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Abstract. Reductions in methane (CH4) emissions are essential to mitigate near-term climate forcing and enable jurisdictions

such as New York State (NYS) to meet greenhouse-gas (GHG) reduction targets. This requires quantification of present-day

emissions, underpinned by a robust, independent monitoring framework capable of verifying reported reductions. Assessing

whether existing observational infrastructure meets these requirements is essential for emissions accounting and policy imple-

mentation. Here, we evaluate the ability of stationary in situ methane observations, coupled with a Bayesian inverse modeling5

framework – the Integrated Methane Inversion (IMI) driven by chemistry-transport model GEOS-Chem – to constrain annual

methane emissions and trends across NYS for 2018-2024. We develop capacity for the IMI to assimilate hourly measurements

from 29 sites, including four new high-precision continuous monitoring stations calibrated according to international stan-

dards. Prior methane emissions for NYS are based on the Gridded New York State (GNYS) inventory, which disaggregates

the official NYS bottom-up total state methane emissions estimate for 2020. The observational network provides its strongest10

constraints around the New York City metropolitan area. Aggregated NYS posterior methane emissions are consistent with the

GNYS prior within estimated uncertainties; however, we identify localized emission biases, including underestimates in the

New York City area (p < 0.05) and broad overestimates throughout most of NYS. We detect statistically significant regional

trends in select locations, but no robust statewide trend over 2018-2024. These results demonstrate the strengths and limitations

of stationary in situ monitoring for policy-relevant methane verification and underscore the need for top-down strategies that15

integrate observations from multiple platforms.
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1 Introduction

Greenhouse gas (GHG) emissions must be reduced in order to curb the scope of anthropogenic climate change. Existing

GHG reduction policies are insufficient to limit warming to a 1.5◦C increase in global mean temperature even with a period of

overshoot, and without policy changes it will be challenging to limit mean global warming to 2◦C (United Nations Environment20

Programme, 2024). Methane (CH4) is the second-most important GHG after carbon dioxide (CO2) in terms of contribution

to anthropogenic climate perturbation (IPCC, 2023). Methane is a short-lived climate forcer with an atmospheric lifetime of

about 11 years but, using the Global Warming Potential (GWP) metric, it has 30 ± 11 times the climate impact of CO2 per

unit mass over a period of 100 years, or 82 ± 26 times the climate impact of CO2 per unit mass over a period of 20 years

(IPCC, 2023). Since methane is also a precursor of tropospheric ozone (O3), which itself is a GHG and surface pollutant,25

reductions in methane emissions can also improve local air quality (e.g., Fiore et al., 2002; Shindell et al., 2012; Allen et al.,

2021; Staniaszek et al., 2022).

Methane has become an attractive target for reducing GHG emissions due to its large climate impact, short atmospheric

lifetime, relationship to air quality, and the availability of low-cost emission reduction technologies (e.g., Nisbet et al., 2020).

As of January 2026, 160 countries were participants in the Global Methane Pledge, an agreement to take voluntary action30

to reduce global methane emissions by 30 % from 2020 to 2030 (Global Methane Pledge, 2025). In 2019, New York State

(NYS) passed the Climate Leadership and Community Protection Act (CLCPA), which mandates GHG emission reductions in

NYS to 60 % of 1990 levels by 2030 under statutory law. In contrast to many other GHG monitoring and reduction plans, the

CLCPA requires accounting of total GHG emissions to use the GWP-20, as opposed to the more commonly used GWP-100,

amplifying the relative importance of reducing methane emissions in accounting.35

The use of satellite retrievals to constrain methane emissions via top-down methods has become increasingly common (e.g.,

McNorton et al., 2018; Sheng et al., 2018; Albuhaisi et al., 2024; Duren et al., 2025; Hancock et al., 2025; Janardanan et al.,

2025). However, successful satellite retrievals are rare in locations with highly variable albedos. In NYS, frequent clouds and

seasonal snow, as well as many large lakes and coastlines, present severe challenges for successful satellite retrievals, limiting

the data availability for inverse models that use satellite data alone to constrain methane emissions within the state.40

In this work, we present the first systematic assessment of the ability of stationary in situ methane observations to constrain

both methane emissions and emission trends across New York State (NYS). We use the Gridded New York State (GNYS;

Loman et al., 2025) methane emissions inventory, alongside long-term stationary in situ observations of methane, in order

to optimize annual methane emissions in NYS for 2018 through 2024 with the Integrated Methane Inversion (IMI) inverse

modeling framework (Varon et al., 2022; Estrada et al., 2025). Our primary objective is to evaluate whether the existing45

surface observation network alone is sufficient to constrain annual state-scale methane emissions and detect temporal variability

relevant to policy verification. The surface network comprises all publicly available stationary in situ methane measurements as

well as a new dataset of high-precision in situ observations from four long-term monitoring sites within NYS that we operate.

To enable this analysis, we develop new capabilities within the IMI framework to assimilate stationary in situ observations of
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methane. We additionally construct a new high-resolution gridded inventory of natural methane emissions from wetlands in50

eastern North America to serve as a prior estimate for natural sources in the inversion.

Section 2 introduces the datasets used for model input and describes the model framework used. Section 3 presents the

results from our modeling and compares them with other work. We conclude with a summary of our findings in Sect. 4.

2 Methods

We use version 2.0 of the Integrated Methane Inversion (IMI) modeling framework (https://carboninversion.com, last accessed55

June 15, 2026), which is an open-source software tool that performs an analytical Bayesian synthesis inversion using the

GEOS-Chem 3-D chemical transport model (CTM; http://geos-chem.org, last accessed June 15, 2026). The IMI was developed

to simplify methane emission optimization from satellite observations (Varon et al., 2022; Estrada et al., 2025). First, we

develop a new in situ observational operator for the IMI using the existing “ObsPack” in situ diagnostic (see Sect. 2.5.3),

first introduced in GEOS-Chem version 12.2.0 (The International GEOS-Chem User Community, 2019). Second, we combine60

multiple regional methane inventories, including a new regional wetlands emissions inventory, to use as our prior estimate of

methane emissions in the inversion domain shown in Fig. 1a, and optimize emissions for this domain for the years 2018 through

2024 using all available stationary in situ observations of methane. Within NYS, we elect to use the GNYS methane emissions

inventory of Loman et al. (2025) as the prior for our analysis. The GNYS is a gridded distribution of the emission totals

calculated in the NYS Department of Environmental Conservation (DEC)’s Statewide Greenhouse Gas Emissions Reports.65

This enables a regionally resolved and policy-relevant evaluation of methane emissions that is directly traceable to official state

reporting. Furthermore, we are also able to evaluate and inform the methods of both the DEC and GNYS methods with this

work. We further test for sensitivity to state vector construction (Fig. 5), boundary conditions (Sect. 2.2), meteorological fields

(Sect. 2.3), observational subset by time of day (Sect. 2.4), and the possible loss of field sites (Sect. 3.3).

