W., Bruhwiler, L., Ciais, P., Ramonet, M., Bousquet, P., Nakazawa, T., Aoki,
S., Machida, T., Inoue, G., Vinnichenko, N., Lloyd, J., Jordan, A., Heimann, M., Shibistova, O., Langenfelds, R. L., Steele, L. P., Francey,
R. J., and Denning, A. S.: Weak northern and strong tropical land carbon uptake from vertical profiles of atmospheric CO2, Science, 316,
1732-1735, doi:10.1126/science.1137004, 2007.

Streets, D. G., Canty, T., Carmichael, G. R., de Foy, B., Dickerson, R. R., Duncan, B. N., Edwards, D. P., Haynes, J. A., Henze, D. K.,
Houyoux, M. R., Jacob, D. J., Krotkov, N. A., Lamsal, L. N., Liu, Y., Lu, Z., Martin, R. V., Pfister, G. G., Pinder, R. W., Salawitch,
R. J., and Wecht, K. J.: Emissions estimation from satellite retrievals: A review of current capability, Atmos. Environ., 77, 1011 — 1042,

doi:10.1016/j.atmosenv.2013.05.051, 2013.

32


http://dx.doi.org/10.1029/95JD00693
http://dx.doi.org/10.1002/jgrd.50331
http://dx.doi.org/10.5194/acp-8-3827-2008
http://dx.doi.org/10.5194/acp-13-2445-2013
http://dx.doi.org/10.5194/acp-13-2445-2013
http://dx.doi.org/10.5194/acp-13-2445-2013
http://dx.doi.org/10.1002/2014EF000265
http://dx.doi.org/10.1021/es501204c
http://dx.doi.org/10.1007/s00484-010-0356-7
http://dx.doi.org/10.1002/2014GL059684
http://dx.doi.org/10.1038/nature11342
http://dx.doi.org/10.1021/acs.est.5b00219
http://dx.doi.org/10.1126/science.1137004
http://dx.doi.org/10.1016/j.atmosenv.2013.05.051

10

15

20

25

30

35

Subramanian, R., Williams, L. L., Vaughn, T. L., Zimmerle, D., Roscioli, J. R., Herndon, S. C., Yacovitch, T. 1., Floerchinger, C., Tkacik,
D. S, Mitchell, A. L., Sullivan, M. R., Dallmann, T. R., and Robinson, A. L.: Methane emissions from natural gas compressor stations in
the transmission and storage sector: measurements and comparisons with the EPA Greenhouse Gas Reporting Program Protocol, Environ.
Sci. Technol., 49, 3252-3261, doi:10.1021/es5060258, pMID: 25668051, 2015.

Sweeney, C., Karion, A., Wolter, S., Newberger, T., Guenther, D., Higgs, J. A., Andrews, A. E., Lang, P. M., Neff, D., Dlugokencky, E.,
Miller, J. B., Montzka, S. A., Miller, B. R., Masarie, K. A., Biraud, S. C., Novelli, P. C., Crotwell, M., Crotwell, A. M., Thoning, K., and
Tans, P. P.: Seasonal climatology of CO2 across North America from aircraft measurements in the NOAA/ESRL Global Greenhouse Gas
Reference Network, J. Geophys. Res.-Atmos., 120, 5155-5190, doi:10.1002/2014JD022591, 2014JD022591, 2015.

Teichert, H., Fernholz, T., and Ebert, V.: Simultaneous in situ measurement of CO, H2O, and gas temperatures in a full-sized coal-fired power
plant by near-infrared diode lasers, Appl. Opt., 42, 2043-2051, doi:10.1364/A0.42.002043, 2003.

