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Abstract. Brazil’s CHy emissions over the period 2010—
2018 were derived for the three main sectors of activity:
anthropogenic, wetland and biomass burning. Our inverse
modelling estimates were derived from GOSAT (Greenhouse
gases Observing SATellite) satellite measurements of XCHy
combined with surface data from Ragged Point, Barbados,
and the high-resolution regional atmospheric transport model
NAME (Numerical Atmospheric-dispersion Modelling Envi-
ronment). We find that Brazil’s mean emissions over 2010—
2018 are 33.6 +3.6Tgyr~!, which are comprised of 19.0 +
2.6 Tgyr~! from anthropogenic (primarily related to agricul-
ture and waste), 13.0+ 1.9 Tgyr~! from wetlands and 1.7 +
0.3Tgyr~! from biomass burning sources. In addition, be-
tween the 2011-2013 and 2014-2018 periods, Brazil’s mean
emissions rose by 6.9+5.3Tgyr ! and this increase may
have contributed to the accelerated global methane growth
rate observed during the latter period. We find that wetland
emissions from the western Amazon increased during the
start of the 2015-2016 El Nifio by 3.7 2.7 Tgyr~! and this
is likely driven by increased surface temperatures. We also
find that our estimates of anthropogenic emissions are con-
sistent with those reported by Brazil to the United Frame-

work Convention on Climate Change. We show that satellite
data are beneficial for constraining national-scale CH4 emis-
sions, and, through a series of sensitivity studies and vali-
dation experiments using data not assimilated in the inver-
sion, we demonstrate that (a) calibrated ground-based data
are important to include alongside satellite data in a regional
inversion and that (b) inversions must account for any off-
sets between the two data streams and their representations
by models.

1 Introduction

Methane (CHy) is the second most important anthropogenic
greenhouse gas behind carbon dioxide due to its radiative
properties and atmospheric abundance (IPCC, 2013). After
a brief plateau period around the turn of the century (Cun-
nold, 2002; Dlugokencky et al., 2003), CH4 mole fractions
began rising again globally after 2007 (Rigby et al., 2008;
Dlugokencky et al., 2009; Frankenberg et al., 2011; Nisbet
et al., 2016) with some of the strongest growth rates occur-
ring from 2014 onward (Nisbet et al., 2019). This increase in
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CH, growth rate was accompanied by a shift in the §'3C-CHy
isotopic ratios to more negative values, suggesting a change
in the global makeup of sources and/or sinks. The drivers re-
sponsible for this shift are presently not well understood, and
proposals include increases from tropical wetlands or agri-
culture, decreases in biomass burning, and changes in fossil
fuel emissions or in the hydroxyl radical sink (e.g. Monteil
et al., 2011; Schaefer et al., 2016; Schwietzke et al., 2016;
Nisbet et al., 2016, 2019; Rigby et al., 2017; Worden et al.,
2017; McNorton et al., 2018; Turner et al., 2019). Quanti-
fying the CH4 budget and understanding how major sources
and sinks have evolved is key to designing emission path-
ways that limit global warming due to the importance of CHy
in meeting global climate targets (Ganesan et al., 2019; Nis-
bet et al., 2019, 2020).

The Paris Agreement pledges to limit warming to less than
2°C with an aspiration for less than 1.5°C warming from
pre-industrial levels (UNFCCC, 2015). The mitigation ac-
tion taken by each country is dependent on their own Na-
tionally Determined Contributions and accounting for na-
tional emissions will occur through inventory or “bottom-
up” methods. To assess whether these self-determined tar-
gets are being met, independent estimates can be derived
using “top-down” strategies that use atmospheric measure-
ments to quantify sector-level emissions estimates at near
real time and at high resolution (e.g. Ganesan et al., 2019).
Using both top-down and bottom-up methods together for
national-scale greenhouse gas estimation is considered to be
best practice (Calvo Buendia et al., 2019) and allows for the
greatest process-level understanding of changes in the atmo-
sphere.

Brazil is thought to be a major contributor to global
CHy4 emissions due to its variety of natural and human-
made sources. Anthropogenic emissions arise from agricul-
ture, waste and biomass burning (Ministry of Foreign Af-
fairs et al., 2019). Brazil’s 2018 Biennial Update Report to
the United Framework Convention on Climate Change (UN-
FCCC) states that 17.6 +4.0Tg of CH4 was emitted from
anthropogenic sources in 2015. The majority of these emis-
sions were from agricultural processes (70 % from enteric
fermentation, manure management and crop residue burning)
with the remainder coming from waste (16 %), energy (4 %)
and land-use change (6 %) (Ministry of Foreign Affairs et al.,
2019).

Around 60 % of the Amazon basin and 80 % of the Pan-
tanal wetland region (Ministry of Science and Innovation,
2016; Schulz et al., 2019) exist within Brazil in the northern
and central-western regions of the country, respectively. The
primary areas of agricultural activity are in central and south-
ern provinces and include cattle ranching and sugar cane pro-
duction, while waste and fossil fuel emissions are focused in
population centres along the eastern coast (Ministry of For-
eign Affairs et al., 2019). Biomass burning occurs along the
“arc of deforestation” along the southern edge of the Amazon
rainforest during and after the dry season (July—October).
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This is in contrast to Amazon wetland emissions which peak
during and after the wet season (December—March).

Current top-down estimates of CH4 emissions from Brazil,
the Amazon and tropical South America vary depending on
the method, source of data and area considered. In the syn-
thesis of Saunois et al. (2016), across the Tropical South
America region, emissions estimates derived using different
datasets and top-down methods span the large range of 63—
119Tgyr~! (23-69 Tgyr~! from wetlands) for 2012. Across
the Amazon basin, estimates of total emissions derived from
aircraft measurements are between ~ 16 and 72 Tgyr~! de-
rived for May 2009 (Beck et al., 2013) and 3143 Tgyr~!
for 2010-2013 (Wilson et al., 2016; Pangala et al., 2017). A
recent study that performed a regional analysis using satel-
lite data by Janardanan et al. (2020) found Brazil’s emissions
alone, on average, to be 56.2Tgyr~! (39.8 +£12.4Tgyr!
from wetlands) across 2011-2017. In addition, many previ-
ous studies have estimated emissions globally using satellite
data (e.g. Bergamaschi et al., 2009; Feng et al., 2017). The
wide range of estimates indicate that large uncertainties ex-
ist and these uncertainties are exacerbated when estimating
emissions over smaller scales such as the Amazon basin or
when quantifying individual sources.