The following subsections describe the model inputs employed in this analysis, including prior estimates of anthropogenic70

and natural methane emissions (Sect 2.1), boundary conditions (Sect 2.2), meteorological fields (Sect 2.3), and the network of

stationary in situ observations, which includes both original measurements developed for this study and additional observational

datasets (Sect 2.4). Section 2.5 provides a description of the theoretical formulation and implementation of the IMI modeling

framework, as well as the new developments introduced for this work.

2.1 Prior emissions estimate75

2.1.1 Anthropogenic

Figure 1b shows the spatial extents of the various regional gridded methane emission inventories used to construct the an-

thropogenic portion of our prior emissions. The individual inventories are aggregated from masks using version 3.9.2 of the

Harmonized EMissions COmponent (HEMCO; Keller et al., 2014; Lin et al., 2021). The regional inventories applied are the

gridded version of Canada’s National Inventory Report (CNIR) to the United Nations Framework Convention on Climate80
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Figure 1. (a) Location of New York State (NYS) and the inversion domain in North America. (b) Locations of regional anthropogenic

methane emission inventories used as prior emissions estimates in this work: the gridded version of Canada’s National Inventory Report

(CNIR), the Facility Level and Area Methane Emissions inventory for the Greater Toronto Area (FLAME-GTA), the gridded version of the

US Environmental Protection Agency’s Inventory of US Greenhouse Gas Emissions and Sinks (GEPA), the Gridded NYS inventory (GNYS),

and the New York City Urban Area inventory (NY-UA). Coastlines and national boundaries are shown in gray in both subplots.

Change for the majority of Canada (Scarpelli et al., 2022b), the Facility Level and Area Methane Emissions inventory for

the Greater Toronto Area (FLAME-GTA; Mostafavi Pak et al., 2019, 2021), the Express Extension to the updated gridded

version of the US Environmental Protection Agency (EPA)’s Inventory of US Greenhouse Gas Emissions and Sinks (GEPA;

Maasakkers et al., 2023), the New York City Urban Area methane emissions inventory (NY-UA; Pitt et al., 2024), and the Grid-

ded New York State methane emissions inventory for within NYS (GNYS; Loman et al., 2025). For any emission categories85

not present in the regional FLAME-GTA, NY-UA, or GNYS inventories, we default to the CNIR and GEPA inventories for

Canada and the US, respectively. We do not use landfill emissions from the FLAME-GTA inventory due to discrepancies with

in situ observations found by Gillespie et al. (2025). We use the Global Fuel Exploitation Inventory (GFEI; Scarpelli et al.,

2022a) for offshore emissions from fossil fuel exploration and production. Offshore emissions from other sources, such as

transportation, are included in the CNIR and GEPA inventories for Canada and the US, respectively. We use IMI default prior90

emissions for anthropogenic emissions from freshwater reservoirs (Delwiche et al., 2022).

2.1.2 Natural

Figure 2 shows the gridded bottom-up wetland methane emission inventory at 0.01◦ horizontal resolution for northeastern

North America developed for this project. In NYS, wetlands are primarily concentrated in lowlands along the northern borders

of the state defined by river and lake coastlines. Table 1 summarizes the methane fluxes we assume per wetland type, calculated95

using the values reported and the wetland type categorization from Tables 13.1, 13A.2, 13A.15, and 15A.2 of the US Global

Change Research Program (USGCRP) Second State of the Carbon Cycle Report (SOCCR2; USGCRP, 2018). These fluxes

are applied to gridded maps of areal coverage of these five wetland types at 0.01◦ resolution, which were generated as follows.
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Figure 2. Bottom-up wetland methane emission estimate in kg m−2 yr−1 used in this study. Methodology is described in the main text.

Black lines show state, provincial, and New York county borders. Blue lines show the outlines of large lakes.

Table 1. Mean methane fluxes in kg km−2 yr−1 by wetland type as categorized in the US Global Change Research Program (USGCRP)

Second State of the Carbon Cycle Report (SOCCR2; USGCRP, 2018).

Wetland Type CONUS Canada

Tidal Estuarine 28 28

Emergent Peatland 30 23

Emergent Mineral Soil 35 26

Forested Peatland 12 8.8

Forested Mineral Soil 27 27

For the United States, the US Fish and Wildlife Service (FWS) National Wetlands Inventory (NWI) provides detailed poly-

gon Geographic Information System (GIS) files classifying areal extent of different wetland types for each US state (U.S.100

Fish and Wildlife Service, 2020). We first spatially merged the files for each state east of the Mississippi River, isolating the

polygons for coastal estuary wetlands, emergent wetlands, and forested wetlands. We then used the peatland extent maps from

the PEATMAP inventory (Xu et al., 2018) in order to subdivide the emergent wetlands into emergent peatland and emergent

mineral soil wetlands, and the forested wetlands into forested peatland and forested mineral soil wetlands. We then rasterized

the areal coverage of each wetland type at 0.01◦ resolution.105

For Canada, the Provincial Mapping Unit of the Ontario Ministry of Natural Resources and Forestry provides detailed

polygon GIS files classifying areal extents of different wetland types across the entire province (Ontario MNRF, 2020). We
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attributed wetlands classified as “fen” or “bog” to emergent peatland, “marsh” to emergent mineral soil, and “unknown” or

“swamp” to forested mineral soil. The Québec Ministry of Environment in partnership with Ducks Unlimited Canada provides

detailed polygon GIS data for wetlands across southernmost Québec in their “Cartographie des milieux humides du Sud du110

Québec” product (Ducks Unlimited Canada, 2018). We attributed wetlands classified as “tourbière ouverte bog” or “tourbière

ouverte fen” to emergent peatland, “marais” or “prairie humide” to emergent mineral soil, “tourbière boisée” to forested

peatland, and “marécage” to forested mineral soil. For boreal Québec and Labrador, we used version 1 of the Boreal-Arctic

Wetland and Lake Dataset (BAWLD; Olefeldt et al., 2021a, b), a gridded raster product at 0.5◦ resolution, and map “bog”

and “fen” to emergent peatland and all other wetland classifications to emergent mineral soil. For all remaining locations in115

Canada, we used the areal extent classifications from Level 3 of the Global Lakes and Wetlands Database (GLWD-3; Lehner

and Döll, 2004), a gridded raster product with 30-sec resolution, and map “bog, fen, mire (peatland)” to emergent peatland

and “freshwater marsh/floodplain” and “intermittent wetland/lake” to emergent mineral soil. We assumed the remaining partial

wetland coverage classifications are distributed evenly between emergent mineral soil and forested mineral soil. We then

rasterized the areal coverage of each wetland type at 0.01◦ resolution, and merge with the United States maps.120

