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Abstract.  

Countries report inventories of methane emissions under the Paris Agreement to the United Nations Framework 

Convention on Climate Change (UNFCCC), but these estimates can have large uncertainties in activity data and 25 

emission factors. Top-down information from inversion of satellite observations can provide constraints to improve 

these estimates, but has been limited by coarse resolution and the quality of bottom-up inventories used both as prior 

estimates and to attribute inversion results to specific sectors. Here, we address these issues through partnership 

between bottom-up and top-down methods to quantify 2023 emissions in Colombia. We use satellite observations 

from TROPOMI and point source imagers (GHGSat, EMIT, aircraft AVIRIS-NG) in an analytical Bayesian inversion 30 

at ≈12×12 km2 resolution with the Integrated Methane Inversion v2.0 framework, and evaluate inversion results with 

independent satellite observations from GOSAT. We construct a spatially-resolved version of the emission inventory 

from Colombia’s Biennial Update Report (BUR) to the UNFCCC for use as prior estimate in the inversion, and 

combine it with high-resolution wetland extent data (GLWDv2) to separate anthropogenic from wetland emissions. 

The inversion yields posterior methane emissions for Colombia of 8.9 (8.7-9.1) Tg a-1, contributed by wetlands (5.7 35 

(5.5-6.0) Tg a-1) and anthropogenic emissions (3.2 (3.1-3.2) Tg a-1), mainly livestock (2.0 (1.9-2.1) Tg a-1) and waste 

(0.76 (0.74–0.76) Tg a-1). Adjustments relative to the BUR are +18% for livestock, +19% for waste, +60% for oil/gas, 

and +92% for coal. We provide recommendations to improve the BUR, offering a blueprint for combining satellite 

observations with national inventory data to produce sectorally and spatially resolved emissions estimates that can 

inform policy.  40 



 

2 
 

1 Introduction 

Methane is a powerful greenhouse gas whose short lifetime makes it an important target for mitigating near-term 

warming (Forster et al., 2021). The United Nations Framework Convention on Climate Change (UNFCCC) requires 

countries to report their anthropogenic methane emissions by sector. The bottom-up approaches used to generate these 

emission inventories rely on sectoral activity levels and emission factors (EFs), but these inputs can be uncertain. Top-45 

down inverse methods based on satellite observations of atmospheric methane concentrations can evaluate and 

improve these bottom-up inventories by using a chemical transport model to relate concentrations to emissions (Jacob 

et al., 2022). This is best done through partnership between the bottom-up and top-down approaches, where a spatially 

resolved version of the bottom-up inventory serves as prior estimate for the inversion and the inversion results are 

used to inform the inventory processes. Here we show how such a partnership can improve Colombia’s national 50 

emission inventory. 

Colombia is committed to mitigation of methane emissions (A Methane Champion: Colombia becomes first 

South American country to regulate methane from oil and gas, 2025) and has submitted national bottom-up emission 

calculations through its Biennial Update Reports (BURs) to the UNFCCC (Colombia, 2022). Colombia’s 

anthropogenic emissions as reported in the BUR are mostly from livestock but also include significant contributions 55 

from oil/gas, coal, solid waste, wastewater, and rice. Emissions from hydroelectric reservoirs could also be important 

(Delwiche et al., 2022) but are given as negligible in the BUR. Natural emissions are mostly from wetlands (B. Zhang 

et al., 2017), with additional contributions from fires, termites, and geological seeps. The BUR applies region-specific 

information for some sectors (for example, CIPAV et al. (2021) for livestock, Mariño-Martínez et al. (2020) for coal), 

but other sectors like waste and oil/gas rely more heavily on IPCC default parameters. Colombia’s latest BUR 60 

(Colombia, 2022) reports a national emission from anthropogenic sources of 2.6 Tg a-1, the third highest reported 

emission among South American countries after Brazil and Argentina (Hancock et al., 2025). 

Satellite observations of atmospheric methane in the shortwave infrared (SWIR) can contribute top-down 

information for national emission inventories through inverse analyses. The TROPOspheric Monitoring Instrument 

(TROPOMI) offers global daily coverage at 7×5.5 km2 nadir resolution from 2018 to present (Lorente et al., 2023), 65 

though with only 3% global success rate limited by clouds and dark or heterogeneous surfaces. The Greenhouse Gases 

Observing Satellite (GOSAT) offers a much sparser data set from 2009 to present, with pixels separated by 250 km, 

but performs better than TROPOMI over dark or heterogeneous surfaces (Parker and Boesch, 2020). Additional 

observations for large point sources are available including from the Greenhouse Gas Emissions Monitoring Satellites 

(GHGSAT) (Jervis et al., 2025) and the Earth Surface Mineral Dust Source Investigation (EMIT) (Green et al., 2023). 70 

Inverse analyses to infer emissions using satellite observations apply Bayesian inference that combines the 

satellite information with prior bottom-up emission inventory estimates, including error statistics from both, to obtain 

a best posterior estimate (Jacob et al., 2016). This melding of top-down and bottom-up information is essential because 

the satellite observations alone cannot fully constrain emissions and require bottom-up spatial information to interpret 

atmospheric gradients in terms of emissions. Colombia is particularly difficult to observe because of dark surfaces 75 

and topography. Past inverse analyses for Colombia have been limited to global and continental studies at coarse 

resolution. In a global GOSAT inversion, Worden et al. (2022) were unable to quantify emissions over Colombia due 
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to sparse coverage. A global TROPOMI inversion for 2019-2024 identified Colombia as a major contributor to rising 

methane missions (He et al., 2025). In an inversion using TROPOMI over South America for 2021, Colombia was 

estimated to have 67% higher anthropogenic emissions than its BUR (Hancock et al., 2025).  80 

Here we present an improved approach for integrating satellite observations into national methane emission 

inventories, with application to Colombia (Figure 1). We apply the open-source, cloud-based Integrated Methane 

Inversion (IMIv2.0) framework (Estrada et al., 2025) to an inverse analysis of 2023 TROPOMI observations over 

Colombia at unprecedented 0.125° × 0.15625° (≈12×12 km2) resolution. This involves development of high-resolution 

bottom-up inventories based on the national BUR to serve as prior estimate. We incorporate into these inventories 85 

point source observations from GHGSat, EMIT, and NASA’s Next Generation Airborne Visible Infrared Imaging 

Spectrometer (AVIRIS-NG) aboard Carbon Mapper aircraft (Carbon Mapper, 2023). The high resolution of the 

inversion combined with high-quality bottom-up prior estimate allows us to better attribute our posterior emissions to 

specific sectors and regions, and to integrate bottom-up and top-down methodologies by relating these posterior 

emissions back to the bottom-up calculations. 90 

 
Figure 1: Inversion framework used to quantify and interpret methane emissions over Colombia through the integration 

of bottom-up and top-down methods. National data from the Colombia Biennial Update Report (BUR) for 2023 are 

combined with point source observations from Carbon Mapper and GHGSat, wetland data from GLWD v2, and other 

process information to produce bottom-up emission inventories by sector on the 0.125° × 0.15625° inversion grid. These 95 
inventories serve as prior estimate in a GEOS-Chem simulation of atmospheric methane dry column mixing ratios (XCH₄), 

which are compared to satellite observations from TROPOMI to optimize emissions through an analytical inversion. 

Posterior emissions from the inversion are analyzed to improve the process information in the bottom-up inventories. 

