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Improved understanding of methane emissions by combination of
bottom-up and top-down methods
Abstract
We present a gridded inventory of US anthropogenic methane emissions with 0.1◦ ×
0.1◦ spatial resolution, monthly temporal resolution, and detailed scale-dependent error
characterization. The inventory is designed to be consistent with the 2016 US Environmental Protection Agency (EPA) Inventory of US Greenhouse Gas Emissions and
Sinks (GHGI) for 2012. The EPA inventory is available only as national totals for different source types. We use a wide range of databases at the state, county, local, and
point source level to disaggregate the inventory and allocate the spatial and temporal
distribution of emissions for individual source types. Results show large differences with
the EDGAR v4.2 global gridded inventory commonly used as a priori estimate in inversions of atmospheric methane observations. We derive grid-dependent error statistics for
individual source types from comparison with the Environmental Defense Fund (EDF)
regional inventory for Northeast Texas. These error statistics are independently verified
by comparison with the California Greenhouse Gas Emissions Measurement (CALGEM)
grid-resolved emission inventory. Our gridded, time-resolved inventory provides an improved basis for inversion of atmospheric methane observations to estimate US methane
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emissions and interpret the results in terms of the underlying processes.

We use 2010-2015 observations of atmospheric methane columns from the GOSAT satellite instrument in a global inverse analysis to improve estimates of methane emissions
and their trends over the period, as well as the global concentration of tropospheric OH
(the main methane sink) and its trend. Our inversion solves the Bayesian optimization
problem analytically including closed-form characterization of errors. This allows us
to (1) quantify the information content from the inversion towards optimizing methane
emissions and its trends, (2) diagnose error correlations between constraints on emissions
and OH concentrations, and (3) generate a large ensemble of solutions testing different
assumptions in the inversion. We show how the analytical approach can be used even
when prior error distributions are log-normal. Inversion results show large overestimates
of Chinese coal emissions and Middle East oil/gas emissions in the EDGAR v4.3.2 inventory, but little error in the US where we use a new gridded version of the EPA national
greenhouse gas inventory as prior estimate. Oil/gas emissions in the EDGAR v4.3.2
inventory show large differences with national totals reported to the United Nations
Framework Convention on Climate Change (UNFCCC) and our inversion is generally
more consistent with the UNFCCC data. The observed 2010-2015 growth in atmospheric methane is attributed mostly to an increase in emissions from tropical wetlands,
India, and China. The contribution from OH trends is small in comparison. We find
that the inversion provides strong independent constraints on global methane emissions
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(552 Tg a−1 ) and global mean OH concentrations (atmospheric methane lifetime against
oxidation by tropospheric OH of 10.7 ± 0.4 years), indicating that satellite observations
of atmospheric methane could provide a proxy for OH concentrations in the future.
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Chapter 1
A gridded national inventory of US methane emissions

1.1 Introduction
Under the United Nations Framework Convention on Climate Change (UNFCCC), individual countries must report their national anthropogenic greenhouse gas emissions
calculated using comparable methods [United Nations, 1992]. The Intergovernmental
Panel on Climate Change (IPCC) [IPCC, 2006] provides three different methods or
“tiers” for calculating emissions. All are bottom-up approaches in which emissions from
individual source types are generally calculated as the product of activity data and
emission factors. Increasing tiers are more detailed and require more country-specific
data. In the United States, the Environmental Protection Agency (EPA) produces an
annual Inventory of US Greenhouse Gas Emissions and Sinks (GHGI) [EPA, 2016] for
reporting to the UNFCCC. The GHGI uses detailed information on activity data and
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emission factors, generally following IPCC Tier 2 and 3 methods. It provides detailed
sectoral breakdown of emissions but only reports national totals for most source types.
Here we present a spatially disaggregated version of the GHGI at 0.1◦ × 0.1◦ spatial
resolution and monthly temporal resolution, including detailed information and error
characterization for individual emission types. Our goal is to enable the use of the
GHGI as an a priori estimate for inversions of atmospheric methane that may guide
improvements in the inventory.

Table 1.1 gives the GHGI estimates for 2012 with methodology updated in 2016 [EPA,
2016] and including contributions from different source types. Total US anthropogenic
emission is 29.0 Tg a−1 , including major contributions from natural gas systems (24%),
enteric fermentation (23%), landfills (20%), coal mining (9%), manure management
(9%), and petroleum (or equivalently oil) systems (8%). The inventory includes forest
fire emissions but no other natural sources. The main natural source of methane is
thought to be wetlands, accounting for 8.5 ± 5 Tg A−1 in the contiguous US (CONUS)
[Melton et al., 2013]. Annual anthropogenic emissions from 1990 to 2014 computed
by EPA [EPA, 2016] with a consistent method (revised each year to include updated
information) show no significant trend and little interannual variability, with US totals
staying in the range 28.6-31.2 Tg a−1 and contributions from individual source types
varying by only a few percent.

2

Application of atmospheric methane observations to estimate emissions usually involves
inversion of an atmospheric transport model, with consideration of a priori information
from an emission inventory to regularize the results and achieve a Bayesian optimal
estimate of emissions [Streets et al., 2013; Jacob et al., 2016]. The inversion optimizes
emissions on a grid, and the inventory used as a priori information must be available
on that grid. In the absence of a gridded version of the GHGI, previous inverse studies
for the US have relied on the global EDGAR inventory [European Commission, 2011]
which provides annual emissions at 0.1◦ × 0.1◦ resolution. EDGAR uses IPCC Tier 1
methods with international datasets, and only includes a limited breakdown by source
type. National totals in EDGAR are generally consistent with EPA, as shown in Table
1.1, but we will see that there are large errors in spatial allocation that affect inverse
analyses and their interpretation. Our gridded version of the GHGI not only provides
a better a priori estimate but also a better basis for interpreting inversion results and
hence improving our understanding of the underlying processes.

3

Table 1.1: Inventories of US anthropogenic methane emissions (Gg a−1 )

Source type
Agriculture
Enteric fermentation
Manure management
Rice cultivation
Field burning of agricultural residues

EPA GHGI (2012)

EDGAR v4.2 (2008)

6670 (5936 - 7871)
2548 (2089 - 3058)
476 (395 - 557)
11 (7 - 15)

6720
2200
418
38

Natural gas systems
Production
Processing
Transmission and storage
Distribution

6906 (5594 - 8978)
4442
890
1116
457

4758

Waste
Landfills
Municipal
Industrial
Wastewater treatment
Domestic
Industrial
Composting

5691 (3528 - 9333)
5098
593
601 (367 - 613)
368
232
77 (39 - 116)

5230

Coal mines
Coal mining
Underground
Surface
Abandoned coal mines

2658 (2339 - 3057)
2159
499
249 (204 - 309)

4140

Petroleum systems

2335 (1775 - 5814)

1032

Other
Forest fires
Stationary combustion
Mobile combustion
Petrochemical production
Ferroalloy production

443 (62 - 1214)
265 (156 - 676)
86 (76 - 101)
3 (1 - 4)
1 (1 - 1)

17
424
104
24
1

Total

29020 (26698 - 36565)

26075

887

83

Column one shows the EPA inventory of US Greenhouse Gas Emissions and Sinks (GHGI) for
2012 as updated in 2016 [EPA, 2016]. 95% confidence intervals are in parentheses as provided
by EPA, sometimes only for broad source categories. Column two shows the US component of
the global EDGAR v4.2 inventory for 2008 [European Commission, 2011]. The gridded version
of the EPA GHGI developed in this work includes separate files for all entries in this table.
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1.2 Methods
We disaggregate the 2012 national emissions reported by the 2016 version of the GHGI
[EPA, 2016] into a gridded 0.1◦ × 0.1◦ monthly inventory. The gridded inventory is
consistent with the EPA national emission totals for each source type (each entry in
Table 1.1) and distributes these emissions based on information at the state, county,
sub-county, and point source levels. In this manner, our inventory is a gridded representation of the national GHGI. Similar disaggregation has been done for national
methane inventories in Switzerland [Hiller et al., 2014; Henne et al., 2016], Australia
[Wang and Bentley, 2002], and the United Kingdom [Defra, 2014]. We limit our domain
to the CONUS, which accounts for over 98% of total US emissions on the basis of our
state-level estimates. We use the 2012 emissions from the 2014 EPA GHGI published in
2016, which includes detailed descriptions of the methods used to calculate the national
emissions [EPA, 2016]. The 2014 GHGI includes updates to the petroleum and natural
gas emissions to reflect new studies [Harriss et al., 2015; EPA, 2016]. We focus on the
year 2012 as the latest year for which all spatial activity data are available. Updating
our gridded inventory to newer iterations (the GHGI is updated annually) and later
years will be straightforward as new activity data are released.

We start from the most detailed spatial information directly available from the GHGI.
This information varies by source type. Livestock emissions are available for each state,
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whereas waste and petroleum systems emissions are only available as national totals.
Separate from the national inventory, EPA also collects methane emission and supporting data from large facilities under the Greenhouse Gas Reporting Program (GHGRP)
[EPA, 2013]. Facilities with emissions greater than 25 Gg CO2 equivalent a−1 (corresponding to 0.11 tons h−1 for a pure methane source) and subject to the applicable
regulatory requirements must report to the GHGRP. Some emissions reported to the
GHGRP are directly measured (e.g., underground coal mines), while others are calculated on the basis of facility-level activity data (e.g., landfills). Where possible, we use
facility-level emissions from the GHGRP but those sometimes need to be adjusted, as
discussed below, to be consistent with the national inventory.

1.2.1 Agriculture
Emissions from agriculture include enteric fermentation, manure management, rice cultivation, and field burning of agricultural residues. EPA provides annual state-level enteric fermentation and manure management emissions for different animal types, taking
into account varying practices across the country. We estimate county-level emissions
by using livestock numbers for 14 different animal types (including different types of
cattle) from the 2012 US Department of Agriculture Census of Agriculture for each animal type [USDA, 2012a]. County-level emissions are allocated to the 0.1◦ × 0.1◦ grid
using 9 different livestock occurrence probability maps (again distinguishing between
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different types of cattle) from USDA based on landtype [USDA, 2012b]. Emissions from
enteric fermentation are assumed to have no intra-annual variability. Emissions from
manure management vary with temperature as given by [Mangino et al., 2001]:
[

A(Tm − To )
f = exp
RTo Tm

]
(1.1)

where f is a monthly scaling factor, A = 64 KJ mol−1 is the activation energy, R is the
ideal gas constant, Tm is the monthly average surface skin (radiant) temperature, and
To = 303 K [Mangino et al., 2001]. Monthly emissions are calculated by scaling annual
emissions with normalized monthly f -fields using 0.625◦ × 0.5◦ monthly average surface
skin temperature fields from the NASA MERRA-2 meteorological data [Bosilovich et al.,
2016]. Livestock emissions also vary sub-anually as a function of varying herd size, and
management practices but those effects are not included in our inventory.

Annual state-level emissions from rice cultivation are obtained from EPA and allocated
to counties using acreage harvested from the USDA Census [USDA, 2012a]. Emissions
for each county are allocated to the 0.1◦ × 0.1◦ grid based on crop maps with 30 m
resolution from the USDA Cropland Data Layer product [USDA, 2014a]. Annual emissions are then distributed over individual months using normalized mean 2001-2010
heterotrophic respiration rates from the 1◦ × 1◦ monthly CARbon DAta-MOdel fraMework (CARDAMOM) terrestrial C cycle analysis [Bloom et al., 2016].
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Emissions from field burning of agricultural residues of five individual crops (corn, rice,
soybeans, sugarcane, and wheat) are allocated to a 2003-2007 monthly climatology of
agricultural fires [McCarty, 2011].