Through use of a high-resolution regional inversion frame-
work coupled with satellite measurements of CH4, we in-
ferred spatial and temporal distributions of Brazil’s CHy
emissions from 2010 to 2018. The regional inversion ap-
proach provides the benefit that uncertainties in the hydroxyl
radical CHy sink (Rigby et al., 2017; Turner et al., 2017;
Nguyen et al., 2020), a limitation in global approaches, can
be neglected. Owing to a spatial and temporal difference in
Brazil’s major CHy sources, these emissions are further par-
titioned into source sectors (Sect. 3.1) and are also presented
for different wetland regions (Sect. 3.2). We demonstrate the
importance of the inversion setup when using satellite data
to estimate country- and basin-scale emissions. Independent
validation using in situ data is shown in Sect. 3.3, and sen-
sitivity studies, testing a range of different input factors, are
discussed in Sect. 3.4.

2 Methods
2.1 CHj4 measurements

We used data from three sources: (1) the University of Le-
icester v7.2 total column CHy4 product from the Thermal
And Near-infrared Sensor for carbon Observation Fourier
Transform Spectrometer (TANSO-FTS) instrument on board
the Greenhouse gases Observing SATellite (GOSAT) from
April 2010 to November 2018, (2) surface data from Ragged
Point, Barbados (RPB; coordinates: 13.17° N, 59.43° W),
and (3) surface data from the Amazon Tall Tower Obser-
vatory (ATTO; coordinates: 2.15° S, 59.01° W) for external
validation of the inversion. Figure 1 shows the positions of
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GOSAT points for a 1-year period and the locations of the
two surface stations.

Dry-air column-averaged CHs4 mole fractions (XCHjy)
were derived using the CO, proxy method, which multi-
plies the XCH4/XCO; ratio by a model XCO, field (Parker
et al., 2011, 2015). The model XCO, is based on the me-
dian of three global models which all assimilated surface site
measurement data: GEOS-Chem (Feng et al., 2011), Carbon
Tracker (Peters et al., 2007) and LMDZ (MACC/CAMS)
(Chevallier et al., 2010). This GOSAT product was previ-
ously compared to aircraft measurements over the Amazon
basin by extrapolating the aircraft profiles through the tropo-
sphere and using a stratospheric model. Differences ranged
from —1.9 t0 9.7 nmol mol ! (Webb et al., 2016).

We used level 2 GOSAT measurements that were taken
in nadir mode within an area that extended from 35.8° S to
7.3° N and from 76.0 to 32.8° W and that passed the qual-
ity threshold. We only used nadir measurements to minimise
the effect of any unquantified biases between nadir and glint
mode. In addition, we filtered data where the surface pres-
sure deviated from the retrieval grid by enough to reduce the
number of retrieval levels to less than 20. The remaining data
points were averaged across a 0.23° x 0.35° grid to match
the lowest resolution of the atmospheric transport model grid
cell (see Sect. 2.3) across the 2010-2018 time period leaving
~ 1300 data points on average per month.

Data from RPB were used alongside the satellite mea-
surements in the inversion to provide additional constraints
on the boundary conditions. RPB is part of the Advanced
Global Atmospheric Gases Experiment (AGAGE) network
(Prinn et al., 2018b) and predominantly measures well-mixed
background air. Measurements up to 2017 were made using
GC-FID (gas chromatograph with a flame ionisation detec-
tor) and beyond this with a CRDS (cavity ring-down spec-
trometer). All data were averaged into hourly samples.

Measurements from ATTO (Andreae et al., 2015; Botia B.
et al., 2020) were used for external validation of the inversion
results. ATTO is located near Manaus within the Amazon
rainforest. The position and predominant north-easterly wind
direction means that this site is particularly sensitive to CHy
emitted from wetlands but may also receive air masses from
regions of biomass burning and other human activity (An-
dreae et al., 2015; Pohlker et al., 2019). CH4 mole fractions
from 2014 to 2018 derived from CRDS instrumentation have
been used in this study. Hourly-mean measurements from the
highest inlet on the tower, at 79 m, were used as they are as-
sumed to be the most representative of regional air masses.

2.2 Atmospheric transport model

To provide the relationship between atmospheric mole frac-
tions at a receptor and a surface emissions field, we used
the high-resolution Lagrangian atmospheric transport model
NAME (Numerical Atmospheric-dispersion Modelling Envi-
ronment) (Jones et al., 2007). Model particles were released
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for each GOSAT and surface measurement time and location
and tracked backward in time for 30 d. The model tracked the
interaction of these particles with the surface (defined as 0-
40 m above modelled ground level) to quantify the sensitivity
to regional emissions. The times and locations that particles
left the model domain were recorded to quantify the sensitiv-
ity to boundary conditions. NAME was driven by meteoro-
logical inputs from the Unified Model (UM) spanning reso-
lutions between 0.23 to 0.09° latitude and 0.35 to 0.14° lon-
gitude over the 2010-2018 period. The annual mean sensi-
tivity to GOSAT measurements used in this study are shown
in Fig. Al in the appendix.

Satellite measurements require footprints of the total at-
mospheric column and model particles were released at mul-
tiple heights based on the pressure levels defined within the
GOSAT product (see Ganesan et al., 2017, for a description
of how NAME was used to simulate XCH4 by applying av-
eraging kernels, pressure weights and a priori information
for satellite data). The main modification in the NAME setup
from Ganesan et al. (2017) made here is that surface pressure
in GOSAT was corrected to match the surface pressure from
the UM. Occasionally, the corrected surface pressure level
was lower than the first model level, and in these cases, the
retrievals were discarded. This ensured consistency between
the model defining the GOSAT pressure levels and NAME.

2.3 Inversion method

Top-down emissions estimates were inferred using a hierar-
chical Bayesian trans-dimensional inversion using reversible
jump Markov chain Monte Carlo (MCMC). A full descrip-
tion of the method can be found in Ganesan et al. (2014) and
Lunt et al. (2016). The hierarchical component employs a set
of hyperparameters that define the model-measurement and
prior emissions uncertainties, which were explored as part of
the inversion. Inclusion of these additional model parameters
allows for uncertainties in the system to be more accurately
captured. The trans-dimensional component of the inversion
allowed for the spatial inversion grid to be estimated as part
of the inversion rather than being defined a priori.

The a priori inputs to the inversion are described in
Sect. 2.4. The emissions PDF (probability density function)
was defined as log-normal to prevent non-physical negative
solutions from being reached. The standard deviation of this
PDF was allowed to vary between 0.05 and 20.0 (with a
value of one being equivalent to the prior emissions mag-
nitude). The model-measurement uncertainty was governed
by a Gaussian distribution centred on zero with a standard
deviation that was a hyper-parameter in the inversion. The
standard deviation hyper-parameter was described by a uni-
form distribution with a range of 0.2 to 200 nmolmol .