2 Spatially resolved bottom-up inventory  

We first develop a spatially resolved bottom-up anthropogenic emission inventory on the 0.125° × 0.15625° inversion 100 

grid by drawing from the national BUR (Colombia, 2022) with updates for coal, waste, and livestock (Ardila et al., 
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2025a). The purpose of constructing this bottom-up inventory rather than relying on standard global emission 

inventories is to ensure that the prior emission estimates for the inversion are directly relevant to national inventory 

improvement and that the sectoral attribution of posterior emissions is based on the best available data. The BUR 

gives national sectoral totals only, so we distribute them spatially with Colombia-specific activity data from Ardila et 105 

al. (2025a) for coal, waste, and livestock and the CORINE national land cover map (LCM) (Instituto de Hidrología, 

Meteorología y Estudios Ambientales (IDEAM), 2021b) for oil/gas and livestock. For oil/gas, coal, solid waste, and 

wastewater, we also incorporate point source locations detected by satellite (GHGSat, EMIT) and aircraft (AVIRIS-

NG) (Jervis et al., 2025; https://data.carbonmapper.org) (Figure 2) to inform the spatial allocation of the prior 

emissions. We do not use the point-source emission magnitudes in constructing the prior estimate, but instead ensure 110 

that prior emissions are present at these locations while preserving the BUR sectoral total emissions. We add the 

ResME inventory for hydroelectric reservoirs (Delwiche et al., 2022). Anthropogenic emissions in neighboring 

countries are from spatially distributed (0.1ox0.1o) global inventories including GFEIv3 for fuel exploitation (Scarpelli 

et al., 2025), EDGARv7 for livestock (Crippa et al., 2022), ResME for hydropower (Delwiche et al., 2022), and 

EDGARv8 for other sectors (Crippa et al., 2024). We use EDGARv7 for livestock because EDGARv8 has an 115 

anomalous spatial distribution concentrated over satellite-observed ammonia hotspots. GFEIv3 incorporates 

infrastructure data from the Oil and Gas Infrastructure Mapping (OGIM) database (Omara et al., 2023) to spatially 

allocate oil and gas emissions. Wetland emissions are distributed on the 0.125° × 0.15625° grid using the Global Lakes 

and Wetlands Database (GLWDv2) (Lehner et al., 2025) applied to monthly total wetland emissions over the domain 

from the LPJ inventory (Zhang et al., 2016). Figure 3 shows the spatial distribution of bottom-up anthropogenic 120 

emissions by sector, and Figure 4 shows the same for wetlands, with national totals given in Table 1. We provide more 

details on Colombian emissions for each sector below. 

 

 
Figure 2: Locations of remote sensing point source observations from the GHGSat, EMIT, and AVIRIS-NG instruments 125 
used in the construction of the spatially-resolved bottom-up emission inventories for Colombia.  

https://data.carbonmapper.org/
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Figure 3: Spatial allocation of bottom-up anthropogenic methane emissions from different sectors on the 0.125° × 0.15625° 

grid of the inversion. Sector totals for Colombia (inset) are as in Table 1.  

 130 

 
Figure 4: Bottom-up wetland emission estimates from GLWD+LPJ, LPJ, and WetCHARTs. LPJ is driven by 

meteorological data from NASA MERRA-2 for 2023 (Z. Zhang et al., 2018). WetCHARTs is the 2010-2019 mean from the 

nine high-performance members (Ma et al., 2021). GLWD+LPJ is on the ~12x12 km2 grid of the inversion, while LPJ and 

WetCHARTs are on a ~50x50 km2 grid. The bottom panel shows the mean LPJ and WetCHARTs seasonalities of emissions 135 
for the domain shown in the Figure. 
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Table 1. National methane emissions in Colombia 

Sector Bottom-up (Tg a-1) a Posterior (Tg a-1)b 

Total 8.3 8.9 (8.7–9.1) 

Total Anthropogenic 2.7 3.2 (3.1–3.2) 

Livestock 1.7 2.0 (1.9–2.1) 

Waste 0.64 0.76 (0.74–0.76) 

Oil/Gas 0.10 0.16 (0.14–0.16) 

Reservoirs 0.12 0.096 (0.076–0.13) 

Coal 0.049 0.094 (0.085–0.095) 

Other Anthropogenic 0.053 0.066 (0.064–0.066) 

Rice 0.033 0.036 (0.035–0.039) 

Total Natural 5.9 6.0 (5.7–6.2) 

Wetlands 5.6 5.7 (5.5–6.0) 

Termites 0.17 0.18 (0.18–0.18) 

Open Fires 0.044 0.050 (0.048–0.053) 

Seeps 0.017 0.021 (0.019–0.022) 
aBottom-up anthropogenic emissions are from Colombia’s 2023 Biennial Update Report (BUR) to the UNFCCC, representing 
2018 totals, with updates for livestock, coal, and waste for 2023 from Ardila et al. (2025a), additional hydroelectric reservoir 
emissions from ResME (Delwiche et al., 2022), and other anthropogenic emissions from EDGARv8 (Crippa et al., 2024). Wetland 140 
emissions are from our GLWD+LPJ inventory that applies fine-scale GLWD inundation data to the LPJ inventory. Other natural 
emissions include termite emissions from Fung et al. (1991), open-fire emissions for 2023 from GFED4s (van der Werf et al., 
2017), and geological seepage emissions from Etiope et al. (2019) with global scaling to 2 Tg a-1 (Hmiel et al., 2020). 
bResults from the base inversion, with the range from the inversion ensemble given in parentheses. 

2.1 Livestock 145 

Extensive research on methane emissions from cattle enteric fermentation in Colombia highlights variability in EFs 

driven by cattle type, diet, age, weaning systems, and regional conditions (Garrido et al. (2022); Ramírez-Restrepo et 

al. (2019); Caicedo et al. (2023); Vargas et al. (2018); Parra & Mora-Delgado, 2019). This information allows 

Colombia to use an IPCC Tier 2 methodology in their BUR, calculating EFs by cattle type for 10 distinct regions 

(Instituto de Hidrología, Meteorología y Estudios Ambientales (IDEAM), 2021a) that vary due to differences in 150 

genotype, climate, diet, production systems, and animal traits. These same methods are used by Ardila et al. (2025a) 

in their update to the BUR. 

Here we use cattle enteric fermentation emissions from Ardila et al. (2025a) calculated at the municipal level 

based on vaccination records and allocate these emissions to pastureland and shrubland on the 0.125° × 0.15625° grid 

within each municipality using the CORINE LCM. Non-cattle livestock contribute 4% of Colombia’s enteric 155 
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fermentation emissions (Colombia, 2022), and we scale up our cattle emissions by 4.4% to account for this, resulting 

in a total of 1.7 Tg a-1 from enteric fermentation. BUR manure management emissions are 0.067 Tg a−1 and we 

distribute them spatially with the EDGARv7 inventory for 2022. Seasonal variations in forage quality and dry matter 

intake can impact livestock enteric fermentation emissions (Demarchi et al., 2016) but this is not accounted for here. 

2.2 Waste 160 

Ardila et al. (2025a) identified 254 facility locations for solid waste and 727 for domestic wastewater using data from 

Colombia’s Superintendent of Public Services (Superintendencia de Servicios Públicos Domiciliarios (SSPD), 2025). 

They estimated emissions for 20 major landfills and 12 wastewater facilities. In both Colombia’s BUR and Ardila et 

al. (2025a), methane emissions from landfills are estimated using a first-order decay model that accounts for the 

amount and type of waste disposed. In the BUR, emissions from domestic wastewater are estimated using IPCC Tier 165 

1 methods based on population data and default EFs. Ardila et al. (2025a) use the same Tier 1 EFs but with additional 

facility-specific information on treatment technology, flow rate, and biochemical oxygen demand, which is a measure 

of the organic matter present in the wastewater.  

For solid waste, we first evenly distribute Colombia’s latest BUR total of 0.38 Tg a−1 across all facility 

locations identified by Ardila et al. (2025a) and point-source observation locations (Figure 2). We initially distribute 170 

the emissions evenly in the absence of facility-level data for each location, as the inversion can adjust their magnitude 

but requires prior location for sectoral attribution. Ardila et al. (2025a) estimate emissions for 20 individual facilities, 

so we further scale emissions at those locations to match their estimates, resulting in a national total of 0.35 Tg a−1. 