1.2.2 Natural gas systems
This source type includes emissions from natural gas production, processing, transmission, and distribution. It does not include emissions from abandoned wells [Kang et al.,
2014]. Emissions from natural gas production are available from EPA for each of the six
National Energy Modeling System (NEMS) regions defined by the US Energy Information Administration (EIA) [DOE/EIA, 2009]. The GHGI attributes emissions to different activities (e.g., vessel blowdowns, well workovers, liquid unloading) and equipment
(e.g., pneumatic devices). Detailed maps of these activities and equipment are not available. Therefore, we rely on monthly well data obtained from DrillingInfo [DrillingInfo,
2015]. Separate DrillingInfo data are available for the number of gas producing wells,
non-associated gas wells (gas-to-oil ratio over 100 mcf gas per barrel), coalbed methane
wells, and coalbed methane well water production. We also distinguish conventional and
unconventional wells as some emissions are specific to hydraulic fracturing. A well is
flagged as unconventional if the drilling direction is horizontal as given by DrillingInfo
or if the reservoir type is coalbed, low permeability, or shale [EPA, 2016]. For each
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NEMS region, we allocate emissions using the DrillingInfo-based maps best representative of the spatial distribution of the considered activity or equipment. State-level
condensate production from EIA [EIA, 2012b] is combined with non-associated gas well
maps to allocate emissions from condensate tank vents. Three gas-producing states
(Illinois, Indiana, and Tennessee) do not have active wells in the DrillingInfo database
and amount to less than 1% of national active gas wells [EIA, 2012e]. For these states
we use state-level data on the number of natural gas wells [EIA, 2012e] to calculate
state emissions and then use county-level gas production [USDA, 2014b] and finally
three different well databases to grid emissions [Tennessee Department of Environment
and Conservation, 2015; Indiana Department of Natural Resources, 2015; Illinois State
Geological Survey, 2015]. For offshore emissions, the 2011 Gulfwide Offshore Activity
Data System (GOADS) platform-level emission database is used for the Gulf of Mexico
[US Bureau of Ocean Energy Management, 2011; EPA, 2016] and DrillingInfo is used
outside of the Gulf of Mexico, scaling total emissions to the national emission from the
GHGI. As no national spatial data are available for gathering processes (only a subset
report to the GHGRP [Marchese et al., 2015]), emissions from these processes are included in the production sector and gridded in the same way.

Emissions from gas processing are only available as national totals in the GHGI. We
allocate emissions to processing plants by combining the GHGRP data [EPA, 2013] with
the EIA database for these plants [EIA, 2013d]. The GHGRP covers 85% of the pro-
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cessed gas flow from the EIA database. For the remaining plants in the EIA database,
emissions are estimated by multiplying their gas flow with the average ratio of methane
emissions to gas flow of the GHGRP plants. Subsequently, emissions from all plants
are scaled to match the national GHGI number; the scaling is required because the GHGRP does not include all emitting processes occurring at the plants and has different
emission estimates per process [Marchese et al., 2015]. Thus we only use the GHGRP
to allocate emissions in a relative sense with emission magnitudes constrained by the
GHGI. The EIA database only provides postal codes for the processing plants and not
coordinates; we determine non-GHGRP plant coordinates from the Rextag Strategies
US Natural Gas Pipeline and Infrastructure Wall Map [Rextag Strategies, 2008]. If
there is no match with the GHGRP or Rextag data, emissions from the plant in the
EIA database are spread out over the associated postal code area [US Census Bureau,
2013].

EPA provides national emissions for different parts of the transmission sector. Most
important are transmission compressor stations, for which we use a similar mapping as
for processing plants. The GHGRP data for individual compressor stations are complemented with the EIA database for non-reporting compressor stations [EIA, 2006].
Emissions for non-reporting compressor stations are estimated based on their throughput [EIA, 2006], using the average ratio of throughput to methane emission from the
GHGRP data. Emissions are then scaled to the national total so our results are not
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affected by potential underestimates in the GHGRP emissions [Zimmerle et al., 2015].
Similarly, a database of storage stations [EIA, 2014] is combined with the GHGRP
using total field capacity to predict emissions. Locations are based on the GHGRP,
supplemented by gas storage field locations georeferenced from the Rextag Strategies
US Natural Gas Pipeline and Infrastructure Wall Map [Rextag Strategies, 2008], and
DrillingInfo [DrillingInfo, 2015]. Similar approaches are also used for liquid natural
gas (LNG) storage [EIA, 2008] and LNG import terminals [EIA, 2013b]. Emissions
from pipeline leaks and transmission meter and regulator stations are allocated to the
network of interstate and intrastate pipelines [EIA, 2012c]. Emissions from farm taps
are allocated to pipelines intersecting with agricultural land [USDA, 2014a]. Emissions
related to storage at wells are mapped to all non-associated gas wells [DrillingInfo, 2015].

Emissions from different parts of the distribution network are available from EPA as
national estimates. State-level emissions from distribution pipeline leaks are calculated
using state data on pipeline miles and services from the Pipeline and Hazardous Materials Safety Administration (PHMSA) of which the sum is used for the national GHGI
[PHMSA, 2012]. This takes into account different materials (e.g., cast iron, plastic) with
different emission factors. Emissions from distribution meter and regulator stations are
divided among states using state-level aggregated GHGRP information (no finer spatial information is available). Other distribution emissions are partitioned between the
states based on leaked gas volume data from EIA [EIA, 2013c]. Within states, emis-
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sions are mapped to 0.1◦ × 0.1◦ population data from the 2010 US Census [US Census
Bureau, 2010].

1.2.3 Waste
Waste emissions include landfills, wastewater treatment, and composting, for which EPA
provides national totals following the categories in Table 1.1. We allocate emissions from
landfills based on a combination of data from the GHGRP (1231 municipal landfills, 175
industrial landfills), the Landfill Methane Outreach Program (LMOP, municipal landfills
only) [EPA, 2015b], and the Facility Registration Service (FRS) [EPA, 2015a]. GHGRP
landfills are assigned their reported emissions. 900 of 2049 LMOP landfills do not report emissions to the GHGRP. For those we estimate emissions from GHGRP-reporting
landfills with similar attributes (presence of a collection system, flares). Some landfills
report landfill gas production through the LMOP. For the other landfills, waste in place
is used as estimation metric combined with a decay factor for landfills that closed before 2012 [RTI International, 2004]. For landfills without any data (108), we assign the
median emissions from the landfills for which information was available. Finally, we
use landfills with known coordinates from the FRS that are not present in the GHGRP
or LMOP datasets. We decide whether a landfill is municipal or industrial based on
keyword descriptors in the databases. The 722 municipal FRS landfills are assigned the
median emission derived from above, after which all non-GHGRP emissions are scaled
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to match the national emission estimate. For industrial landfills, the national estimate
minus the GHGRP emissions is uniformly allocated across the 2309 industrial landfills
from the FRS.

Emissions from wastewater treatment are reported as municipal or industrial in the
GHGI. Facilities that report to the GHGRP account for 84% of the national industrial
wastewater treatment emissions. To allocate the remaining industrial emissions as well
as the municipal emissions, we use facility-level wastewater flow data from the Clean
Watersheds Needs Survey [EPA, 2008a]. Industrial wastewater treatment emissions
are mapped to treated industrial flow, emissions from municipal septic systems to decentralized municipal flow, and centralized municipal systems emissions to centralized
municipal flow.

State-level emissions from composting are calculated using the tonnage of municipal
solid waste composted or, if composting data are not available, from the correlated tonnage recycled [Shin, 2014]. Within states, emissions are allocated to locations from the
US Composting Council [US Composting Council, 2015], BioCycle composter database
[BioCycle, 2015], and composting entries in the FRS [EPA, 2015a]. If there are fewer
than three facilities found in a state, we allocate based on gridded population instead
[US Census Bureau, 2010].
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1.2.4 Coal mines
We allocate coal mining emissions using state-level emission estimates produced for the
GHGI (M. Coté, Ruby Canyon Engineering, unpublished data) for underground mines
and surface mines. These estimates account for methane recovered or destroyed, as well
as post-mining emissions (methane released during coal handling and processing). We
use the locations and production of all active surface and underground coal mines from
EIA [EIA, 2013a]. A large number of underground mines report their annual methane
emissions to GHGRP. We estimate emissions from non-reporting underground mines
based on their share of the state total coal production combined with the state-level
emissions, weighted by the basin-level in situ methane content of the coal for states that
have mines in multiple basins [EPA, 2016]. Subsequently, we scale the emissions from
non-reporting mines so that the total national emissions (including the GHGRP mines)
match the GHGI. For surface mines, no GHGRP data are available. Emissions are allocated using the EPA state-level data as given above, combined with EPA basin-level
emission factors and EIA mine-level production data. Similarly, post-mining emissions
are allocated to all mines based on their production and basin-specific emission factors.

The GHGI also includes emissions from abandoned coal mines. We start from the Abandoned Coal Mine Methane Opportunities Database (ACMMOD) [EPA, 2008b] and add
recently closed coal mines plus county-level estimates of mine closures before 1972 not
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included in ACMMOD (unpublished data produced for EPA by Ruby Canyon Engineering). For all closed mines, estimates of closure dates, status (venting, sealed, flooded),
and estimates of emissions when the mine was active are available or estimated from
county-level averages, allowing the estimation of present-day emissions based on decline
equations used in the GHGI [EPA, 2004]. ACMMOD only includes mine locations on
the county level. Precise locations of approximately one third of the abandoned mines
are found in the Full Mine Info dataset [US Department of Labor Mine Safety and
Health Administration, 2015]. The remaining emissions are allocated on the county
level.

1.2.5 Petroleum systems
The GHGI includes national emissions from different activities and equipment related
to petroleum production, refining, and transport. We use monthly well data for several
production quantities from DrillingInfo [DrillingInfo, 2015] to spatially allocate these
emissions. These include total, heavy, and light oil production, with the cut-off between
the last two at an American Petroleum Institute (API) gravity of 20. EPA estimates
some emissions separately for heavy and light oil production. Furthermore we created
maps of oil wells (defined as wells with a produced gas-to-oil ratio under 100 mcf per
barrel, wells with a higher ratio are classified as non-associated gas wells), stripper wells
(producing fewer than 10 barrels per day), and total and unconventional oil well com-
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pletions. Similar to the allocation of natural gas production emissions, states without
active wells in DrillingInfo are represented using state-specific datasets and amount to
less than 1% of national production [EIA, 2012d]. For the other states, the nationallevel emissions from each activity and device are allocated using the DrillingInfo maps.
For example, emissions from well drilling are mapped to well completions, while emissions from heavy crude oil wellheads are mapped to heavy oil wells. As for natural gas
systems, offshore emissions are based on the GOADS database for the Gulf of Mexico
and DrillingInfo elsewhere. Emissions from petroleum refining are allocated to GHGRP
facilities based on their reported emissions. National emissions from petroleum transportation are divided between the wells, offshore platforms, and refineries.