Each month, we estimated emissions from within the
NAME domain (at the resolution explored by the trans-
dimensional method), as well as offsets to a priori boundary
condition “curtains” on each edge of the domain (Sect. 2.4).

Atmos. Chem. Phys., 20, 13041-13067, 2020
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Figure 1. GOSAT measurements grouped into February—April (FMA), May—July (MJJ), August—October (ASO) and November—January
(NDJ). Measurements are shown here for the February 2014—January 2015 period and averaged in 1° bins for clarity. FMA and ASO are
representative of the wet and dry seasons over the Amazon, respectively. Positions for the ATTO and RPB sites are also shown. The Brazilian

border is highlighted in blue.

In addition, an offset parameter was included to account
for any differences between the satellite and the calibrated
ground-based measurements and their representation by
models. A normal PDF was defined for both of these types
of offsets, centred around zero, and where the standard de-
viations of the PDFs were governed by hyper-parameters.
The standard deviations of the boundary condition offsets
were allowed to vary up to 100.0nmolmol™! and up to
50.0 nmolmol~! for the offset between surface and satellite
data, respectively. The necessity of this parameter to produce
the most robust results is discussed in Sect. 3.3.

The Metropolis—Hastings MCMC sampler was run with
500 000 iterations with the initial 100000 samples discarded
as burn-in. Every 500th iteration was saved and used to build
posterior PDFs for each parameter. The mean and 2.5-97.5
percentiles were used to produce posterior estimates and
95 % confidence intervals.

2.4 A priori fields

A priori emissions and boundary condition fields are sum-
marised in Table 1. Emissions were inferred for the three ma-
jor source sectors in Brazil: anthropogenic, biomass burning
and wetlands. Maps for two representative months in the wet
(January) and dry (September) seasons for 2014 are shown
for each sector in Fig. 2.

Anthropogenic emissions, excluding biomass burning,
were from the EDGAR (Emission Database for Global At-
mospheric Research) v4.3.2 database (Janssens-Maenhout
etal.,2019). Annual emissions were available up to 2012 and
then assumed to be equal to the 2012 emissions thereafter.
The biomass burning contribution was from GFED (Global
Fire Emissions Database) v4.1 (van Der Werf et al., 2017) at
monthly resolution to the year 2015 and assumed to be held
at 2015 values thereafter.

Atmos. Chem. Phys., 20, 13041-13067, 2020

Wetland emissions were based on the output from the
JULES land surface model (Clark et al., 2011), which was
modified to use the wetland fractional map from Surface
WAter Microwave Product Series (SWAMPS). We used a
version of SWAMPS that was updated from Schroeder et al.
(2015) to include wetlands occurring under dense canopies,
to remove rice agriculture and to include any inland wa-
ter. Wetland emissions across South America were scaled to
44 Tgyr~! based on the mean bottom-up estimate for Tropi-
cal South America from Saunois et al. (2016).

A priori mole fractions at the boundaries of the domain
were derived from the CAMS CHy flux inversion prod-
uct v17rl (accessible at https://apps.ecmwf.int/datasets/data/
cams-ghg-inversions/, last access: 22 October 2020). This
version assimilated the global surface measurement network
and did not use satellite data. This product was only available
up to 2017, so to extend the analysis to 2018, the climatolog-
ical mean of the 2010-2017 period was used.

2.5 Sector attribution

The total emissions estimated from the inversion were parti-
tioned into each of the three major source sectors using the
fraction of each source in the a priori emission fields in each
grid cell. Due to the largely distinct spatial or temporal distri-
butions of the sectors as shown in Fig. 3, the fractional map of
each source is not overly dependent on the inventories used.
The influence of the a priori distributions on the robustness
of the sector partitioning is discussed in Sect. 3.4.

https://doi.org/10.5194/acp-20-13041-2020
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Figure 2. A priori emissions for wetlands, anthropogenic and biomass burning sectors for January and September 2014. These months
are representative of peak wetland extent in the wet season (January) and biomass burning activity (September). Note that the EDGAR

anthropogenic inventory is annual resolution and is shown here for 2012

Table 1. Summary of a priori emissions and boundary conditions used in this study. All maps have been regridded to 0.23° latitude by 0.35°

longitude resolution.

Field Source Resolution

Time period  Modifications

Anthropogenic emissions EDGAR v4.3.2 Annual

2010-2012*  Excluded agricultural waste burning
and combustion from manufacturing,
solid waste and fossil fuels

Wetland emissions JULES/SWAMPS  Monthly 2010-2017*  Emissions from JULES over fractional
wetland extent from SWAMPS; total
wetland emissions scaled to 44 Tg yrf1

Biomass burning emissions  GFED v4.1 Monthly 2010-2015*  None

CH4 mole fraction curtains ~CAMS v17rl Monthly 2010-2017°  None

a Repeats this year thereafter.
b For 2018, a climatological mean of the 20112017 period was used.

2.6 Validation with ATTO

To provide a validation of the inversion results, we com-
pared a model prediction of mole fractions at ATTO derived
from hourly NAME sensitivities convolved with our poste-
rior emissions maps and boundary conditions against mea-
sured values. Four tests were run using different configura-

https://doi.org/10.5194/acp-20-13041-2020

tions of the inversion. The first three estimates were from
inversions that used variants of the GOSAT and RPB dataset.
The first inversion utilised GOSAT data alone. The second
inversion used both GOSAT and RPB measurements but did
not include an offset parameter between satellite and surface
data in the inversion. The third inversion used GOSAT and
RPB measurements and included an offset parameter that

Atmos. Chem. Phys., 20, 13041-13067, 2020
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Figure 3. Fraction of wetland, anthropogenic and biomass burning emissions for January (a—c) and September (d-f) 2014 derived from the
a priori emissions. Note that the EDGAR anthropogenic inventory is annual resolution and is shown here for 2012.

was estimated in the inversion (our main results). These tests
and the resulting comparisons with ATTO data allowed us
to determine the factors that are most important when using
satellite data to constrain country-scale emissions. We per-
formed a final test which scaled our posterior emissions map
so that emissions from the Brazilian Amazon matched those
derived by Wilson et al. (2016) using four aircraft sites. For
the whole Amazon basin, the lowest value in the range pre-
sented in Wilson et al. (2016) of 31.6 Tgyr~! was used, with
~19Tgyr~! coming from the Brazilian Amazon, based on
wetland extent. This test allowed us to investigate the fit of
previous results against ATTO data.

