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with high potential for mitigation. Here, we leverage the synergy between satellite instruments with different
spatiotemporal coverage and resolution to detect and quantify emissions from individual landfills. We use the
global surveying Tropospheric Monitoring Instrument (TROPOMI) to identify large emission hot spots and then
zoom in with high-resolution target-mode observations from the GHGSat instrument suite to identify the respon-
sible facilities and characterize their emissions. Using this approach, we detect and analyze strongly emitting
landfills (3 to 29 thour™") in Buenos Aires, Delhi, Lahore, and Mumbai. Using TROPOMI data in an inversion, we
find that city-level emissions are 1.4 to 2.6 times larger than reported in commonly used emission inventories and
that the landfills contribute 6 to 50% of those emissions. Our work demonstrates how complementary satellites
enable global detection, identification, and monitoring of methane superemitters at the facility level.

INTRODUCTION

Reducing methane emissions is a priority for curbing climate change
(1-4). With global methane concentrations increasing at record
pace (5), identifying sources with high potential for mitigation is a
crucial first step. A small number of anomalously strong point
sources (“superemitters”) make up a disproportionately large frac-
tion of total emissions and can often be readily mitigated (3, 6, 7).
Satellites have the ability to observe atmospheric methane concen-
trations around the world. They can be used to detect and quantify
strong point sources and characterize emissions at regional and
national scales for comparison with reported emissions (8). Here,
we leverage synergies between satellite instruments with disparate
spatial resolution and coverage to detect strong urban methane hot
spots, identify major sources responsible for the hot spots, and
characterize their facility-level emissions.

Emissions from the oil and gas sector have received considerable
attention (9-15), but there are also major opportunities for emis-
sion mitigation in the waste sector, which accounts for roughly
18% of global anthropogenic emissions (16). Solid waste emissions
are caused by the anaerobic decay of organic material in landfills.
Large historic methane emission reductions reported to the United
Nations Framework on Climate Change (UNFCCC) by Annex-I
countries have been related to landfills. Reported solid waste emis-
sions in the United States fell by 38% between 1990 and 2018, and
emissions in the European Union were nearly halved over the same
time period (17). However, landfilled waste is expected to grow at
more than double the rate of population growth between now and
2050, mainly driven by countries in the tropics (18). As a result,
global municipal solid waste methane emissions could nearly dou-
ble to 60 Tg a~* by 2050 (19). Conversely, these emissions could be
reduced to 11 Tg a~* using technically feasible reduction strategies
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including active landfill covers, energy recovery, and omitting or-
ganic waste from landfills (19, 20). In this study, we use a multisat-
ellite observing framework to identify, characterize, and monitor
four high-emitting landfills across the globe, including the ability to
track emission mitigation measures.

Launched in October 2017, the Tropospheric Monitoring In-
strument (TROPOMI) on the Sentinel-5P satellite provides daily
global coverage of atmospheric methane concentrations at a spatial
resolution of up to 5.5 x 7 km? (21, 22). These data can be used to
detect and quantify large emission events (11, 12) with a detection
threshold of ~5 t hour " under ideal circumstances (8) and regional
emissions (14, 15), but the spatial resolution is insufficient to unam-
biguously pinpoint emissions from all but the strongest and most
isolated methane point sources. Meanwhile, target-mode instru-
ments such as GHGSat-D, GHGSat-C1, and GHGSat-C2 (23, 24)
only observe limited spatial domains (~10 x 15 km?) but do so at
fine pixel resolution of up to approximately 25 x 25 m* (25). When
targeting locations with enhanced methane concentrations detected
by TROPOMI, the GHGSat satellites can be used to identify indi-
vidual sources and quantify their emissions. With its global cover-
age, TROPOMI can therefore guide (“tip and cue”) target-mode
observations and provide a powerful tool to identify strong point
sources when combined with instruments like GHGSat. Because
the GHGSat field of view is similar to the footprint of a single
TROPOMI observation, TROPOMI data from multiple days need
to be analyzed alongside wind information to determine the target
locations with sufficient spatial precision.

RESULTS

We use long-term averages of TROPOMI methane data (22) to
identify locations with persistently enhanced methane concentra-
tions. Some of these locations have been shown to align with areas
of known oil/gas production (10, 26) or coal mining (27), but we
also frequently find large enhancements over urban areas, such as
Buenos Aires (Argentina; Fig. 1A). To identify the best target point
for GHGSat within these (often spread-out) hot spots, we use a

10f8

2202 ‘ST 1sn3ny uo F10°90Ud10s" mMM//:sd1IY WIOI) papeO[UMO(]


mailto:j.d.maasakkers@sron.nl

SCIENCE ADVANCES | RESEARCH ARTICLE

M5

2018-2019 TROPOMI methane
A -t J

35°5
L8 SH.1TW SRATW
1810 1820
Mathane [ppbi

1790 1300 1830 1640 1800 1310 1830

9 June 2019

n L' MW
o Rt
1630

TROPOMI methane {pph)

Rotated TROPOMI mean

UES

=15
-o.5" SEETW

0 10 0 30
Mathana enhancemsant (ppol

1840 1850 1360

Fig. 1. TROPOMI observations over Buenos Aires (Argentina). (A) Mean 2018-2019 TROPOMI methane concentrations oversampled (i.e., accounting for the full foot-
print of the observation) on a 0.01° grid. The Norte Il landfill is indicated by the black cross; also shown are a GHGSat window centered on the TROPOMI-derived target
(thick lines) and the Greater Buenos Aires municipalities [thin lines (60)]. (B) A single TROPOMI overpass on 9 June 2019 exhibiting a methane plume downwind of
Buenos Aires with wind arrows representing ERA5 10-m winds (28). (C) The 2018-2019 wind-rotated average giving a clear (north-oriented) plume signal indicating a

concentrated source.

wind-rotation technique. For a potential target point, we rotate the
data on individual days (e.g., Fig. 1B) based on the wind direction at
10 m from the ERA5 reanalysis meteorological fields (28), such that
the wind vector is always oriented to the north. Where the target
aligns with the methane source, the downwind concentrations are
consistently enhanced compared to those upwind, resulting in a
northward-oriented plume signal in the oversampled average of the
rotated data (Fig. 1C) (29-32). By evaluating wind rotations for a
dense grid of rotation points covering the area of interest, we can
find which rotated average shows the largest downwind enhance-
ment and thus pinpoint the source’s location to within a few kilo-
meters (see Materials and Methods). We apply this wind-rotation
method to 2018-2019 TROPOMI data over Buenos Aires and find
the optimal target (34.53°S, 58.60°W) within 2 km of the Norte III
landfill. We follow the same procedure for Delhi (India), Lahore
(Pakistan), and Mumbai (India), where we also identify landfills as opti-
mal targets for GHGSat observations (see Materials and Methods).

Figure 2 shows a sample of typical methane plumes detected by
GHGSat-C1/C2 from the Norte III (Buenos Aires), Lakhodair (Lahore),
Kanjurmarg (Mumbai), and Ghazipur (Delhi) landfills. Plume shapes
are generally consistent with the wind direction from the GEOS-FP
meteorological reanalysis. To quantify the emissions, we use GEOS-
FP wind speeds (the method is independent of the wind direction)
in an integrated mass enhancement (IME) calculation (33, 34). The
IME method relates source rate Q to the total excess methane mass
in the plume. Previous studies used large-eddy simulations (LESs)
of methane point sources to calibrate the Q = A{IME) relationship.
Here, we perform an area-source calibration that is more appropriate
for application to landfills, where emissions may originate diffusely
from a surface (see Materials and Methods). We estimate mean
methane emission rates between 3 and 29 t hour™" for the four land-
fills [Table 1; full time series including GHGSat-D observations
starting in December 2019 (fig. S8) are shown in fig. S7]. Whenever
there are clear-sky GHGSat-C1/C2 observations over the four sites,
we detect emission plumes. Uncertainty in the estimated emissions
(see Materials and Methods) and uncertainty in wind direction
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increase with decreasing wind speed (35), which can be seen from
the mismatch between plume direction and wind vector for the
16 February 2021 observation of the Ghazipur landfill (Fig. 2D).
The mean emissions that we find for the Ghazipur landfill are with-
in the range of 1.4 to 3.3 t hour™" found for 2015 using emission
models (36).