Other smaller natural emission sources in the prior include geological seeps from Etiope et al. (2019), scaled to 2 Tg CH4 yr−1

based on Hmiel et al. (2020), open fires from Global Fire Emissions Database version 4 with small fires (GFED4s; Randerson

et al., 2017; van der Werf et al., 2017), and termites (Fung, 1991). Since GFED4s was only available through 2023 at the time

of this work, we used the Quick Fire Emissions Database version 3.1r1 (QFEDv3.1r1; Darmenov and da Silva, 2015) for open

fire emissions in 2024.125

2.2 Boundary conditions

In regional modeling, boundary conditions are a necessary input that dictate the state of a given variable at the boundary of the

region of interest. In the context of this work, boundary conditions provide mixing ratios of methane immediately outside of the

modeled region. Although the IMI optionally includes adjustments to boundary methane mixing ratios in its optimization, high

uncertainty in the boundary conditions can inhibit the model’s ability to optimize methane emissions (see Sect. 3.1.1). We used130

two different sets of boundary conditions to evaluate their uncertainty on our results. The CarbonTracker-CH4 gridded product

is a set of 3-D gridded mixing ratios of methane at 2◦ latitude × 3◦ longitude horizontal resolution and 3 hr temporal resolution

produced by the posterior simulation of a global inversion of methane emissions of the TM5 model assimilating observations of

methane mixing ratios and stable carbon isotopologue abundances (http://gml.noaa.gov/ccgg/carbontracker-ch4/, last accessed

June 15, 2026; Peters et al., 2007). We use the CarbonTracker-CH4 gridded product to prescribe boundary conditions from135

01 December 2017 through 31 December 2023, the most recent period available at the time of analysis, thereby enabling

simulations for 2018–2023 with a one-month model spin-up. The IMI developers maintain an Amazon Web Services (AWS)

database containing methane boundary conditions created using GEOS-Chem and bias-corrected using one of two sets of

satellite-derived products: methane column retrievals from the TROPOspheric Monitoring Instrument (TROPOMI) aboard

the Sentinel-5 Precursor satellite (https://doi.org/10.5270/S5P-3lcdqiv) or the blended data product created by Balasus et al.140

(2023) using methane columns from TROPOMI and the Greenhouse gases Observing SATellite (GOSAT) (detailed description
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of boundary condition files in Estrada et al., 2025). We use the v2025-03-blended TROPOMI+GOSAT-corrected boundary

conditions for simulations spanning 2018–2024. As TROPOMI retrievals become available in April 2018, CarbonTracker-CH4

boundary conditions are used until 31 March 2018, with a transition to the TROPOMI+GOSAT-corrected boundary conditions

thereafter in the 2018 simulation.145

2.3 Meteorological fields

We test the sensitivity of our results to two different sets of meteorological reanalysis products from the National Aeronautics

and Space Administration (NASA) Global Monitoring and Assimilation Office (GMAO) Goddard Earth Observing System

(GEOS) meteorological data. For the majority of our simulations, we use a horizontal resolution of 0.25◦ latitude × 0.3125◦

longitude (∼25 km×25 km), driven by the GEOS Forward Processing (GEOS-FP) meteorological fields (Rienecker et al.,150

2008), which are the default meteorological fields in the IMI. However, version 5.25.1p5 of GEOS-FP introduced a substan-

tial change in the treatment of deep convection, affecting the meteorological fields available to GEOS-Chem beginning on

01 June 2020. To assess and constrain the impact of this change on our simulations, we additionally perform simulations us-

ing meteorological fields from the Modern-Era Retrospective analysis for Research and Applications, Version 2 (MERRA-2;

Gelaro et al., 2017). These fields are generated using a frozen version of the GEOS-5 model, ensuring temporal consistency, but155

are available only at a coarser horizontal resolution of 0.5◦ latitude × 0.625◦ longitude (∼50 km). For our simulations using

MERRA-2 meteorological fields, we simulate only with CarbonTracker-CH4 boundary conditions because we find that they

match the observed methane mixing ratios more closely (2018-2023 mean bias 0.9 ppbv in the CarbonTracker-CH4 bound-

ary conditions versus 6.3 ppbv in TROPOMI+GOSAT-corrected boundary conditions relative to surface observations listed in

Table 2).160

2.4 Methane observation network

We use stationary in situ observations of methane mixing ratios from multiple sources, described below. For most simulations,

we assimilate only afternoon observations (12:00-14:59 local time), when the boundary layer is well-developed (e.g., Bakwin

et al., 1998; Miles et al., 2017). However, we also perform sensitivity tests, in which we use all available hourly mean obser-

vations to estimate the errors in the simulated boundary layer on our results. We also perform sensitivity tests to determine165

the impact of closure of surface monitoring sites in external networks used in this study. In January 2025, the U.S. federal

government canceled the National Institute of Standards and Technology (NIST) Northeast Corridor (NEC) program that oper-

ates the NIST/Earth Networks (EN) sites listed in Table 2. Meanwhile, the Harvard, Pennsylvania State University (PSU), and

some of the Environment Climate Change Canada (ECCC) operated sites have also ceased operation in recent years. For this

sensitivity test, we include only our operated sites and the two presently operational ECCC sites within our inversion domain170

(WHT, EGB, DWS, ROC, PSP, LDO; see Table 2 for descriptions).
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Figure 3. Monthly mean methane mixing ratios (parts per billion by volume; ppbv) measured at four sites in New York State during the

study period rise across of most of New York State. Time series are shown as solid lines for our new measurements at Pinnacle State Park

(PSP; blue), Rochester (ROC; green), Whiteface Mountain Base (WHT; red), and the Lamont-Doherty Earth Observatory (LDO; orange).

Monthly means are calculated from hourly observations for months with at least 360 valid measurements. Shaded ribbons denote the 5th-95th

percentile range of hourly methane mixing ratios within each month. Inset values indicate the slope of an ordinary least squares regression

of monthly mean mixing ratios versus time (ppbv yr−1), with the uncertainty given as the standard error.

2.4.1 Original measurements

Figure 3 shows the original measurements from our four GHG monitoring sites in New York State, which began in late

2017. The analytical methodology and the physical description of the first three sites are described in detail by Murray and

Leibensperger (2020), and were implemented to mimic those of McKain et al. (2015) and Karion et al. (2020). Since that175

technical report, we established another monitoring site on an emergency communications tower located on the Lamont-

Doherty Earth Observatory campus of Columbia University in Palisades, NY, a suburban site to the north-northwest of New

York City. In summary, we deployed three Picarro G2301 Cavity Ring Down Spectrometer (CRDS) Analyzers and one Picarro

G2110-i CRDS Analyzer to four field sites across New York State. Our locations were chosen to complement the Karion et al.