In addition to these experiments, we simulated the model
prediction at ATTO using a second regional Lagrangian
model, the FLEXible PARTicle dispersion model (FLEX-
PART), for 2014-2017 (Pisso et al., 2019). The setup for
FLEXPART was the same as NAME, except the surface was
defined as 0—50 m above ground level and the meteorolog-
ical drivers were 1° resolution from the European Centre
for Medium-Range Weather Forecasts (ECMWF). Particles
were tracked backwards for 30 d. This test allowed us to as-
sess whether results are significantly impacted by systematic
uncertainties in NAME.

Atmos. Chem. Phys., 20, 13041-13067, 2020

2.7 Sensitivity Studies

Sensitivity tests against a range of inputs to the inversion
were performed to assess the robustness of our results. Three
categories of inputs were tested: a priori emissions, a priori
boundary conditions and the model XCO; fields used to de-
rive XCH4. In most cases, comparisons were performed for
2014 only, but if differences were seen, the analysis was ex-
panded across the entire time range of 2010-2018. The sen-
sitivity study details are summarised in Table 2.

To test the sensitivity to a priori emissions, we ran a set
of inversions where emissions were perturbed one at a time
from each source sector. We changed the magnitudes of
emissions from each sector and tested variations of wetland
extent maps. For the latter, three additional wetland distri-
butions were used: two using JULES emissions either with
Bergamaschi et al. (2007) (hereafter referred to as Kaplan,
which is based on land cover maps from optical imagery) or
the high-resolution Tropical and Sub-Tropical Wetland Dis-
tribution v2.0 (Gumbricht et al., 2017, hereafter referred to as
Gumbricht). The final variation used the Wetland Methane
Emissions and Uncertainty dataset for atmospheric chem-
istry an transport modelling (WetCHARTS) dataset based on
an ensemble of wetland models (Bloom et al., 2017). We did

https://doi.org/10.5194/acp-20-13041-2020
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not modify these wetland distributions to include any emis-
sions that might occur when the water table is below the
surface. These four wetland distribution maps are shown in
Fig. A2 in the appendix.

To test the sensitivity to a priori boundary conditions, we
used a variation of the global mole fractions used to generate
the boundary condition curtains. We used the climatological
mean of the MOZART global model (Emmons et al., 2010)
over the 2010-2014 time period. The setup for MOZART is
described in Palmer et al. (2018).

To test the sensitivity to the model XCO, used to derive
XCHy4, we generated 10 variations of XCHy for each mea-
surement. These were created by randomly selecting between
the median (the main results) and the extremes in the en-
semble members that are included with the data product. We
reran the inversion for each of the 10 datasets for the full
2010-2018 time period, which allowed us to investigate ran-
dom errors in XCO,. However, additional uncertainties could
nevertheless remain due to sparse CO; observations in the re-
gion.

3 Results
3.1 Annual and seasonal emissions by sector

Mean emissions from 2010 to 2018 for Brazil are 33.6 &+
3.6 Tgyr~! (Fig. 4). These emissions correspond to mean an-
thropogenic emissions of 19.042.6 Tgyr~!, mean wetland
emissions of 13.04 1.9 Tgyr~!, and mean biomass burning
emissions of 1.740.3 Tgyr~'. Maps of these posterior emis-
sions and the difference from the a priori inputs are shown
for each season in Fig. A3 in the appendix.

Both our 2012 and 2015 estimates of anthropogenic emis-
sions of 16.2+3.0 and 18.3+£2.5Tgyr™ ' are consistent
within uncertainties with Brazil’s Third Biennial Update Re-
port to the UNFCCC, which estimates 15.6Tgyr~—! in 2012
and 16.3+£3.8Tgyr~! in 2015 (Ministry of Foreign Affairs
et al., 2019), when LULUCEF (land use, land-use change and
forestry) contributions are removed.

The overall rise in emissions over the 2010-2018 period
generally occurred in late 2013 and early 2014 and was sus-
tained thereafter. Average emissions during 2014-2018 rose
over 2011-2013 levels by 6.9+5.3 Tgyr~!, and this is driven
by changes in anthropogenic, wetland and biomass burning
emissions of 3.3+3.7, 2.6+2.8 and 1.0+£0.4Tgyr ™!, re-
spectively.

Across 2010-2018, we find that total emissions maximise
in April and minimise in October, and the overall season-
ality reflects the net effect of different seasonal patterns in
the three sectors. Anthropogenic emissions (the largest sec-
tor) peak in April, are lowest in August—October (dry sea-
son) and could be a result of seasonality in cattle, manure
management (e.g. Cardoso et al., 2019) or landfill emissions
(e.g. Machado et al., 2009; Imbiriba et al., 2020). Anthro-
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pogenic emissions are only estimated annually in EDGAR
and in reports to the UNFCCC and thus do not capture this
important feature. Wetland emissions peak during the wet
season between February and April and are lowest in Oc-
tober, and this seasonality is more pronounced in our esti-
mates than in the a priori emissions. Anthropogenic and wet-
land emissions are discussed further for different regions of
Brazil in Sect. 3.2. Biomass burning emissions maximise in
September and the seasonality is consistent with GFED.
Our analysis shows that individual years show some dif-
ferences from the bottom-up estimates. We find the largest
biomass burning emissions in 2010, a year with strong
drought and intensive burning due to high Atlantic sea sur-
face temperatures (Lewis et al., 2011; van der Laan-Luijkx
et al., 2015); annual mean emissions in 2010 were 5.5+
0.5Tgyr™! (based on April-December due to a change in
model resolution of the UM and the inability to model
GOSAT measurements from January—March) but with a
monthly value in September at 22.33:? Tgyr~!, a value that

is 6.3Tgyr! larger than reflected in GFED. Our estimates
are consistent with GFED at most other times. Wetland emis-
sions are highest in 2015, which corresponds to a strong El
Nifio year. The a priori model emissions do not capture the
increase in 2015 but do simulate a decrease from 2016. This
feature is discussed further in Sect. 3.2.

The performance of the inversion is demonstrated through
a comparison of modelled mole fractions derived from the
posterior emissions and boundary conditions with the mea-
surements used in inversion. We show this fit for both
GOSAT and RPB in Fig. A4 in the appendix, and we find
both datasets to be represented well by the inversion.