We do the same for wastewater, but because the 727 locations do not include industrial wastewater that makes up ~2/3 

of Colombia’s BUR wastewater emissions, we also include wastewater emission fluxes from EDGARv8 for 2022, 175 

which includes both domestic and industrial components (BUR: 0.30 Tg a−1, our estimate: 0.29 Tg a−1). Industrial 

wastewater includes industries such as pulp and paper, sugar, dairy products, fertilizers, meat processing, and textiles. 

Colombia uses IPCC Tier 1 estimates to calculate emissions from these industries considering the different treatment 

and disposal methods from each industrial sector, but data gaps contribute significant uncertainty (Colombia, 2022). 

Particularly relevant is palm oil mill effluent (POME) (Ramirez-Contreras et al., 2020). Colombia’s BUR references 180 

palm oil only in the context of land use change (Colombia, 2022), but methane plumes from POME have been detected 

by CarbonMapper AVIRIS-NG flights in Northern Colombia (Valverde et al., 2024). Wastewater and solid waste are 

highly co-located and cannot be separated in the inversion, so we refer to them collectively as waste with a national 

total of 0.64 Tg a-1.  

2.3 Oil/gas 185 

Oil and gas production are listed together as “hydrocarbon exploitation” in the CORINE LCM and are often co-located 

in GFEI, so we combine them into a single oil/gas sector. We spatially allocate Colombia’s BUR total of 0.10 Tg a−1 

(0.051 Tg a-1 from oil, 0.052 Tg a-1 from gas) to oil/gas infrastructure identified by GFEIv3, the CORINE LCM, and 

point source observation locations (Figure 2). GFEI distributes emissions from all upstream, midstream, and 

downstream sectors (Scarpelli et al., 2020). Most LCM and point source locations already have emissions in GFEIv3, 190 
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so we preserve the GFEIv3 spatial distribution and assign the mean GFEIv3 value to additional such locations before 

scaling to match the BUR total. 

2.4 Coal 

91% of Colombia’s coal production is from surface mines (Colombia, 2022). Surface mines vent methane from 

disturbed coal seams and surrounding strata, but they are generally thought to emit less than underground mines 195 

because of lower gas contents in the shallow coals (Kirchgessner et al., 2000) and constitute half of coal methane 

emissions in Colombia’s BUR. Mariño-Martínez et al. (2020) found that Colombia’s basins have lower gas content 

than other major coal producers due to their age and geologic characteristics, but Colombian open pit mines are deeper 

than average with gas content directly related to depth. Methane continues to desorb from coal during post-mining 

operations (processing, storage, transport), which represent 22% of surface mining methane in the BUR. While the 200 

average EF for surface mining from Colombia’s latest BUR is lower than the IPCC default (0.69 vs 1.20 m³ CH₄ t⁻¹), 

the average factor for surface post-mining is much higher (0.22 vs 0.10 m³ CH₄ t⁻¹), likely due to Colombia’s 

bituminous coal (Global Methane Initiative (GMI), 2019) which has a high methane adsorption capacity (Cheng et 

al., 2017). 

For the coal bottom-up estimate, we use municipality-level coal emissions from Ardila et al. (2025a), evenly 205 

spatially distributed within each municipality over active coal mines (Agencia Nacional de Minería, 2024), coal point 

source locations (Figure 2), and infrastructure identified by GFEIv3 (Scarpelli et al. 2025) and the CORINE LCM. 

Ardila et al. (2025a) use IPCC Tier 2 methodology, multiplying coal production by measurement-based basin-specific 

EFs, resulting in a national total estimate of 0.049 Tg a-1 for 2023. This estimate is much smaller than Colombia’s 

BUR total of 0.12 Tg a-1 for 2018, reflecting a 40% decrease in coal production from 2018 to 2023 (Unidad de 210 

Planeación Minero Energética (UPME), 2025). 

2.5 Other anthropogenic 

Colombia reports hydroelectric reservoir emissions only for the first 10 years after dam construction, following IPCC 

2006 guidelines, resulting in a 2018 total of just 0.006 Tg a⁻¹ from two reservoirs (Colombia, 2022). However, methane 

continues to be emitted beyond this period (Soued et al., 2022), including from turbine degassing (Delwiche et al., 215 

2022). To better reflect these ongoing emissions, we use seasonal estimates from ResME (0.12 Tg CH₄ yr⁻¹) for 12 

individual reservoirs in Colombia (Delwiche et al., 2022). Emissions vary widely across reservoirs, ranging from 1 to 

40 Gg a⁻¹, and this variability is primarily driven by differences in reservoir size and hydrological inputs, not the date 

of construction. 

Rice is a small emission source for which we spatially allocate the BUR total of 0.03 Tg a−1 using EDGARv8 220 

and additional locations from the CORINE land cover map. EDGARv8 includes other minor anthropogenic emissions 

missing from the BUR and totaling 0.05 Tg a-1, mostly from energy use in buildings (0.04 Tg a-1) but also from power 

generation, industrial combustion, aviation, transportation, shipping, chemical production, iron and steel 

manufacturing, and solid waste incineration. We use EDGARv8 gridded data for these emissions, largely based on 

population, without adjustment to the BUR totals. 225 
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2.6 Natural sources 

We use the GLWDv2 static wetland extent map (Lehner et al., 2025) with 15 arc-seconds resolution, regridded to 

0.125° × 0.15625°, to define the spatial distribution of wetlands in the inversion domain (Figure 4). Methane emission 

totals for our inversion domain are from the LPJ-EOSIM global wetland emission inventory driven by meteorological 

data from NASA MERRA-2 for 2023 (Z. Zhang et al., 2023; Colligan et al., 2024), henceforth referred to as LPJ. We 230 

spatially distribute the LPJ monthly domain totals across the 0.125° × 0.15625° grid of our inversion following the 

GLWDv2 distribution, such that emissions are allocated proportionally to the wetland fraction within each grid cell. 

We refer to the resulting gridded monthly emissions as GLWD+LPJ. 

Figure 4 shows the GLWD+LPJ emissions compared to LPJ and to the mean of the high-performance subset 

of the WetCHARTs inventory ensemble (Ma et al., 2021). Difference plots are in Figure S1. Both LPJ and 235 

WetCHARTs have 0.5o×0.5o native resolution. They show similar spatial distributions, with most emissions in the 

southeastern half of the country. They have similar seasonality, with maxima in April-May and November-December. 

GLWD+LPJ preserves LPJ’s domain-wide seasonal cycle, but because emissions are allocated by the static GLWDv2 

wetland fractions, every grid cell follows the same seasonal profile. GLWD+LPJ provides finer spatial definition to 

better separate wetland from other emissions on our 0.125° × 0.15625° inversion grid. It also identifies the La Mojana 240 

wetland region in northern Colombia, which is co-located with livestock production and where we see a large seasonal 

TROPOMI enhancement (Figure 5) that implies wetland emissions.  

Other natural sources are termite emissions from Fung et al. (0.17 Tg a−1) (1991), daily open-fire emissions 

for 2023 from the Global Fire Emissions Database version 4s (GFED4s) (0.04 Tg a−1) (van der Werf et al., 2017), , 

and geological seepage emissions from Etiope et al. (2019) (0.02 Tg a−1) with global scaling to 2 Tg a-1 (Hmiel et al., 245 

2020). 