1.2.6 Other
“Other” refers to a number of smaller sources listed in Table 1.1. National forest fire
emissions from the GHGI are distributed on a daily basis at 0.1◦ × 0.1◦ resolution using
the Quick Fire Emissions Dataset (QFED v2.4) for 2012 [Darmenov and da Silva, 2013].
Stationary combustion emissions from electricity generation are calculated by multiplying plant-level heat inputs from the Acid Rain Program with fuel type specific emission
factors [EPA, 2012]. Additional stationary combustion emissions from the industrial,
commercial, and residential sectors are based on state-level consumption of different
types of fuel (coal, fuel oil, natural gas, and wood) as reported by EIA [EIA, 2012a].
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Within states, residential and commercial emissions are allocated based on population
while industrial emissions are allocated based on combustion emissions reported to the
GHGRP. National on-road mobile combustion emissions for individual vehicle types in
the GHGI are allocated spatially by first calculating state-level vehicle miles traveled
(VMT) for six types of roads: urban and rural for each of primary, secondary, and
other (minor) roads [Federal Highway Administration, 2013] and attributing those to
individual vehicle types [Federal Highway Administration, 2013]. These state totals are
then mapped to the different road networks taken from the National Transportation
Atlas [US Department of Transportation, 2015] and US Census products [US Census
Bureau, 2012]. Combustion emissions from rail transport are allocated over the US
railroad network [US Census Bureau, 2012]. Emissions from agricultural equipment
are uniformly spread out across all agricultural land [USDA, 2014a]. Emissions from
mining-related vehicles are allocated to active mines [US Department of Labor Mine
Safety and Health Administration, 2015]. Construction and ‘other’ mobile combustion
emissions are mapped based on population. National emissions from ferroalloy production and from the petrochemical industry are divided over the facilities reporting to the
GHGRP based on their total reported emissions.
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1.3 Results and Discussion
Figure 1.1 shows the distribution of annual emissions on the 0.1◦ × 0.1◦ grid for the
six general emission categories of the Methods section. Emissions from agriculture are
broadly distributed across livestock farming areas. Hotspots are mostly from concentrated dairy cattle or hog populations such as in Iowa, North Carolina, and California.
Rice cultivation contributes hotspots in northern California and along the lower Mississippi River. Emissions from natural gas systems are high in production fields, for example in Pennsylvania (Marcellus shale) and in Texas, with a maximum at Four Corners as
found in top-down studies [Kort et al., 2014]. Waste emissions (dominated by landfills;
Table 1.1) roughly map to population, with hotspots from large landfills and wastewater
facilities. Coal mining emissions are concentrated in Appalachia. Petroleum systems
emissions peak over the Bakken region in North Dakota and western Texas where natural gas emissions are low. “Other” emissions mostly feature forest fire hotspots in the
West and stationary combustion emissions in populated areas.

Total CONUS emissions for 2012 are 28.7 Tg a−1 , slightly lower than the 29.0 Tg a−1
national total reported in Table 1.1 because of contributions from Alaska, Hawaii, and
outside territories. Several sources vary monthly in our inventory including manure
management, natural gas and petroleum production, stationary combustion, and forest
fires (daily). Monthly emissions vary from 73 Gg per day in December to 89 Gg per
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Figure 1.1: Contiguous US (CONUS) methane emissions from different source categories. Total annual US emissions from the 2016 EPA GHGI for 2012 are disaggregated here on a 0.1◦ ×
0.1◦ grid. “Other” refers to the ensemble of minor sources in Table 1.1. (An equivalent figure for
EDGAR v4.2 is shown by in Turner et al. [2015].)
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day in July. Most of this monthly variation arises from manure management, which
varies nationally from 2.4 Gg per day in January to 16.8 Gg per day in July. Equation
1 is for liquid storage systems but is applied here to all manure management systems,
which may overestimate the seasonal variation [Jeong et al., 2012; Owen and Silver,
2015]. For rice emissions, we assume a constant methane to CO2 emission ratio from
heterotrophic respiration, which may underestimate the seasonal variation as the ratio
has been found to increase with temperature in wetlands and aquatic ecosystems [YvonDurocher et al., 2014]. On the other hand, some seasonal factors are not considered in
our inventory due to lack of data such as livestock numbers, feed, and gas/petroleum
distribution. Transient elevated emissions from oil/gas systems (the so-called “superemitters” [Zavala-Araiza et al., 2015a]) are also not resolved.

Figure 1.2 compares the distribution of total methane emissions in our gridded EPA
inventory for 2012 to the EDGAR v4.2 inventory for 2008, the latest year of full release
[European Commission, 2011]. A fast track version of EDGAR (v4.2 FT2010 [European
Commission, 2011]) has come out since but, based on visual inspection, the spatial emissions patterns in EDGAR v4.2 are of higher quality and most inverse studies have used
EDGAR v4.2. There are large differences in spatial patterns between the Gridded EPA
inventory and EDGAR v4.2, particularly for oil/gas systems and manure management.
Emissions in the gridded EPA inventory are much higher over oil/gas production areas
and lower over distribution (populated) areas. The two inventories show no significant
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correlation at their native 0.1◦ × 0.1◦ resolution (r = 0.06). The correlation increases
to r = 0.42 at 0.5◦ × 0.5◦ resolution and r = 0.63 at 1.0◦ × 1.0◦ resolution.

Previous inverse studies for US methane emissions using EDGAR as a priori estimate
have all found the need for a large upward correction of emissions in the South-Central
US [Miller et al., 2013; Wecht et al., 2014; Alexe et al., 2015; Turner et al., 2015]. Figure
1.3 shows the distributions of livestock, oil/gas systems, and waste emissions for that
region in the gridded EPA and EDGAR v4.2 inventories. The EDGAR v4.2 inventory
places the oil/gas emissions in urban areas and completely misses areas of production.
The oil/gas emissions in EDGAR v4.2 are strongly correlated with waste emissions because both are largely distributed following population. An inversion using EDGAR
v4.2 as a priori estimate would not be able to separate the two and might wrongly attribute a source in oil/gas production regions to livestock. This stresses the importance
of using a high-quality a priori inventory in inverse analyses, both to regularize the solution and to enable interpretation of results. Whereas different source types show spatial
correlation in the EDGAR v4.2 inventory because of mapping to common databases,
there is no such correlation between source types in our gridded EPA inventory even at
1◦ × 1◦ resolution. This separation between individual source types holds promise for
interpreting results from inverse analyses.

Error characterization is necessary for a gridded emission inventory to serve as a priori
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Figure 1.2: Total methane emissions in the gridded EPA inventory for 2012 (top), EDGAR v4.2
for 2008 (middle), and difference between the two (bottom).
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Figure 1.3: Emissions from livestock, oil/gas systems, and waste over the South-Central US in
the gridded EPA inventory for 2012 and the EDGAR v4.2 inventory for 2008.
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estimate in Bayesian inversions and to interpret results from the inversions. Error characterization is not available for the EDGAR v4.2 inventory and inversions have typically
assumed 30-100% uniform error based on expert judgement, or used the inversion to estimate the error in the a priori [Ganesan et al., 2014]. The GHGI includes detailed error
characterization on its national totals for individual source types, based on propagation
of uncertainties in the construction of the bottom-up estimates (Table 1.1). Errors in
our 0.1◦ × 0.1◦ gridded inventory may be larger because of local uncertainties in activity
data and emission factors, including the precise localization of emissions. For the same
reason, averaging our inventory over coarser grids (by adding contributions from 0.1◦ ×
0.1◦ grid cells) could reduce the error. This scale dependence is important to describe
because inversions may seek to optimize emissions at different spatial resolutions depending on the information content of the atmospheric observations.

Here we derive scale-dependent error statistics for our gridded EPA inventory by comparison to a detailed bottom-up emission inventory compiled by Environmental Defense
Fund (EDF) for the ∼ 300 × 300 km2 Barnett Shale region in Northeast Texas by Lyon
et al. [2015] and subsequently updated with top-down constraints by Zavala-Araiza et al.
[2015]. The EDF inventory was constructed largely independently from the GHGI. It is
based on an extensive field campaign in the region in September-October 2013 including
measurements of individual facilities as well as regional surveys [Harriss et al., 2015].
The Barnett Shale region is of particular interest as a comparison standard because it
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includes diverse sources: the largest oil/gas field in the CONUS (30,000 active wells),
major livestock operations, and the metropolitan area of Dallas/Fort Worth. The EDF
inventory incorporates considerable local information that goes beyond the databases
used in constructing our inventory, and including for example precise locations of dairy
farms, gas gathering stations, and landfills [Lyon et al., 2015]. Emissions are reported
on a 4 × 4 km2 grid (approximately 0.04◦ × 0.04◦ ) with detailed breakdown by source
types and statistical sampling of “super-emitter” facilities with anomalously large emissions.

Table 1.2: Regional methane emissions (Gg a−1 ).
Source

Barnett Shale region
California
EDF (Lyon) EDF (Zavala-Araiza) This work r
CALGEM This work
Oil/Gas Production 330
438
337
0.78 171
264
Gas Processing
49
65
63
0.24 12
7
Gas Transmission
16
2
9
0.21 22
24
Gas Distribution
10
10
16
0.87 131
39
Livestock
104
105
131
0.37 721
885
Landfills
105
100
98
0.75 316
507
Wastewater
7
7
12
0.21 91
45
Sum
621
726
665
0.68 1463
1772

r
0.90
0.25
0.69
0.98
0.46
0.86
0.53
0.66

Anthropogenic emissions from the Barnett Shale region in Northeast Texas (Figure 1.4) and from
the state of California (Figure 1.6). Regional totals by source type from our gridded version
of the gridded EPA inventory for 2012 (“this work”) are compared to the original bottom-up
(Lyon) EDF inventory for the Barnett Shale in October 2013 [Lyon et al., 2015], the updated
(Zavala-Araiza) EDF inventory including top-down information [Zavala-Araiza et al., 2015b],
and the CALGEM inventory for California in 2008 (livestock/waste) [Zhao et al., 2009; Jeong
et al., 2012] and 2010 (oil/gas) [Jeong et al., 2014]. Also shown are spatial correlation coefficients
r on the 0.1◦ × 0.1◦ grid for the Barnett Shale [Zavala-Araiza et al., 2015b] and 0.2◦ × 0.2◦ for
California.

Figure 1.4 shows emissions from livestock, natural gas, waste, and petroleum in the
Zavala-Araiza EDF Barnett Shale inventory and compares to our gridded EPA inven-
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tory. Emission totals for the domain are shown in Table 1.2. There is a large difference
in the magnitude of the source from oil/gas production, at least in part because ZavalaAraiza et al. find a larger frequency of super-emitters than assumed in the GHGI emission factors. Despite this difference in magnitude there is a strong spatial correlation
on the 0.1◦ × 0.1◦ grid (r = 0.78), implying that correction to the gridded EPA distribution in an inversion of atmospheric data could be reliably attributed to the oil/gas
production source type, smoothing temporally over super-emitters. The spatial correlation coefficient of the livestock source between the gridded EPA and EDF inventories is
only 0.37 at 0.1◦ × 0.1◦ resolution but increases to 0.88 at 0.5◦ × 0.5◦ resolution. The
gridded EPA inventory misses the exact locations of farms but this error is smoothed
out on the county scale.