3.2 Sub-national emissions

In addition to the Brazilian totals presented above, we aggre-
gated our posterior emissions for the major regions of Brazil:
the Amazon basin, the Pantanal and the remainder of the
country (Figs. 5 and 6 for wetland and anthropogenic sec-
tors, respectively). The Amazon basin was defined using the
TransCom definition for Tropical South America (Saunois
et al., 2016), and the Pantanal region was defined using the
TRIP River Routing Model output (Oki et al., 1999). These
regions were further masked to only include the area within
Brazil using the public domain Natural Earth database (https:
//www.naturalearthdata.com/, last access: 22 October 2020).

We aggregated wetland emissions (Fig. 5) into mean val-
ues for the 2010-2018 period, changes between 2011-2013
and 2014-2018, and means for each month. Mean wet-
land emissions from the Brazilian Amazon and Pantanal re-
gions across the 2010-2018 period are 9.2+ 1.8 and 1.9+
0.5Tgyr™!, respectively. Wetland emissions in the Amazon
and Pantanal comprise 65 % and 26 % of total emissions,
respectively, with emissions from the Pantanal being dom-
inated by the anthropogenic sector. While emissions from
the Pantanal are not significantly different from the a pri-
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Table 2. Sensitivity studies performed in this study for a priori fields or for model XCO,. For the a priori emissions, each sector was varied

one at a time over the full South America domain with other sectors kept in their original configurations.

Experiment category

Experiment name

Description

Wetland distribution Kaplan JULES emissions and wetland extent from Bergamaschi et al.
(2007); wetlands emissions scaled to 44 Tg yr_1
Gumbricht JULES emissions and wetland extent from Gumbricht et al. (2017);
wetlands emissions scaled to 44 Tg yr_l
WetCHART' Wetland CHy emissions from WetCHARTS v1.0 (mean of extended
model ensemble) (Bloom et al., 2017)
Wetland magnitude Saunois high Wetlands emissions (JULES emissions and SWAMPS extent)

—1 %

scaled to 34 Tgyr

Saunois low

Wetlands emissions (JULES emissions and SWAMPS extent)
scaled to 50 Tgyr—! *

Anthropogenic magnitude EDGAR x2.0 Anthropogenic emissions (EDGAR v4.3.2) doubled to 77.5Tg yr71

Biomass burning magnitude ~ GFED x2.0 Monthly biomass burning emissions (GFED v4.1) doubled
(monthly max 20.9Tg yr_l)

Boundary conditions MOZART Climatological mean of MOZART model (Emmons et al., 2010;

Palmer et al., 2018)

XCO; variations

XCH4 samples

10 XCHy4 datasets created by randomly selecting across the me-
dian and the extremes for the XCO, model ensemble, composed of

GEOS-Chem, Carbon Tracker and LMDZ (MACC/CAMS)

* Based on bottom-up emissions estimates from Saunois et al. (2016) for Tropical South America.

ori emissions, these results are found to be robust in our
sensitivity studies as discussed in Sect. 3.4. There is only a
small change in wetland emissions over the two regions be-
tween 2011-2013 and 2014-2018. Differences are 1.5 +2.6
and 1.0 +£0.7Tgyr~!, for the Amazon and Pantanal, respec-
tively. Only the small Pantanal change is significant within
the 95 % confidence interval. We also find that there is an off-
set in peak emissions between the Amazon and the Pantanal
regions. Amazon wetland emissions peak around February—
March, whereas the Pantanal peaks in April. The seasonality
for the Amazon is earlier than reflected in the a priori emis-
sions.

Because wetland emissions from the Pantanal exhibit a
similar seasonal pattern to the seasonality in anthropogenic
emissions across Brazil, we analysed the regions that are re-
sponsible for driving the anthropogenic seasonal cycle. Fig-
ure 6 shows the anthropogenic emissions aggregated over the
Amazon and Pantanal regions and over the remaining Brazil-
ian territory. We find that the seasonal cycle is dominated
by the emissions outside of the Amazon and the Pantanal.
Therefore, while Pantanal wetland and anthropogenic emis-
sions have the same seasonal pattern, this is not due to a mis-
attribution between sectors based on the current configura-
tion of the wetland and anthropogenic prior emissions. How-
ever, it is important to note the difficulty of wetland models
in capturing the full seasonal cycle in the Pantanal due to

Atmos. Chem. Phys., 20, 13041-13067, 2020

overbank inundation, so there could be some uncertainty in
the fractional partitioning due to uncertainty in the wetland
models used in the main results and in the sensitivity studies
(Parker et al., 2018).

Wetland emissions are 3.943.0 Tgyr~! larger in the 2015
wet season relative to 2011-2014, a feature that is not present
in the a priori emissions. We show in Fig. 7 that this increase
is driven from the Amazon and not by Pantanal wetlands. We
investigated changes in some of the major environmental in-
fluences to understand what could drive this pattern. Figure 7
shows our derived emission maps, changes in surface tem-
perature from the WFDEI (WATCH Forcing Data methodol-
ogy applied to ERA-Interim) meteorological dataset (https://
rda.ucar.edu/datasets/ds314.2/, last access: 22 October 2020)
and changes in SWAMPS inundation for the wet season, de-
fined as February—April (FMA). We show differences be-
tween 2015 and 2011-2014 and between 2016 and 2015 for
the Amazon and the Pantanal regions.

We find that the increase in 2015 originates mainly from
the Western Amazon (defined as the Brazilian Amazon area
west of 55° W) with a rise of 3.742.7Tgyr~!. This coin-
cides with increased surface temperatures from this region.
Wetland extent did not significantly change in the Western
Amazon between 2015 and preceding years. Emissions then
decrease after mid-2015 to levels that are sustained from
2016 to 2018. We find that this decrease is correlated with

https://doi.org/10.5194/acp-20-13041-2020
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Figure 4. Brazil’s CHy emissions derived from GOSAT and RPB measurements between 2010 and 2018. Total emissions (grey) are split
into the three major sectors: wetlands (cyan), anthropogenic (yellow) and biomass burning (red). Prior and posterior emissions are dashed
and solid lines, respectively. Shading indicates the 95 % confidence interval. (a) Monthly emissions, (b) monthly emissions smoothed with
a 12-month rolling mean and (c¢) monthly means across the 2010 to 2018 period. Errors in mean values assume a 50 % correlation between

individual months.

both lower soil temperatures and decreased inundation. The
a priori emissions may be simulating the decrease after 2016
because the a priori emissions are constrained to the observa-
tional inundation fields. However, these results suggest that
there may be uncertainties in the wetland model temperature
sensitivity.

3.3 Validation against ground-based data

We used independent data from ATTO to assess the robust-
ness of our inversion results and to understand what factors
are important for the inversion setup. The results of these
tests can be seen in Fig. 8. Other datasets besides ATTO exist,
such as aircraft data from the Amazon (Wilson et al., 2016;
Pangala et al., 2017) but were not available for use.

