
The LETKF algorithm

Acknowledgements, contact, and links
This work was funded by the NASA Carbon Monitoring System. DCP was funded in part by an 
NSF Graduate Research Fellowship Program (GRFP) grant. 

1School of Engineering and Applied Sciences, Harvard University, Cambridge, MA, USA. 2Department of Earth and Planetary Sciences, Harvard University, Cambridge, MA, USA
3NASA Jet Propulsion Laboratory, Pasadena, CA, USA. *Drew Pendergrass is now a postdoc at Duke University.

Drew C. Pendergrass1*, Daniel J. Jacob1, Nicholas Balasus1, Lucas Estrada1, Daniel J. Varon1, Todd A. Mooring1, James D. East1, Elise Penn2, and Hannah O. Nesser3

Continuous sub-monthly monitoring of global methane emissions from an ensemble Kalman filter 
at 2°×2.5° degrees using TROPOMI observations: application to interpretation of 2020–23 surge 

Contact Drew Pendergrass at andrew.pendergrss@duke.edu
CHEEREIO website: cheereio.seas.harvard.edu

Download and use the CHEEREIO code: bit.ly/cheereio
CHEEREIO model description paper (GMD 2023): 

doi.org/10.5194/gmd-16-4793-2023
Pre-print for this work on the methane surge (in revision): 

doi.org/10.5194/egusphere-2025-1554

CHEEREIO data assimilation platform
CHEEREIO is a Python- and Shell-based wrapper for the GEOS-Chem CTM, automating the deployment 
of LETKF ensembles for a wide variety of observation types. In this study, we use CHEEREIO 1.3.0. 
CHEEREIO is open-source and freely available at cheereio.seas.harvard.edu.

Emissions and TROPOMI observations 
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Prior fossil emissions are from GFEIv2 and other anthropogenic emissions are from EDGARv6, 
overwritten over the US, Mexico, and Canada by national inventories. Fires are from GFED4, termites 
from Fung et al. (1991), and seeps from Etiope et al. (2019). OH is prescribed and scaled to match 
methyl chloroform observations. For wetland emissions, we run inversions for two separate 
inventories. We use the high-performance WetCHARTs v1.3.1 mean and compare it to LPJ-wsl driven 
by MERRA-2. We use TROPOMI observations bias-corrected with GOSAT.

Run-in-place (RIP) assimilations recycle observations so that methane emissions estimates 
benefit from a longer observational record. With RIP, we calculate the LETKF assimilation update using a 
long period of observations (15 days, called the observation window), but then advance the assimilation 
window forward for a shorter period (5 days, the assimilation window), as shown below.

Workflow for continuous monitoring

The Localized Ensemble Transform Kalman Filter (LETKF)  is a Bayesian algorithm that can optimize 
emissions or concentrations of chemical species; LETKF uses an ensemble of chemical transport model 
(CTM) simulations, each driven by randomly perturbed emissions such that the CTMs represents the 
spread of atmospheric states that could result given emissions uncertainty. LETKF compares this suite of 
artificial atmospheres to real observations and uses the difference to calculate an update to the prior.
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LETKF modifications for methane
Lognormal errors prevent unphysical negative emissions, but imposing a lognormal distribution 
violates the LETKF equations. We solve this problem by sampling methane emissions scaling factors for 
each ensemble member according to a lognormal distribution centered on 1 (prior emissions inventory) 
and run GEOS-Chem, then for LETKF calculations we apply a log transform. 
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Abstract. We use 2019-2023 TROPOMI satellite observations of atmospheric methane to quantify 
global methane emissions at monthly 2°×2.5° resolution with a localized ensemble transform 
Kalman filter (LETKF) inversion, deriving monthly posterior estimates of emissions and year-to-year 
evolution. We apply two alternative wetland inventories (WetCHARTs and LPJ-wsl) as prior 
estimates. Our best posterior estimate of global emissions shows a surge from 560 Tg a-1 in 2019 to 
587-592 Tg a-1 in 2020-2021 before declining to 572-570 Tg a-1 in 2022-2023. Posterior emissions 
reproduce the observed 2019-2023 trends in methane concentrations at NOAA surface sites and 
from TROPOMI with minimal regional bias. Consistent with previous studies, we attribute the 2020-
2021 methane surge to a 14 Tg a-1 increase in emissions from sub-Saharan Africa but find that 
previous attribution of this surge to anthropogenic sources (livestock) reflects errors in the assumed 
wetland spatial distribution. Correlation with GRACE-FO inundation data suggests that wetlands in 
South Sudan played a major role in the 2020-2021 surge but are poorly represented in wetland 
models. By contrast, boreal wetland emissions decreased over 2020-2023 consistent with drying 
measured by GRACE-FO. We find that the global seasonality of methane emissions is driven by 
northern tropical wetlands and peaks in September, later than the July wetland model peak and 
consistent with GRACE-FO. We find no global seasonality in oil/gas emissions, but US fields show 
elevated cold season emissions that could reflect increased leakage.  
. 