3 Top-down information and inversion methods 

We optimize a state vector of mean methane emissions for 2023 over a rectilinear inversion domain encompassing 

Colombia and neighboring regions (-7.125o to 13.125o latitude, -79.28125 o to -66.6875 o longitude, domain of Figure 

2) using methane observations from TROPOMI (Sect. 3.1) with the GEOS-Chem chemical transport model at 250 

0.125o×0.15625o resolution (≈12×12 km2). We use GOSAT methane observations for independent evaluation of the 

inversion results. We optimize emissions for 2023 because this is the year for which the most recent bottom-up 

emission estimates are available (Ardila et al., 2025a), together with point-source observations that we use as 

independent information to evaluate and interpret inversion results. We obtain posterior estimates of the state vector 

via an analytical solution for the minimum of the Bayesian cost function (Sect. 3.2). Inversion results are attributed to 255 

methane emission sectors and regions following the methodology in Sect. 3.3, and an ensemble of sensitivity 

inversions varying inversion parameters is performed to characterize posterior uncertainties (Sect. 3.4). 
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3.1 TROPOMI and GOSAT satellite observations 

TROPOMI is carried on the polar sun-synchronous Sentinel 5 Precursor satellite, providing full global daily coverage 

with a 13:30 local overpass time, TROPOMI offers a spatial resolution of 7×5.5 km2 in the nadir but has a global 260 

retrieval success rate over land of only 3% for methane in the 2.3 μm absorption band limited by clouds and dark or 

heterogeneous surfaces (Veefkind et al., 2012). We use the blended TROPOMI product from Balasus et al. (2023) 

(available at https://registry.opendata.aws/blended-tropomi-gosat-methane), which applies a machine-learning based 

correction to the TROPOMI v02.04.00 operational product of Lorente et al. (2023) using information from co-located 

GOSAT retrievals. We include glint observations over the ocean, even though Colombia’s offshore emissions are 265 

minimal, as they help to better constrain onshore coastal sources. To exclude unphysical outliers, we omit 1289 

TROPOMI observations that are more than 25 ppb below a GEOS-Chem simulation with emissions in the domain 

turned off. We are left with 91064 successful TROPOMI retrievals for 2023, which we average over 0.125o×0.15625o 

GEOS-Chem grid cells (≈12×12 km2) to yield mTROPOMI = 32135 super-observations (Rijsdijk et al., 2025).  

TROPOMI observations are ingested into the inversion while GOSAT observations are used for independent 270 

evaluation of the inversion results. Launched in 2009, GOSAT provides 10-km diameter pixels separated by ≈250 km 

along-track and cross-track with a 13:00 local overpass time. It observes methane in the 1.6 μm absorption band, using 

a CO2 proxy method that corrects for surface and aerosol retrieval errors and results in a retrieval success rate of 27% 

over land limited mainly by clouds (Parker et al., 2020). We use the GOSAT v9.0 proxy retrieval from Parker and 

Boesch (2020). To remove the global mean bias versus the latest TCCON following Balasus et al. (2023), we subtract 275 

9.2 ppb from all GOSAT observations. We further subtract an additional 9.9 ppb from GOSAT observations to remove 

the regional bias with respect to TROPOMI over the domain for 2023. Again, these observations include a glint mode 

over the oceans. This yields mGOSAT = 1597 observations for 2023 used to evaluate inversion results.  

Figure 5 shows the resulting TROPOMI and GOSAT monthly XCH4 data in 2023. Observations from both 

instruments are densest in January-March, corresponding to the principal dry season, and GOSAT observations are 280 

also dense in July-September, corresponding to the second dry season, TROPOMI observations are unavailable 

August 10-30 due to outage of the Visible Infrared Imaging Radiometer Suite (VIIRS) instrument used for cloud 

clearing. 

https://registry.opendata.aws/blended-tropomi-gosat-methane
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Figure 5: Atmospheric methane concentrations from TROPOMI and GOSAT over the inversion domain in 2023. Mean 285 
dry-column methane mixing ratios (XCH4) are shown on the native inversion grid (0.125° × 0.15625°) for each month, with 
the number of observations given in each panel. 

3.2 Analytical Inversion 

For analytical inversion of the TROPOMI data, we use the Integrated Methane Inversion framework (IMI 2.0) (Estrada 

et al., 2025). We use the nested version of the GEOS-Chem 14.4.1 chemical transport model 290 

(https://doi.org/10.5281/zenodo.12584192) as the forward model for the inversion to relate methane emissions to 

atmospheric concentrations. GEOS-Chem is driven by meteorological fields from NASA Goddard Earth Observing 

System – Forward Processing (GEOS-FP) assimilated data at 0.125°×0.15625° (≈12×12 km2) resolution (Wang et al., 

2026ab). We use this resolution in GEOS-Chem (domain of Fig. 2) with dynamic boundary conditions outside the 

inversion domain from a global archive of smoothed TROPOMI observations (Estrada et al., 2025). We do not 295 

optimize the sinks included in the GEOS-Chem methane simulation (chemical loss from oxidation by tropospheric 

OH, minor losses from oxidation by tropospheric Cl, oxidation in the stratosphere, and uptake by soils (Murguia-

Flores et al., 2018)) because they have relatively uniform distributions over the domain and are effectively corrected 

through optimization of the boundary conditions. A TROPOMI observation operator is applied to convert GEOS-

Chem vertical profiles to XCH4 and thus mimic the observations (Varon et al., 2022). 300 

We perform the Bayesian analytical inversion with normal error probability density functions (pdfs) for prior 

emissions and for observations (Brasseur and Jacob, 2017). This method optimizes the state vector 𝒙, which includes 

the emissions and boundary conditions for each domain edge (north, south, west, east), by minimizing the cost function 

𝐽(𝒙): 

𝐽(𝒙) = (𝑥 − 𝒙!)"𝐒𝐚$%(𝒙 − 𝒙!) + 𝛾(𝒚 − 𝑲𝒙)"𝐒𝐨$%(𝒚 − 𝐊𝒙), (1) 305 

where 𝒙! (n) is the prior estimate, 𝒚 (m) is the vector of TROPOMI super-observations, 𝐒𝐚 (n × n) is the prior error 

covariance matrix, and 𝐒𝐨 (m × m) is the observational error covariance matrix. Both 𝐒𝐚 and 𝐒𝐨 are assumed to be 

diagonal, with specified error variances but no covariances for lack of information. We assume prior error standard 

https://doi.org/10.5281/zenodo.12584192
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deviations of 100% for emissions on the 0.125° × 0.15625° grid and 10 ppb for boundary conditions. 𝐊 = '(
')

 (m × n) 

is the Jacobian matrix that is constructed by perturbing individual elements of 𝒙 in GEOS-Chem, and describes the 310 

sensitivity of atmospheric methane concentrations to changes in emissions. We optimize annual mean emissions, so 

the inversion assumes that the sub-annual temporal varability of emissions follows that of the prior estimate, with 𝐊 

carrying the effect of that seasonality into the inversion. The regularization factor γ is used in the IMI to prevent 

overfitting to observations, but this is not an issue here because of our high resolution and relatively sparse 

observations and hence we use 𝛾	=	1. By solving for the cost function minimum, the inversion yields the optimized 315 

posterior emissions 𝒙2 and the corresponding posterior error covariance matrix 𝐒3 and averaging kernel matrix A 

defining the sensitivity of the solution to the true value as described in Brasseur and Jacob (2017).	

The most computationally expensive step of the inversion is the column-by-column construction of the 

Jacobian matrix 𝐊 by successive GEOS-Chem simulations perturbing individual state vector elements. Recent 

improvements to the GEOS-Chem configurations to construct 𝐊 have sped up this process by an order of magnitude 320 

(Estrada et al., 2025), allowing us to construct 𝐊 at native 0.125° × 0.15625° resolution over the entire rectilinear 

domain of Figure 2 (12026 elements). We use a native-resolution state-vector in the results that follow, along with 

optimized boundary conditions for four quadrants for a total of n = 12030 state vector elements.  