An inversion using only GOSAT data produced a mean
difference between modelled ATTO data and measurements

https://doi.org/10.5194/acp-20-13041-2020

of 42.5nmolmol™! (Fig. 8a and e). This difference can
largely be attributed to modelled boundary conditions that
are consistently elevated throughout the year above the low-
est ATTO data. Introduction of the surface baseline station
of RPB (Fig. 8b and f) improved the boundary condition es-
timation, with the modelled boundary conditions now consis-
tent with ATTO data in most months and lower than ATTO
data in months with significant regional emissions (i.e. times
when ATTO may not be representative of boundary condi-
tions). Despite consistency with boundary conditions, this
setup produced the highest mean difference with ATTO,
67.4nmolmol !, due to large regional emissions being es-
timated. The third case, the setup of our main results, which
allowed for an offset between the GOSAT and RPB measure-
ments to be estimated in the inversion, resulted in the best
fit to ATTO (Fig. 8c and g). The model achieved consistent
boundary conditions and the smallest mean difference with

Atmos. Chem. Phys., 20, 13041-13067, 2020
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ATTO (18.9nmolmol™"). In our inversions from 2010 to
2018, we estimate a mean offset parameter between GOSAT
and RPB data of 22 4 8 nmolmol~!. The numbers presented
for the offsets are a combination of any bias between the data
themselves but also in the model’s interpretation of these
datasets. The model simulates the three-dimensional atmo-
spheric fields necessary to combine these two datasets to-
gether. However, the interpretation of these tests show that
near-surface data that help to constrain boundary conditions
are required because GOSAT data alone do not have enough
resolving power to partition boundary conditions and emis-
sions. An offset parameter should then be included to account
for a combination of any differences between in situ data and
satellite data and any offsets due to the atmospheric model.
When our posterior emissions estimates were scaled to
match previous results derived by Wilson et al. (2016) (but
keeping the posterior boundary conditions fixed from our
main results), a larger offset from ATTO of 45.4nmol mol !

Atmos. Chem. Phys., 20, 13041-13067, 2020

(Fig. 8d and h) again resulted. This test indicates that larger
emissions from the Amazon are inconsistent with ATTO and
its representation by the NAME model.

To assess the possibility of large systematic uncertainties
in NAME, we show a comparison of the validation at ATTO
generated using NAME (as in Fig. 8c) with those gener-
ated using FLEXPART. This comparison is shown in Fig. A5
in the appendix and shows that the posterior emissions and
boundary conditions derived here are consistent with ATTO
across both models. These results provide additional confi-
dence in the magnitude of emissions that we derive.

3.4 Sensitivity studies
3.4.1 Sensitivity to a priori emissions
Sensitivity tests of the effect of different wetland distribu-

tions are shown in Fig. 9. Total emissions do not change
significantly between these sensitivity tests, despite the large

https://doi.org/10.5194/acp-20-13041-2020
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seasonal cycle in the a priori WetCHARTS emissions that is
not reflected in the other wetland distributions. This suggests
that the inversion is well constrained by the atmospheric data
and is not significantly influenced by the prior emissions.
There are small differences in wetland and anthropogenic
partitioning, but emissions are consistent within uncertain-
ties.

In addition to different a priori wetland distributions, sen-
sitivity tests to perturb a priori emissions from each source
sector are shown in Figs. A6, A7 and A8 in the appendix.
The main impact of perturbing a priori emissions from any
source sector comes in the partitioning of total emissions into
the sources, particularly between anthropogenic and wetland
emissions. This is due to a small overlap between anthro-
pogenic and wetland sources (Figs. 2 and 3). However, the
trade-off between these two sectors is smaller than the ini-
tial perturbation to the prior and emissions are still consis-
tent within confidence intervals, suggesting that the sectoral

https://doi.org/10.5194/acp-20-13041-2020

partitioning is robust. The largest sensitivity to the a priori
emissions is shown when doubling a priori biomass burn-
ing emissions (Fig. A8), and the resulting posterior biomass
burning estimate is not consistent within uncertainties to the
unperturbed case. Overall, these tests show that our results
and the associated sectoral partitioning, with the exception
of some influence from the biomass burning prior emissions,
are robust to the a priori emissions used.

3.4.2 Influence of a priori boundary conditions

Results of using a different global model of a priori boundary
conditions are shown in Fig. A9 in the appendix. Due to dif-
ferences in the seasonal cycle when comparing the CAMS
and MOZART boundary conditions in 2014, this analysis
was run for the full 2010-2018 period to provide a longer
comparison. While there is some month-to-month variability,
the overall patterns are consistent between the two inversion
setups, suggesting that the inversion is robust to the a priori

Atmos. Chem. Phys., 20, 13041-13067, 2020
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boundary conditions. As demonstrated in Sect. 3.3, it is im-
portant to include data that can help the inversion constrain
the boundary conditions, through, for example, surface mea-
surements from remote background stations.

3.4.3 Influence of model XCO; on XCHy

We generated 10 variations of the XCH4 dataset used in the
inversion based on different model XCO,. Figure 10 shows
the emissions estimates that result when perturbing XCH4 by
random values of the model XCO; used to generate XCHy
using the CO, proxy method. Because of some differences
in 2014, this analysis was run for the full 2010-2018 period.

Across the 10 variations, mean emissions over 2010—
2018 range from 33.8-34.8 Tgyr~! in total, corresponding
to 19.0-19.4Tgyr~! for anthropogenic, 13.0-13.4Tgyr™!
for wetlands and 1.7-1.8 Tgyr~! for biomass burning. In-
dividual months can exhibit larger ranges in the 10 vari-
ants, in some cases spanning > 10Tgyr—!. The differences
based on model XCO; does not exhibit any particular sea-
sonality. The change between the 2011-2013 and 2014-2018
periods across these 10 inversions produces a range of 5.9—
7.0Tgyr~!. Thus, the increase in emissions is robust to un-
certainties in XCO,.

Atmos. Chem. Phys., 20, 13041-13067, 2020

4 Discussion

We find that Brazil’s emissions increased during 2014-2018
over 20112013 levels by 6.945.3Tgyr™!, and this co-
incides with a large increase in global CHy mole fraction
growth rate in 2014 (Nisbet et al., 2019). The increase in
Brazil’s emissions is primarily driven by anthropogenic and
wetland sources. Brazil’s anthropogenic emissions are dom-
inated by agriculture and mainly cattle, which is likely to be
the main source for the inferred anthropogenic change. How-
ever, we did not have sufficient information with which to
robustly separate total anthropogenic emissions into individ-
ual sub-sectors. Future work should couple measurements of
813C-CH, from Brazil along with campaigns to sample rep-
resentative isotopic source signatures (Ganesan et al., 2018)
to better understand whether changes in these sources are
consistent with isotopic constraints.