We take the Zavala-Araiza EDF Barnett Shale inventory as our best approximation of
emissions in the region in order to derive scale-dependent error statistics for different
source types that can be used in an inversion of atmospheric concentration data. We
assume for this purpose that the total error probability density function (pdf) for each
source type in a given grid cell is Gaussian and includes a displacement error due to
imprecise localization. Our error model is given by:
v
u∑
(
)
u
−∥x − x′ ∥2 2
′
2
u
E(x ) exp
σ(x) = αt
β2
′
x

26

(1.2)

Figure 1.4: Methane emissions in the Barnett Shale region of Northeast Texas. Values for the
four main categories are shown for our gridded EPA inventory and for the EDF inventory [ZavalaAraiza et al., 2015b] at 0.1◦ × 0.1◦ resolution. The original EDF inventory is at 4 × 4 km2 and
is regridded here to 0.1◦ × 0.1◦ for comparison with our inventory. The location of the Barnett
Shale region is shown inset. Emission totals for the region are given in Table 1.2.
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Here σ(x) is the Gaussian error standard deviation for the grid cell centered at location
x and for a given source type, α is a base relative error standard deviation assuming
no displacement error, E(x′ ) is the 2-D field of emissions for that source type over all
grid cells, and β is a length scale for the displacement error. α and β are assumed to be
uniform for a given source type. We find optimal values for α and β by minimizing a leastsquares cost function J(α, β) for the difference between our estimated error standard
deviation and the absolute difference between the gridded EPA and EDF emissions:

∑
J(α, β) =

(σ(α, β, x) − |E(x) − EEDF (x)|)2

(1.3)

x
where the summation is over all grid cells of the Barnett Shale domain in Figure 4.
Optimization of α and β is done for the different source types of Figure 1.4 (also separating waste as landfills and wastewater) and for grid resolutions L from 0.1◦ to 0.5◦
in order to determine the scale dependence of the error. 0.5◦ is the coarsest scale that
can be usefully constrained from the Barnett Shale inventory, but from there we can
extrapolate to the national scale using the GHGI error estimates. For this purpose we
take the average of the upper and lower confidence intervals for the given source type in
Table 1.1 as representing the relative error standard deviation αN on the national scale.
We then fit our results for α(L) and β(L) to exponential forms of L, with asymptote
αN for α. This yields:
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α = α0 exp(−kα (L − L0 )) + αN

(1.4)

β = β0 exp(−kβ (L − L0 ))

(1.5)

Here L0 = 0.1◦ is the native resolution of our inventory, and kα and kβ (in units of
inverse degrees) are smoothing coefficients that express the scale dependence of the error. The fit is subject to the condition α0 ≥ 0; if the base error standard deviation
derived from the Barnett Shale inventory is smaller than αN then we assume that α is
scale-independent and equal to αN .

Figure 1.5 shows the base relative error standard deviation α and displacement length
scale β as a function of grid resolution L for the different source types active in the
Barnett Shale. Values for all coefficients in Equations (1.4)-(1.5) are given in Table
1.3. Base error standard deviations (α) for different source types at 0.1◦ × 0.1◦ grid
resolution are all above 50%. Errors for livestock, natural gas systems, and wastewater
are scale-dependent and decrease when coarser grid resolutions are used. Errors for
petroleum systems and landfills are defined by the national estimates, which are relatively large, and are thus scale-independent. The displacement error measured by β is
usually very small, less than 0.08◦ , in part because it is isotropic (there is no a priori
information on the direction of displacement error). Because of its Gaussian form, it
emphasizes the effect of neighboring misplacements; it would not capture the error from
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a distant misplacement or from a completely missing source.

Figure 1.5: Relative error standard deviations for methane emissions from individual source types
and their scale dependences. The figure shows the error parameters α and β used in Equation
(1.2) to calculate the absolute error standard deviations for a given L × L grid cell and source
type as a function of the grid resolution L. The native grid resolution of the inventory is 0.1◦ ×
0.1◦ , and averaging over coarser scales decreases errors for individual source types as described
by exponential decay functions (Equations (1.4) and (1.5)). The asymptotes for the base error
standard deviations are the national values αN shown as tick marks on the right side of the left
panel. Values for all error parameters are given in Table 1.3.

We recommend that users of our emission inventory at a given grid resolution L apply
the error parameters in Table 1.3 nationally to derive α(L) and β(L) from Equations
(1.4) and (1.5), and from there use Equation (1.2) to derive the absolute error standard
deviation σ for individual source types and grid cells. For source types not constrained
by the Barnett Shale inventory, we assume here that the base error standard deviation
at 0.1◦ × 0.1◦ resolution is 2.5 times the national value from Table 1.1, based on the
median scale dependence for the sources in the Barnett Shale. We use median values
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of the other error parameters in Table 1.3 and cap α at 1.0. Error variances for the different source types present in a grid cell can be added in quadrature to derive the error
variance for the total emission in that grid cell. A simple variogram analysis [Kitanidis,
1997] of the difference between the EDF and EPA inventories shows no spatial error
correlation, either for total emissions or for individual source types, suggesting that the
a priori error covariance matrix needed for a Bayesian inversion can be assumed diagonal. A previous study comparing a disaggregated national inventory for Switzerland to
EDGAR v4.2 did find significant spatial error correlations [Hiller et al., 2014].

Our error model is a first attempt to quantify grid-dependent errors for use in inversions
of atmospheric concentration data, and in that it significantly improves on previous
bottom-up inventories. It has however a number of weaknesses. First, the Barnett
Shale region may not be representative nationally and offers no error characterization
for some sources (in particular coal mining). Second, inverse analyses of atmospheric
observations [Miller et al., 2013; Brandt et al., 2014; Turner et al., 2015] suggest that
EPA underestimates on the national scale maybe be larger than estimated from αN ,
although these inverse analyses have their own errors. Third, the assumed Gaussian
form for the error pdf is convenient for analytical inversions [Jacob et al., 2016] but is
not optimal. It does not exclude unphysical negative solutions and it does not capture
the “fat tail” of the pdf contributed by super-emitters [Zavala-Araiza et al., 2015a; Lyon
et al., 2015]. A log-normal error pdf would solve the positivity problem and allow a bet-
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ter description of the fat tail. Fourth, some spatial error correlation would be expected
even though it cannot be detected in our simple variogram analysis for the Barnett
Shale; more advanced variogram analyses and better data sets might enable detection
[Kitanidis, 1997; Hiller et al., 2014]. Fifth, we do not consider temporal error correlations because inversions typically focus on optimizing the spatial distribution while
assuming the temporal variation to be known (and relatively weak in our case). This
may not be appropriate for some applications, in particular when optimizing emissions
from seasonally varying sources [Bloom et al., 2016].

Table 1.3: Error parameters for the gridded EPA emission inventory

Source
Livestock
Natural Gas Systems
Landfills
Wastewater Treatment
Petroleum Systems

α0
0.89
0.28
0
0.78
0

kα α N
β0
3.1 0.12 0
4.2 0.25 0.09
0.51 0.08
1.4 0.21 0.06
0.87 0.04

kβ
3.9
2.0
6.9
197

Error parameters for use in Equations (1.4)-(1.5) to compute
the base relative error standard deviation α(L) and displacement error length scale β(L) for different source types at different grid resolutions L × L. The resulting values of α(L) and
β(L) should be used in Equation (1.2) to estimate the error
standard deviation for a given source type and grid cell. Units
are degrees for L and β0 , and inverse degrees for kα and kβ .
α0 and αN are dimensionless. The livestock error estimate is
to be applied to the sum of enteric fermentation and manure
management emissions.

The state of California has developed its own methane emission inventory in support of
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its policy objective to reduce greenhouse gas emissions to 1990 levels by 2020 [California
Air Resources Board, 2014]. Similarly to our work here, this California inventory has
been disaggregated by Zhao et al. [2009], Jeong et al. [2012], and Jeong et al. [2014]
to produce the gridded 0.1◦ × 0.1◦ California Greenhouse Gas Emissions Measurement
(CALGEM) inventory (calgem.lbl.gov/emissions). The CALGEM grid is offset by
0.05◦ from ours, so we can only compare them at 0.2◦ × 0.2◦ and even then with some
unresolvable remapping error. Table 1.2 compares total California emissions for individual source types, including spatial correlation coefficients. Total state emissions are
close (1772 Gg a−1 in our work and 1463 Gg a−1 in CALGEM). There is more difference in individual source types but most source types show strong correlations between
the two inventories, suggesting that they could be effectively constrained in an inverse
analysis of atmospheric observations. Figure 1.6 compares the spatial distributions of
emissions in the two inventories, including our (Barnett-based) estimated error standard deviation on the 0.2◦ × 0.2◦ grid, and adding error from different source types
in quadrature for a given grid cell. We find that 51% of CALGEM emissions are from
cells that have emission magnitudes within one standard deviation of our gridded EPA
emissions. The largest differences are from livestock emissions, as CALGEM uses more
local data to distribute these emissions within the large California counties.

In summary, we have constructed a gridded version of the EPA GHGI published in
2016 for US anthropogenic methane emissions with monthly 0.1◦ × 0.1◦ resolution in-
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Figure 1.6: Methane emissions in California in 2012 from all sources in Table 1.2. The top panels
show results from our gridded EPA inventory and from the CALGEM inventory on their native 0.1◦
× 0.1◦ grids. The bottom left panel shows the difference and the bottom right panel shows the
error standard deviation in our gridded EPA inventory as computed with the method described in
the text. The sign of the error standard deviation in the figure is the same as the EPA-CALGEM
difference to facilitate visual comparison. Differences and error standard deviations are shown on a
0.2◦ × 0.2◦ grid to account for the 0.05◦ offset between the EPA and CALGEM grids.

34

cluding detailed information on different source types. Our inventory includes error
characterization for different source types and spatial scales, as required for application as a priori estimate in inverse analyses. Our inventory is for 2012 emissions but
can easily be updated to later years as activity data become available. Monthly gridded emission fields for all emission subcategories in Table 1.1 are publicly available at
epa.gov/ghgemissions/gridded-2012-methane-emissions.
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Chapter 2
Global distribution of methane emissions, emission trends,
and OH concentrations and trends inferred from an
inversion of GOSAT satellite data for 2010-2015

2.1 Introduction
Methane is an important greenhouse gas with a particularly strong decadal climate impact [Stocker et al., 2013]. The atmospheric methane concentration has increased by a
factor 2.5 since pre-industrial times [Hartmann et al., 2013]. This increase is not well
understood but must be mainly driven by anthropogenic sources including the oil/gas
industry, coal mining, livestock, landfills, wastewater treatment, and rice cultivation
[Dlugokencky et al., 2011; Kirschke et al., 2013; Saunois et al., 2016]. Wetlands are
the main natural source and could be affected by climate change [Kirschke et al., 2013].
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Atmospheric methane has a lifetime of 9.1 ± 0.9 years [Prather et al., 2012], with a
dominant sink from oxidation by the hydroxyl radical (OH) that is also subject to interannual variability and trends [Holmes et al., 2013]. Methane concentrations rose by
∼ 1 % a−1 in the 1980s and early 1990s, plateaued in the early 2000s, and have resumed increasing at ∼ 0.4 % a−1 since 2007 (esrl.noaa.gov/gmd/ccgg/trends_ch4),
for reasons that remain unclear. Inverse analyses can help interpret these trends by
combining atmospheric methane observations with a chemical transport model (CTM)
to infer the distribution of methane emissions most likely to explain the observations
[Houweling et al., 2017; Saunois et al., 2016; Jacob et al., 2016]. Here we use global
2010-2015 methane observations from the GOSAT satellite in an inverse analysis with
full error characterization to better quantify methane sources and interpret the recent
decadal trend, including changes in both methane emissions and OH concentrations.

A number of explanations have been proposed for the renewed growth of atmospheric
methane concentrations since 2007. Correlations with ethane suggest an increase in
oil/gas emissions [Hausmann et al., 2016; Franco et al., 2016]. Isotopic trends suggest
an increase in tropical microbial sources such as livestock and wetlands [Schaefer et al.,
2016; Schwietzke et al., 2016; Nisbet et al., 2016; McNorton et al., 2016]. Worden et
al. [2017] suggest that a decrease in biomass burning emissions may mask the isotopic
signature of an increase in fossil fuel emissions. Observations of methyl chloroform, a
proxy for global OH concentrations, suggest that a decrease in the methane sink may
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also be implicated in the renewed growth [Turner et al., 2017; Rigby et al., 2017]. Turner
et al. [2017]) find that the surface record of methane observations is too sparse to arbitrate between these different driving factors. GOSAT observations provide much denser
coverage.

