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S1 Prior bottom-up emissions

Global anthropogenic emissions from the fuel exploitation, waste treatment, residential
combustion, transportation and industry are obtained from the monthly Emissions Database for
Global Atmospheric Research (EDGAR) v8 (Crippa et al., 2024) at 0.1° x 0.1° resolution,
superseded with the global livestock emissions from EDGAR v7 (Crippa et al., 2022) due to
unexplained hotspots in that from EDGAR v8 (Hancock et al., 2026), the Global Fuel
Exploitation Inventory (GFEI) v3 for oil, gas, and coal emissions (Scarpelli et al., 2025) at

0.1° x 0.1° resolution, and the Global Rice Paddy Inventory (GRPI) for monthly rice emissions
(Chen et al., 2025) at 0.1° x 0.1" resolution, and with regional emission inventories of the U.S.
Environmental Protection Agency (EPA) Inventory of U.S. Greenhouse Gas Emissions and
Sinks (GHGI) version 2.0 Express Extension for the contiguous US (Maasakkers et al., 2023),
and those for Mexico (Scarpelli et al., 2020) and Canada (Scarpelli et al., 2021) at 0.1° x 0.1°
resolution. We use the monthly prior wetland emissions at global 0.5° X 0.5° resolution
generated from the process-based Lund—Potsdam—Jena Wald Schnee und Landschaft (LPJ)
dynamic global vegetation model (Zhang et al., 2016) driven by assimilated meteorological data
from the Modern-Era Retrospective analysis for Research and Applications Version 2 (MERRA-
2; https://gmao.gsfc.nasa.gov/gmao-products/merra-2/, last access: 20 April 2026) (LPJ-

MERRAZ2) as it was shown to better capture the methane seasonality in the northern hemisphere
(East et al., 2024). Other minor emissions include monthly biomass burning emissions from
GFED v4.1s (Giglio et al., 2013) at 0.25" x 0.25" resolution, geological seeps (Etiope et al.,
2019; Hmiel et al., 2020) at 1° x 1° resolution, hydroelectric reservoirs (Delwiche et al., 2022) at
0.1 x 0.1° resolution, termites (Fung et al., 1991) at 4° X 5° resolution, and soil uptake
estimated from the process-based Methanotrophy Model (MeMo) v1.0 (Murguia-Flores et al.,

2018) at 1° x 1° resolution.
S2 The Tropospheric Monitoring Instrument (TROPOMI) methane observations

The Tropospheric Monitoring Instrument (TROPOMI) aboard the European Sentinel-5 Precursor
(S5P) satellite with local solar overpass time of 13:30 retrieves the dry column mixing ratio of

methane (Xcy,) at 5.5 X 7 km? nadir resolution from solar backscatter radiance measurements in

the 2.3 um methane absorption band (Hu et al., 2018).


https://gmao.gsfc.nasa.gov/gmao-products/merra-2/
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We use a blended satellite product leveraging the fine spatial resolution of TROPOMI corrected
with more accurate but sparser retrievals from the Greenhouse gases Observing SATellite

(GOSAT) instrument with reduced retrieval biases of Xy, than the standard TROPOMI product
(Balasus et al., 2023).

Figure S1 shows the observation count and super-observations of Xy, from the blended

TROPOMI product with the mean observation count of 87 and X¢y, of 1866 ppbv over the

Permian in May 2024.
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Figure S1. The spatial distribution of the observed dry column mixing ratio of methane (Xcy,)
from the blended TROPOMI product (left) and the observation count per simulation grid box
(right) over the Permian in May 2024. The inset value at the bottom right is area-weighted mean

(AWM) and the 5" and 95" percentiles in the square bracket.
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Figure S2. Optimization of the number of state vector elements per perturbation run (Jacobian
tracers). a) Estimated total computational cost as a function of the number of Jacobian tracers
with the number of state vector elements for all target faces as shown in Figure 1. b)
Decomposition of the wall time per perturbation run per month with varying number of Jacobian
tracers at C36S10 resolution. The performance tests were conducted with 48 cores per node with

shared partition on the local server Cannon at Harvard. Note that the 1-month perturbation run
was using the MERRA-2 meteorological inputs at 0.5 % 0.625 resolution instead of GEOS-FP

meteorological inputs at 0.2 5 x 0.3125 resolution, which would result in shorter wall time on

input.
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Figure S3. Cumulative fraction of total prior emissions (Estrada et al., 2025) versus the emission

flux at 0.25° x 0.3125° resolution.