The increased wetland emissions that we derive in the
wet season of 2015 primarily originates from the Western
Amazon. Previous studies have found that changes in wet-
land CH4 emissions exhibit complex dynamics during El
Nifio years. Zhang et al. (2018) found through model sim-
ulations that the 2015-2016 El Nifio led to larger instanta-
neous growth in CHy4 emissions than previous El Nifio peri-
ods. This study also showed that there was a large increase in
the Western Amazon due to increased soil respiration from
high soil temperatures, despite a decline in wetland extent

https://doi.org/10.5194/acp-20-13041-2020
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those derived in Wilson et al. (2016).

due to drought. This pattern is consistent with the results
that we have derived from atmospheric data rather than from
model simulations. In contrast to Zhang et al. (2018), who
also found a 2015-2016 El Nifio effect on Western Amazon
emissions, we find that emissions increased during the 2015
wet season rather than the 2016 wet season. We instead show
adecline in 2016 emissions, surface temperature and wetland
extent compared to 2015 levels. This discrepancy in temporal
response from Zhang et al. (2018) suggests that the dynamics
of the wetland response to climatic perturbations may require
further investigation.

Our results show that emissions can be derived for a coun-
try of the size of Brazil from satellite data coupled with high-
resolution atmospheric transport modelling, but careful con-
sideration needs to be paid to the setup of the inversion. Re-
gional inversions use atmospheric data to estimate boundary
conditions and regional emissions. Due to the lower signal-

https://doi.org/10.5194/acp-20-13041-2020

to-noise ratio of GOSAT data (which are sensitive to surface
emissions that are mixed through the entire atmospheric col-
umn) compared to ground-based data (although the reduced
surface sensitivity and precision of satellite data needs to
be weighed against the greater geographical coverage), we
find that additional surface data are required to better con-
strain the boundary conditions. However, we find that when
combining satellite data with calibrated surface data in an
inversion, it is critical to incorporate an offset parameter be-
tween the two datasets in the inversion. The GOSAT product
used here has been previously corrected by 7.7 nmolmol !
as a global average offset to independent ground-based mea-
surements from the Total Carbon Column Observing Net-
work (TCCON) (Wunch et al., 2011). However, large re-
gional variations can still exist (Dils et al., 2014). The es-
timated offset in an inversion is due to biases between the
different datasets as well as their representation by the at-

Atmos. Chem. Phys., 20, 13041-13067, 2020
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Figure 9. Brazil’s CH4 emissions in a sensitivity inversion using perturbed a priori wetland distributions. All other components were held at
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shown in (a, b) as they only vary for these components in this test.

mospheric transport model. Other inversion studies have im-
posed latitude-dependent bias corrections on other GOSAT
data (Bergamaschi et al., 2009; Turner et al., 2015).
Janardanan et al. (2020) estimated Brazil’s CHy emis-
sions using a coupled global Eulerian-Lagrangian model
from 2011-2017 using GOSAT and surface data and find
total emissions to be 56.2Tgyr~! compared with 33.3+
3.7Tgyr~! derived in this study. The difference between
our results can be attributed to the natural wetland emis-
sions estimates for which Janardanan et al. (2020) derive
39.8+12.4Tgyr ! compared to 13.141.9Tgyr~! presented
here. Anthropogenic estimates (excluding biomass burning)
are similar at 16.5Tgyr~! compared with our estimate of
18.8+2.6Tgyr~!. One factor in this difference could be the
differing GOSAT retrieval products used which were derived
using different algorithms (CO; proxy vs. full physics re-
trievals). Another reason for the discrepancy could stem from
Janardanan et al. (2020) not allowing for an offset parameter
between the surface/aircraft and satellite data within their in-
version. In the case where we similarly set up our inversion
to not include an offset parameter (as shown by the ATTO
comparison in Fig. 8b), we also derive larger total emissions

Atmos. Chem. Phys., 20, 13041-13067, 2020

of 51.74+3.5Tgyr™! for 2014. Not allowing for this offset
produces the poorest comparison to the independent ATTO
measurements. However, it is important to note that our vali-
dation is based on only one site because of the availability of
data.

Studies deriving Amazon basin CH4 emissions using air-
craft data from within the Amazon are also higher than our
estimates at 49Tgyr‘1 (Miller et al., 2007; Wilson et al.,
2016). However, these higher estimates, as shown in Fig. 8d,
when simulated with NAME, are less consistent when com-
pared with CH4 mole fractions measured at the ATTO tower.
The wetland results presented here are most consistent with
the lower bound estimates from Saunois et al. (2016) which
range from 23.4-63.7 within Tropical South America. As
discussed in Sect. 3.4.1, neither varying the magnitude of the
prior input for wetlands nor the wetland extent map used sig-
nificantly altered our posterior estimates.

We propose one reason for the difference from aircraft-
based estimates could be that the studies using aircraft data
may not be able to constrain emissions over the whole of
the Amazon basin and furthermore at the country scale,
though our comparison at present has only been validated

https://doi.org/10.5194/acp-20-13041-2020



R. L. Tunnicliffe et al.: CH, emissions from Brazil

(@) Total

70
60
50 -
40
30
20

Total emissions (Tgyr=?)

10 A

S5030vh NSNS I I

A i A Al Al A A aie 2

(© Anthropogenic

N w B
o o o
1 1 1

Total emissions (Tgyr~1)

=
o
1

T T T T T T T T T
10 'LQ
Date

PNGINEINGINE]

O AN AL AP AL 4D A0 A1 AD O
oY '\‘,Lg'\ oY '\,LQ'\-,LQ'\ '\,LQ'\

13055

(b) Wetlands

30 A

25 A

20 A

154

10

5_

1&%@%&3\%0\%0\Dio\%o\%o\jle\%o\/g

Biomass burning

(d)
25 -

20 A
15 1
10 1

5_

NP

T T T T T T T T T T

mo\%o\%c\ko\%o\%0\20\%0\1L03%o\g

Date

Figure 10. Brazil’s CH4 emissions in a sensitivity inversion using 10 variants of GOSAT data generated with different model XCO,. All other
components were held at the original configuration. Each line represents a different inversion run. (a) Total, (b) wetland, (c) anthropogenic
and (d) biomass burning emissions. Prior emissions do not vary in this test.

by one in situ measurement station. Future work should per-
form a detailed comparison between aircraft-derived esti-
mates and those derived from satellites, investigating the in-
version setup and the degree of constraint by the datasets to
understand the reasons for this discrepancy. The main benefit
of using satellite data is in their widespread coverage, which
allows for country-scale emissions to be derived (albeit with
inclusion of calibrated near-surface data in the inversion).