(2020) network (see Sect. 2.4.2), and sited at existing NYS Department of Environmental Conservation (DEC) air quality180

monitoring stations in order to be co-located with existing National Ambient Air Quality Standards (NAAQS) measurements

of other trace gases. We perform an automated 2- or 3-point calibration sequence every 25 hours to standards traceable to

the World Meteorological Organization X2004 scale (Dlugokencky et al., 2005). In addition, we manually check all data for
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quality assurance, and remove questionable data conservatively by manual inspection. We aggregate data to hourly temporal

resolution for analysis.185

2.4.2 Additional measurements

In addition to our original continuous measurements, we use all publicly available stationary in situ methane data within our

domain and time period of analysis (Jan 2018-Jan 2025). The NIST NEC urban test bed project was established in 2015 (Kar-

ion et al., 2020). NIST partnered with Earth Networks, Inc. to establish continuous monitoring of methane and carbon dioxide

from a network of 32 tall towers with Picarro 2301 CRDS Analyzers extending from North Carolina to New Hampshire, clus-190

tered along the Eastern Seaboard. We use here the hourly average product provided by Karion et al. (2025) for the 17 locations

closest to New York State. Each tower samples air from at least two inlet heights in an alternating sequence. We also use

the hourly methane provided within version 7 of the GLOBALVIEWplus CH4 ObsPack product aggregated and provided by

the US National Oceanic and Atmospheric Administration (NOAA) to the scientific community (Schuldt et al., 2024). The

GLOBALVIEWplus methane measurements include calibrated high-precision in situ measurements from 67 different labora-195

tories, converted to a consistent ObsPack file format (Masarie et al., 2014). Here we use the GLOBALVIEWplus observations

submitted for four sites in Southern Ontario by Environment and Climate Change Canada (ECCC) (Chan et al., 2020; Ishizawa

et al., 2024), a tower in northeastern Pennsylvania operated by Penn State University for the Atmospheric Carbon and Trans-

port (ACT)-America campaign (Wei et al., 2021), and three sites in Massachusetts operated by Harvard University (McKain

et al., 2015; Sargent et al., 2021).200

2.5 Integrated Methane Inversion (IMI)

We use version 2.0 of the Integrated Methane Inversion (IMI) for our inverse modeling (Varon et al., 2022; Estrada et al.,

2025). The IMI is open source software for performing analytical methane Bayesian synthesis inversions to optimize methane

emissions and, optionally, hydroxyl radical (OH) mixing ratio using version 14.4.1 of chemical transport model GEOS-Chem

(Bey et al., 2001; The International GEOS-Chem User Community, 2024) as the forward model and retrievals from the TRO-205

POspheric Monitoring Instrument (TROPOMI https://www.tropomi.eu/) aboard the Sentinel-5 Precursor satellite as the ob-

servational input. Version 2.0 of the IMI introduced a variety of improvements and features, including the option to optimize

boundary conditions and ability to use the blended TROPOMI+GOSAT data product of Balasus et al. (2023) for boundary

conditions (Estrada et al., 2025).

Here, we describe the theoretical basis for an analytical methane Bayesian synthesis inversion (Sect. 2.5.1) and how it is210

implemented in the IMI for our use case (Sect. 2.5.2). More detail on analytical Bayesian synthesis inversions can be found in

Rodgers (2000) and Brasseur and Jacob (2017). More detail on their implementation in the IMI can be found in Varon et al.

(2022).
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Table 2. Summary of surface monitoring sites we use in this study. Sites are listed from north to south. Site operators are the University

of Rochester, Environment and Climate Change Canada (ECCC), the National Institute for Standards and Technology/Earth Networks, Inc.

(NIST/EN), Harvard University, and Pennsylvania State University (PSU). Data sources are (a) this study, (b) the CH4 GLOBALVIEWplus

v7.0 ObsPack product (Schuldt et al., 2024), and (c) the NIST Northeast Corridor urban testbed v1.3.0 product (Karion et al., 2020, 2025).

ID Location Longitude Latitude Inlet Height Data Operator Source

(◦W) (◦N) (m.a.g.l.) Availability

WHT Whiteface Mtn. Base, Wilmington, NY 73.86 44.39 4 2018-2025 Rochester a

EGB Egbert, ON 79.78 44.23 25 2018-2023 ECCC b

DWS Downsview, Toronto, ON 79.47 43.78 20 2018-2023 ECCC b

DNH Durham, NH 72.15 43.71 121 2018-2025 NIST/EN c

HNP Hanlan Point, Toronto, ON 79.39 43.61 10 2018-2021 ECCC b

ROC Rochester, NY 77.54 43.15 4 2018-2025 Rochester a

UNY Utica, NY 74.79 42.88 64 2018-2025 NIST/EN c

TPD Turkey Point, ON 80.56 42.64 35 2018-2021 ECCC b

HFM Harvard Forest, Petersham, MA 72.17 42.54 29 2018-2022 Harvard b

BUN Boston Univ., Boston, MA 71.10 42.35 29 2018-2022 Harvard b

COP Copley Building, Boston, MA 71.08 42.35 260 2018-2022 Harvard b

PSP Pinnacle State Park, Addison, NY 77.21 42.09 4 2018-2025 Rochester a

MSH Mashpee, MA 70.50 41.66 36 2018-2025 NIST/EN c

MRC Mildred, PA 76.42 41.47 61 2018-2022 PSU b

HCT Hamden, CT 72.95 41.43 85 2018-2025 NIST/EN c

SNJ Stockholm, NJ 74.54 41.14 48 2018-2025 NIST/EN c

LDO Lamont-Doherty Earth Obs., Palisades, NY 73.91 41.00 18 2020-2025 Rochester a

FPL Flax Pond, Old Field, NY 73.14 40.96 16 2023-2025 NIST/EN c

LEW Lewisburg, PA 76.88 40.94 72 2018-2025 NIST/EN c

MNY Mineola, NY 73.64 40.75 56 2018-2025 NIST/EN c

NWK Newark, NJ 74.17 40.73 143 2023-2025 NIST/EN c

WNJ Waterford Works, NJ 74.84 39.73 98 2020-2025 NIST/EN c

TMD Thurmont, MD 77.49 39.58 81 2018-2025 NIST/EN c

NWB Northwest Baltimore, MD 76.69 39.34 41 2018-2025 NIST/EN c

NEB Northeast Baltimore, MD 76.58 39.32 58 2018-2025 NIST/EN c

HAL Halethorpe, MD 76.68 39.26 44 2018-2025 NIST/EN c

JES Jessup, MD 76.78 39.17 70 2018-2025 NIST/EN c

BVA Bluemont, VA 77.83 39.14 50 2021-2025 NIST/EN c

DER Derwood, MD 77.14 39.13 44 2018-2025 NIST/EN c
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Figure 4. Map of surface in situ monitoring sites used in this study. Sites are colored by their operator and their label IDs correspond to

Table 2. Black lines show US state and Canadian provincial borders. Light gray lines show New York State county borders. The size of the

circle reflects the relative number of observations collected over the Jan 2018 to Jan 2025 period of our analysis.

2.5.1 Analytical inversion

In our model framework, the Bayesian optimal estimate of the state vector x can be found by minimizing the cost function215

J(x):

J(x) = (x−xa)
T
S−1
a (x−xa)+ γ [y−F(x)]

T
S−1
o [y−F(x)]. (1)

where xa is the prior estimate of the state vector, Sa is the error covariance matrix of that estimate, γ is a regularization

parameter, y is the observation vector, F is the forward model that relates the state vector to the observations, and So is the

observational error covariance matrix. The regularization parameter γ is included to prevent the overfitting of the solution to220

observations that can otherwise occur when off-diagonal elements of So and Sa are not fully characterized.