References

Balasus, N., Jacob, D. J., Lorente, A., Maasakkers, J. D., Parker, R. J., Boesch, H., Chen, Z.,
Kelp, M. M., Nesser, H., and Varon, D. J.: A blended TROPOMI+GOSAT satellite data product
for atmospheric methane using machine learning to correct retrieval biases, Atmos. Meas. Tech.,

16, 3787-3807, https://doi.org/10.5194/amt-16-3787-2023, 2023.

Chen, Z., Lin, H., Balasus, N., Hardy, A., East, J. D., Zhang, Y., Runkle, B. R. K., Hancock, S.
E., Taylor, C. A., Du, X., Sander, B. O., and Jacob, D. J.: Global Rice Paddy Inventory (GRPI):
A High-Resolution Inventory of Methane Emissions From Rice Agriculture Based on Landsat
Satellite Inundation Data, Earth’s Future, 13, €2024EF005479,
https://doi.org/10.1029/2024EF005479, 2025.

Crippa, M., Guizzardi, D., Banja, M., Solazzo, E., Muntean, M., Schaaf, E., Pagani, F.,



80
81
82
83

84
85
86
87
88

&9
90
91
92

93
94
95
96

97
98
99
100
101
102
103

104
105
106

107
108

Monforti-Ferrario, F., Olivier, J., Quadrelli, R., Risquez Martin, A., Taghavi-Moharamli, P.,
Grassi, G., Rossi, S., Jacome Felix Oom, D., Branco, A., San-Miguel-Ayanz, J., and Vignati, E.:
CO2 emissions of all world countries - JRC/IEA/PBL 2022 Report, Publications Office of the
European Union, Luxembourg, https://doi.org/10.2760/730164, 2022.

Crippa, M., Guizzardi, D., Pagani, F., Schiavina, M., Melchiorri, M., Pisoni, E., Graziosi, F.,
Muntean, M., Maes, J., Dijkstra, L., Van Damme, M., Clarisse, L., and Coheur, P.: Insights into
the spatial distribution of global, national, and subnational greenhouse gas emissions in the
Emissions Database for Global Atmospheric Research (EDGAR v8.0), Earth Syst. Sci. Data, 16,
2811-2830, https://doi.org/10.5194/essd-16-2811-2024, 2024.

Delwiche, K. B., Harrison, J. A., Maasakkers, J. D., Sulprizio, M. P., Worden, J., Jacob, D. J.,
and Sunderland, E. M.: Estimating Drivers and Pathways for Hydroelectric Reservoir Methane
Emissions Using a New Mechanistic Model, Journal of Geophysical Research: Biogeosciences,

127, €2022JG006908, https://doi.org/10.1029/2022JG006908, 2022.

East, J. D., Jacob, D. J., Balasus, N., Bloom, A. A., Bruhwiler, L., Chen, Z., Kaplan, J. O.,
Mickley, L. J., Mooring, T. A., Penn, E., Poulter, B., Sulprizio, M. P., Worden, J. R., Yantosca,

R. M., and Zhang, Z.: Interpreting the Seasonality of Atmospheric Methane, Geophysical
Research Letters, 51, €2024GL108494, https://doi.org/10.1029/2024GL 108494, 2024.

Estrada, L. A., Varon, D. J., Sulprizio, M., Nesser, H., Chen, Z., Balasus, N., Hancock, S. E., He,
M., East, J. D., Mooring, T. A., Oort Alonso, A., Maasakkers, J. D., Aben, L., Baray, S.,
Bowman, K. W., Worden, J. R., Cardoso-Saldafia, F. J., Reidy, E., and Jacob, D. J.: Integrated
Methane Inversion (IMI) 2.0: an improved research and stakeholder tool for monitoring total
methane emissions with high resolution worldwide using TROPOMI satellite observations,
Geoscientific Model Development, 18, 3311-3330, https://doi.org/10.5194/gmd-18-3311-2025,
2025.

Etiope, G., Ciotoli, G., Schwietzke, S., and Schoell, M.: Gridded maps of geological methane
emissions and their isotopic signature, Earth Syst. Sci. Data, 11, 1-22,

https://doi.org/10.5194/essd-11-1-2019, 2019.

Fung, 1., John, J., Lerner, J., Matthews, E., Prather, M., Steele, L. P., and Fraser, P. J.: Three-

dimensional model synthesis of the global methane cycle, Journal of Geophysical Research:



109

110
111
112

113
114
115
116
117

118
119
120
121
122

123
124
125
126

127
128
129
130

131
132
133
134

135
136

Atmospheres, 96, 13033-13065, https://doi.org/10.1029/91JD01247, 1991.