The fine resolution of GHGSat observations permits attribution
of emissions to different sections of the landfills. While emissions
from the Indian and Pakistani landfills appear widely distributed
across the sites, emissions from the Norte III landfill originate
mainly from the active module on the western side. This part of the
landfill accounts for 87% of the detected emissions shown in Fig. 2
and only has intermediate covering, whereas the older eastern areas
of the landfill were covered and closed in 2014 and 2018 using a
1.2-m cover with an active gas collection system. Emissions origi-
nate specifically from the two active surfaces on the northwest and
southwest of the active module (fig. S11) that receive waste from the
city and province of Buenos Aires, respectively. At the active surfaces,
waste is continuously deposited, and the intermediate cover is relo-
cated because of waste being added. Several vent wells have been
installed as temporary mitigation tools in the active module, but the
active surfaces provide the largest windows for landfill gas to escape.
GHGSat-D observations from February 2020 show isolated plumes
from the individual surfaces on different days (fig. S8). Because of
the complicated nature of methane migration through the landfill,
emissions are difficult to predict, and no measurements are taken
on the ground to characterize them. The GHGSat imagery shown
here demonstrates how satellites can add information at a spatial
scale finer than that of inventory calculations.

Total methane generation reported by the Norte III landfill for
2019 is equivalent to 16.5 t hour ' and is calculated on the basis of
the UNFCCC methodology (37) incorporating landfill-specific in-
formation on the disposed waste, landfill architecture, methane
fraction, and climate. Emissions are calculated per module of the
landfill, and the methane generation estimate does not take into ac-
count the gas extraction for the closed modules, which should
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Fig. 2. Methane plumes observed by GHGSat-C1/C2. (A) Norte Il (Buenos Aires, Argentina), (B) Lakhodair (Lahore, Pakistan), (C) Kanjurmarg (Mumbai, India), and
(D) Ghazipur (Delhi, India) landfills in 2020 and 2021. Concentrations are plotted over aerial imagery. Wind directions are from GEOS-FP (52), and emission quantifications
(Materials and Methods) are shown in the legend. The leftmost plume in (A) is truncated at the edge of the viewing domain and quantified at 19.1 + 6.7 t hour™; the
other plume from the landfill and plume across the river (circumscribed by the white boxes) are quantified at 2.7 + 1.0 and 1.6 + 0.6 t hour™', respectively. The plume
across the river is not incorporated in the estimate of the landfill's total emissions.

Table 1. City-level and facility-level emissions for the four landfills quantified using TROPOMI and GHGSat observations respectively (t hr™").

Buenos Aires Delhi Lahore Mumbai
City-level inventory* 22 28 25 17
City-level TROPOMIt 58 (55-64) 40 (38-45) 50 (47-54) 37 (28-40)
Facility-level GHGSat+ 28.6 (15.8-57.8) 2.6 (1.6-3.8) 6.4 (2.3-16.0) 9.8 (6.1-26.0)
Landfill contribution 50% 6% 13% 26%

*Inventory (bottom-up) estimates are the sum of 2012 oil/gas/coal emissions from Scarpelli et al. (39), other 2015 anthropogenic emissions from EDGAR v5 (40),
and 2017 wetland emissions from WetCHARTS version 1.2.1 (47). Cities are taken as a 0.8° box centered on the population-weighted centroid of the

city. 1TROPOMI-based estimates are the result of an inversion using 2020 data. Ranges give the range of the inversion ensemble (see Materials and
Methods). $+GHGSat estimates are based on the average of IME quantifications using GHGSat-C1/C2 data from 2020 to 2021. Ranges represent the spread of
the individual quantifications. The Buenos Aires estimate includes estimates from the active and closed modules.
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substantially decrease net emissions. Whereas total methane gen-
eration is close to the GHGSat emission estimates (which average
29 thour™ ' but 21 t hour ! excluding the highest quantification as an
outlier), emissions from the active module (which has an extraction
system under construction) are reported at just 4.3 t hour " for 2019.
The GHGSat observations (2020 to 2021) therefore indicate that
emissions from the active surface may be underestimated, while
emissions from the closed modules are much lower and not always
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detected as plumes. On the 2 days where individual closed-module
plumes are detected, they account for only 8 to 13% of total emis-
sions from the landfill. This shows that the covering and extraction
system are largely successful and that emissions from the landfill
could decrease quickly once the active surfaces are closed.

To put these emissions in context, we also quantify emissions
from the surrounding urban areas using 2020 TROPOMI data.
Emissions are estimated using the Weather Research and Forecasting
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chemical transport model [WRF-Chem (38)] at 3-km resolution,
scaling inventory emissions (39-41) in a gridded Bayesian inver-
sion to obtain the best match between simulated concentrations
and TROPOMI observations (see Materials and Methods). The
resulting urban emissions are given in Table 1. We find that com-
monly used emission inventories underestimate Buenos Aires’s
2020 urban emissions by a factor 2.6 and those of the other cities by
factors of 1.4 to 2.2. On the basis of the mean of the GHGSat obser-
vations, the observed landfills are responsible for 6 to 50% of the
city-wide emissions. In Buenos Aires and Mumbai, the individual
landfills account for more than a quarter of total urban emissions.
The Norte III landfill makes up about half of Argentina’s solid waste
emissions (49 t hour™, with 26 t hour™' coming from managed
landfills) reported to the UNFCCC for 2016 (42), which is not un-
expected as the Buenos Aires province houses 40% of Argentina’s
population (43). The Lakhodair landfill alone accounts for 10% of
the 2015 UNFCCC-reported solid waste emissions for Pakistan
(44), despite the Lahore district making up only 5% of the country’s
population (45). This reflects a need to refine the magnitude and
spatial representation of landfill and urban emissions in global in-
ventory databases.

DISCUSSION

The complementarity of TROPOMI and GHGSat provides a power-
ful tool to detect, locate, and quantify emissions from strong methane
point sources around the world. Detections can be used to inform
operators and regulators and promote action on cost-effective
methane emission reduction measures. After identification of the
emitting facility, continued observation allows monitoring of emissions
and evaluation of mitigation measures. The hybrid methodology demon-
strated here can also be applied with the successors of TROPOMI
(e.g., Sentinel-5) and be used to guide target-mode hyperspectral
instruments [e.g., the Precursor and Application Mission (PRISMA)
(12, 46) and the Environmental Mapping and Analysis Program
(EnMAP) (47)] or inspection of imagery from global-surveying
high-resolution multispectral instruments [e.g., Sentinel-2 and
Landsat (26, 48)] and be supplemented with future intermediate-
resolution data from instruments such as MethaneSAT (49). Com-
bining these diverse data streams enables global identification of
strong methane sources followed by facility-level monitoring
necessary to reduce emissions in the short term, improve emission
inventories for climate policy, guide ground-based measurement
campaigns to better understand emissions, and support regulatory
enforcement.