To estimate observational error variances including contributions from the TROPOMI instruments, the 

retrieval, and the forward model, we use the residual error method (Heald et al., 2004) to estimate the observational 325 

error on the forward model grid using the residual error between the satellite observations and the forward model 

simulation with prior estimates. We specifically employ the residual error method for super-observations developed 

by Chen et al. (2023) to account for the error reduction from averaging P individual TROPOMI retrievals into super-

observations y on the GEOS-Chem 0.125° × 0.15625° grid. We separate the contributions in the individual 

observations from the transport error variance	σ*+!,-./+*0  and the satellite single-retrieval error variance (σ+1*+213!40 ) to 330 

calculate the observational error variance of the super-observations (σ-5.1+0 ):  

σ-5.1+0 = σ+1*+213!40 6
1 − 𝑟+1*+213!4

𝑃 + 𝑟+1*+213!49 + σ*+!,-./+*0 	, (2) 

 where rretrieval is the retrieval error correlation coefficient for the individual observations in a 0.125° × 0.15625° grid 

cell averaged into a super-observation. σ*+!,-./+*0  is perfectly correlated for the individual observations within a GEOS-

Chem grid cell. For our inversion domain, the result of the fit of residual errors to Eq. (2) is σtransport = 7.4 ppb, σretrieval 335 

= 10.2 ppb, and rretrieval = 0.29, with a mean observational error standard deviation for the TROPOMI super-

observations of 11.4 ppb. 

3.3 Attributing posterior emissions to regions and sectors 

We use a summation matrix 𝐖	(𝑝	 × 	𝑛) to map the posterior state vector (𝑛) onto the 𝑝 individual source sectors 

and/or regions of the inversion domain. The rows of 𝐖 are given by the fractional contribution of the sector and/or 340 

region to the prior emission estimate in each individual grid cell (Nesser et al., 2024). The resulting matrix 𝐖 denotes 

the linear transformation from the posterior state vector to a reduced state vector (𝑝) of regional or sectoral emissions. 
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We then compute the reduced state vector (𝒙2+16), posterior error covariance (𝐒3+16), and averaging kernel matrix (𝐀+16) 

as:  

𝒙2+16 = 𝐖𝒙2, (3) 345 

𝐒3+16 = 𝐖𝐒3𝐖𝐓, (4) 

𝐀+16 = 𝐖𝐀𝐖∗, (5) 

where 𝐖∗ = 𝐖𝐓(𝐖𝐖𝐓)$𝟏 is the Moore-Penrose pseudo-inverse of W (Calisesi et al., 2005). An important aspect 

of this approach is that the prior contribution to emissions in each grid cell is retained when attributing the spatial 

distribution of the posterior/prior emission ratio from the inversion. Thus the prior distribution has a strong imprint 350 

on the posterior distribution, and spatial overlap between sectors in the prior estimate limits the ability to separate 

them in the posterior estimate. The higher spatial resolution of our inversion as compared to previous IMI 

applications should help in that regard. 

3.4 Inversion Ensemble 

The base inversion described above assumes specific choices of inversion parameters including a prior error standard 355 

deviation on emissions σ1= 100% and an error standard deviation σ: = 10 ppb for boundary conditions. To account 

for uncertainties in the choice of inversion parameters and to better represent national-scale uncertainties, we generate 

a 9-member ensemble of sensitivity inversions varying σ1 (50%, 100%, or 200%) and σ: (5, 10, or 20 ppb), and we 

report the range of solutions given by this subset as an estimate of the posterior uncertainty. We report the best 

posterior estimate of emissions as the base inversion with the median choice of inversion parameters, σ1= 100% and 360 

σ: = 10 ppb.  

Figure S2 shows that the ensemble range is the most conservative measure of uncertainty at all aggregation 

scales. The posterior standard deviation from 𝐒3 follows the 1/𝐿 reference closely, where 𝐿 is the aggregation length 

scale, indicating that the off-diagonal structure in 𝐒3 does not substantially increase aggregated uncertainty at regional 

scales. The standard deviation across ensemble-member means decreases more slowly, showing that sensitivity to 365 

inversion parameter choices persists with aggregation. The ensemble standard deviation including the posterior 

variance of each ensemble member is larger at fine scales, but converges toward the ensemble standard deviation with 

increasing aggregation as the contribution from member-specific posterior variance becomes small. This supports the 

use of the ensemble range as a conservative uncertainty estimate for the inversion. 

4 Posterior national emissions for Colombia informed by TROPOMI 370 

Figure 6 shows the bottom-up and posterior emission estimates on the 0.125° × 0.15625° grid for the base inversion. 

We see a small net upward adjustment to total emissions over Colombia from 8.3 to 8.9 (8.7-9.1) Tg a-1, where values 

in parentheses indicate the range from the inversion ensemble, reflecting offsets between larger positive or negative 

local adjustments. Adjustments are heavily concentrated in specific regions including the coal-oriented Cesar and 

Guajira provinces, the inter-Andean region, and parts of the Orinoquia region bordering Venezuela. Figure 7 shows 375 

that posterior emissions decrease the mean GEOS-Chem model bias relative to the TROPOMI observations over the 
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inversion domain from 3.9 to 1.1 ppb, and the root-mean-square error (RMSE) from 15 to 13 ppb, indicating that the 

inversion effectively fits the emissions to the satellite data used in the inversion (improvement in the RMSE is limited 

by the observational error averaging 11.4 ppb). Most of the correction is in northern Colombia, where the inversion 

sensitivity to the satellite observations (Figure S3) is largest, reflecting the observation density.  380 

Figure 8 shows an independent evaluation against GOSAT observations for 2023. Prior and posterior 

simulations were sampled using the GOSAT observation operator for direct comparison with the observations. The 

posterior simulation shows a reduction in bias from 17.1 to 15.0 ppb; most of the remaining bias is due to the mean 

difference between TROPOMI and GOSAT observations (9.8 ppb; Figure 8, right panel). The RMSE decreases from 

23.0 to 21.1 ppb, while the correlation coefficient increases from 0.60 to 0.64. The reduced major axis (RMA) slope 385 

also decreases from 1.37 to 1.24. The posterior emissions are therefore better able to simulate the GOSAT observations 

than the prior emissions.  

Almost all the upward adjustment to emissions over Colombia is from anthropogenic sources, which are 2.6 

Tg a-1 in the BUR but 3.2 (3.1-3.2) Tg a-1 in our posterior estimate. Table 1 and Figure S4 show the bottom-up and 

posterior national emission totals for all sectors, while Figure S5 shows differences spatially for major sectors. 390 

Wetland total emissions in Colombia do not change significantly (from 5.6 to 5.7 (5.5-6.0) Tg a-1). We find upward 

adjustments to the major sectors including livestock (+0.3 (0.2-0.4) Tg a-1 or 18%), waste (+0.12 (0.10-0.12) Tg a-1 or 

19%), oil/gas (+0.06 (0.04-0.06) Tg a-1 or 60%), and coal (+0.04 (0.04-0.04) Tg a-1 or 92%). The posterior emission 

estimate for coal of 0.094 Tg a-1 is a major adjustment from the prior estimate of 0.049 Tg a-1 in 2023 from Ardila et 

al. (2025a). It is more consistent with the BUR (0.12 Tg a-1 in 2018), which Ardila et al. (2025a) reduced to account 395 

for decreased coal production from 2018 to 2023. 

Hancock et al. (2025) previously reported a posterior emission total of 10.0 (8.4–13.0) Tg a-1 for Colombia 

from their inversion of TROPOMI observations for 2019. This is higher but in the range of our posterior estimate of 

8.9 (8.7-9.1) Tg a-1. However, they found a much higher contribution of anthropogenic methane emissions (5.2 (4.2–

7.2) Tg a⁻¹) compared to ours (3.2 (3.1–3.2) Tg a-1). This can be largely attributed to our improved bottom-up 400 

inventories (including wetlands) used as prior estimates and by the higher resolution of our inversion that allows to 

better separate anthropogenic contributions from wetlands. For example, we are better able to account for wetland 

emissions in La Mojana region in northern Colombia through the GLWDv2 wetland extent map.  

Figure S6 shows the posterior error correlations that indicate the inversion’s ability to separate between the 

different sectors of Table 1. Error correlations are high between waste and the “other” category of anthropogenic 405 

emissions (correlation coefficient r = 0.65), as these are mostly population-based, but are otherwise low (r < 0.2), 

indicating that the inversion can effectively separate emissions from the different sectors. The Figure also shows the 

posterior error correlations obtained from inversions using commonly used global inventories (GFEI, EDGAR, LPJ, 

WetCHARTs) as prior estimates at ≈12×12 km2 and ≈25×25 km2 resolution. Using our Colombia-specific inventories 

as prior estimates results in lower posterior error correlations, most notably for livestock and rice. The ability to 410 

distinguish between sectors degrades at 25×25 km2 resolution, particularly for the livestock sector.  