Post-assimilation spatial bias reduction

We built a near-real-time system for estimating global methane 
emissions with TROPOMI data, then applied it to 2018-2023 to study 
rapidly increasing atmospheric methane concentrations. 

We attribute the 2020 methane surge to a 14 Tg a-1 increase in 
emissions from eastern Africa which has persisted.

Wetland models underestimate emissions in Africa, which has led 
previous work to incorrectly attribute the African surge to livestock.

Below we show TROPOMI observations compared with GEOS-Chem simulations using either prior or 
posterior emissions for 2018-2023. ΔCH4 denotes the difference between the simulation (with 
observation operators applied) and the observations. Global mean bias and spatial standard deviation 
are given inset. Results are shown for wetlands prior estimates from either LPJ-MERRA2 or WetCHARTs. 

Drivers of methane trends and seasonality

Below we show relative growth in global annual mean methane concentrations over the study period 
including in NOAA mean concentrations from marine sites (panel a), showing our posterior result 
resolves the prior budget imbalance. In 2020 and 2021 we find that global methane emissions surged 
to 587 Tg a-1 and 592 Tg a-1 before declining to 572 Tg a-1 in 2022 and 570 Tg a-1 in 2023, consistent 
with the 2020 estimate of 581-627 Tg a-1 from Saunois et al. (2025) (panel b). 
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Interannual variability of methane emissions

To understand the drivers of our posterior emissions trends, we disaggregate our results by region and 
sector. We find a negative trend in South American emissions which we attribute to a decline in 
wetland emissions; this is consistent in sign with other top-down work finding wetland decreases.

We attribute the 2020 methane surge to a 14 Tg a-1 
increase in emissions from sub-Saharan Africa. 

Consistent with Qu et al. (2024), who find that 
wetland emissions are relatively constant over 
2019-2022 and that anthropogenic emissions drive 
much of the 2020-2021 surge, we find that a surge 
in wetland emissions contributed to the 2020-2021 
emissions peak but anthropogenic sectors including 
livestock and waste are more important (panel b).

In the right column, we analyze the reliability of the 
prior inventories informing this source attribution.

Anthropogenic attribution of the African emission 
surge may be unreliable given uncertainty in 
tropical wetland prior inventories. 

At left we compare our posterior emissions for the 
northern tropics and boreal latitudes with water 
storage from inundation as measured by the 
Gravity Recovery and Climate Experiment Follow-
On (GRACE-FO) twin satellites. 

The northern tropics (0°N-30°N) explain much 
of the 2020-2021 surge and this corresponds 
closely with increases in water storage; 
consistently, the declining emission trend in boreal 
regions (50°N-90°N) corresponds with drying. 

Much of the northern tropics surge is 
associated with African wetlands, 
especially the Sudd. Our inversion 
attributes this to livestock, but this 
may be due to poor wetland priors. 
At right, we show total emissions for 
the region are closely associated with 
GRACE-FO inundation, while 
emissions attributed to wetlands do 
not reflect GRACE-FO. trends.

Below we show the global seasonal cycle of posterior methane emissions for 2021. Unlike the prior 
estimates which show a July-August peak in the northern hemisphere (panel a), we find a sharp 
September peak driven by tropical emissions which strongly influences global seasonality (panel b). 
Panel c shows that the peak of northern tropical emissions corresponds with the peak of mean GRACE-
FO water storage data, and occurs later in the year than implied by prior inventories. 

We observe methane 
emission seasonality in 
some oil and gas 
production basins 
especially in the US. At 
right we show best-
estimate posterior fossil 
fuel emissions in cold 
months minus warm 
months, with many 
areas showing elevated 
cold season emissions 
including several major 
US basins, Hassi R’Mel 
field (Algeria), Sirte 
basin (Libya), and West 
Karun basin (Iran).