MATERIALS AND METHODS

TROPOMI data and source localization

TROPOMLI is a pushbroom spectrometer that was launched aboard
the Sentinel-5P satellite in October 2017 (21, 22). It retrieves meth-
ane with daily global coverage from the 2305- to 2385-nm short-
wave infrared (SWIR) band and the 757- to 774-nm near-infrared
band with 5.5 x 7 km? resolution at nadir and a swath width of
~2600 km at an overpass time of around 13:30 local time.

We use the TROPOMI methane product described by Lorente et al.
(22) that shows good agreement [—3.4—parts per billion (ppb) average
bias with 5.6-ppb station-to-station variability] with the Total Carbon
Column Observing Network (50). For the source localization and
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the TROPOMI-based emission quantification, we use albedo-bias
corrected data over land, filtered to include only measurements with
the following: methane precision, <10 ppb; SWIR cloud fraction,
<0.02; SWIR aerosol optical depth, <0.13 (0.10 for the inversion);
and SWIR albedo, >0.02.

To identify regions of interest for closer inspection with GHG-
Sat, we oversample 2018-2019 TROPOMI data at 0.01° x 0.01° res-
olution following Zhu et al. (30). In the oversampling approach, the
full spatial footprint of the observation is taken into account by at-
tributing the observed value to grid cells weighted by the spatial
overlap of the observation with those grid cells. For a region to be of
interest, we filter on the basis of the enhancement (defined as the
difference between the TROPOMI retrieval and the a priori column
used in the retrieval), require sufficient coverage at the considered
grid cell and surrounding grid cells to filter anomalous values at the
edges of the TROPOMI coverage, and require limited local correla-
tion with SWIR albedo, SWIR aerosol optical depth, and coverage
(fig. S1). Multiple regions of interest result, related to various emis-
sion sources, but here we focus on the Buenos Aires (Argentina),
Delhi (India), Lahore (Pakistan), and Mumbai (India) urban areas.

After identifying a location of interest, we use a wind-rotation
technique (29, 32) to pinpoint the potential target location with suf-
ficient precision so the source will fall within GHGSat’s ~10 x
15 km® field of view when targeting this location. The rationale be-
hind this method is that simply averaging the TROPOMI data will
result in smearing of signal due to varying wind directions on dif-
ferent days. Rotating TROPOMI methane enhancements around a
source location such that the wind is always pointing north will lead
to aligning plumes on different days. This is the result of downwind
concentrations always being larger than upwind concentrations at a
source location. The rotated 2018-2019 data are then oversampled
at 0.01° resolution, resulting in an average downwind “plume-like”
signal. We perform this wind rotation for a full grid of 13 x 13
points across the region of interest, first distanced at 0.05° (shown
for Buenos Aires in fig. S2) and subsequently at 0.01° (fig. S3) to
determine which location has the largest downwind enhancement
and hence is the most likely location of the source. Wind data come
from a spatial spline interpolation (at the target location) of the
hourly 10-m wind field closest in time to the TROPOMI overpass
from the 0.25° x 0.25° ERAS5 reanalysis product (28).

To analyze which rotated image is centered at the most likely
source location, we compute several metrics based on the oversam-
pled averages (fig. S4). These metrics are the mean enhancement in
a0.25° x 0.05° box downwind of the source, the difference between
that enhancement and the enhancement in the 0.25° x 0.05° box
upwind, and the maximum concentration downwind of the source.
We look at the agreement between these metrics to estimate the most
likely source location, usually best represented by the mean downwind
concentration. For Buenos Aires, the optimized location is 34.53°S,
58.60°W + 0.01°, and all optimized locations are given in table S1.
The reported uncertainty of estimated location is based on the abso-
lute distance between the two most-separated points for which the
metrics peak. Where necessary, locations can be fine-tuned using ex-
ternal information from visual imagery or emission databases to ensure
that the most likely (or maximum number of) emission targets are
within the GHGSat field of view. This is necessary in Lahore, for
example, where there is a large diffuse background emission from
the city. Mean TROPOMI concentrations and rotated averages cen-
tered at the landfills for the three other targets are shown in fig. S5.
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GHGSat data, emission quantification, and uncertainty
GHGSat satellite instruments are wide-angle imaging Fabry-Perot
spectrometers that retrieve atmospheric methane columns by solar
backscatter in the 1630- to 1675-nm SWIR spectral range. The
demonstration instrument GHGSat-D was launched in June 2016
and observes at around 10:00 local time, with a return time of 2 weeks.
It has a targeted field of view of ~10 x 10 km” with an effective pixel
resolution of 50 x 50 m* and is described in detail by Jervis et al.
(23). Follow-up instruments GHGSat-C1 and GHGSat-C2 were
launched in 2020 and 2021 with an improved detection limit, effec-
tive pixel resolution of approximately 25 x 25 m’ and a targeted
field of view greater than ~10 x 15 km? (24). The latest instruments
achieve a median retrieval precision of 1.5% of background across
all scenes and observing conditions. They can detect point sources
down to 100 kg hour ™" as determined using controlled releases (51).

We use the IME method (7, 33, 34) calibrated with LESs to quan-
tify emissions with GHGSat observations. Varon et al. (34) calibrated
IME source-rate retrievals using LESs of methane plumes originat-
ing from point sources. Here, we adopt the same calibration ap-
proach but with a uniform square area source to estimate source
rates for the landfill plumes detected by GHGSat (Fig. 2). The IME
method relates the source rate Q to the total methane mass (IME) of
the plume

U IME

Q =~ (1)

where Ueg = f(Uyg) is an effective wind speed that can be ex-
pressed as a function of the local 10-m wind speed Uy, and L is a
plume length scale commonly defined as the square root of the area
(A) of the detectable plume: L = VA. The plume area is calculated from
a binary plume mask that distinguishes plume pixels from back-
ground pixels. We define the mask in the same way as Varon et al.
(10) did, by applying a threshold to the retrieved columns and
smoothing the resulting mask. We use 10-m wind speeds from
GEOS-FP (52).

Calibrating the IME source-rate retrieval involves characterizing
the effective wind speed for a set of measurement conditions, either
as a function of Uy (34) or based on the shape of the observed
plume (53). Here, we use the former approach and compute source
rates by mapping Ujg as reported in the GEOS-FP meteorological
database to an effective wind speed. We perform five 3-hour-long
simulations of a 275 x 275-m” area source representing the active
surface of a landfill, using a variety of meteorological conditions [a
range of mixed layer depths (500 to 2000 m) and sensible heat fluxes
(100 to 300 W m™2)]. Our model setup uses the WRF v3.8 default
LES case (54, 55) as described by Varon et al. (48), but with an area
source rather than a point source. In the five-simulation ensemble,
each simulation covers 3 hours and a 9 x 9 x 2.4-km’ domain with
25-m horizontal and 15-m vertical resolution. The first hour of each
simulation is used to spin up turbulence, and data from the last
2 hours are used to determine the relationship between Uy and Usg
in the IME method. In parallel, we also use the point-source simu-
lation ensemble from Varon et al. (48).

Drawing snapshots from these two LES ensembles in 30-s inter-
vals, we obtain 1200 samples each of area- and point-source plumes.
We scale the snapshots to reflect random source rates in the range
of 2 to 30 t hour'. We integrate the snapshots vertically and add
synthetic measurement noise drawn from a normal distribution
with mean zero and SD 5% of a 1875-ppb methane background.
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This noise level (retrieval precision) is determined from the GHGSat-D,
GHGSat-C1, and GHGSat-C2 retrieval fields for the four landfills,
as the average SD of nonplume methane enhancements across all
the observed scenes. In this manner, we obtain 2400 GHGSat pseudo-
observations of point-source and area-source plumes. We then
follow the methodology of Varon et al. (34) to derive effective wind
speed functions from the two synthetic plume datasets.