Analytical inversions of methane, such as those performed with the IMI, assume that the forward model can be approximated

as linear since the first-order loss rate of methane is approximately constant due to the relatively narrow range of atmospheric

methane mixing ratios. When the forward model is linear, F(x) in the cost function can be replaced by its derivative, the

Jacobian matrix K=∇xF= ∂y
∂x , because K is independent of x in a linear forward model. The optimal estimate x̂ of the state225

vector, also known as the maximum a posteriori (MAP) solution, can then be solved analytically by

x̂= xa +G(y−Kxa), (2)
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where G is the gain matrix, which also describes the sensitivity of x̂ to the observations:

G=
(
S−1
a + γKTS−1

o K
)−1

γKTS−1
o =

∂x̂

∂y
. (3)

The product of the gain matrix with the Jacobian matrix K= ∂y
∂x gives the averaging kernel A= ∂x̂

∂x . The gain matrix and the230

averaging kernel are useful tools in evaluating inversion results, as they provide the sensitivity of the optimal solution to the

observations and to the true value of the state vector, respectively.

This solution to the optimization problem assumes Gaussian errors, which does not exclude negative emissions in the opti-

mal solution (Miller et al., 2014), and methane emissions from oil and gas production have been shown to exhibit lognormal

distribution (Yuan et al., 2015). In the IMI, negative posterior emission totals can only be non-physical since soil absorption235

of methane is not optimized, as there is little information about this sink to be gained from the inversion due to its small

magnitude and small spatial gradients (Varon et al., 2022; Estrada et al., 2025). Optimizing x′ = ln(x) ensures a positive

solution and more appropriately represents the heavy-tailed distribution of some methane sources. Since this makes the for-

ward model nonlinear, it is necessary to iterate to find the optimal solution and its error statistics. However, the updated

Jacobian matrix K′
(n) =

∂y

∂ ln(x(n))
for each iteration n has individual elements ∂yi

∂ ln(xj)
that are related to the elements of K240

by ∂yi

∂ ln(x(n),j)
= x(n),j

∂yi

∂x(n),j
, so recalculation of the updated Jacobian matrix for each iteration does not require additional

simulations (Maasakkers et al., 2019). Following Rodgers (2000), the solution for each iteration N can be found with the

Levenberg-Marquardt method:

x′
(n+1) = x′

(n) +
[
(1+κ)S′−1

a + γK′T
(n)S

−1
o K′

(n)

]−1 [
γK′T

(n)S
−1
o

(
y−Kx(n)

)
−S′−1

a

(
x′
(n) −x′

a

)]
, (4)

where x′ = ln(x), x′
a = ln(xa), S′

a = ln(σa,g)
2 with σa,g as the geometric standard deviation of the prior, and κ is a coeffi-245

cient for the iterative approach. Solving in lognormal space assumes that xa represents the median prior estimate rather than the

mean, necessitating a correction to K using the relationship between the median and mean of a lognormal probability density

function:

xi,median = xi,meane
−σ2

i
2 . (5)

The IMI uses a constant κ= 10 following Chen et al. (2022), who found that this constant value leads to faster convergence250

while yielding the same results as approaches such as those recommended by Rodgers (2000) which gradually decrease κ from

some arbitrary starting value. Various methods exist for choosing x̂′ based on the results of the iteration. The IMI adopts the

methods of Chen et al. (2022), who set x̂′ = x′
(n+1) when the maximum difference between elements of x′

(n) and x′
(n+1) falls

below 0.5 %.

Following Chen et al. (2022) and Rodgers (2000), the posterior error covariance matrix in log space Ŝ′ can be calculated as:255

Ŝ′ =
(
γK′TS−1

o K′ +S′−1
a

)−1
. (6)

The optimal estimate of a lognormal inversion ln(x̂′) is the median scale factor, so the IMI applies Eqn. 5 using the diagonal

elements of Ŝ′ to calculate the optimal mean scaling factor estimate.
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Figure 5. State-vector elements used in this study: (a) 0.25◦ latitude × 0.3125◦ longitude, optimizing only NYS at full resolution;

(b) 0.25◦ latitude × 0.3125◦ longitude, optimizing all non-oceanic cells within 2◦ of NYS borders at full resolution; (c) 0.25◦ lati-

tude × 0.3125◦ longitude, optimizing NYS and all measurement sites at full resolution and clustering large emission sources separately;

(d) 0.5◦ latitude × 0.625◦ longitude, optimizing only NYS at full resolution. Colors qualitatively indicate different state-vector elements.

New York borders shown in white.

2.5.2 Implementation

Figure 5 shows the different state-vector definitions evaluated in this study. The state vector x is the set of scaling factors ap-260

plied to all positive methane emissions within these cells, and also includes those for the methane mixing ratios in the boundary

conditions at each of the curtain mean values for the four cardinal edges of the inversion domain. The prior estimate of the

state vector xa is, therefore, a vector of ones of length equal to the number of state-vector elements plus four additional ele-

ments to optimize methane mixing ratios coming into the inversion domain across the boundaries. We select as full-resolution

(0.25◦ latitude × 0.3125◦ longitude; ≈25 km×25 km) state-vector elements all model grid cells that are at least partially within265

New York State boundaries (including marine and lacustrine cells). When creating the state vector, the IMI groups model grid

cells outside the region of interest into “buffer clusters” and assigns a single state-vector element to each cluster. This means

that a single scaling factor is optimized for each of these clustered areas and applied to all of the model grid cells it contains.

We tested for sensitivity of our results to two alternative definitions of the state vector that allow for greater granularity in the

optimized scaling factors in the buffer regions at the computational cost of increasing the number of state-vector elements.270

The small state vector (Fig. 5a) is the default treatment in the IMI, in which only model grid cells within the region of

interest are optimized at full resolution. The large state vector (Fig. 5b) seeks to optimize a rectangle at full resolution for

all non-oceanic grid cells within 2◦ of the latitude and longitude of NYS borders, an area which also includes all surface

measurement locations listed in Table 2 and shown in Fig. 4. The intermediate state vector (Fig. 5c) is an attempt to achieve

results similar to the large state vector while reducing the number of elements to a number similar to the small state vector.275

For these simulations we optimize at full resolution all grid cells inside NYS as well as those containing surface measure-

ment locations outside NYS, and we create additional clusters for model grid cells outside NYS containing emissions of at

least 10−9 kg CH4 m2 s−1 (about 20 Gg CH4 yr−1) from any given source category. This creates three additional clusters
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which contain two large landfills to the west of NYS, several reservoirs to the north in Canada, and several coal mines in the

Appalachian Mountains to the south, respectively. The MERRA-2 grid state vector is the same as the small state vector, but280

defined at 0.5◦ latitude × 0.625◦ longitude resolution (≈50 km×50 km). We use it for our simulations that test the impact of

different meteorological fields and horizontal resolution, since it is the native resolution of the MERRA-2 reanalysis.