Toon, O. B., Maring, H., Dibb, J., Ferrare, R., Jacob, D. J., Jensen, E. J., Luo, Z. J., Mace, G. G., Pan, L. L., Pfister, L., Rosenlof, K. H.,
Redemann, J., Reid, J. S., Singh, H. B., Thompson, A. M., Yokelson, R., Minnis, P.,, Chen, G., Jucks, K. W., and Pszenny, A.: Planning,
implementation, and scientific goals of the Studies of Emissions and Atmospheric Composition, Clouds and Climate Coupling by Regional
Surveys (SEAC4RS) field mission, J. Geophys. Res.-Atmos., 121, 4967-5009, doi:10.1002/2015JD024297, 2015JD024297, 2016.

Townsend-Small, A., Marrero, J. E., Lyon, D. R., Simpson, I. J., Meinardi, S., and Blake, D. R.: Integrating source apportionment tracers
into a bottom-up inventory of methane emissions in the Barnett Shale hydraulic fracturing region, Environ. Sci. Technol., 49, 8175-8182,
doi:10.1021/acs.est.5b00057, pMID: 26148556, 2015.

Turnbull, J. C., Karion, A., Fischer, M. L., Faloona, I., Guilderson, T., Lehman, S. J., Miller, B. R., Miller, J. B., Montzka, S., Sherwood,
T., Saripalli, S., Sweeney, C., and Tans, P. P.: Assessment of fossil fuel carbon dioxide and other anthropogenic trace gas emissions from
airborne measurements over Sacramento, California in spring 2009, Atmos. Chem. Phys., 11, 705-721, doi:10.5194/acp-11-705-2011,
2011.

Turner, A. J., Jacob, D. J., Wecht, K. J., Maasakkers, J. D., Lundgren, E., Andrews, A. E., Biraud, S. C., Boesch, H., Bowman, K. W.,
Deutscher, N. M., Dubey, M. K., Griffith, D. W. T., Hase, F., Kuze, A., Notholt, J., Ohyama, H., Parker, R., Payne, V. H., Sussmann, R.,
Sweeney, C., Velazco, V. A., Warneke, T., Wennberg, P. O., and Wunch, D.: Estimating global and North American methane emissions
with high spatial resolution using GOSAT satellite data, Atmos. Chem. Phys., 15, 7049-7069, doi:10.5194/acp-15-7049-2015, 2015.

United Nations Framework Convention on Climate Change (UNFCCC): INDCs as communicated by Parties, http://www4.unfccc.int/
submissions/INDC/Submission%20Pages/submissions.aspx (last access: 10 Jan 2017), 2016.

US Energy Information Administration: Shale gas production, https://www.eia.gov/dnav/ng/ng_prod_shalegas_s1_a.htm (last access: 17 July
2016), 2015.

US Energy Information Administration (EIA): International energy outlook 2014, DOE/EIA-0484(2014), Office of Integrated and Interna-
tional Energy Analysis, U.S. Department of Energy, Washington, DC, 2016.

US EPA: Fact sheet: Greenhouse gases reporting program implementation, https://www.epa.gov/sites/production/files/2014-09/documents/
ghgrp-overview-factsheet.pdf (last access: 17 July 2016), 2013.

US EPA: Overview of the Clean Powed Ppan: cutting carbon pollution from power plants, https://www.epa.gov/sites/production/files/
2015-08/documents/fs-cpp-overview.pdf (last access: 17 July 2016), 2015a.

US EPA: Proposed emission guidelines for existing landfills: fact sheet, https://www3.epa.gov/ttn/atw/landfill/201508 14egfs.pdf (last access:
17 July 2016), 2015b.