GOSAT was launched in 2009 and measures atmospheric methane columns with high
precision by solar backscatter in the shortwave infrared (SWIR) [Butz et al., 2011;
Buchwitz et al., 2015; Kuze et al., 2016]. A number of inverse analyses have used the
GOSAT data to improve estimates of methane emissions [Monteil et al., 2013; Cressot
et al., 2014; Alexe et al., 2015; Turner et al., 2015; Pandey et al., 2016, 2017]. Here
we go beyond that work by using the GOSAT data to optimize not only emissions but
also their 2010-2015 trends together with OH concentrations and their trends. The
independent optimization of OH and emissions in the inversion is based on the different signatures of those two terms on the methane concentration fields [Zhang et al.,
2018]. We use an analytical inverse method with closed-form error characterization
of the solution, rather than the adjoint approaches used in previous studies that do
not provide rigorous characterization of the error. This allows us in particular to diagnose the error correlation between the independent constraints on methane emissions
and OH concentrations and their trends. It also allows us to readily conduct inversions
for an ensemble of cases once the Jacobian matrix for the problem has been constructed.
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2.2 Data and methods
We use the GEOS-Chem CTM (www.geos-chem.org) as forward model to simulate
the distribution of atmospheric methane and its response to trends. Model results are
fit statistically to the GOSAT data by Bayesian optimization, including regularization
from prior knowledge of methane emissions and OH concentrations. The January 2010 December 2015 GOSAT methane column data are arranged in an observation vector y,
and the inversion optimizes a state vector x including global methane emissions on the
4◦ × 5◦ GEOS-Chem grid, 2010-2015 linear trends of emissions on that same grid, and
global mean OH concentrations for individual years (we will also present results from an
inversion optimizing a linear OH trend over the 2010-2015 period). The optimal solution
b is obtained by minimizing a Bayesian cost function that balances the information
x
from the observations (weighed by the observational error covariance matrix SO ) and
the prior knowledge xA (weighed by the prior error covariance matrix SA ) [Rodgers,
2000]. Below we describe the different elements and steps in the inversion.

2.2.1 GOSAT observations
The TANSO-FTS instrument onboard the Greenhouse Gases Observing Satellite (GOSAT)
observes dry column methane mixing ratios by solar back-scatter in the SWIR with
near-unit sensitivity down to the surface [Butz et al., 2011]. The satellite is in polar
sun-synchronous orbit. Observations are made at around 13:00 local time for circular
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pixels of 10 km diameter. In the default observation mode, the pixels are separated
by ∼250 km along-track and cross-track, with repeated observation of the same pixels every 3 days. Denser observations are also made in target mode over features of
interest. GOSAT observations have shown no significant drift or degradation of data
quality since the beginning of the record [Kuze et al., 2016]. We use the University
of Leicester version 7 CO2 proxy retrieval over land [Parker et al., 2015] from January
2010 to December 2015 in order to have even observations of all seasons. The singleobservation precision is 13 ppb and the relative (regional) bias is 2 ppb compared to
ground-based column observations from the Total Carbon Column Observing Network
(TCCON) [Buchwitz et al., 2015]. Figure 2.1 illustrates the GOSAT data ingested in
our inversion, representing a total of 1,211,468 retrievals. Glint data over the oceans
and data poleward of 60◦ are not included because of seasonal sampling biases [Turner
et al., 2015].

2.2.2 Prior estimates
The inversion requires prior estimates and error statistics for all components of the
state vector including methane emissions on the 4◦ × 5◦ GEOS-Chem grid (1009 icefree land-containing grid cells with prior emissions larger than 8 × 10−3 Mg km−2 a−1 ),
2010-2015 linear emission trends on the same grid, and global mean OH concentrations
for individual years 2009-2015 (2009 is only used for initialization), for a total of 2025
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Figure 2.1: 2010-2015 average of the GOSAT methane dry column mixing ratios used in our
inversion. Data are from the University of Leicester version 7 CO2 proxy retrieval [Parker et al.,
2015], excluding glint observations over the oceans and observations poleward of 60◦ . GOSAT
pixels are 10-km circular diameter and are inflated here to 0.5◦ for visibility.
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state vector elements.

Table 2.1 gives our global prior inventory with the contributions from different source
types, and Figure 2.2 shows the spatial distributions. Monthly wetlands emissions for
individual years are from the WetCHARTS v1.0 extended ensemble average [Bloom
et al., 2017], scaled up 10% to 175 Tg a−1 to match Kirschke et al. [2013]. For anthropogenic emissions we use the EDGAR v4.3.2 global emission inventory for 2012
(edgar.jrc.ec.europa.eu [2017]) as worldwide default, with additional information
from EDGAR to subset the ’fuel exploitation’ emissions category into oil/gas and coal
mining (Greet Meanhout, personal communication, 2017). Over the continental US,
we replace EDGAR v4.3.2 with a gridded version of the US EPA greenhouse gas inventory[Maasakkers et al., 2016]. In Canada and Mexico, we use the oil/gas emissions
from Sheng et al. [2017a]. Anthropogenic emissions are aseasonal except for manure
management and rice cultivation. Seasonal scaling of manure management emissions
is done using the temperature dependence of Maasakkers et al. [2016]. Seasonal scaling of rice cultivation emissions is based on Zhang et al. [2016]. Daily global open
fire emissions are from QFED [Darmenov and da Silva, 2013]. Termite emissions are
from Fung et al. [1991]. Emissions from geological macroseeps (oil/gas seeps and mud
volcanoes) are based on Etiope [2015] and Kvenvolden and Rodgers [2005]. For areal
seepage, we use the sedimentary basins (microseepage) and potential geothermal seepage maps from Kvenvolden and Rodgers [2005] with the emission factor previously used
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by Lyon et al. [2015]. Over the US, we use the sedimentary basins map from the Energy
Information Administration [2016] and basin-specific emission factors from Etiope and
Klusman [2010].

Figure 2.2: Prior estimates of methane emissions from wetlands, livestock, oil/gas, coal mining,
wastewater and landfills, and other sources. Values are 2010-2015 averages and are shown on the
4◦ × 5◦ GEOS-Chem grid used for the inversion.

Construction of the prior error covariance matrix SA requires estimates of error variances for the prior emissions on the 4◦ × 5◦ grid. For wetland emissions, we use the
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Table 2.1: Prior global estimates of methane sources and sinks (mean 2010-2015 values).

Source (Tg a−1 )

Sink (Tg a−1 )

Natural
Wetlands
Open fires
Termites
Seeps

175
15
12
5

Anthropogenic
Livestock
Oil and Natural Gas
Coal Mining
Wastewater
Landfills
Rice Cultivation
Other Anthropogenica

117
70
38
38
30
26
25

Total Source

550 Total Sink

a

Tropospheric OH 475
Stratospheric loss 33
Soil uptake
18
Tropospheric Cl
9

535

including fossil fuel combustion, industrial processes, and agricultural field burning

standard deviation of 4◦ × 5◦ annual emissions from the WetCHARTs ensemble members [Bloom et al., 2017]. For US anthropogenic emissions and oil/gas emissions in
Canada and Mexico, we use the scale-dependent error variances from Maasakkers et
al. [2016]. For lack of better information, we assume 50% error for EDGAR v4.3.2
emissions and 100% error for non-wetland natural emissions. The diagonal terms of SA
are then constructed by adding the error variances of individual source types for 4◦ ×
5◦ grid cells in quadrature, capping total errors at 50%. We assume no error covariance
between grid cells so that SA is diagonal.
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Our state vector in the inversion includes linear emission trends for 4◦ × 5◦ grid cells
over the 2010-2015 period, superimposed on interannual variability in the case of wetlands and fires. Our global prior estimate of mean methane emissions for the 2010-2015
period exceeds the sinks by 3% (Table 2.1), which would drive a 0.3% a−1 increase
in methane concentrations over that period even in the absence of an emission trend.
Therefore our prior estimate of linear emission trends for individual 4◦ × 5◦ grid cells is
zero, with an absolute error standard deviation of 10% of the local prior emissions over
the 2010-2015 time period (1.7% a−1 ). This error standard deviation is based on trend
estimates for North America inferred from GOSAT data [Turner et al., 2016; Sheng
et al., 2018a].

The prior estimate of the global tropospheric OH concentration is based on a GEOSOH
Chem full-chemistry simulation [Wecht et al., 2014] that yields a methane lifetime τCH
4

of 10.6 years, consistent with the best estimate inferred from the methyl chloroform
OH is defined as the ratio between
proxy [Prather et al., 2012]. Here and elsewhere, τCH
4

the total mass of atmospheric methane (including the stratosphere) and the annual lose
rate from oxidation by OH below the tropopause. The uncertainty in the methane
lifetime is about 10% [Prather et al., 2012] but the uncertainty on OH interannual
variability is less, about 3% [Holmes et al., 2013]. We assume a 3% error standard
deviation in the global annual mean OH concentration for our standard inversion but
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also conduct a sensitivity study with 10% error standard deviation. We further conduct
an inversion taking the OH trend over the 2010-2015 period as linear, and assuming
in that case error standard deviations of 10% for the mean global OH concentration
and 5% a−1 (absolute) for the linear trend. Scaling of global OH concentrations in the
inversion is done without modifying the spatial or seasonal OH distribution. Zhang et al.
[2018] found that inversions of atmospheric methane data using the 3-D GEOS-Chem
OH fields give consistent results with inversions using other global OH distributions
from the ACCMIP model ensemble [Naik et al., 2013].

2.2.3 Forward model
We use the GEOS-Chem CTM v11-01 at 4◦ × 5◦ grid resolution [Wecht et al., 2014;
Turner et al., 2015] as forward model for the inversion. The model is driven with 20092015 MERRA-2 meteorological fields[Bosilovich et al., 2016] from the NASA Global
Modeling and Assimilation Office (GMAO). Atmospheric methane concentrations are
initialized on January 2009 using the previous GOSAT inversion results of Turner et al.
[2015], shown in that work to be unbiased compared to surface and aircraft background
data including for the tropospheric meridional gradient.

The loss from oxidation by tropospheric OH is computed with archived 3-D monthly
fields of OH concentrations from a GEOS-Chem full-chemistry simulation as described
by Wecht et al. [2014]. Local tropopause information is from the MERRA-2 data.
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The global loss rate for individual years is optimized in the inversion by uniform scaling of the OH concentrations. Other minor loss terms include stratospheric oxidation
computed with archived monthly loss frequencies from the NASA Global Modeling Initiative model [Murray et al., 2012], tropospheric oxidation by Cl atoms computed using
archived Cl concentration fields from Sherwen et al. [2016] and the reaction rate constant from Allan et al. [2007], and soil uptake as described by Fung et al. [1991] with
temperature-based seasonality based on Ridgwell et al. [1999]. These minor sinks are
not optimized in the inversion.

The GEOS-Chem simulation of GOSAT methane columns features a latitude-dependent
background bias that needs to be corrected [Turner et al., 2015]. This bias likely reflects
a model overestimate of methane in the extratropical stratosphere [Saad et al., 2016], and
is common across global models due to excessive meridional transport in the stratosphere
[Patra et al., 2011]. Stanevich et al. [in prep.] found significant difference in methane
columns simulated by GEOS-Chem at 4◦ × 5◦ compared to 2◦ × 2.5◦ resolution, but
we find that this difference is mainly in the stratosphere. We remove the background
bias by applying the latitudinal correction based on background grid cells from Turner
et al. [2015], recomputed with the University of Leicester v7 GOSAT proxy retrieval
[Parker et al., 2015] and the MERRA-2 meteorological fields. The mean model - GOSAT
difference in column mean mixing ratio for background 4◦ × 5◦ grid cells is fitted to a
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second order polynomial of latitude:

(
)
ξ = 4.2θ2 − 5.4θ × 10−3 − 2

(2.1)

where θ is the latitude in degrees and ξ is the model correction in ppb. This correction
(
)
is similar to Turner et al. [2015] who used ξ = 5θ2 − 5θ × 10−3 − 0.5. A seasonal bias
remains after application of this correction and we fix it by removing the zonal monthly
mean concentration differences averaged over rolling 12◦ latitudinal bands. This seasonal bias may be due to emissions or model errors in stratospheric or tropospheric
transport [Saad et al., 2016; Bader et al., 2016; Stanevich et al., in prep.]. We find that
the seasonal correction does not affect the inversion results significantly, as shown in
the Appendix where we optimize emissions for individual seasons separately without
applying a seasonal correction.