Figure S7 shows the sectoral averaging kernel matrix aggregated over Colombia, where the diagonal terms 

(averaging kernel sensitivities) indicate the extent to which emissions are constrained by the satellite observations, 
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and the row-by-row off-diagonal terms indicate the spurious information from other sectors. Most sectors have 

sensitivities greater than 0.5, implying that the posterior estimates are more strongly constrained by the observations 415 

than by the prior estimate, and low spurious information from other sectors. The exceptions are livestock (0.41), waste 

(0.34), and rice (0.10). For livestock, the lower sensitivity reflects overlap with wetlands, while for waste it reflects 

overlap with other anthropogenic sources. The weak rice emissions are very poorly constrained due to overlap with 

livestock and wetlands. Reservoir emissions have high averaging kernel sensitivities but also include spurious 

information from livestock emissions, which are much higher. We focus our sectoral analysis on regions with high 420 

observational sensitivity (Figure S3). 

 

 
Figure 6: Optimization of 2023 methane emissions over Colombia on the 0.125° × 0.15625° grid. Prior bottom-up emissions 

for Colombia are as given in Table 1 and shown in Figure 2 for anthropogenic sectors and Figure 4 for wetlands 425 
(GLWD+LPJ). Anthropogenic emissions outside Colombia are from GFEIv3 for fuel, EDGARv7 for livestock, ResME for 

hydroelectric reservoirs, and EDGARv8 for all other sectors. Posterior emissions are from our base inversion of TROPOMI 

observations. Total Colombia emissions and their anthropogenic component are inset. The right panel gives the ratio of 

posterior to prior bottom-up emissions. Grid cells with near-zero bottom-up emissions are shown in white in all panels. 

 430 
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Figure 7: Differences between methane dry-column mixing ratios (ΔXCH4) from TROPOMI satellite observations and 

simulated by GEOS-Chem with bottom-up emissions (left panel) and posterior emissions (right panel). The mean bias and 

root-mean-square errors (RMSEs) are given inset. Grid cells with no satellite observations are shown in white. 

 435 

 
Figure 8: Comparison of GOSAT XCH₄ observations over the inversion domain with collocated prior simulation XCH₄ 

(left), posterior simulation XCH₄ constrained by TROPOMI observations (center), and TROPOMI XCH₄ observationss 

(right). For comparison with GOSAT, the prior and posterior simulations were sampled using the GOSAT observation 

operator. Dashed lines show the 1:1 relationship and solid lines show reduced major axis (RMA) regressions. Correlation 440 
coefficients, mean biases, and root-mean-square errors (RMSEs) relative to GOSAT are given inset. 

5. Implications for improving bottom-up emission inventories 

5.1 Livestock 

Figure 9 shows Colombia’s BUR and posterior cattle emissions and EFs (including both enteric fermentation and 

manure management) distributed over the Tier 2 regions used in the BUR’s methodology (Instituto de Hidrología, 445 
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Meteorología y Estudios Ambientales, 2021). Emissions are mainly from enteric fermentation, with manure 

management contributing only 4% nationally (Section 2.1). Cattle numbers (from vaccination records) and EFs in the 

BUR for each region include updates from Ardila et al. (2025a). Variability in these EFs between regions is mostly 

driven by cattle type in each region, with dairy cattle having a higher EF than non-dairy cattle, but variability is small 

because the fraction of dairy cattle is small (<20%) across the regions. EFs are within 20% of the IPCC Tier 1 average 450 

enteric fermentation EF for non-dairy cattle in Latin America of 56 kg CH4 head-1 a-1 (IPCC, 2019).  

 
Figure 9: Cattle emissions and emission factors (EFs) for Colombia’s ten IPCC Tier 2 regions. The top panels show the total 

emissions in each region and the inferred emission factors (emissions divided by the number of cattle) for both the bottom-

up estimate from Ardila et al. (2025a) and the posterior estimate. The marker size corresponds to the emission factor. The 455 
bottom panel shows the same bottom-up and posterior EFs for each region as red bars. The error bars denote the range of 

posterior estimates from the inversion ensemble. Dotted lines show average IPCC Tier 1 enteric fermentation emission 

factors for Latin America for dairy and non-dairy cattle. 

Our posterior cattle emissions are 18% higher nationally than the BUR, which is a relatively small 

adjustment, and are distributed by region as shown in Figure 9. EFs for each region are inferred from the posterior 460 

emissions by dividing by the cattle numbers from Ardila et al. (2025a). The largest relative adjustment to emissions 

is in Magdalena Medio, with a posterior EF of 113 (87-148) kg head-1 a-1 (+107%), followed by Caribe Seco (+46%) 

and Santanderes (+26%). In the other seven regions, posterior EFs deviate from the bottom-up EFs by less than 20% 
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and exhibit similar variability, supporting Colombia’s Tier 2 models. They also remain within 20% of the IPCC Tier 

1 non-dairy EF for Latin America. The higher EFs are not evidently correlated with any livestock or region-specific 465 

characteristics, and the larger adjustments in Magdalena Medio, Caribe Seco, and Santanderes could reflect 

underestimates in cattle populations rather than systematically higher EFs. While all cattle in Colombia are required 

to be vaccinated (Instituto Colombiano Agropecuario (ICA), n.d.), cattle can migrate across region boundaries (Parodi 

et al., 2022, Cárdenas et al., 2019) or be unvaccinated. In smaller regions like Magdalena Medio and Santanderes (~1 

million cattle), a minor change in emissions related to inaccurate livestock totals can result in a large upward 470 

adjustment to the implied EF. 

5.2 Waste 

The region of west-central Colombia including Bogotá (population of 8 million), Medellín (2 million), and Cali (2 

million), accounts for 65% of posterior waste emissions and over 90% of the adjustment to national waste emissions 

(posterior estimate of 0.76 Tg a-1) (Figure 10). The largest adjustment is from facilities surrounding Bogota. The Doña 475 

Juana landfill was estimated by Ardila et al. (2025a) to be the highest-emitting in Colombia (0.095 Tg a-1); it represents 

25% of Colombia’s solid waste and its collection area is expanding (Martin-Calvo et al., 2021). However, bottom-up 

emissions are higher in the grid cell encompassing the smaller Nuevo Mondoñedo landfill (0.021Tg a-1) because two 

wastewater treatment plants contribute the majority (80%) of waste emissions in the cell and cannot be disaggregated. 

We find a 128% upward adjustment to emissions over the Nuevo Mondoñedo grid cell, but no significant upward 480 

adjustment to emissions over Doña Juana which supports the bottom-up estimate. The other estimates from Ardila et 

al. (2025a) also do not see a significant upward adjustment. 