33


http://dx.doi.org/10.1021/es5060258
http://dx.doi.org/10.1002/2014JD022591
http://dx.doi.org/10.1364/AO.42.002043
http://dx.doi.org/10.1002/2015JD024297
http://dx.doi.org/10.1021/acs.est.5b00057
http://dx.doi.org/10.5194/acp-11-705-2011
http://dx.doi.org/10.5194/acp-15-7049-2015
http://www4.unfccc.int/submissions/INDC/Submission%20Pages/submissions.aspx
http://www4.unfccc.int/submissions/INDC/Submission%20Pages/submissions.aspx
http://www4.unfccc.int/submissions/INDC/Submission%20Pages/submissions.aspx
https://www.eia.gov/dnav/ng/ng_prod_shalegas_s1_a.htm
https://www.epa.gov/sites/production/files/2014-09/documents/ghgrp-overview-factsheet.pdf
https://www.epa.gov/sites/production/files/2014-09/documents/ghgrp-overview-factsheet.pdf
https://www.epa.gov/sites/production/files/2014-09/documents/ghgrp-overview-factsheet.pdf
https://www.epa.gov/sites/production/files/2015-08/documents/fs-cpp-overview.pdf
https://www.epa.gov/sites/production/files/2015-08/documents/fs-cpp-overview.pdf
https://www.epa.gov/sites/production/files/2015-08/documents/fs-cpp-overview.pdf
https://www3.epa.gov/ttn/atw/landfill/20150814egfs.pdf

10

15

20

25

30

US EPA: Greenhouse gas equivalencies calculator, https://www.epa.gov/energy/greenhouse-gas-equivalencies-calculator (last access: 17
July 2016), 2015c.

US EPA: EPA’s actions to reduce methane emissions from the oil and natural gas industry: final rules and draft information collection request,
https://www.epa.gov/sites/production/files/2016-09/documents/nsps-overview-fs.pdf (last access: 10 Jan 2017), 2016a.

US EPA: Final updates to performance standards for new, modified and reconstructed landfills, and updates to emissions guidelines for exist-
ing landfills: fact sheet, https://www.epa.gov/sites/production/files/2016-09/documents/landfills-final-nsps-eg-factsheet.pdf (last access:
10 Jan 2017), 2016b.

US EPA: Inventory of U.S. greenhouse gas emissions and sinks: 1990-2014, https://www3.epa.gov/climatechange/ghgemissions/
usinventoryreport.html (last access: 17 July 2016), 2016c¢.

US EPA: Annex 2 methodology and data for estimating CO> emissions from fossil fuel combustion, in: Inventory of
U.S. greenhouse gas emissions and sinks: 1990-2014, https://www3.epa.gov/climatechange/Downloads/ghgemissions/
US-GHGe-Inventory-2016- Annex-2-Emissions-Fossil- Fuel-Combustion.pdf (last access: 17 July 2016), 2016d.

US EPA Office of Transportation and Air Quality: EPA and NHTSA set standards to reduce greenhouse gases and improve fuel economy for
model years 2017-2025 cars and light trucks, https://www3.epa.gov/otag/climate/documents/420f12051.pdf (last access: 17 July 2016),
2012.

USDA, US EPA, and US DOE: Biogass Opportunities Road Map: Voluntary Actions to Reduce Methane Emissions and Increase Energy
Independence, https://www3.epa.gov/climatechange/Downloads/Biogas-Roadmap.pdf (last access: 10 Jan 2016), 2014.

USGS Energy Resources Program: Geochemistry Laboratory Database, http://energy.usgs.gov/GeochemistryGeophysics/
GeochemistryLaboratories/GeochemistryLaboratories-GeochemistryDatabase.aspx (last access: 17 July 2016), 2015.

Wecht, K. J., Jacob, D. J., Wofsy, S. C., Kort, E. A., Worden, J. R., Kulawik, S. S., Henze, D. K., Kopacz, M., and Payne, V. H.: Validation
of TES methane with HIPPO aircraft observations: implications for inverse modeling of methane sources, Atmos. Chem. Phys., 12,
1823-1832, doi:10.5194/acp-12-1823-2012, 2012.

Wecht, K. J., Jacob, D. J., Frankenberg, C., Jiang, Z., and Blake, D. R.: Mapping of North American methane emissions with high spa-
tial resolution by inversion of SCTAMACHY satellite data, J. Geophys. Res.-Atmos., 119, 7741-7756, doi:10.1002/2014JD021551,
2014JD021551, 2014a.