2.2.4 Observational error covariance matrix
The observational error covariance matrix SO includes contributions from random instrument and forward model errors. We construct it by the residual error method
of Heald et al. [2004] using the 2010-2015 time series of local methane column differences ∆ = yGEOS−CHEM, prior − yGOSAT for individual 4◦ × 5◦ grid cells between
the GEOS-Chem model with prior estimates (emissions and OH concentrations) and
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the GOSAT observations after background bias correction. The mean difference ∆ =
yGEOS−CHEM, prior − yGOSAT is to be corrected in the inversion while the residual error ∆′ = ∆ − ∆ is taken as the observational error (sum of instrument and forward
model errors). Statistics of ∆′ define the observational error variance (diagonal of the
observational error covariance matrix). The same method was previously used in the
satellite-based methane inversions by Wecht et al. [2014] and Turner et al. [2015]. The
resulting observational error standard deviation averages 13 ppb. The mean instrument
error standard deviation is 11 ppb [Parker et al., 2015], implying that most of the observational error is generally from the instrument rather than from the forward model.
This would indeed be expected for the random error of individual measurements. For a
given measurement, if the local error standard deviation computed by the residual error
method is smaller than the reported measurement precision, then we use the latter instead; this is the case for 14% of retrievals. All observational error standard deviations
are set to be at least 10 ppb (this threshold affects 13% of retrievals). SO is taken to be
diagonal for lack of better information but the general effect of error correlation in the
observations is accounted for in the inversion by a regularization factor (Section 2.2.5).

2.2.5 Inversion procedure
We perform inversions with two different specifications of prior error statistics: normal
and log-normal. Assumption of normal errors enables a linear optimization problem
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with an analytical solution including full error characterization [Rodgers, 2000]. Assumption of log-normal errors may be more appropriate for modeling the high tail of
the probability density function [Zavala-Araiza et al., 2015b] and also has the advantage
of enforcing positive solutions [Miller et al., 2014], but the optimization problem is then
non-linear. By comparing the two approaches we can evaluate consistency in results.

Both inversions minimize the Bayesian cost function J(x) [Rodgers, 2000]:

J(x) = (x − xA )T SA −1 (x − xA ) + γ (y − F(x))T SO −1 (y − F(x))

(2.2)

where x is the true value of the state vector, xA is the prior estimate, SA is the prior
error covariance matrix, F(x) is the simulation of observations y by the GEOS-Chem
model, SO is the observational error covariance matrix, and γ is a regularization factor
[Brasseur and Jacob, 2017]. Zhang et al. [2018] showed in an observing system simulation experiment (OSSE) for inversion of methane satellite data that a regularization
factor γ = 0.05 was needed to prevent overfitting because of correlation in the observational error that is missing from the diagonal formulation of SO and difficult to quantify.
Diagnosis of overfit and optimization of γ is readily done in an OSSE such as in Zhang
et al. [2018] where the “true” solution is known. Here we find that using γ = 1 (as in the
pure Bayesian statement of the optimization problem) produces checkerboard patterns
in the solution that are likely spurious. We choose γ = 0.05 for our base inversion as
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providing the best balance between prior and observational terms in the posterior value
of the cost function, and examine the sensitivity to the choice of γ by conducting a
sensitivity inversion with γ = 0.1.

Further balancing of the cost function is needed because the global OH concentration
and its interannual variability are represented by only 7 state vector elements, while the
emissions on the 4◦ × 5◦ grid are represented by 1009 elements. To provide equal weight
to OH and emissions for explaining global methane trends, we increase the weight of
the OH terms in the cost function (through the OH components of SA ) by the ratio
of the number of state vector elements 1009/7. The sensitivity inversion assuming 10%
prior error on OH instead of 3% is equivalent to decreasing this weighting by a factor
of 11.

The GEOS-Chem forward model y = F(x) relating methane column concentrations y
to the state vector x is essentially linear and can be expressed as F(x) = Kx + c where
K = ∂y/∂x is the Jacobian matrix of the model and c is an initialization constant (January 2009 concentrations taken from Turner et al. [2015]). Because we are optimizing
the loss with annual global OH concentrations as state vector elements, a small nonlinearity is introduced because changes in the methane concentrations affect the loss
rate [Houweling et al., 2017]. We neglect this non-linearity because changes in methane
concentrations are small. Replacing F(x) = Kx in Equation 2.2 and subtracting the
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initialization constant c from the observations, the minimization problem dJ(x)/dx = 0
b [Rodgers, 2000]:
has an analytical solution for the optimal posterior solution x

(
)−1
b = xA + SA KT KSA KT + γSO
x
(y − KxA )

(2.3)

b describing the error statistics of x
b is given by:
The posterior error covariance matrix S

b=
S

(

SO −1
K + SA −1
K
γ

)−1

T

(2.4)

and the averaging kernel matrix (A = ∂b
x/∂x) defining the sensitivity of the solution to
the true state is given by:

(
)−1
A = SA KT KSA KT + γSO

(2.5)

The trace of the averaging kernel matrix defines the degrees of freedom for signal (DOFS)
of the inversion, that is the number of pieces of information on the state vector that
can be gained from the observing system.

The analytical solution as described by Equations 2.3-2.5 requires the explicit construction of the Jacobian matrix K characterizing the GEOS-Chem model. We do this
column-by-column with GEOS-Chem simulations perturbing independently each element of the state vector. This is readily achievable even for 2025 state vector elements
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as a massively parallel computation. Sparse matrix algebra is used where possible in
solving Equations 2.3-2.5, taking advantage of the diagonal structure of the error covariance matrices.

The analytical solution to the Bayesian optimization problem requires assumption of
Gaussian errors, but this allows for the possibility of negative values of state vector
elements. Small negative emissions could conceivably be attributed to soil uptake, but
large negative emissions are most likely unphysical [Miller et al., 2014]. We can address
this problem in the Bayesian solution by optimizing for ln(x) instead of x, with normal
Gaussian errors specified for ln(x) (corresponding to log-normal errors for x). The model
is then non-linear, however, so that the solution and the corresponding error statistics
must be found iteratively with an updated Jacobian matrix K′N = ∂y/∂ ln x at each
iteration N . This recomputation is immediate using the previously derived Jacobian
matrix K for the linear problem, since the individual scalar elements ∂yi /∂ ln(xi ) of K′
are related to those of K by ∂yi /∂ ln(xj ) = xj ∂yi /∂xj . Thus only a simple scaling of the
linear Jacobian matrix is required at each iteration. This conversion to log space is done
only for the emissions component of x. Emission trends and global OH concentrations
are still optimized with normal error distributions and no scaling is applied to those
rows of the Jacobian.

The iterative solution for the inverse problem with lognormal errors is obtained with
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the Levenberg-Marquardt method [Rodgers, 2000] for each iteration N :

′

′

(

x N +1 = x N + (1 +

−1
κ)S′A

SO −1 ′ −1
+ KN
KN
γ
′T

)−1 (

)
SO −1
−1 ( ′
(y − KxN ) − S′A
x N − x′A
KN
γ
′T

(2.6)
where x′ = ln x, the initial guess x′ 0 is the prior estimate, and κ is a coefficient for
iterative approach to the solution that is set to 100 to start and is gradually decreased
as the solution is approached. The prior error covariance matrix SA ′ (diagonal elements
s′A ) defining error variances for ln xA is derived from the perviously described prior
error covariance matrix SA (diagonal elements sA ) by scaling the error variances for the
individual elements:

s′A = 

(
ln

√ )
xA + s A
xA

(
+ ln
2

√ )
xA − s A
xA

2


(2.7)

2.2.6 Error correlations between global estimates of sources and
sinks
Inversion results for the spatial distributions of emissions and trends on the 4◦ × 5◦
grid are mainly informed by local/regional patterns of methane concentration. However, implied inversion results for the global methane emission and its trend may be
significantly correlated with those for the global tropospheric OH concentration and its
trend. Some separation is expected because sources of methane have a different imprint
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on the global methane distribution than the OH sink [Zhang et al., 2018] but it is important to quantify the error correlation, i.e., the extent to which adjustments to the
global methane emission and its trend may be aliased by adjustments to the global OH
concentration and its trend.

To do this we reduce the dimensionality of the inverse analysis by collapsing global
emissions and trends into one state vector element each. Following Yasmine et al. [2005],
if the state vector can be transformed using a summation matrix W as:

xred = Wx

(2.8)

then the averaging kernel matrix of the reduced system (Ared ) is given by:

Ared = WAW∗

(2.9)

where W∗ is the generalized pseudo-inverse of W. Our original state vector x in this
case includes mean 2010-215 emissions and their linear trends on the 4◦ × 5◦ grid,
and the global mean tropospheric OH concentration for 2010-2015 and its linear trend.
Again, the minor sinks in Table 2.1 are not optimized and are maintained instead at
their prior values. We apply the summation matrix W to the emission terms and thus
reduce the state vector to four elements defining the global methane budget (global
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mean emission, global mean OH concentration, global emission trend, global OH trend).
The off-diagonal terms of the reduced averaging kernel matrix Ared then measure the
extent to which errors are aliased between sources and sinks in the optimization of this
global budget. The advantage of this summation approach, as compared to a global
inversion including just four elements, is that the distribution of methane emissions and
its trends is still optimized.

2.3 Results and Discussion
We conduct an ensemble of inversions to characterize the sensitivity of the solution to
different assumptions made in the formulation of the inverse problem. Our base inversion optimizes annual mean emissions with normal error distributions and seasonal
background correction to the GOSAT-model difference as discussed above. We also
conduct inversions with (1) log-normal error distributions for emissions, (2) a regularization factor γ of 0.1 instead of 0.05, (3) no seasonal background correction to the
model-GOSAT difference, (4) a 10% error standard deviation on the global OH concentration instead of 3%, (5) optimizing a linear trend in global OH concentration instead
of year-to-year variability, assuming 10% error for mean OH and 5% for the 2010-2015
trend, (6) no interannual variability in prior emission estimates, and (7,8) seasonallyresolved emission optimization including seasonal correction and not (see Appendix).
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All inversions produce consistent results and we will focus our main presentation on the
base inversion, bringing in the sensitivity inversions to illustrate the spread of results
and to address specific issues.

Before presenting results from the inversion, we compare the posterior solution to observations to show that the inversion accomplishes its task of providing an improved
forward model fit to observations. Figure 2.3 (top and middle panels) shows the improvement in the GEOS-Chem comparison to the GOSAT data when using posterior vs.
prior emissions, emission trends, and OH concentrations. As expected for a successful
inversion, the posterior values provide a better fit to the observations. The inversion
corrects prior underestimates over tropical regions and an overestimate over China. It
also fits the observed 2010-2015 trend in methane concentrations and its latitudinal distribution. It does not correct the prior bias in the Arctic because GOSAT observations
north of 60◦ N are not used in the inversion.