The limited correction to the Ardila et al. (2025a) estimates suggests that, where facility-level data exists, the 

first-order decay model for landfills and the IPCC Tier 1 method for wastewater with up-to-date activity data yield 

reasonable predictions of methane emissions. However, the grid cells encompassing these facilities make up just 8% 485 

of bottom-up and 9% of posterior waste emissions. The bottom panel of Figure 10 shows most of the upward 

adjustment to emissions (97%) is from grid cells encompassing solid waste and wastewater facilities lacking facility-

level estimates, especially wastewater facilities near Bogotá. The discrepancy between bottom-up and posterior waste 

estimates is due to the absence of facility-level estimates rather than shortcomings in the bottom-up models. Additional 

bottom-up calculations for individual wastewater facilities using facility-level flow rate and biochemical oxygen 490 

demand estimates like Ardilla et al. (2025a) would result in an improved bottom-up estimate.  
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Figure 10: Emissions from solid waste and wastewater treatment plants in Colombia on the 0.125° × 0.15625° grid of the 

inversion. The top panels show bottom-up (BUR) and posterior emissions for the west-central region including Bogotá, 495 
Medellín, and Cali, which accounts for 65% of national posterior emissions. Pink and blue crosses and plusses mark major 

landfills and wastewater treatment plants, respectively, identified by Ardila et al. (2025a); a pink dot indicates a landfill 

plume observed by EMIT. Region totals inset represent all waste emissions in the plotted domain (2.1° to 6.9° latitude, –

77.1° to –72.5° longitude), with parentheses indicating the range across the inversion ensemble. The bottom panels are 

scatterplots of posterior versus bottom-up solid waste and wastewater emission estimates for individual grid cells, generally 500 
representing individual facilities. Facilities with emissions estimated by Ardila et al. (2025a) have larger symbols; additional 

sites from the Superintendent of Public Services and EDGARv8 are shown in red (if within the Bogotá–Medellín–Cali 

domain) or light blue (if outside). Major Ardila et al. (2025a) facilities within the Bogotá–Medellín–Cali domain with 

emissions above 0.5 kg km-2 h-1are labeled. 

 505 
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5.3 Oil/gas 

Our posterior estimate of oil/gas emissions in Colombia is 60% higher than the BUR. We focus our analysis on the 

Barrancabermeja and Puerto Boyacá municipalities (Figure 11), that account for 82% of this upward adjustment. 

Barrancabermeja hosts Colombia’s largest oil refinery, which in 2023 achieved its highest throughput in 16 years 

(Ecopetrol incrementó en 17% la producción de combustibles en sus refinerías en 2023). The city lies in the Middle 510 

Magdalena Valley Basin, a region of mature oil fields. Puerto Boyacá is another hub for oil production anchored by 

the Vasconia pumping station, a major node in Colombia’s pipeline network (Agencia Nacional de Hidrocarburos, 

2010).  

The Environmental Investigation Agency (EIA & Earthworks, 2025) documented unintended or 

underreported venting, incomplete flaring, and fugitive emissions from oil/gas infrastructure at the same locations 515 

where we observe the largest upward corrections in Figure 11. These locations, along with other unobserved venting 

and incomplete flaring or abandoned infrastructure, could be the cause of a large bottom-up emission underestimate.  

 

 
Figure 11: Bottom-up (BUR) and posterior oil/gas emissions in the oil production regions of Barrancabermeja and Puerto 520 
Boyacá that account for 82% of the national upward adjustment to oil/gas emissions in the inversion. Totals shown are for 

all oil/gas emissions in each domain (6.6o to 7.6o latitude, -74.25o to -73.25o longitude for Barrancabermeja, 5.7o to 6.4o 

latitude, -74.8o to -74.1o longitude for Puerto Boyacá). Black dots, pink squares, and blue diamonds indicate the locations 

of wells, gas flaring sites, and oil refineries, respectively, identified from the OGIM database (Omara et al., 2023). Green 

triangles indicate the locations of leaking, venting, or flaring infrastructure documented by Earthworks using shortwave 525 
infrared (SWIR) cameras (Anon, 2023).  
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5.4 Coal 

The upward adjustment to coal emissions (posterior estimate of 0.094 Tg a-1, compared to 0.049 Tg a-1 in the Ardilla 

et al. (2025a) bottom-up estimate) is confined to the open-pit mines in the Cesar and La Guajira provinces of northern 

Colombia, which account for 93% of Colombia’s posterior coal emissions. Remaining coal emissions are from other 530 

open-pit mines in the Córdoba province, and underground mines, which show no significant adjustment. Figure 12 

shows the bottom-up and posterior emissions in the Cesar and La Guajira provinces. The highest-emitting grid cell is 

located near La Cerrejón, Colombia’s largest coal mine (point a) (Mapcarta, 2024). The other high-emitting cells are 

located further south in the Cesar province, which has several large open-pit mines (Agencia Nacional de Minería, 

2023). Some cells also have point source observations from GHGSAT, EMIT, or AVIRIS-NG and these are added to 535 

Figure 12. Because open-pit mines cover large areas, point-source observations capture emissions from localized 

hotspots within the mine rather than representing emissions from the entire facility. They also represent a single point 

in time and thus cannot be directly compared to our grid cell annual-average emissions, but we find that their averages 

generally align better with our posterior than the bottom-up estimate.  

Although Colombian coal production has declined, emissions may be falling more slowly due to increased 540 

mine depth (Kholod et al., 2020). Bottom-up EFs for both Cesar and La Guajira are 0.89 m³ CH₄ t⁻¹ for mining and 

0.27 m³ CH₄ t⁻¹ for post-mining, totalling 1.16 m³ CH₄ t⁻¹. Assuming the same coal production, posterior EFs are 2.6 

m³ CH₄ t⁻¹ for Cesar and 2.3 m³ CH₄ t⁻¹ for La Guajira. The bottom-up EFs are based on desorbed gas measurements 

in samples of coal bed methane in each basin from Unidad de Planeación Minero Energética (UPME), (2016) and an 

assumed average mine depth of 150 m for both provinces. Mariño-Martínez et al. (2020) use these same measurements 545 

but assume average mine depths of 300 m in Cesar and 180 m in La Guajira, recommending EFs of 2.55 and 1.26 m³ 

CH₄ t⁻¹, respectively, which are closer to our posterior values than the bottom-up EFs used in the BUR. This suggests 

that incorporating evolving mine depths into EF estimates could improve the BUR estimate. Also, because coal gas 

content varies across seams, basin-wide EFs may obscure local variability (IPCC, 2019); Borchardt et al. (2025) 

recommend deriving EFs from the specific seams being mined. Carbon Mapper surveys have also been shown to 550 

successfully estimate basin-specific EFs from underground mines (Penn et. al, 2025), which could augment an effort 

to develop sub-basin-wide EFs. 
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Figure 12: Coal mine emissions in the Cesar and La Guajira provinces. Posterior emissions on the 0.125° × 0.15625° 

inversion grid are compared to the Ardila et al. (2025a) bottom-up inventory, which updates the BUR to account for 555 
declining coal production, and to point source observations. All emissions are from open-pit mines. The letters (a-f) shown 

on the maps correspond to the locations of the emissions shown on the bottom panel bar chart. Error bars on the posterior 

estimates show the ranges across the inversion ensemble. The blue bars indicate the means of multiple point source 

observations in a grid cell. 

5.5 Hydroelectric reservoirs 560 

We use the Global Dam Watch (GDW) consensus global database (Lehner et al., 2024), a more up-to-date version of 

the dam database used to construct ResME, to associate emissions with reservoir characteristics in Colombia. 

Although the posterior estimate from the base inversion shows a 20% national decrease in reservoir emissions relative 

to the ResME bottom-up estimate of 0.12 Tg a-1, this decrease is not robust across our inversion ensemble (0.076-0.13 

Tg a-1), which may reflect spurious information propagated from livestock in the posterior estimate (Figure S7). 565 

However, five individual reservoirs show consistent upward adjustments to emissions (Figure S8). These reservoirs 

were constructed from 1962 to 2002, so none of their emissions are included in Colombia’s BUR estimate for 2018. 
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The largest relative adjustment is to the Prado Reservoir with a posterior estimate of 0.017 Tg a-1. This reservoir has 

been found to contain high methane concentrations in its water column due to elevated nutrient runoff that fuels algal 

growth and depletes oxygen (Castro-González and Torres-Valdés, 2015). Colombia could improve its BUR by using 570 

updated IPCC 2019 guidelines, which recommend including emissions from all reservoirs, not just those within the 

10-year window of construction (IPCC, 2019). Beyond that, collecting data on turbine intake depths, which are the 

strongest predictor of hydropower emissions but are not available in global dam databases (Delwiche et al., 2022), 

would improve bottom-up estimates using ResME.  