Wecht, K. J., Jacob, D. J., Sulprizio, M. P., Santoni, G. W., Wofsy, S. C., Parker, R., Bosch, H., and Worden, J.: Spatially resolving methane
emissions in California: constraints from the CalNex aircraft campaign and from present (GOSAT, TES) and future (TROPOMI, geosta-
tionary) satellite observations, Atmos. Chem. Phys., 14, 8173-8184, doi:10.5194/acp-14-8173-2014, 2014b.

Wennberg, P. O., Mui, W., Wunch, D., Kort, E. A., Blake, D. R., Atlas, E. L., Santoni, G. W., Wofsy, S. C., Diskin, G. S., Jeong, S., and
Fischer, M. L.: On the sources of methane to the Los Angeles atmosphere, Environ. Sci. Technol., 46, 9282-9289, d0i:10.1021/es301138y,
pMID: 22853880, 2012.

Yacovitch, T. I., Herndon, S. C., Roscioli, J. R., Floerchinger, C., McGovern, R. M., Agnese, M., Pétron, G., Kofler, J., Sweeney, C., Karion,
A., Conley, S. A., Kort, E. A., Nahle, L., Fischer, M., Hildebrandt, L., Koeth, J., McManus, J. B., Nelson, D. D., Zahniser, M. S.,
and Kolb, C. E.: Demonstration of an ethane spectrometer for methane source identification, Environ. Sci. Technol., 48, 8028-8034,
doi:10.1021/es501475q, pMID: 24945706, 2014.

Yadav, V., Michalak, A. M., Ray, J., and Shiga, Y. P.: A statistical approach for isolating fossil fuel emissions in atmospheric inverse problems,

J. Geophys. Res.-Atmos., 121, 12,490-12,504, doi:10.1002/2016JD025642, 2016JD025642, 2016.

34


https://www.epa.gov/energy/greenhouse-gas-equivalencies-calculator
https://www.epa.gov/sites/production/files/2016-09/documents/nsps-overview-fs.pdf
https://www.epa.gov/sites/production/files/2016-09/documents/landfills-final-nsps-eg-factsheet.pdf
https://www3.epa.gov/climatechange/ghgemissions/usinventoryreport.html
https://www3.epa.gov/climatechange/ghgemissions/usinventoryreport.html
https://www3.epa.gov/climatechange/ghgemissions/usinventoryreport.html
https://www3.epa.gov/climatechange/Downloads/ghgemissions/US-GHG-Inventory-2016-Annex-2-Emissions-Fossil-Fuel-Combustion.pdf
https://www3.epa.gov/climatechange/Downloads/ghgemissions/US-GHG-Inventory-2016-Annex-2-Emissions-Fossil-Fuel-Combustion.pdf
https://www3.epa.gov/climatechange/Downloads/ghgemissions/US-GHG-Inventory-2016-Annex-2-Emissions-Fossil-Fuel-Combustion.pdf
https://www3.epa.gov/otaq/climate/documents/420f12051.pdf
https://www3.epa.gov/climatechange/Downloads/Biogas-Roadmap.pdf
http://energy.usgs.gov/GeochemistryGeophysics/GeochemistryLaboratories/GeochemistryLaboratories-GeochemistryDatabase.aspx
http://energy.usgs.gov/GeochemistryGeophysics/GeochemistryLaboratories/GeochemistryLaboratories-GeochemistryDatabase.aspx
http://energy.usgs.gov/GeochemistryGeophysics/GeochemistryLaboratories/GeochemistryLaboratories-GeochemistryDatabase.aspx
http://dx.doi.org/10.5194/acp-12-1823-2012
http://dx.doi.org/10.1002/2014JD021551
http://dx.doi.org/10.5194/acp-14-8173-2014
http://dx.doi.org/10.1021/es301138y
http://dx.doi.org/10.1021/es501475q
http://dx.doi.org/10.1002/2016JD025642