Figure 2.3 also shows independent evaluation of the inversion results with background
observations from the NOAA cooperative flask sampling network (esrl.noaa.gov/gmd/
ccgg/flask.php), the HIPPO aircraft campaigns across the Pacific and Atlantic (legs
III-V, hippo.ornl.gov[Wofsy, 2011]), and the Total Carbon Column Observing Network network (TCCON, tccon.onrl.gov[Wunch et al., 2011]). These observations are
mainly of the seasonal/latitudinal methane background and are not used in the inver-
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Figure 2.3: Comparisons of observed methane concentrations to the GEOS-Chem forward model
using either prior or posterior (optimized) estimates of 2010-2015 emissions and OH concentrations. The top panels show mean 2010-2015 differences with GOSAT observations on the 4◦ ×
5◦ grid. The middle panels show the monthly time series of the differences averaged over latitude
bands. The bottom panels show independent 2010-2015 comparisons to global observations from
NOAA surface stations, HIPPO aircraft meridional cross-sections over the Pacific (2010 and 2011,
with the model sampled along the flight tracks), and the TCCON network. Reduced major axis
(RMA) regressions are as shown along with the 1:1 line (in grey). HIPPO observations are averaged over GEOS-Chem grid cells. The NOAA surface stations and HIPPO aircraft measure local
methane mixing ratios while the TCCON network measures dry column mixing ratios.
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sion. The background is already well simulated in the prior estimate, and the posterior
simulation does not degrade this agreement.

2.3.1 Spatial distribution and source attribution of methane emissions
Figure 2.4 shows the global distribution of mean 2010-2015 posterior emissions from
the base inversion and from the sensitivity inversion assuming log-normal errors in
the prior emission estimates. Correction patterns are very similar between the two inversions. Small negative emissions are found in the base inversion for 7 of the 1009
optimized grid cells. The inversion assuming log-normal errors does not allow these
negative emissions. Downward corrections tend to be smaller in the inversion assuming
log-normal errors, while positive corrections are larger and more concentrated in a few
grid cells, as would be expected from the different shapes of the error distributions.

The top right panel of Figure 2.4 shows the diagonal terms of the averaging kernel
matrix for the base inversion (averaging kernel sensitivities), measuring the ability of
the observations to constrain the inversion. The trace of the averaging kernel matrix
(DOFS = 132) measures the number of independent pieces of information constrained
by the inversion. A Bayesian inversion without correcting for overfit (γ = 1 in Equation
2.3) would erroneously produce much higher DOFS. We find that the inversion provides
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Figure 2.4: Optimization of the global distribution of mean 2010-2015 methane emissions using
GOSAT observations. Prior emissions are in the top left panel (see breakdown in Figure 2.2). The
top right panel shows averaging kernel sensitivities for the base inversion (diagonal elements of the
averaging kernel matrix), with the degrees of freedom for signal (DOFS, trace of the averaging kernel matrix) in legend. The middle panels show the posterior emissions from the base inversion and
the associated ratios between posterior and prior emissions. Grey grid cells (for example over the
Sahara) indicate small negative posterior emissions. The bottom row shows the same but for the
inversion assuming log-normal prior errors, which does not allow for negative posterior emissions.
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strong constraints on the 4◦ × 5◦ grid for source regions in East Asia, central Africa,
and South America. Over North America there is strong sensitivity to wetland regions
with high prior errors. Averaging kernel sensitivities are weaker over the rest of North
America and in Europe, indicating that the inversion provides more diffuse spatial information in these regions.

We find that the EDGAR v4.3.2 inventory prominently overestimates anthropogenic
emissions over eastern China, likely from coal production, and around the Persian Gulf,
likely from oil/gas production. The finding of a positive inventory bias in China is
consistent with previous inversions of GOSAT data using EDGAR v4.2 or v4.1 as prior
estimate [Monteil et al., 2013; Alexe et al., 2015; Turner et al., 2015; Pandey et al.,
2016]. We find that EDGAR underestimates emissions over Japan and Southeast Asia,
where rice cultivation is the largest anthropogenic source but there are also large wetland emissions. There are also large corrections in wetland areas of central Africa, South
America, and North America.

We do not find large correction factors over the US, except for the southeastern coast
which is due to an overestimate of methane emissions from coastal wetlands in the
prior WetCHARTs inventory. This overestimate of US coastal wetland emissions in
WetCHARTs is consistent with a previous inversion of aircraft observations over the
Southeast US by Sheng et al. [2018b] and may be explained by low soil organic carbon
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in these ecosystems [Holmquist et al., 2018]. Previous inversions found factor of 2 underestimates of EDGAR v4.2 emissions in the South-Central US [Miller et al., 2013; Turner
et al., 2015] but we do not find such an underestimate here and attribute this to our
use of the gridded version of the US EPA inventory as prior estimate [Maasakkers et al.,
2016]. EDGAR v4.2 allocated oil/gas emissions mainly according to population, which
greatly underestimates emissions in the South-Central US [Maasakkers et al., 2016].

Improved estimates of global methane emissions for the individual source types of Table
2.1 can be inferred from our results by assuming that the relative contributions from
different source types in a given 4◦ × 5◦ grid cell is correct in the prior inventory. The
global posterior estimate for a given source type is then obtained by applying the 4◦ ×
5◦ posterior/prior ratios from Figure 2.4 to the distribution of source types in Figure
2.2. Results in Figure 2.5 indicate little change to the global prior inventory by source
type even though there are large regional reallocations. Coal mining emissions decrease
by 28% mainly due to China, and rice cultivation and livestock increase by 18% and
10% respectively, mainly driven by the tropics.

There has been particular interest in quantifying emissions from oil/gas exploitation
because of the potential for large reductions of these emissions through simple control
measures [Zavala-Araiza et al., 2015b; Alvarez et al., 2018]. The EDGAR v4.3.2 national
oil/gas emission totals can differ greatly from the national (ungridded) totals reported by
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Figure 2.5: Global corrections to 2010-2015 emissions by source type for the base inversion assuming normal prior errors. Error bars show the range of results from the inversion ensemble. Prior
estimates are as given in Table 2.1.
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individual countries to the United Nations Framework Convention on Climate Change
[UNFCCC, 2017]. This is shown in Figure 2.6 with national oil/gas emissions from the
top ten countries in either the EDGAR v4.3.2 or UNFCCC inventories. We can estimate
national oil/gas emission totals from our inversion by again assuming that the relative
contributions of oil/gas to total emissions in individual 4◦ × 5◦ grid cells are correct, and
by further mapping the 4◦ × 5◦ correction factors to the 0.1◦ × 0.1◦ emission EDGAR
grid. The emission-weighted scaling factor is then used with the national oil/gas totals
reported by EDGAR. Russia is the largest national source but the inversion is limited
in its ability to constrain oil/gas emissions there because a third of these emissions are
north of 60◦ N in EDGAR v4.3.2 (Figure 2.2).

Results in Figure 2.6 show that the inversion generally pushes the prior EDGAR v4.3.2
estimates of oil/gas emissions toward the UNFCCC values. One would expect the UNFCCC national reports to provide better estimates than EDGAR v4.3.2 because of
their use of local information [Scarpelli et al., 2018] as compared to the more generic
IPCC Tier 1 estimates [IPCC, 2006] used by EDGAR. Thus we find that EDGARv4.3.2
greatly underestimates emissions in Uzbekistan, which are high because of leaky infrastructure [Scarpelli et al., 2018]. For Iran, Algeria, Nigeria, Saudi Arabia, and Qatar
we find much lower emissions than EDGAR v4.3.2 and more consistent with the UNFCCC data. For China we are in better agreement with EDGAR v4.3.2 than with
the UNFCCC estimate, which relies on anomalously low emission factors [Larsen et al.,
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Figure 2.6: National estimates of methane emissions from the oil/gas industry. Values reported
by individual countries to the UNFCCC for 2012 (Annex I countries) or the closest year (nonAnnex I countries: Nigeria (1994), Iraq (1997), Venezuela (1999), Algeria (2000), Iran (2000), India (2010), Saudi Arabia (2010), and China (2012)) are compared to 2012 emissions from EDGAR
v4.3.2 national oil/gas totals, and to the posterior values from our base inversion as described in
the text. Black lines are ranges for the ensemble of inversions. Values are shown for the top ten
emitting countries in either the UNFCCC or EDGAR v4.3.2 inventories.
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2015]. In Venezuela we find higher emissions than either EDGAR v4.3.2 or UNFCCC.
Venezuela has not reported emissions to the UNFCCC since 1999.

2.3.2 Spatial distribution and source attribution of methane emission trends
Figure 2.7 shows base inversion results for the linear emission trends on the 4◦ × 5◦
grid for 2010-2015 and the associated averaging kernel sensitivities. Also shown in the
bottom right panel is the 2010-2015 time series of posterior OH concentrations with
error standard deviations from the posterior error covariance matrix. We find no significant OH trend over the period although uncertainties are large. The information on the
spatial distribution of emission trends originates from local/regional gradients of atmospheric methane observed by GOSAT, and we find from the posterior error covariance
matrix of the inversion that it is not correlated with information on OH concentrations.
Thus the large posterior uncertainty in global OH concentrations does not induce any
significant correlated error in the spatial distribution of emission trends. This may be
expected in view of the long lifetime of methane relative to the relevant time scales for
atmospheric transport.

The GOSAT data provide seven independent pieces of information (DOFS) on the spatial distribution of the emission trend. Again, a Bayesian inversion without correcting
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Figure 2.7: 2010-2015 methane emission trends and global tropospheric OH trends as optimized
by the inversion of GOSAT data, and corresponding averaging kernel sensitivities (diagonal terms
of the average kernel matrix). The degrees of information for signal or DOFS (trace of the averaging kernel matrix) is shown inset. The bottom left panel gives the global attribution of the
emission trends to individual source types, with ranges from the inversion ensemble. Shaded sections of the bars indicate the contribution from the tropics (24◦ S-24◦ N). The vertical bars in the
OH trend panel are the posterior error standard deviations from the base inversion. The 2010-2015
decreasing trend in OH concentrations is not statistically significant (95% confidence level).

67

for overfit (γ = 1) would erroneously indicate much higher DOFS. We find increasing
emissions in the tropics and little change at higher latitudes. There are well-defined
anthropogenic positive trends over China, India, and the Persian Gulf. Trends in China
are in areas with dominant emissions from coal mining but also significant contributions
from livestock and waste. Trends over India are in areas of rice production but may also
reflect waste management and livestock. The trend over India totals 0.4 (0.3-0.5) Tg a−1
(range of the inversion ensemble). Ganesan et al. [2017] found a non-significant trend
(0.2 ± 0.7 Tg a−1 ) over India for 2010-2015 using an ensemble of GOSAT, commercial
aircraft (CARIBIC), and surface station methane data, but this does not exclude the
significant increase that we find here. The trend over the US is less well defined and
not well constrained but suggests an increase over the eastern part of the country where
multiple source types could contribute [Sheng et al., 2018a,b].

The bottom left panel of Figure 2.7 shows the attribution of the global increasing trend
in emissions to individual source types, following the same assumption that was used
in Figure 2.5 to attribute emissions to source types. We further separate tropical and
extratropical contributions. Boreal wetland trends cannot be constrained by our inversion effectively (no observations north of 60◦ N). 46% of the 5 Tg a−1 global emission
trend found in the inversion for 2010-2015 is driven by wetlands (mainly tropical), 16%
by livestock, and 10% by oil/gas. No source type shows a global decrease. Our source
attribution of the methane trend is consistent with isotopic evidence suggesting that the
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increase in methane over the past decade has been driven by biogenic sources [Nisbet
et al., 2016; Schwietzke et al., 2016] including tropical wetlands [McNorton et al., 2016].

2.3.3 Global methane budget and trends
The previous sections showed that our inversion of the GOSAT data is able to provide
relatively fine information on the spatial distribution of methane emissions (DOFS =
132) as well as some information on the spatial distribution of 2010-2015 emission trends
(DOFS = 7). This information on the spatial distribution originates from local/regional
gradients of atmospheric methane observed by GOSAT. We now examine to what extent
error correlations may limit our ability to independently quantify the global emission
of methane, the global tropospheric OH concentrations, and their respective trends.