Figure S6 shows the resulting effective wind speed functions for
area sources and point sources. We find that first-degree polynomi-
als capture the dependence well (0.78 < R* < 0.86) in both cases. The
linear fits for the two populations are similar, but the effective wind
speed is generally higher and more variable for area sources than for
point sources. This is because area-source plumes are more diffuse
and tend to have lower enhancements than point-source plumes of
similar source strength. Weaker enhancements for area-source
plumes are counterbalanced by higher effective wind speeds to re-
cover the known Q during calibration, and the reduced signal leads
to higher uncertainty in the effective wind speed needed for each
plume snapshot. Best-fit lines are computed by robust linear regres-
sion, which assigns less weight to outlier points, to mitigate the
impact of marginally detectable LES plumes on the effective wind
speed fit. For the same reason, fig. S6 excludes plumes with IME
below the 10th percentile of each LES ensemble.

Varon et al. (34) found a similar range of effective and 10-m
wind speeds for their LES methane point-source plumes, but a
logarithmic dependence of U on Uy rather than the linear depen-
dence that is shown here. This may be due to differences in spatial
resolution and/or meteorological settings between Varon et al.’s
(34) LES ensemble and the ensembles used here. Source rate esti-
mates using a linear or logarithmic fit are, however, similar for the
range of wind speeds covered by the LES ensembles, where absolute
differences are, on average, less than 6%. Larger deviations can oc-
cur under low (Ujp< 1.5ms™!) and high (Ujp>6m s wind con-
ditions. We use the area-source calibration of fig. S6 to report the
best estimates for the landfill plumes observed by GHGSat (Fig. 2)
and the point-source calibration to estimate error from uncertainty
in the source shape.

We estimate the uncertainty in our retrieved source rates simi-
larly to Varon et al. (10), accounting for wind speed error, model
error in the IME method, and error from measurement noise. We
include an additional error term to account for uncertainty in the
shape and spatial extent of the source. The emissions detected by
GHGSat may originate from a combination of gas extraction wells,
active working faces, gaps in the landfill cover, and other potential
methane sources at the target landfills. The true spatial distribution
of the emissions may therefore be highly complex, but our source
quantification scheme assumes that emissions are distributed uni-
formly across a 275 x 275-m” area. To estimate the resulting error,
for each LES plume, we perform a separate source-rate retrieval
calibrated with our point-source ensemble and compare the implied
emission rate Q, with the result Q, from the area-source retrieval.
We estimate the error from source shape uncertainty as the SD of
the differences between Q, and Q, for each landfill site, which
comes to <15% on average. We also calculated the emissions using
ERAS5 10-m wind fields. We find that there is a 9% low bias when
using ERA5 and GEOS-FP, but the mean absolute relative error be-
tween using ERA5 and GEOS-FP is only 15 + 13%, easily encom-
passed by the mean wind speed error of 52% used in our reported
results. Last, since the measurement noise depends on both target
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scene and satellite instrument, we include an additional error of
10% for using a single U calibration (assuming 5% noise) to re-
trieve source rates for all four scenes and three satellites. The alter-
native would be to use 12 separate calibrations, but we use 1 for
simplicity and because, in practice, the error is small. Our additional
10% error is a conservative estimate from a comparison of Ukt
functions calibrated with 5% versus 20% retrieval precision, which
have a mean absolute difference of 8.7%. Combining all sources of
error in quadrature, we find total uncertainties (1) of 30 to 79% for
landfill emissions quantified with GHGSat.

TROPOMI emission quantification and uncertainty

We use version 4.1 of the WRF model (38) to simulate 240 x
240-km?* domains around the four landfills at 3-km resolution from
1 January 2020 to 1 January 2021. The simulations use meteorolog-
ical fields from the National Centre for Environmental Prediction
(NCEP) (56) and initial and 6-hourly boundary conditions at 0.25° x
0.25° from the Copernicus Atmosphere Monitoring Service (CAMS)
(57). Our simulations use the tropical suite of physics options as
transport configuration and provide hourly output.

We use bottom-up oil/gas/coal emissions for 2012 from
Scarpelli et al. (39), and the remaining anthropogenic emissions are
2015 emissions from EDGAR v5 (40). Wetland emissions (2017)
come from WetCHARTS version 1.2.1 (41) mapped to high-resolution
wetland maps (58). Bottom-up prior emissions for each of the urban
areas are given in table S2.

To estimate mean 2020 emissions, simulation output for that
year is sampled using the TROPOMI averaging kernels at the model
time step closest to the TROPOMI overpass time. To reduce the im-
pact of possible model errors, we aggregate the TROPOMI observa-
tions and their model equivalents to a daily 0.2° x 0.2° grid and use
those aggregated data in a Bayesian inversion to optimize state
vector X

R = xp + SAKT(KSAKT + So)  (y - Kx4) )

~
with posterlor error covariance matrix S

~

S = K'So'K+8,hH 3)

and averaging kernel A giving the sensitivity of the solution to the
true state

A =1-SS,7"! (4)

where x4 is the prior state vector, S, is the prior error covariance
matrix, K is the Jacobian based on our WRF simulations including
the aggregation, So is the observational error covariance matrix, y
contains the aggregated TROPOMI observations, and I is the iden-
tity matrix. The posterior error covariance matrix can be normal-
ized to the posterior error correlation matrix Seor by dividing all
terms by the square root of the associated diagonal terms.

Our 61-element state vector consists of monthly scaling factors
on the CAMS boundary conditions to prevent bias in CAMS from
compromising the inversion results and a 7 x 7 grid to scale the
bottom-up emissions. When reporting results, the city-level emissions
are calculated over 0. 8" x 0. 8" boxes centered on the population-
weighted city centroids.
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The prior error covariance matrix is assumed to be diagonal, and
we assume errors of 50% for the different emissions and 10% for the
CAMS boundary conditions. The observational error covariance is
assumed to be diagonal as well, and the error on individual observa-
tions is estimated as the SD of the prior model-observation mismatch
(17 ppb for Buenos Aires). If n observations fall within one 0.2° x
0.2° grid cell, we apply the central limit theorem (~ 7).

To estimate the uncertainty in our results, we generate an en-
semble of sensitivity inversions by varying inputs and inversion
assumptions. We report the range of these sensitivity inversions
as the uncertainty on our emission estimates. The sensitivity inver-
sions are as follows: (i and ii) increasing and decreasing the prior
errors by a factor of 2; (iii and iv) using WRF model output sampled
at the model time steps before and after the mean overpass time;
(v and vi) performing the optimization with aggregation to 0.15° x
0.15° and 0.4° x 0.4° grid cells; (vii) offsetting both the latitude and
longitude of the aggregation grid by 0.1° (viii) using log-normal prior
errors on the emissions following Maasakkers et al. (59); (ix) using a
1% prior error on the CAMS boundary conditions; (x) only using
TROPOMI data with the highest quality flag (QA = 1); (xi) using the
TROPOMI data without albedo correction; (xii) using the mean
observational error for the aggregated observations instead of fol-
lowing the central limit theorem; and (xiii) optimizing just one
annual CAMS boundary condition scaling factor.

Figure S9 shows the prior and posterior model simulations’” mis-
matches with the TROPOMI observations for 2020 over Buenos
Aires. The prior model shows a large-scale underestimate across the
model domain because of underestimated CAMS boundary condi-
tions. This underestimate is corrected by scaling up the boundary
conditions by, on average, 2.9% in the posterior model (center panel).
Similar corrections (4 to 5% with some seasonality) are found for
the other cities. The resulting posterior emissions, scaling factors,
and the inversion’s averaging kernels for the emission grid are shown
in fig. S10. The averaging kernels of the inversion show where the
TROPOMI observations add information to the prior emissions.
This is mainly the case for the considered urban area, where meth-
ane enhancements are seen in the TROPOMI data. Some bias unre-
lated to local emissions remains in the posterior model-observation
mismatch. The resulting city-level emissions are given in Table 1.