We apply the forward model (GEOS-Chem version 14.4.1) using prior emissions to generate synthetic observations using an

observation operator. We apply our own observation operator to be able to use stationary in situ observations in our optimization

with the IMI (see Sect. 2.5.3). The difference between the observations and the forward model, y−Kxa, is then the innovation285

or residual term in the MAP solution (Eq. 2).

We select a value for γ based on the work of Lu et al. (2021), who show that the probability density function of the state

component Ja of the cost function can be expected to have a χ2 distribution with n degrees of freedom, expected value of n,

and standard deviation
√
2n, where n is the number of state-vector elements:

Ja (x) = (x−xa)
T
S−1
a (x−xa)∼ n±

√
2n. (7)290

Overfitting of the optimal solution to the observations leads to Ja(x̂)≫ n±
√
2n. We solve for γ iteratively such that

Ja(x̂)/n∼ 1 for each individual simulation, as the changes in available observations between years make it impossible to

use the same value of γ even when all other variables are held constant.

The IMI computes the Jacobian matrix K by performing a series of GEOS-Chem simulations in which emission pertur-

bations are applied to grid cells corresponding to one or more elements of the state vector, which are then compared to the295

base simulation. We apply perturbations to five state-vector elements in each perturbation simulation based on the performance

optimization done by the creators of the IMI (Fig. 2 of Estrada et al., 2025). Using our stationary observation operator, the

results of these simulations are then sampled at the 3-D coordinates of each measurement to calculate the sensitivity of each

site to each state-vector element, ∆yi

∆xi
.

In IMI simulations, the prior Sa and observational So error covariance matrices are assumed to have no off-diagonal ele-300

ments and therefore consist of only the error variances of each state-vector element and each site, respectively. This has become

common practice in analytical inversions of trace-gas emissions in order to facilitate computation and in the absence of objec-

tive information on error covariance (e.g., Souri et al., 2020; Cusworth et al., 2021). The IMI assigns the prior error variance as

a single relative value, σ2
a, assumed constant for all elements of the state vector. We describe our selection of values for prior

errors below.305

We choose to run the IMI by performing the inversion in a log-transformed space for the state vector in order to guarantee

physically appropriate optimal scaling factors for the posterior. Initial attempts in linear space resulted in non-physical negative

emissions in select regions. When optimizing a lognormal state vector, the IMI uses geometric standard deviation for state-

vector elements, while using arithmetic standard deviation for optimizing boundary conditions and buffer elements, which are

treated as additional constraints on boundary conditions and not included in the analysis. Although the IMI only applies the310

respective 4-D boundary conditions at the edge of the inversion domain, we estimate the error that the boundary conditions

may impart on our inversions by sampling them directly at our surface sites within the domain at the time of the observations.
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We calculate the root mean square difference of afternoon (12:00-14:59 local time) methane mixing ratios in these virtual

samples and the measured values. We use the result, 6 ppbv, as σa for the boundary conditions. Since the region of interest for

this work matches the extent of the GNYS emissions inventory we use for our prior emissions estimate, we use the equation of315

Maasakkers et al. (2023) recommended for GNYS by Loman et al. (2025) to find a 95 % relative confidence interval of 53 %

for statewide total emissions gridded at 0.25◦ latitude × 0.3125◦ longitude. For the buffer clusters, which are optimized with

normally distributed errors, we use a relative standard deviation of 30 % as a conservative adjustment of this calculation. For

all state vector elements within the region of interest, including all the full-resolution elements outside NYS in the large state

vector, we translate to a geometric standard deviation σg of 1.3 (unitless).320

To construct So, we calculate the error variance σ2
o at each site using the residual method. Total observational error εo is

the sum of instrument error, forward model error, and representation error. We assume that all three of these components are

randomly distributed about zero and therefore do not contribute to the mean bias of the model y−F(x), which we assume

is due to error in the prior estimate. Therefore, we can obtain total observational error by subtracting mean bias from the

difference between observations and prior estimate (e.g., Tarantola, 1987; Palmer et al., 2003; Heald et al., 2004; Brasseur and325

Jacob, 2017):

εo = y−F(xa)−y−F(xa). (8)

We then use σ2
o , the variance of εo at a given site across the simulation period, to construct So. We perform these calculations

separately for each simulation.

2.5.3 ObsPack operator330

We add an observation operator to the IMI so we can optimize gridded methane emissions using stationary in situ methane

observations rather than only TROPOMI satellite retrievals. We design this operator to use observations formatted according

to the ObsPack framework, which stores observational data from a variety of platforms with internally consistent metadata

(Masarie et al., 2014). This allows for compatibility with the existing ObsPack diagnostic output option in GEOS-Chem and

reduces output file sizes in the present use case relative to the default IMI satellite observational operator. We edit the IMI335

code to load and filter daily ObsPack products, enable the ObsPack diagnostic in GEOS-Chem, and use the observational data

y and diagnostic output from the prior run Kxa to construct the Jacobian matrix K. We also add the capability to estimate

observational error variance on a site-by-site basis in each simulation using the residual method (see Sect. 2.5.2). We use these

values to construct the observational error covariance matrix So, as opposed to applying a single value to all observations,

which is default behavior in the IMI.340

3 Results and Discussion

Table 3 summarizes the different combinations of settings we use for our inversions. We conduct sensitivity tests to constrain the

impacts of different boundary conditions (Sect. 2.2), meteorological fields (Sect. 2.3), state vectors (Fig. 5), and observational
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subsets on our results. We run each annual simulation from Jan 1 of the analysis year to Jan 31 of the subsequent year to ensure

that optimized emissions for December are consistent with observational constraints from the following January (except for345

2024, in which the simulations end on Dec 31).

3.1 Inversion results

Table 3 shows the mean bias in synthetic observations of methane from simulations using optimized emissions, as well as the

interannual mean and standard deviation of degrees of freedom for signal (DOFS) for each multi-year ensemble. Results from

the ensemble using TROPOMI+GOSAT boundary conditions and each of the ensembles using only observations from our350

operated sites and the two operational ECCC sites are excluded for some years due to optimization failure, which we discuss

further in Section 3.1.1. The DOFS indicate the number of independent pieces of information provided by the observing system,

calculated here for grid cells in NYS and in southeastern NYS where observations are densest (areas ≤ 41.375◦N). We choose

this latitude as the cutoff because it is approximately equal to the northernmost extent of the New York City Metropolitan Area.

The ensembles that use only afternoon observations tend to have the smallest posterior absolute biases and have DOFS of 4-7355

compared to the 249 state-vector elements in NYS. We find that simulations using the small and intermediate state vectors

tend to have greater absolute biases despite greater sensitivity to methane emissions within NYS, as indicated by greater mean

DOFS, compared to simulations using the large state vector. We also find that mean absolute bias with respect to observations

is highest for the simulations that use all observations as opposed to only the afternoon data.