To analyze the constraints from the inversion on the global budget of methane, we
collapse the inversion to the reduced 4-member global state vector of 2010-2015 mean
values described in Section 2.2.6 (global methane emission, global emission trend, global
tropospheric OH concentration, global OH trend). Table 2.2 compares the prior and
posterior values for this global budget. The uncertainty in global emissions and trends
is likely underestimated because of the lack of prior error covariance assumed between
the 1009 grid cells. The global mean tropospheric OH concentration is expressed in
OH . Figure 2.8 shows the averaging kerterms of the corresponding methane lifetime τCH
4
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nel rows for this reduced global state vector (Ared in Section 2.2.6), measuring the
sensitivity of the inversion results to the true values (diagonal terms) and the aliasing
due to error correlations (off-diagonal terms). We find that the mean 2010-2015 global
methane emission and OH concentration are strongly and independently constrained,
with averaging kernel sensitivities near unity and little error correlation. On the other
hand, there is strong negative error correlation between emission trends and OH trends,
and the OH trend can only be weakly constrained. This is illustrated further in Figure
2.9 with the joint probability density function (pdf) plots of the posterior estimates,
where the confidence levels measure the probability of a given value and the tilt of the
ellipses measures the error correlation.

A major implication of being able to constrain independently the global methane emission and the global OH concentration is that satellite observations of atmospheric
methane can provide an independent proxy for quantifying the global mean tropospheric
OH is 10.7 ± 0.4
OH concentration. Our posterior estimate of the methane lifetime τCH
4

years. It is strongly constrained by the inversion, as shown by the averaging kernel sensitivity near unity, and is thus largely independent from the prior estimate of 10.6 ± 1.1
years. So far the main method for estimating global OH has been through the methyl
chloroform budget [Prather et al., 2012], but this is becoming problematic as methyl
chloroform concentrations decrease and previously minor potential sources like ocean
outgassing may become significant [Wennberg et al., 2004; Liang et al., 2017]. Satellite
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Figure 2.8: Constraints on the global 2010-2015 methane budget from our inversion of GOSAT
data. The lines show the rows of the averaging kernel matrix Ared (Equation 2.9) for the reduced
4-element state vector consisting of the 2010-2015 mean emission, the linear emission trend, the
2010-2015 mean tropospheric OH concentration, and the linear OH trend.
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Table 2.2: Global 2010-2015 methane budgeta

Prior
Mean emission (Tg a−1 )
Emission trend (% a−1 )
OH
Mean methane lifetime τCH
(a)b
4
−1
OH trend (% a )

Posterior

550 ± 11
551 ± 2
0 ± 0.1
0.87 ± 0.04
10.6 ± 1.1 10.7 ± 0.4
0 ± 0.8
-0.2 ± 0.8

From the inversion optimizing (1) mean 2010-2015 methane emissions on the 4◦ × 5◦ grid,
(2) linear methane emission trends on that same grid, (3) global mean 2010-2015 tropospheric
OH concentration, and (4) linear trend in global OH concentrations. Expected values and error
standard deviations are shown. The prior estimates are described in Section 2.2.2. The posterior
global emission and its trend are obtained by summing the contributions from all 4◦ × 5◦ grid
cells, and the error standard deviations are computed accounting for posterior error correlation.
Minor methane sinks totaling 61 Tg a−1 are not optimized in the inversion.
b
Methane lifetime against oxidation by tropospheric OH, computed as the ratio between the
total atmospheric mass of methane (including the stratosphere) and the annual loss rate from
oxidation by OH in the troposphere.
a

observations of methane could provide an alternative. Our inversion confirms the best
estimate of global OH from the methyl chloroform budget [Prather et al., 2012] but
reduces its uncertainty from 10% to 4%. The magnitude of reduction may be overoptimistic because of the idealized treatment of error statistics and the assumption that the
global 3-D OH distribution in the forward model is correct. Zhang et al. [2018] present a
more thorough error analysis of this potential of methane satellite observations as proxy
for global OH concentrations in an observation system simulation experiment (OSSE)
using dense satellite pseudo-data from the recently launched TROPOMI instrument.

We find on the other hand that there is large error correlation between our ability to
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Figure 2.9: Joint probability density functions (pdfs) for the global methane budget as constrained by the 2010-2015 GOSAT data. The left panel shows the joint pdfs of the 2010-2015
global mean methane emission and methane lifetime against oxidation by tropospheric OH. The
right panel shows the joint pdfs of the 2010-2015 global emission trend and OH trend. Contours
show confidence ranges from 0.1 to 0.9. The error correlation coefficients are shown inset. The tilt
of the ellipse indicates the extent of error correlation.
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constrain 2010-2015 emission trends and OH trends, and limited ability to constrain the
OH trend. The posterior estimates for the 2010-2015 trends are +0.87 ± 0.04 % a−1
for emissions and -0.2 ± 0.7 % a−1 for OH. The joint pdf in Figure 2.9 illustrates the
error correlation between the two. Another factor driving the 2010-2015 atmospheric
methane trend is the initial imbalance in the 2010 budget, which we can derive from
the posterior estimates of the mean 2010-2015 budget imbalance and trends, and the interannual variability of wetlands emissions as represented by WetCHARTS. Figure 2.10
shows the contributions of these different terms to the observed 2010-2015 methane
growth. 2010 was a relatively high year for tropical wetlands emissions according to
WETCharts, which acts to dampen the overall trend. We can state with some confidence that increasing tropical emissions (Figure 2.7) made an important contribution
to the 2010-2015 methane trend but any conclusion about the effect of an OH trend is
highly uncertain including in its sign.

2.4 Conclusions
We have used 2010-2015 observations of atmospheric methane columns from the GOSAT
satellite instrument in a global inverse analysis to optimize a state vector including (1)
mean 2010-2015 methane emissions on a 4◦ × 5◦ grid, (2) 2010-2015 emission trends
on that same grid, and (3) global mean tropospheric OH concentrations for individual
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Figure 2.10: Attribution of the 2010-2015 increase in the atmospheric burden of methane. The
grey bars show the trend imposed by the 2010 imbalance between sources and sinks combined
with the interannual variability (IAV) of the prior estimate (mainly from wetlands). This trend
decreases over the 2010-2015 period because the methane sink rises in response to the increasing
concentration, and also because wetland emissions in 2010 are higher than in other years. Purple
and orange show the contributions of the 2010-2015 methane emission trends and OH trends.
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years. Our work aimed to improve current understanding of global methane sources and
the renewed growth in atmospheric methane over the past decade, and to examine if
satellite observations can independently constrain methane emissions and tropospheric
OH, the main methane sink.

Our inversion used the GEOS-Chem chemical transport model as forward model to relate the state vector elements (1)-(3) to atmospheric methane columns, and fit the model
to the GOSAT observations by analytical solution of the Bayesian problem, including
construction of the full Jacobian matrix. The analytical solution provides closed-form
characterization of errors and of the information content in the solution. This is critical
for diagnosing the ability of the GOSAT observations to constrain emission trends and
to achieve separate constraints on emissions and OH concentrations. It also allows us
to easily generate an ensemble of inversions testing different assumptions. Analytical
solution of the inverse problem generally requires normal prior error distributions but
we show here that it can be readily extended to log-normal prior error distributions by
using a simple scaling of the original Jacobian matrix.

Our optimization of mean 2010-2015 methane emissions on the 4◦ × 5◦ grid, achieves
132 degrees of information for signal (DOFS), with strong constraints in source regions.
The EDGAR v4.3.2 anthropogenic emission inventory taken as default anthropogenic
prior estimate in the inversion is too high in China (coal emissions) and in the Middle
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East (oil/gas emissions). Oil/gas national totals in EDGAR v4.3.2 can differ greatly
from the values reported by individual countries to the United Nations Framework Convention on Climate Change (UNFCCC), and our inversion results are generally more
consistent with the UNFCCC estimates. We find little correction to anthropogenic US
emissions where we used a new gridded version of the US EPA greenhouse gas inventory
as anthropogenic prior estimate. Previous inverse studies that relied on the EDGAR
v4.2 inventory as prior found large underestimates of US emissions, but this may reflect
errors in the spatial distribution of EDGAR oil/gas emissions.

Optimization of methane emission trends over the 2010-2015 period yields a DOFS of 7
on the 4◦ × 5◦ grid, meaning that only large strong source regions can be constrained.
We find that the 2010-2015 increasing trend in atmospheric methane is mostly due to
increasing emissions rather than decreasing OH concentrations. Most of the increase
is in tropical wetlands, India, and China. Trends in North America and Europe are
small. Our findings are consistent with isotopic constraints pointing to tropical biogenic sources as responsible for the renewed growth of methane over the past decade.

We further examined the ability of the GOSAT data to constrain the global methane
emission and its trend over the 2010-2015 period independently from the global OH concentration and its trend. For this purpose we considered a reduced 4-component state
vector consisting of (1) the global mean methane emission for 2010-2015, (2) the global
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emission trend over that period, (3) the global mean OH concentration for 2010-2015,
(4) the global OH trend over that period. (1) and (2) were obtained by collapsing the
inverse solutions for emissions on the 4◦ × 5◦ grid, so that the distributions of emissions
and their trends were still optimized. Results show that the global methane emission
(552 Tg a−1 ) can be constrained independently from the global OH concentration (atmospheric methane lifetime against oxidation by tropospheric OH of 10.7 ± 0.4 years),
with little error correlation. This is because methane emissions and loss have different
and separable signatures on atmospheric methane columns. An important implication
is that satellite observations of atmospheric methane can serve as a useful proxy for the
global OH concentration. In contrast, we find that errors on the 2010-2015 OH trends
are strongly correlated with the stronger signal from emission trends. Thus it is not
possible from the GOSAT observations to quantify the contribution of the OH trend
to the renewed growth of methane, other than it is likely to be small compared to the
trend in emissions.

Satellite observations of atmospheric methane are expected to vastly improve in the
near future with the launch of the TROPOMI instrument in October 2017, the advent
of geostationary observations from the GeoCARB instrument to be launched in the
early 2020s, and other instruments measuring methane on local to global scales [Jacob
et al., 2016]. Our work with the relatively sparse GOSAT data suggests that this future
constellation of satellites will enable the mapping of emissions at fine scales. Satellite
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observations of methane could also provide an effective means for monitoring OH concentrations, replacing methyl chloroform whose ability to serve as an OH proxy is declining.
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Appendix: Sensitivity to seasonal bias in prior emission estimates
The GEOS-Chem forward model simulation using prior emission estimates shows a seasonal background bias relative to GOSAT observations, for which we applied a latitudedependent correction (Section 2.2.3). This correction could mask a bias in the seasonality of prior emissions. We conducted an additional inversion in which we did not
apply this seasonal correction and instead optimized emissions for individual seasons
with no prior error correlation between seasons. This brings the total size of the state
vector up to 5052, which challenges the power of the GOSAT observations to provide
independent constraints, and we increase the regularization factor γ to 0.1 to improve
the constraints. As shown in Figure A2.1, the effective posterior/prior ratios found by
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summing the seasonal emissions are very similar to the ones from the base inversion.
This indicates that the global pattern of scaling factors is not driven by corrections
made to improve the seasonal agreement between the model and GOSAT. The effective
scaling factors are smaller in magnitude and smoother than the previous results because
fewer observations are available per state vector element, resulting in smoothing error
[Turner and Jacob, 2015].

The seasonal inversion suggests a redistribution of high-latitude wetland emissions from
spring to summer and fall. We also find a strong increase over South-East Asia during
summer and fall with little adjustment in the other seasons. This may point to a seasonal underestimate in rice cultivation emissions in that region. Emissions adjustments
over other parts of the world are relatively constant during the year. Finally, consistent
with Parker et al. [2018] we find the seasonal peak of emissions over the tropics in
summer to be underestimated.
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Figure A2.1: Results from the seasonal inversion, showing effective posterior scaling factors in the
top panel and the seasonal scaling factors in the four bottom panels.
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