5.6 Natural sources 575 

Although we do not find a significant adjustment to total wetland emissions in Colombia (posterior estimate of 5.7 Tg 

a-1), we find an upward adjustment to emissions over La Mojana region (Figure S9). La Mojana is seasonally-

inundated swampland (Ricaurte et al., 2019) with significant agricultural production of rice, corn, plantain, and 

livestock (Caro et al., 2023). DeLucia et al. (2019) found that subtropical wetlands near managed pastures exhibited 

higher methane emissions due to increased soil wetness and biomass, and Murguia-Flores et al. (2023) found 580 

agriculture to be a driver of elevated methane emissions from tropical wetlands due to increased nutrient inputs. These 

influences from agriculture on wetland emissions would not be accounted for in process-based wetland emission 

models like LPJ. There is a remaining posterior bias between observations and modelled concentrations over La 

Mojana because we optimize annual emissions and prescribe wetland emission seasonality, which is uniform across 

the domain in the GLWD+LPJ prior estimate. Improved knowledge of the seasonality of wetland emissions in La 585 

Mojana region would help in separating these emissions from livestock. 

5.7 Unresolved Uncertainties 

A limitation in using the current TROPOMI and GOSAT satellites for improving knowledge of methane emissions in 

Colombia is the sparse and uneven observational coverage due to coarse pixel resolution and resulting cloud 

contamination. Coverage over southern Colombia where Amazonian wetland emissions are high is particularly sparse 590 

(Figure 5 and Figure S3). The proposed NASA Carbon-I satellite mission (Frankenberg et al., 2024; Figure S10) 

would improve this situation with 68 million valid observations projected annually across our domain. Observations 

from the expanding Carbon Mapper and GHGSat constellations will improve detection of point sources. In situ data 

are also critical for validating satellite retrievals and inversion results. The lack of publicly available in situ methane 

observations over Colombia currently limits independent evaluation of our 2023 inversion. A 2024 airborne LiDAR 595 

campaign targeted 3,826 oil and gas sites across Colombia (Calderón-Cangrejo et al., 2025), though the data is not yet 

available. Long-term, regionally representative surface monitoring sites would provide critical validation for satellite-

based inversions. 

Uncertainties in emission estimates may also arise from inversion uncertainty associated with transport and 

sectoral attribution. Verkaik (2019) found that enhanced TROPOMI concentrations over the Magdalena region were 600 

in part due to mountains blocking the transport of methane towards the south and east; the challenging topography 

near the Andes could be another source of uncertainty that is unaccounted for in these results (Stanevich et al., 2020; 



 

24 
 

Ardila, et al. 2025b). In many parts of Colombia, methane sources overlap, which challenges source attribution based 

on the prior sectoral contribution in each grid cell. This is particularly relevant for wetlands and livestock, which are 

diffuse sources that are often co-located and more difficult to separate than concentrated point sources. Uncertainty in 605 

the prior wetland distribution could contribute to unexpectedly high livestock emission factors inferred from the 

inversion, such as in Magdalena Medio. Further refinement of wetland inventories, including understanding seasonal 

emission patterns, would allow for better quantification of anthropogenic emissions in future work. Improved 

treatment of errors on prior estimates to account for spatial error correlations by sector (Balasus et al., 2026) would 

further increase the information content of the inversion and allow better separation between sectors.  610 

Higher temporal resolution and longer temporal extent in the inversion would also improve our results. 

Monthly (as opposed to annual) inversions using a Kalman Filter approach (Varon et al., 2023) would better isolate 

the contributions from wetlands because of their large seasonality. Using the full record of TROPOMI observations 

(2018-present) would provide additional information for quantifying emissions; Colombian emissions appear to have 

increased rapidly over the TROPOMI record (He et al., 2026), and a long-term Kalman Filter inversion could help 615 

explain this increase.  

6 Conclusions 

We have shown how satellite observations of atmospheric methane can be used to improve national emission 

inventories by starting from a detailed, gridded, bottom-up emissions estimate, using it as prior estimate in a high-

resolution inversion of satellite observations to obtain optimized posterior emissions on the same grid, and circling 620 

back to improve the process-based bottom-up estimates. We applied this method to better quantify 2023 emissions in 

Colombia through a collaboration between atmospheric and inventory scientists anchored by Colombia’s Biennial 

Update Report (BUR) to the United Nations Framework Convention on Climate Change (UNFCCC). Developing 

bespoke sectoral gridded methane inventories enables the effective use of existing satellite data to improve national 

inventories. This approach can help governments identify significant discrepancies between bottom-up national 625 

inventories and top-down atmospheric inversions. 

We constructed 0.125° × 0.15625° gridded inventories for major anthropogenic source sectors including 

livestock, coal, waste, oil/gas, and rice. The purpose of constructing this gridded inventory was to make the inversion 

results directly relevant to improving the national inventory and to base the sectoral attribution of posterior emissions 

on the best available data, since that attribution depends strongly on the prior estimate. We spatially allocated sectoral 630 

totals from Colombia’s latest BUR to the UNFCCC with more recent estimates from Ardila et al. (2025a) by using 

subnational activity data, land cover classification, and point source detections from GHGSat, EMIT, and aircraft 

AVIRIS-NG. We also added emissions from hydroelectric reservoirs and energy use in buildings. Total anthropogenic 

emissions in this bottom-up estimate are 2.7 Tg a-1. Colombia also has major wetland emissions, for which we 

developed a 0.125° × 0.15625° bottom-up estimate by combining GLWDv2 inundation data and LPJ seasonality. 635 

Total bottom-up emissions from Colombia are 8.3 Tg a-1, including major sources from wetlands (5.6 Tg a-1), livestock 

(1.7 Tg a-1), and waste (0.64 Tg a-1).  
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We then applied an analytical Bayesian inversion at 0.125° × 0.15625° resolution to TROPOMI satellite 

observations. We obtained posterior estimates of 8.9 (8.7–9.1) Tg a⁻¹ for total Colombia emissions, close to the 

bottom-up estimate, and 3.2 Tg a-1 for anthropogenic emissions, 19% higher than the bottom-up estimate. We find 640 

upward emission adjustments for livestock (18%), waste (19%), coal (92%), and oil/gas (60%), but a downward 

adjustment for hydroelectric reservoirs (-20%). Inversion results show improved agreement with independent GOSAT 

observations. 

We compared our results with bottom-up estimates to inform improvements to the bottom-up BUR. We 

found that most regions in Colombia have posterior livestock emissions consistent with bottom-up estimates. For 645 

waste, over 90% of the adjustment originates in the Bogotá–Medellín–Cali region, primarily from wastewater facilities 

near Bogotá; integrating site-level flowrate and biochemical oxygen demand data for these facilities would improve 

the bottom-up estimate. The upward adjustment to coal emissions is from the open-pit mining regions of Cesar and 

La Guajira, and indicates that bottom-up EFs need to account for increasing extraction depths (with higher EFs) as a 

mine ages. For oil/gas, 82% of the upward adjustment occurs in the Barrancabermeja and Puerto Boyacá oil production 650 

fields and appears to reflect underreported flaring, venting, and infrastructure attacks. Hydroelectric reservoir 

emissions are included in Colombia’s BUR only for the first ten years of construction, but we find that emissions 

persist beyond that age and represent a significant national source. Collecting data on turbine intake depth would help 

to better quantify these emissions.  

By integrating national infrastructure and inventory data into the inversion framework, we achieved posterior 655 

emissions that are traceable to sectoral processes and geographically resolved at a scale relevant for national mitigation 

planning. This work offers a transferable blueprint for integrating satellite observations with bottom-up information 

to support improvements in national methane inventory development. 

7. Data Availability 

The IMI source code and documentation is available at https://carboninversion.com/. The blended 660 

TROPOMI+GOSAT satellite observations are available at https://registry.opendata.aws/blended-tropomi-gosat-

methane (Balasus et al., 2023). The GOSAT methane retrievals version 9.0 are available at 

https://doi.org/10.5285/18ef8247f52a4cb6a14013f8235cc1eb (Parker and Boesch, 2020). 
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