SUPPLEMENTARY MATERIALS

Supplementary material for this article is available at https://science.org/doi/10.1126/
sciadv.abn9683

REFERENCES AND NOTES

1. D.Shindell, J. C. I. Kuylenstierna, E. Vignati, R. van Dingenen, M. Amann, Z. Klimont,
S.C. Anenberg, N. Muller, G. Janssens-Maenhout, F. Raes, J. Schwartz, G. Faluvegi, L. Pozzoli,
K. Kupiainen, L. Hoglund-Isaksson, L. Emberson, D. Streets, V. Ramanathan, K. Hicks,
N.T.K. Oanh, G. Milly, M. Williams, V. Demkine, D. Fowler, Simultaneously mitigating near-term
climate change and improving human health and food security. Science 335, 183-189 (2012).

2. A.Stohl, B. Aamaas, M. Amann, L. H. Baker, N. Bellouin, T. K. Berntsen, O. Boucher,
R. Cherian, W. Collins, N. Daskalakis, M. Dusinska, S. Eckhardt, J. S. Fuglestvedt, M. Harju,
C. Heyes, @. Hodnebrog, J. Hao, U. Im, M. Kanakidou, Z. Klimont, K. Kupiainen, K. S. Law,
M.T. Lund, R. Maas, C. R. MacIntosh, G. Myhre, S. Myriokefalitakis, D. Olivié, J. Quaas,
B. Quennehen, J. C. Raut, S. T. Rumbold, B. H. Samset, M. Schulz, @. Seland, K. P. Shine,
R. B. Skeie, S. Wang, K. E. Yttri, T. Zhu, Evaluating the climate and air quality impacts
of short-lived pollutants. Atmos. Chem. Phys. 15, 10529-10566 (2015).

3. E.G.Nisbet, R.E. Fisher, D. Lowry, J. L. France, G. Allen, S. Bakkaloglu, T. J. Broderick,
M. Cain, M. Coleman, J. Fernandez, G. Forster, P. T. Griffiths, C. P. lverach, B. F. J. Kelly,
M. R. Manning, P. B.R. Nisbet-Jones, J. A. Pyle, A. Townsend-Small, A. al-Shalaan,
N. Warwick, G. Zazzeri, Methane mitigation: Methods to reduce emissions, on the path
to the Paris Agreement. Rev. Geophys. 58, €2019RG000675 (2020).

60f8

2202 ‘ST 1sn3ny uo F10°90Ud10s" mMM//:sd1IY WIOI) papeO[UMO(]


https://science.org/doi/10.1126/sciadv.abn9683
https://science.org/doi/10.1126/sciadv.abn9683

SCIENCE ADVANCES | RESEARCH ARTICLE

4.

20.

21.

Maasakkers et al., Sci. Adv. 8, eabn9683 (2022)

United Nations Environmental Programme, Global methane assessment: Benefits and
costs of mitigating methane emissions (2021); www.unep.org/resources/report/
global-methane-assessment-benefits-and-costs-mitigating-methane-emissions.

. NOAA/GML, NOAA Global Monitoring Laboratory: Trends in Atmospheric Methane

(2021); www.esrl.noaa.gov/gmd/ccgg/trends_ch4/ [accessed 10 April 2021].

. D.Zavala-Araiza, R. A. Alvarez, D. R. Lyon, D. T. Allen, A. J. Marchese, D. J. Zimmerle,

S.P. Hamburg, Super-emitters in natural gas infrastructure are caused by abnormal
process conditions. Nat. Commun. 8, 14012 (2017).

. R.M.Duren, A. K. Thorpe, K. T. Foster, T. Rafig, F. M. Hopkins, V. Yadav, B. D. Bue,

D. R. Thompson, S. Conley, N. K. Colombi, C. Frankenberg, I. B. McCubbin, M. L. Eastwood,
M. Falk, J. D. Herner, B. E. Croes, R. O. Green, C. E. Miller, California’s methane super-
emitters. Nature 575, 180-184 (2019).

. D.J.Jacob, A.J. Turner, J. D. Maasakkers, J. Sheng, K. Sun, X. Liu, K. Chance, I. Aben,

J. McKeever, C. Frankenberg, Satellite observations of atmospheric methane and their
value for quantifying methane emissions. Atmos. Chem. Phys. 16, 14371-14396 (2016).

. R.A.Alvarez, D. Zavala-Araiza, D. R. Lyon, D. T. Allen, Z. R. Barkley, A. R. Brandt, K. J. Davis,

S.C. Herndon, D. J. Jacob, A. Karion, E. A. Kort, B. K. Lamb, T. Lauvaux, J. D. Maasakkers,
A.J. Marchese, M. Omara, S. W. Pacala, J. Peischl, A. L. Robinson, P. B. Shepson,

C. Sweeney, A. Townsend-Small, S. C. Wofsy, S. P. Hamburg, Assessment of methane
emissions from the U.S. oil and gas supply chain. Science 361, 186-188 (2018).

. D.J.Varon, J. McKeever, D. Jervis, J. D. Maasakkers, S. Pandey, S. Houweling, I. Aben,

T. Scarpelli, D. J. Jacob, Satellite discovery of anomalously large methane point sources
from oil/gas production. Geophys. Res. Lett. 46, 13507-13516 (2019).

. S.Pandey, R. Gautam, S. Houweling, H. D. van der Gon, P. Sadavarte, T. Borsdorff,

0. Hasekamp, J. Landgraf, P. Tol, T. van Kempen, R. Hoogeveen, R. van Hees, S. P. Hamburg,
J. D. Maasakkers, I. Aben, Satellite observations reveal extreme methane leakage
from a natural gas well blowout. Proc. Natl. Acad. Sci. U.S.A. 116, 26376-26381 (2019).

. D.H. Cusworth, R. M. Duren, A. K. Thorpe, S. Pandey, J. D. Maasakkers, |. Aben, D. Jervis,

D. J.Varon, D. J. Jacob, C. A. Randles, R. Gautam, M. Omara, G. W. Schade, P. E. Dennison,
C. Frankenberg, D. Gordon, E. Lopinto, C. E. Miller, Multisatellite imaging of a gas well
blowout enables quantification of total methane emissions. Geophys. Res. Lett. 48,
€2020GL090864 (2021).

. J.A.de Gouw, J. P. Veefkind, E. Roosenbrand, B. Dix, J. C. Lin, J. Landgraf, P. F. Levelt, Daily

satellite observations of methane from oil and gas production regions in the United
States. Sci. Rep. 10, 1379 (2020).

. Y.Zhang, R. Gautam, S. Pandey, M. Omara, J. D. Maasakkers, P. Sadavarte, D. Lyon,

H. Nesser, M. P. Sulprizio, D. J. Varon, R. Zhang, S. Houweling, D. Zavala-Araiza,

R. A. Alvarez, A. Lorente, S. P. Hamburg, I. Aben, D. J. Jacob, Quantifying methane
emissions from the largest oil-producing basin in the United States from space. Sci. Adv.
6, €aaz5120 (2020).

. 0. Schneising, M. Buchwitz, M. Reuter, S. Vanselow, H. Bovensmann, J. P. Burrows,

Remote sensing of methane leakage from natural gas and petroleum systems revisited.
Atmos. Chem. Phys. 20, 9169-9182 (2020).