The two ensembles that use the coarser MERRA-2 grid state vector, which differ only in the meteorology used, have the360

lowest absolute mean biases at NYS sites among all ensembles but larger absolute mean biases across all sites than the other

ensembles that use only afternoon observations (Table S1). However, Table S1 also shows higher root mean square error

(RMSE) at NYS sites across years for the coarser-resolution ensemble using GEOS-FP meteorology compared to the other

ensembles that assimilate only afternoon observations. This indicates that the low absolute mean bias for this ensemble repre-

sents more balanced positive and negative biases, rather than better performance. In contrast, the coarser-resolution ensemble365

using MERRA-2 meteorology has slightly lower RMSE at NYS sites across years relative to the other ensembles using only

afternoon observations. Figure S1 shows that this ensemble has RMSE at NYS sites comparable to the other ensembles for

2018-2020 but lower values in 2021-2023 after the change in convection in the GEOS-FP meteorological fields. The lower

RMSE of this ensemble is also reflected in its prior simulations, while the change in RMSE from optimization for each year

is similar or smaller than other ensembles. These results suggest that the lower absolute mean bias of the coarser-resolution370

ensemble using MERRA-2 meteorology at NYS sites reflects a decline in performance of the GEOS-FP meteorological fields

over NYS concurrent with the change in convection treatment.

The ensembles using CarbonTracker-CH4 boundary conditions and only afternoon observations allow for a direct evaluation

of the impact of state vector choice. The ensemble using the large state vector has both lower absolute mean bias and lower

DOFS in NYS compared to the ensembles using the small and medium state vectors. We attribute this difference to the clustered375

state-vector elements that buffer the region of interest to reduce the bias associated with boundary conditions without large

increases in state vector size and computational expense. This method of state vector creation is the default in the IMI and was
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used by Varon et al. (2022) and Estrada et al. (2025) for inversions of the Permian basin and the continental US, respectively. In

those studies, clustered buffer elements aggregated grid cells representing regions where emissions and transport errors could

reasonably be assumed to be homogeneous, such as rural Texas outside the Permian Basin and the Pacific and Atlantic Oceans.380

In contrast, the buffer clusters used here encompass heterogeneous regions, combining multiple large urban areas and fossil fuel

extraction zones with rural landscapes and extensive bodies of water. Similar to the findings of Nesser et al. (2025), our results

indicate that while optimizing large buffer clusters can enhance overall sensitivity, this approach may degrade performance

within the region of interest when the assumption of homogeneity is violated.

Figure 6. Sensitivity of the optimal state estimate x̂ to the true state, quantified by the diagonal elements of the averaging kernel matrix.

Panels show (a) the interannual mean and (b) the interannual standard deviation of the (unitless) averaging kernel diagonals for each state

vector grid cell. Sensitivities are largest at measurement locations and in their immediate surroundings, and are small elsewhere, with limited

interannual variability. The dashed red line marks the northern boundary used to define southeastern New York State (41.375◦N); non-

negligible sensitivities south of this latitude indicate that the observing system can best resolve emissions in this region. Results are shown

for the ensemble that exhibits the lowest absolute mean bias in simulated observations over New York State (see Table 3).

Figure 6 shows the mean and standard deviation across all years of the diagonal elements of the averaging kernels for the385

ensemble using GEOS-FP meteorology, CarbonTracker-CH4 boundary conditions, afternoon observations only, and the large

state vector, which exhibits the lowest absolute mean bias. The diagonal elements of the averaging kernel show the sensitivity

of the optimal estimate x̂ to the true value of x, or equivalently the ability of the observing system to reduce error relative to

the prior estimate xa. We find that these results are largely consistent over time, with the most notable year-to-year change

occurring when Lamont-Doherty Earth Observatory (LDO) observations begin in late 2020, resulting in an increase in DOFS in390

southeastern NYS close to the measurement location. A group of sites around New York City in the southeast of NYS (Fig. 4)
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provides the largest contiguous region of non-negligible sensitivity across all years. The sensitivities of the observing system

in all simulations is greatest in the areas immediately surrounding the observation sites themselves, as well as areas with high

methane emissions such as Modern Landfill (43.25◦N, -79.0625◦E) at the western border of NYS and western-central NYS

where emissions from landfills, livestock, and wetlands are all relatively high. Although assuming diagonal errors in the prior395

estimate is in practice a common approximation for the purposes of inverse modeling, the lack of off-diagonal error covariance

structure limits the spatial distribution of information that can be gained from a spatially sparse observing system. We can

reasonably assume that the observing system is capable of resolving total emissions for areas in which total DOFS is ≥ 1 and

sensitivity in the diagonal elements of the averaging kernel is evenly distributed (e.g., Worden et al., 2022). Although this is

not the case for NYS as a whole, the area south of 41.375◦N in Fig. 6 shows more consistent sensitivity to true emissions, and400

is responsible for about half of the information content in NYS in the ensembles using observations from all available sites as

shown in Table 3. Therefore, we consider that southeastern NYS may be able to meet these criteria. Inclusion of off-diagonal

terms in the error covariance matrices in future analyses would likely increase DOFS throughout NYS and may allow this

observing system to resolve total emissions for a larger area.

Figure 7 shows the mean prior emissions, the mean posterior emissions, and the mean and interannual standard deviation405

of the optimized emission scaling factors from the same ensemble as Fig. 6; the results are similar in other ensembles using

afternoon observations (Figs. S2, S3, and S4). Methane emissions are overestimated in the prior in most of NYS but under-

estimated in and around New York City in southeastern NYS. Our optimizations achieve statistically significant (p < 0.05)

scaling factors only in grid cells adjacent to or containing measurement sites in this ensemble. Higher posterior emissions in

New York City are most likely from natural gas end-use emissions that are known to be underestimated in the GNYS inventory410

(Pitt et al., 2024; Loman et al., 2025). Lower posterior emissions in the rest of the state, where livestock and landfills are the

largest methane sources, may reflect the broad spatial distribution of the GNYS inventory of livestock emissions that intention-

ally ignored information about animal head count in concentrated animal feeding operations (CAFOs) in deference to federal

protections for confidential business information. There are hundreds of CAFOs in NYS and their methane emissions can be

comparable to combustion facilities (NYSDEC, 2024; Catena et al., 2025). The diffuse treatment of these emissions can lead415

to overestimates across large areas of NYS, while the lack of underestimates corresponding to CAFO locations may indicate

overestimated total livestock emissions, poor sensitivity to these areas from our observations, or both.

Figure 8 shows the time series and 2σ confidence intervals of total prior and posterior emissions for all simulations aggre-

gated over all of NYS (top row) and aggregated over model grid cells in southeastern NYS only (≤ 41.375◦N; bottom row).