Giglio, L., Randerson, J. T., and van der Werf, G. R.: Analysis of daily, monthly, and annual
burned area using the fourth-generation global fire emissions database (GFED4), Journal of

Geophysical Research: Biogeosciences, 118, 317-328, https://doi.org/10.1002/jgrg.20042, 2013.

Hancock, S. E., Jacob, D. J., Jimenez, R., Ardila, A., Morales-Rincon, L., Rojas, N., Estrada, L.
A., Balasus, N., East, J. D., Sulprizio, M. P., Wang, X., France, J. L., Potyk, L., Penn, E., Chen,
Z., Varon, D. J., Frankenberg, C., Baranski, M., Calcan, A., and Parker, R. J.: Applying Satellite
Observations to Improve Bottom-Up National Emission Inventories for Methane: Application to

Colombia, https://doi.org/10.5194/egusphere-2025-5478, 2026.

Hmiel, B., Petrenko, V. V., Dyonisius, M. N., Buizert, C., Smith, A. M., Place, P. F., Harth, C.,
Beaudette, R., Hua, Q., Yang, B., Vimont, L., Michel, S. E., Severinghaus, J. P., Etheridge, D.,
Bromley, T., Schmitt, J., Fain, X., Weiss, R. F., and Dlugokencky, E.: Preindustrial 14CH4
indicates greater anthropogenic fossil CH4 emissions, Nature, 578, 409412,
https://doi.org/10.1038/s41586-020-1991-8, 2020.

Hu, H., Landgraf, J., Detmers, R., Borsdorff, T., Aan de Brugh, J., Aben, 1., Butz, A., and
Hasekamp, O.: Toward Global Mapping of Methane With TROPOMI: First Results and
Intersatellite Comparison to GOSAT, Geophysical Research Letters, 45, 3682-3689,
https://doi.org/10.1002/2018GL077259, 2018.

Maasakkers, J. D., McDulffie, E. E., Sulprizio, M. P., Chen, C., Schultz, M., Brunelle, L., Thrush,
R., Steller, J., Sherry, C., Jacob, D. J., Jeong, S., Irving, B., and Weitz, M.: A Gridded Inventory
of Annual 2012-2018 U.S. Anthropogenic Methane Emissions, Environ. Sci. Technol., 57,
16276-16288, https://doi.org/10.1021/acs.est.3c05138, 2023.

Murguia-Flores, F., Arndt, S., Ganesan, A. L., Murray-Tortarolo, G., and Hornibrook, E. R. C.:
Soil Methanotrophy Model (MeMo v1.0): a process-based model to quantify global uptake of
atmospheric methane by soil, Geosci. Model Dev., 11, 2009-2032, https://doi.org/10.5194/gmd-
11-2009-2018, 2018.

Scarpelli, T. R., Jacob, D. J., Octaviano Villasana, C. A., Ramirez Hernandez, 1. F., Cardenas
Moreno, P. R., Cortés Alfaro, E. A., Garcia Garcia, M. A., and Zavala-Araiza, D.: A gridded



137
138
139

140
141
142

143
144
145
146

147
148
149
150

151

inventory of anthropogenic methane emissions from Mexico based on Mexico’s national
inventory of greenhouse gases and compounds, Environmental Research Letters, 15, 105015,

https://doi.org/10.1088/1748-9326/abb42b, 2020.

Scarpelli, T. R., Jacob, D. J., Moran, M., Reuland, F., and Gordon, D.: A gridded inventory of
Canada’s anthropogenic methane emissions, Environmental Research Letters, 17, 014007,

https://doi.org/10.1088/1748-9326/ac40b1, 2021.

Scarpelli, T. R., Roy, E., Jacob, D. J., Sulprizio, M. P., Tate, R. D., and Cusworth, D. H.: Using
new geospatial data and 2020 fossil fuel methane emissions for the Global Fuel Exploitation
Inventory (GFEI) v3, Earth Syst. Sci. Data, 17, 7019—7033, https://doi.org/10.5194/essd-17-
7019-2025, 2025.

Zhang, Z., Zimmermann, N. E., Kaplan, J. O., and Poulter, B.: Modeling spatiotemporal
dynamics of global wetlands: comprehensive evaluation of a new sub-grid TOPMODEL
parameterization and uncertainties, Biogeosciences, 13, 1387—1408, https://doi.org/10.5194/bg-
13-1387-2016, 2016.