.M. Saunois, A. R. Stavert, B. Poulter, P. Bousquet, J. G. Canadell, R. B. Jackson,

P. A.Raymond, E. J. Dlugokencky, S. Houweling, P. K. Patra, P. Ciais, V. K. Arora,

D. Bastviken, P. Bergamaschi, D. R. Blake, G. Brailsford, L. Bruhwiler, K. M. Carlson,

M. Carrol, S. Castaldi, N. Chandra, C. Crevoisier, P. M. Crill, K. Covey, C. L. Curry, G. Etiope,
C. Frankenberg, N. Gedney, M. |. Hegglin, L. Hoglund-Isaksson, G. Hugelius, M. Ishizawa,
A.Ito, G. Janssens-Maenhout, K. M. Jensen, F. Joos, T. Kleinen, P. B. Krummel,
R.L.Langenfelds, G. G. Laruelle, L. Liu, T. Machida, S. Maksyutov, K. C. McDonald,

J. McNorton, P. A. Miller, J. R. Melton, I. Morino, J. Miiller, F. Murguia-Flores, V. Naik,

Y. Niwa, S. Noce, S. O'Doherty, R. J. Parker, C. Peng, S. Peng, G. P. Peters, C. Prigent,

R. Prinn, M. Ramonet, P. Regnier, W. J. Riley, J. A. Rosentreter, A. Segers, I. J. Simpson,

H. Shi, S. J. Smith, L. P. Steele, B. F. Thornton, H. Tian, Y. Tohjima, F. N. Tubiello, A. Tsuruta,
N. Viovy, A. Voulgarakis, T. S. Weber, M. van Weele, G. R. van der Werf, R. F. Weiss,

D. Worthy, D. Wunch, Y. Yin, Y. Yoshida, W. Zhang, Z. Zhang, Y. Zhao, B. Zheng, Q. Zhu,
Q. Zhu, Q. Zhuang, The global methane budget 2000-2017. Earth Syst. Sci. Data 12,
1561-1623 (2020).

. UNFCCC, United Nations Framework Convention on Climate Change: Greenhouse Gas

Inventory Data (2019); https://unfccc.int/process/transparency-and-reporting/
greenhouse-gas-data/ghg-data-unfccc, obtained from http://di.unfccc.int/detailed_
data_by_party.

. S.Kaza, L. Yao, P. Bhada-Tata, F. Van Woerden, What A Waste 2.0: A Global Snapshot of

Solid Waste Management to 2050 (World Bank Publications, 2018).

. L. Hoglund-Isaksson, A. Gomez-Sanabria, Z. Klimont, P. Rafaj, W. Schépp, Technical

potentials and costs for reducing global anthropogenic methane emissions in the 2050
timeframe —Results from the GAINS model. Environ. Res. Commun. 2, 025004 (2020).

T.B. Thomasen, C. Scheutz, P. Kjeldsen, Treatment of landfill gas with low methane
content by biocover systems. Waste Manag. 84, 29-37 (2019).

J.P.Veefkind, I. Aben, K. McMullan, H. Férster, J. de Vries, G. Otter, J. Claas, H. J. Eskes,

J. F.de Haan, Q. Kleipool, M. van Weele, O. Hasekamp, R. Hoogeveen, J. Landgraf, R. Snel,

10 August 2022

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

P.Tol, P.Ingmann, R. Voors, B. Kruizinga, R. Vink, H. Visser, P. F. Levelt, TROPOMI

on the ESA sentinel-5 precursor: AGMES mission for global observations of the atmospheric
composition for climate, air quality and ozone layer applications. Remote Sens. Environ.
120, 70-83 (2012).

A. Lorente, T. Borsdorff, A. Butz, O. Hasekamp, J. aan de Brugh, A. Schneider, L. Wu,
F.Hase, R. Kivi, D. Wunch, D. F. Pollard, K. Shiomi, N. M. Deutscher, V. A. Velazco,

C. M. Roehl, P. 0. Wennberg, T. Warneke, J. Landgraf, Methane retrieved from TROPOMI:
Improvement of the data product and validation of the first 2 years of measurements.
Atmos. Meas. Tech. 14, 665-684 (2021).

D. Jervis, J. McKeever, B. O. A. Durak, J. J. Sloan, D. Gains, D. J. Varon, A. Ramier,

M. Strupler, E. Tarrant, The GHGSat-D imaging spectrometer. Atmos. Meas. Tech. 14,
2127-2140 (2021).

A.Ramier, H. Deglint, D. Gains, D. Jervis, J. McKeever, W. Shaw, M. Strupler, E. Tarrant, D.J. Varon,
AGU Fall Meeting Abstracts (2020), vol. 2020, pp. A247-03.

M. Ligori, L. Bradbury, R. Spina, R. E. Zee, S. Germain, GHGSat constellation: The future of
monitoring greenhouse gas emissions (Small Satellite Conference; 2019).

I. Irakulis-Loitxate, L. Guanter, J. D. Maasakkers, D. Zavala-Araiza, |. Aben, Satellites detect
abatable super-emissions in one of the world’s largest methane hotspot regions. Environ.
Sci. Technol. 56, 2143-2152 (2022).

P.Sadavarte, S. Pandey, J. D. Maasakkers, A. Lorente, T. Borsdorff, H. Denier van der Gon,
S. Houweling, I. Aben, Methane emissions from superemitting coal mines in Australia
quantified using TROPOMI satellite observations. Environ. Sci. Technol. 55, 16573-16580
(2021).

H. Hersbach, B. Bell, P. Berrisford, S. Hirahara, A. Horanyi, J. Mufioz-Sabater, J. Nicolas,

C. Peubey, R. Radu, D. Schepers, A. Simmons, C. Soci, S. Abdalla, X. Abellan, G. Balsamo,
P. Bechtold, G. Biavati, J. Bidlot, M. Bonavita, G. Chiara, P. Dahlgren, D. Dee,

M. Diamantakis, R. Dragani, J. Flemming, R. Forbes, M. Fuentes, A. Geer, L. Haimberger,
S.Healy, R.J. Hogan, E. H8Im, M. Janiskov4, S. Keeley, P. Laloyaux, P. Lopez, C. Lupu,

G. Radnoti, P. Rosnay, |. Rozum, F. Vamborg, S. Villaume, J. N. Thépaut, The ERA5 global
reanalysis. Q. J. Roy. Meteorol. Soc. 146, 1999-2049 (2020).

M. Pommier, C. A. McLinden, M. Deeter, Relative changes in CO emissions over
megacities based on observations from space. Geophys. Res. Lett. 40, 3766-3771 (2013).
L. Zhu, D. J. Jacob, F. N. Keutsch, L. J. Mickley, R. Scheffe, M. Strum, G. Gonzalez Abad,

K. Chance, K. Yang, B. Rappengliick, D. B. Millet, M. Baasandorj, L. Jaeglé, V. Shah,
Formaldehyde (HCHO) as a hazardous air pollutant: Mapping surface air concentrations
from satellite and inferring cancer risks in the United States. Environ. Sci. Technol. 51,
5650-5657 (2017).

C. A. McLinden, V. Fioletov, M. W. Shephard, N. Krotkov, C. Li, R. V. Martin, M. D. Moran,

J. Joiner, Space-based detection of missing sulfur dioxide sources of global air pollution.
Nat. Geosci. 9, 496-500 (2016).

L. Clarisse, M. V. Damme, C. Clerbaux, P.-F. Coheur, Tracking down global point sources
with wind-adjusted superresolution. Atmos. Meas. Tech. 12, 5457-5473 (2019).

C. Frankenberg, D. R. Thompson, G. Hulley, E. A. Kort, N. Vance, J. Borchardt, T. Krings,

K. Gerilowski, C. Sweeney, S. Conley, B. D. Bue, A. D. Aubrey, S. Hook, R. O. Green, Airborne
methane remote measurements reveal heavy-tail flux distribution in Four Corners
region. Proc. Natl. Acad. Sci. U.S.A. 113, 9734-9739 (2016).