1125 Zhao, C., Andrews, A. E., Bianco, L., Eluszkiewicz, J., Hirsch, A., MacDonald, C., Nehrkorn, T., and Fischer, M. L.: Atmospheric inverse
estimates of methane emissions from Central California, J. Geophys. Res.-Atmos., 114, doi:10.1029/2008JD011671, d16302, 2009.
Zimmerle, D. J., Williams, L. L., Vaughn, T. L., Quinn, C., Subramanian, R., Duggan, G. P., Willson, B., Opsomer, J. D., Marchese, A. J.,
Martinez, D. M., and Robinson, A. L.: Methane emissions from the natural gas transmission and storage system in the United States,
Environ. Sci. Technol., 49, 9374-9383, doi:10.1021/acs.est.5b01669, pMID: 26195284, 2015.
1130 Zucchini, W.: An introduction to model selection, J. Math. Psychol., 44, 41 — 61, doi:10.1006/jmps.1999.1276, 2000.

35


http://dx.doi.org/10.1029/2008JD011671
http://dx.doi.org/10.1021/acs.est.5b01669
http://dx.doi.org/10.1006/jmps.1999.1276

Estimated emissions by inventory version
] EDGAR v3.2 FT2000 [] EPA v2008

[0 EDGAR v4.0 @ EPAvV2012
I EDGAR v4.2 FT2010 [l EPA v2016 —
— o -
o
S - @
Al
ON 1 Iv (o —]
O O
o
F S A
8
rs) N
O - . . . O - . .
Electricity Transportation Agriculture Natural gas & oll Coal

Figure 1. EDGAR and EPA inventory estimates for different US fossil fuel source sectors (Olivier et al., 2014; EPA, 2016a), including
several versions of each inventory. CO» estimates are consistent between EPA and EDGAR and among inventory versions. CHy4 estimates,
however, vary widely, an indication of uncertainty in CH4 emissions. All of the estimates are for 2005 except for EDGAR FT2000 which is
for 2000. Note that EDGAR includes CO» from heating in its electricity estimate while EPA does not. As a result, the EDGAR CO3 estimate
is higher than EPA’s estimate.
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Figure 2. This figure highlights different CO2 observation networks and how the spatial coverage of those networks differ. These networks
include tower and regular aircraft sampling sites (a); several recent, intensive aircraft campaigns (b); the GOSAT satellite (c); and the OCO-2
satellite (d). Note that the dots on each panel are not equivalent. An in situ monitoring sites in panel a often provides continuous or daily
data while each dot in panels ¢ (GOSAT) and d (OCO-2) indicates the location of a single observation. Public towers and public aircraft sites
are operated by NOAA, DOE, Environment Canada, and partners, and the sites shown are current through 2016. Private towers are operated

by Earth Networks, and the locations here are current through 2012. Most tower and aircraft sites also include CH4 observations as does

GOSAT.

37



Appalachi i
)a) ppalachian region C?g.

content (%)
[]o0-2
[]2-4
] 4-6
M 6-8

M s-10
.b) Texas & Oklahoma 'é, e°
o
o °
[ ]
© [oX©)
[]
o L) ¢ ‘O
® N o ®
° o
E 1 ’lo" &
b (3
[¢]
& oo..
[¢]
(o] (@]
©le» ®© S
6'90.. %Oo Cg

Figure 3. This figure shows the variability in ethane content of natural gas for two major drilling regions of the United States. Ethane content
is a key parameter when estimating oil and gas CH4 emissions using atmospheric ethane measurements. The samples show substantial
heterogeneity in some regions (e.g., Oklahoma) and exhibit clear spatial patterns in other regions (e.g., Texas and West Virginia). All data in
this figure are from the USGS Geochemistry Laboratory Database (USGS Energy Resources Program, 2015).
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