Overall, we derive lower emissions than previous studies.
We show the validation of our results at ATTO using two
models, NAME and FLEXPART. The consistency between
the two models in simulating the magnitude of mole fractions
at ATTO provides some confidence in the lower emissions
we derive over previous studies. In future, performing a full
set of inversion results using a large range of models with
different physical parameterisations could help to quantify
the magnitude of any systematic uncertainties.

5 Conclusions

We estimated Brazil’s CH4 emissions from 2010 to 2018 us-
ing a combination of GOSAT satellite data and surface data

https://doi.org/10.5194/acp-20-13041-2020

from Ragged Point, Barbados. Due to the spatial and tempo-
ral separation in the three main sources of Brazil’s emissions
(anthropogenic, wetland and biomass burning), we were able
to derive emissions estimates by sector.

We find mean emissions from 2010 to 2018 to be 33.6 £
3.6Tgyr~!, corresponding to 19.042.6Tgyr~! from an-
thropogenic, 13.0+£1.9Tgyr™! from wetland and 1.7 +
0.3Tgyr~! from biomass burning. We find a rise of 6.9 +
5.3Tgyr~! occurring between the 2011-2013 and 2014—
2018 periods. Both anthropogenic and wetland sources drive
the increase in emissions over the period. This rise in emis-
sions occurred during a period of accelerated global CHy
growth, suggesting that Brazil’s CHy sources have a signifi-
cant influence on changes in the atmosphere.

We find that wetland emissions from the Western Amazon
increased by 3.7 +£2.7Tgyr~! in the 2015 wet season, at the
start of the 2015-2016 El Nifio, and decreased subsequently
from 2016. We show that the increase is likely to be driven
by increased surface temperatures (and thus respiration rates)
rather than through changes in inundation.

Our study demonstrates that satellite data, with its en-
hanced coverage compared to surface data, can be used to
infer country-scale emissions. This is beneficial for indepen-

Atmos. Chem. Phys., 20, 13041-13067, 2020
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dently comparing top-down estimates with national reports
to the UNFCCC. However, we show that satellite data must
be used in conjunction with calibrated surface data, which
provide critical constraints on boundary conditions in re-
gional inversions. It is also necessary to account for any off-
sets between datasets which can result from either biases be-
tween satellite data and surface data or from the atmospheric
transport model used to simulate these data. Otherwise the
resulting emissions estimates may be biased. Our sensitivity
studies show that our emissions estimates are insensitive to
most inputs, but the largest differences are driven by uncer-
tainties in the model XCO; used to derive XCHy.
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NAME sensitivity (2014)
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Figure Al. Annual mean NAME sensitivity map for GOSAT measurements in nadir mode within the area from 35.8° S to 7.3° N and from
76.0 to 32.8° W over Brazil for 2014.

04/2014

SWAMPS Kaplan © Gumbricht (d) WetCHARTs

0.015 0.030 0.045
CH4 wetland (umolm~2s71)

Figure A2. CHy emissions for each of the four a priori wetland emissions used in the wetland extent sensitivity study. Panels (a)-
(c) SWAMPS, Kaplan and Gumbricht fractional maps are combined with the JULES emissions output. Details of these inversion setups
are described in Table 2. This is shown for April 2014 which is a wet season month with high emissions in the Amazon basin and the
Pantanal region.
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Figure A3. Emissions maps across the 2011-2018 time period grouped into February—April (FMA), May—July (MJJ), August—October
(ASO) and November—January (NDJ). Panels (a)-(d) CHy posterior emissions maps and (e)—(h) difference between the posterior and the a

priori emissions input.
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Figure A4. Modelled mole fractions derived from the posterior emissions estimate compared to measurements from (a) GOSAT and (b) RPB.
The orange line shows posterior boundary conditions and the blue line shows the total modelled mole fraction. Measurements are displayed

as red dots.
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Figure AS. Comparison of modelled and measured mole fractions at ATTO with the same posterior emissions and boundary conditions
convolved with sensitivity maps derived from two different models. (a) NAME model (main results) and (b) FLEXPART model where (¢)—
(d) shows histograms of the difference. Posterior emissions were derived from our inversion setup using both GOSAT and RPB data with an

offset parameter between the two datasets allowed within the inversion.
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Figure A6. Brazil’s CH,4 emissions in a sensitivity inversion using a perturbed a priori wetlands emissions magnitude. All other components
were held at the original configuration. A priori wetland emissions for all of South America were scaled to 32 (low), 44 (mean) or 50 (high)
Tg yr_1 (as defined for Tropical South America in Saunois et al., 2016). (a) Total, (b) wetland, (c) anthropogenic and (d) biomass burning
emissions. Prior emissions are only shown in (a, b) as they only vary for these components in this test.
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Figure A7. Brazil’s CHy emissions in a sensitivity inversion using perturbed a priori anthropogenic emissions. All other components were
held at the original configuration. Anthropogenic emissions for all of South America were doubled from EDGAR. (a) Total, (b) wetland,
(c) anthropogenic and (d) biomass burning emissions. Prior emissions are only shown in (a, ¢) as they only vary for these components in this

test.
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Figure A8. Brazil’s CH4 emissions in a sensitivity inversion using perturbed a priori biomass burning emissions. All other components were
held at the original configuration. Biomass burning emissions for all of South America were doubled from GFED. (a) Total, (b) wetland,
(c) anthropogenic and (d) biomass burning emissions. Prior emissions are only shown in (a, d) as they only vary for these components in this

test.
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Figure A9. Brazil’s CHy emissions in a sensitivity inversion using perturbed a priori boundary conditions from the MOZART model. All
other components were held at the original configuration. (a) Total, (b) wetland, (c¢) anthropogenic and (d) biomass burning emissions.
A priori emissions do not vary in this test.
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XCHy data can be accessed via the Copernicus Climate Data Store
or by contacting Rob Parker. RPB data can be accessed from
https://doi.org/10.3334/CDIAC/ATG.DB1001 (Prinn et al., 2018a)
and by contacting Dickon Young (dickon.young@bristol.ac.uk).
ATTO data can be accessed from https://www.attodata.org/
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(jost.lavric@bgc-jena.mpg.de). The inversion code and NAME
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