D. J.Varon, D.J. Jacob, J. McKeever, D. Jervis, B. O. A. Durak, Y. Xia, Y. Huang, Quantifying
methane point sources from fine-scale satellite observations of atmospheric methane
plumes. Atmos. Meas. Tech. 11, 5673-5686 (2018).

D. J.Varon, D.J. Jacob, D. Jervis, J. McKeever, Quantifying time-averaged methane
emissions from individual coal mine vents with GHGSat-D satellite observations. Environ.
Sci. Technol. 54, 10246-10253 (2020).

P. Ghosh, G. Shah, R. Chandra, S. Sahota, H. Kumar, V. K. Vijay, I. S. Thakur, Assessment

of methane emissions and energy recovery potential from the municipal solid. Bioresour.
Technol. 272,611-615 (2019).

H. Eggleston, L. Buendia, K. Miwa, T. Ngara, K. Tanabe, 2006 IPCC guidelines for national
greenhouse gas inventories (Institute for Global Environmental Strategies, 2006).

J. G. Powers, J. B. Klemp, W. C. Skamarock, C. A. Davis, J. Dudhia, D. O. Gill, J. L. Coen,

D. J. Gochis, R. Ahmadov, S. E. Peckham, G. A. Grell, J. Michalakes, S. Trahan,

S. G. Benjamin, C. R. Alexander, G. J. Dimego, W. Wang, C. S. Schwartz, G. S. Romine, Z. Liu,
C. Snyder, F. Chen, M. J. Barlage, W. Yu, M. G. Duda, The weather research and forecasting
model: Overview, system efforts, and future directions. Bull. Am. Meteorol. Soc. 98,
1717-1737 (2017).

T.R. Scarpelli, D. J. Jacob, J. D. Maasakkers, M. P. Sulprizio, J. X. Sheng, K. Rose, L. Romeo,
J.R. Worden, G. Janssens-Maenhout, A global gridded (0.1°x0.1°) inventory of methane
emissions from oil, gas, and coal exploitation based on national reports to the United
Nations Framework Convention on Climate Change. Earth Syst. Sci. Data 12, 563-575
(2020).

M. Crippa, E. Solazzo, G. Huang, D. Guizzardi, E. Koffi, M. Muntean, C. Schieberle,

R. Friedrich, G. Janssens-Maenhout, High resolution temporal profiles in the Emissions
Database for Global Atmospheric Research. Sci. data 7, 121 (2020).

70of 8

2202 ‘ST 1sn3ny uo F10°90Ud10s" mMM//:sd1IY WIOI) papeO[UMO(]


http://www.unep.org/resources/report/global-methane-assessment-benefits-and-costs-mitigating-methane-emissions
http://www.unep.org/resources/report/global-methane-assessment-benefits-and-costs-mitigating-methane-emissions
http://www.esrl.noaa.gov/gmd/ccgg/trends_ch4/
https://unfccc.int/process/transparency-and-reporting/greenhouse-gas-data/ghg-data-unfccc
https://unfccc.int/process/transparency-and-reporting/greenhouse-gas-data/ghg-data-unfccc
http://di.unfccc.int/detailed_data_by_party
http://di.unfccc.int/detailed_data_by_party

SCIENCE ADVANCES | RESEARCH ARTICLE

41. A.A.Bloom, K. W.Bowman, M. Lee, A. J. Turner, R. Schroeder, J. R. Worden, R. Weidner,

K. C. McDonald, D. J. Jacob, A global wetland methane emissions and uncertainty dataset
for atmospheric chemical transport models (WetCHARTSs version 1.0). Geosci. Model Dev.
10,2141-2156 (2017).

42. Secretariia de Ambiente y Desarrollo Sustentable Republica Argentina, Tercer informe
bienal de actualizacion de la republica argentina a la convencién marco de las naciones
unidas sobre el cambio climatico (2019); https://unfccc.int/documents/201965.

43. |.N.de Estadistica y Censos, Censo nacional de poblacon, hogares y viviendas 2010
(2012); https://www.indec.gob.ar/ftp/cuadros/poblacion/censo2010_tomo2.pdf
[accessed 10 April 2021].

44. Government of Pakistan Ministry of Climate Change, Pakistan’s second national
communication on climate change (2019); https://unfccc.int/documents/199292.

45. P.B. of Statistics, Block wise provisional summary results of 6th population & housing
census-2017. Pakistan Bureau of Statistics, Pakistan national census report 2017 (2021);
https://www.pbs.gov.pk/sites/default/files/population/census_reports/ncr_pakistan.pdf.

46. R.Loizzo, R. Guarini, F. Longo, T. Scopa, R. Formaro, C. Facchinetti, G. N. Varacalli, Prisma:
The Italian Hyperspectral Mission, IGARSS 2018-2018 IEEE International Geoscience and
Remote Sensing Symposium (IEEE, 2018) pp. 175-178.

47. L.Guanter, H. Kaufmann, K. Segl, S. Foerster, C. Rogass, S. Chabirillat, T. Kuester, A. Hollstein,
G. Rossner, C. Chlebek, C. Straif, S. Fischer, S. Schrader, T. Storch, U. Heiden, A. Mueller,

M. Bachmann, H. Muhle, R. Miiller, M. Habermeyer, A. Ohndorf, J. Hill, H. Buddenbaum,
P.Hostert, S. van der Linden, P. Leitao, A. Rabe, R. Doerffer, H. Krasemann, H. Xi, W. Mauser,
T. Hank, M. Locherer, M. Rast, K. Staenz, B. Sang, The EnMAP spaceborne imaging
spectroscopy mission for earth observation. Remote Sens. (Basel) 7, 8830-8857 (2015).

48. D.J.Varon, D. Jervis, J. McKeever, |. Spence, D. Gains, D. J. Jacob, High-frequency
monitoring of anomalous methane point sources with multispectral Sentinel-2 satellite
observations. Atmos. Meas. Tech. 14, 2771-2785 (2021).

49. S.C.Wofsy, S. Hamburg, AGU Fall Meeting Abstracts (AGU, 2019), vol. 2019, pp. A53F-02.

50. D.Wunch, G.C.Toon, J.-F. L. Blavier, R. A. Washenfelder, J. Notholt, B. J. Connor,

D. W.T. Griffith, V. Sherlock, P. O. Wennberg, The total carbon column observing network.
Philos. Trans. Royal Soc. A 369, 2087-2112 (2011).

51. J.-P.MacLean, D. Jervis, J. M. Keever, A. Ramier, M. Strupler, E. Tarrant, D. Young, AGU Fall
Meeting Abstracts (AGU, 2021), vol. 2021, pp. A54F-01.

52. A.Molod, L. Takacs, M. Suarez, J. Bacmeister, |.-S. Song, A. Eichmann, The GEOS-5
atmospheric general circulation model: Mean climate and development from MERRA to
Fortuna (NASA Tech. Memo., 2012).

53. S.Jongaramrungruang, C. Frankenberg, G. Matheou, A. K. Thorpe, D. R. Thompson,

L. Kuai, R. M. Duren, Towards accurate methane point-source quantification from high-
resolution 2-D plume imagery. Atmos. Meas. Tech. 12, 6667-6681 (2019).

54. N.C. for Atmospheric Research, WRF User Guide, version 3.8 (2018); https://www2.mmm.
ucar.edu/wrf/users/docs/user_guide_V3/user_guide_V3.8/contents.html [accessed 30
March 2022].

55. C.-H.Moeng, J. Dudhia, J. Klemp, P. Sullivan, Examining two-way grid nesting for large eddy
simulation of the PBL using the WRF model. Mon. Weather Rev. 135, 2295-2311 (2007).

56. N.C.for Environmental Prediction, NCEP FNL Operational Model Global Tropospheric
Analyses (2000); https://doi.org/10.5065/D6M043C6.

57. E.N.Koffi, P. Bergamaschi, Evaluation of copernicus atmosphere monitoring service methane
products, Tech. Rep. EUR 29349 EN, European Commission Joint Research Centre (2018).

Maasakkers et al., Sci. Adv. 8, eabn9683 (2022) 10 August 2022

58. T.Gumbricht, R. M. Roman-Cuesta, L. V. Verchot, M. Herold, F. Wittmann, E. Householder,
N. Herold, D. Murdiyarso, Tropical and Subtropical Wetlands Distribution version 2
(2017).

59. J.D.Maasakkers, D. J. Jacob, M. P. Sulprizio, T. R. Scarpelli, H. Nesser, J. X. Sheng, Y. Zhang,
M. Hersher, A. A. Bloom, K. W. Bowman, J. R. Worden, G. Janssens-Maenhout, R. J. Parker,
Global distribution of methane emissions, emission trends, and OH concentrations
and trends inferred from an inversion of GOSAT satellite data for 2010-2015. Atmos.
Chem. Phys. 19, 7859-7881 (2019).

60. GADM, Global Administrative Areas, GADM database of Global Administrative Areas,
version 4.0.4 (2022); https://gadm.org [accessed 30 March 2022].

Acknowledgments: We thank the team that realized the TROPOMI instrument and its data
products, consisting of the partnership between Airbus Defence and Space Netherlands,
KNMI, SRON, and TNO, commissioned by NSO and ESA. Sentinel-5 Precursor is part of the EU
Copernicus program, and Copernicus (modified) Sentinel-5P data (2018-2020) have been
used. Part of this work was carried out on the Dutch national e-infrastructure with the support
of SURF Cooperative. We thank R. M. Pontiggia and J. L. Blanco from the Innovation team at
Benito Roggio Ambiental S.A. for providing information on the Buenos Aires landfill. Part of
the work by L.R.F. and B.J.S. was done in the scope of their M.Sc. program at Delft University of
Technology. Funding: G.M. was funded by the ESA Earthnet Data Assessment Pilot (EDAP).
AL, T.B,P.T, and T.A.v.K. are funded by the TROPOMI national program from the NSO. S.P. is
funded through the GALES project (#15597) by the Dutch Technology Foundation STW, which
is part of the Netherlands Organization for Scientific Research (NWO), and is partly funded by
the Ministry of Economic Affairs. A.E. was funded by the Harvard University Alex G. Booth
Fellowship. Author contributions: J.D.M. and |.A. designed the study. J.D.M. led the TROPOMI
analysis and performed the TROPOMI inversions. D.J.V. designed and performed the GHGSat
quantifications. A.E., G.M.,, L.R.F., and B.J.S. developed and contributed to the TROPOMI
wind-rotation analysis. S.P. supported the TROPOMI inversion. J.M. and D.J. provided the
GHGSat data and supported the GHGSat analysis. A.L, T.B., P.T, T Av.K, and R.v.H. provided
the TROPOMI methane data and support. J.D.M., D.J.V., and |.A. wrote the manuscript with
input from all coauthors. Competing interests: The authors declare that they have no
competing interests. Data and materials availability: All data needed to evaluate the
conclusions in the paper are present in the paper and/or the Supplementary Materials.
TROPOMI data are available at https:/ftp.sron.nl/open-access-data-2/TROPOMI/tropomi/
ch4/14_14_Lorente_et_al_2020_AMTD/. GHGSat-D/C1/C2 methane plume data are available
at https://doi.org/10.7910/DVN/YYOLN9. The WRF-Chem model code can be downloaded at
https://ruc.noaa.gov/wrf/wrf-chem/. GEOS-FP wind data can be downloaded at gmao.gsfc.
nasa.gov/GMAO_products. ERA5 wind data are available at https://cds.climate.copernicus.eu.
The NCEP meteorology is available at https://rda.ucar.edu/datasets/ds094.0/. The CAMS boundary
conditions are available at https://apps.ecmwf.int/datasets/data/cams-nrealtime/levtype=pl/.
EDGAR v5.0 emissions are available at edgar.jrc.ec.europa.eu/overview.php?v=50_GHG,
Scarpelli et al’s (39) emissions can be retrieved from https://doi.org/10.7910/DVN/HH4EUM,
and WetCHARTSs emissions are available at https://daac.ornl.gov/cgi-bin/dsviewer.pl?ds_id=1502.

Submitted 4 January 2022
Accepted 27 June 2022
Published 10 August 2022
10.1126/sciadv.abn9683

80of8

2202 ‘ST 1sn3ny uo F10°90Ud10s" mMM//:sd1IY WIOI) papeO[UMO(]


https://unfccc.int/documents/201965
https://www.indec.gob.ar/ftp/cuadros/poblacion/censo2010_tomo2.pdf
https://unfccc.int/documents/199292
https://www.pbs.gov.pk/sites/default/files/population/census_reports/ncr_pakistan.pdf
https://www2.mmm.ucar.edu/wrf/users/docs/user_guide_V3/user_guide_V3.8/contents.html
https://www2.mmm.ucar.edu/wrf/users/docs/user_guide_V3/user_guide_V3.8/contents.html
http://dx.doi.org/10.5065/D6M043C6
https://gadm.org
https://ftp.sron.nl/open-access-data-2/TROPOMI/tropomi/ch4/14_14_Lorente_et_al_2020_AMTD/
https://ftp.sron.nl/open-access-data-2/TROPOMI/tropomi/ch4/14_14_Lorente_et_al_2020_AMTD/
https://doi.org/10.7910/DVN/YYOLN9
https://ruc.noaa.gov/wrf/wrf-chem/
http://gmao.gsfc.nasa.gov/GMAO_products
http://gmao.gsfc.nasa.gov/GMAO_products
https://cds.climate.copernicus.eu
https://rda.ucar.edu/datasets/ds094.0/
https://apps.ecmwf.int/datasets/data/cams-nrealtime/levtype=pl/
http://edgar.jrc.ec.europa.eu/overview.php?v=50_GHG
https://doi.org/10.7910/DVN/HH4EUM
https://daac.ornl.gov/cgi-bin/dsviewer.pl?ds_id=1502

Science Advances

Using satellites to uncover large methane emissions from landfills

Joannes D. MaasakkersDaniel J. VaronAldis Elfarsdottirdason McKeeverDylan JervisGourav MahapatraSudhanshu
PandeyAlba LorenteTobias BorsdorffLodewijck R. FoorthuisBerend J. SchuitPaul TolTim A. van KempenRichard van
Heesllse Aben

Sci. Adv., 8 (31), eabn9683. « DOI: 10.1126/sciadv.abn9683

View the article online

https://www.science.org/doi/10.1126/sciadv.abn9683
Permissions

https://www.science.org/help/reprints-and-permissions

Use of this article is subject to the Terms of service

Science Advances (ISSN ) is published by the American Association for the Advancement of Science. 1200 New York Avenue NW,
Washington, DC 20005. The title Science Advances is a registered trademark of AAAS.

Copyright © 2022 The Authors, some rights reserved; exclusive licensee American Association for the Advancement of Science. No claim
to original U.S. Government Works. Distributed under a Creative Commons Attribution License 4.0 (CC BY).

2202 ‘ST 1sn3ny uo F10°90Ud10s" mMM//:sd1IY WIOI) papeO[UMO(]


https://www.science.org/about/terms-service