Applying the standard uncertainty propagation that neglects error covariance, as in Sect. 2.5.2, results in a value of 2 % for420

NYS totals. The method from Maasakkers et al. (2023) that we use to estimate uncertainty in the gridded prior starts with an

uncertainty of approximately 23 % for the aggregate total from which the gridded prior was constructed, indicating that error

covariance cannot be ignored. Rather than attempt to fully characterize error covariance in both the inversion and aggregated

NYS total emissions, we estimate the standard deviation of aggregated emissions as the sum of standard deviations in each

model grid cell. This method conservatively assumes that errors across grid cells are 100 % correlated. We use z-statistics to425

test for statistically significant differences between the prior and posterior emission estimates, and p values from weighted least
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Figure 7. Prior and optimized emissions from the ensemble with the lowest absolute mean bias in simulated observations (see Table 3). (a)

Mean total prior emissions across all years; (b) Mean total posterior emissions across all years; scaling factor mean (c) and standard deviation

(d) across years of the ensemble. Statistically significant scaling factors in at least one year and at least three years are represented in (c) by

grid cells overlaid with × and +×, respectively.

squares regressions to test for statistically significant trends. We use p < 0.05 as the significance threshold for all statistical

tests.

Figure 8 shows that the bottom-up inventories we use as prior estimates are consistent with the top-down observations

stationary observing system in the whole state for all years, within the uncertainties of the model-observation system. However,430

we do find statistically significant departures from the prior emissions in our posterior results when focusing on southeastern

NYS. The ensembles assimilating only afternoon observations with the small and intermediate state vectors (green lines in

the first and third panels on the bottom row) agree that emissions in southeastern NYS were significantly higher than the

prior estimate in years 2018-2020 and 2022, while the ensembles using the coarser MERRA-2 grid show significantly higher

emissions only in 2021 and 2023, and the ensemble assimilating only afternoon observations with the large state vector shows435
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Figure 8. Total prior and posterior methane emissions for all simulations aggregated across NYS (top row) and southeastern NYS

(≤ 41.375◦N; bottom row) indicate statistically significant trends and departures from prior emissions only in southeastern NYS in some

simulations. Shaded regions indicate 95 % confidence intervals. Colored circles indicate significantly greater emissions in posterior simula-

tions. Black diamonds indicate posterior simulations with significant differences due to meteorological fields.

no significant departure from the prior estimate at all, indicating that the choice of state vector has a significant impact on

inversion results. Significantly different posterior total emissions in southeastern NYS in the coarser-resolution ensembles in

2018 show that the choice of meteorological fields is significant for that year. However, better agreement between these two

ensembles in later years and consistency in the years significantly different from the prior indicates that the choice of state

vector has a larger impact on posterior total emissions than the choice of meteorological fields and suggests that the update440

to convection in GEOS-FP may have improved agreement with MERRA-2. Regardless, posterior emissions in southeastern

NYS for 2018 from ensembles using GEOS-FP meteorology should be considered less reliable. The ensembles differing only

in boundary conditions (solid and dotted green lines in the leftmost column of Fig. 8) show nearly identical results for the four

years in which they overlap, indicating a lack of sensitivity to boundary conditions. A least squares regression weighted by

posterior uncertainty in each year returns a statistically significant (p < 0.05) trend in posterior emissions in southeastern NYS445

for the ensemble using the MERRA-2 grid driven by GEOS-FP meteorology only. The dependence of any significant trend on

our choices of both state vector and meteorology indicates that this result is not reliable.
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Figure 9. Interannual trends in posterior methane emissions can be seen in areas of southwestern, northeastern, and central NYS, as well as

Long Island in the southeast. Stippling indicates statistically significant trends (p < 0.05) in the least squares model weighted by posterior

uncertainty. Results shown for the ensemble with the lowest absolute mean bias in simulated observations (see Table 3).

Figure 9 shows the interannual trends in posterior methane emissions in each model grid cell in the ensemble using GEOS-FP

meteorology, CarbonTracker-CH4 boundary conditions, afternoon observations only, and the large state vector, with stippling

to indicate the statistically significant trends (p < 0.05) in a least squares model weighted by posterior uncertainty. A region in450

central NYS corresponding approximately to the Black River valley, where the primary methane sources in our prior estimate

are livestock and fossil fuels, has a small but statistically significant positive trend in annual methane emissions. We find a

decreasing trend in annual methane emissions in western Long Island outside New York City in southeastern NYS, where our

prior estimate of emissions is dominated by fossil fuel infrastructure. We also find a much smaller negative trend in methane

emissions in northeastern NYS, where methane emissions are low but primarily from livestock in the prior estimate. Another455

slight negative trend in annual emissions with statistical significance is present in southwestern NYS, where the primary

source of emissions in the prior estimate is conventional natural gas extraction. However, this is not seen in the results for

the corresponding ensembles that use small and intermediate state vectors (Figs. S5 and S6, respectively), which instead show

similar significant trends further north, where prior emissions come almost entirely from livestock. Results are otherwise similar

for ensembles using GEOS-FP meteorology, CarbonTracker-CH4 boundary conditions, and only afternoon observations. We460

consider the statistically significant trends in posterior methane emissions offshore to be essentially meaningless, as their slopes

are negligible (on the order of 10−7 Mg CH4 km−2 yr−2), reflecting their orders-of-magnitude lower emission estimates than

on-shore emissions.
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3.1.1 Optimization failure

Our work reveals important considerations for future inverse modeling studies that rely heavily or exclusively on stationary465

measurements. We find that some combinations of inputs lead to ill-conditioned Hessians of the cost function, characterized

by near-zero eigenvalues of KTS−1
o K, indicating poorly constrained directions in state space rather than a robust minimum.

This behavior reflects the limited information content of stationary measurements for resolving spatially distributed emissions.

Forward model simulations with x̂ calculated from a failed inversion are also unable to consistently reduce absolute mean bias

of the model with respect to observations to a value lower than that found in the prior simulations. We find that our inversions are470

particularly sensitive to prior uncertainty in the boundary conditions, with higher uncertainty of σa = 15 ppbv in the boundary

conditions leading to failed inversions for all simulations. We also find that our ability to minimize J(x) is dependent on the

number of observation sites used in the inversion, as the ensembles assimilating only UR and ECCC measurements both fail to

optimize for 2018 and 2020, and of these, the ensemble that uses the small state vector fails to optimize for 2022-2023 as well.

Although Fig. 8 shows that our inversion results are insensitive to the choice of boundary conditions (i.e., solid vs. dotted475

lines), this is only the case when the absolute mean bias of the boundary conditions is small. We estimate the contribution

of errors in the 4-D boundary conditions by sampling them directly at our surface sites within the domain at the time of the

observations, as in our calculation to estimate their prior error in Sect. 2.5.2. For 2018 and 2019, we found that the boundary

conditions from the TROPOMI+GOSAT blended product had a mean afternoon (12:00-14:59 local time) bias across all sites of

approximately +30 ppbv, compared to -5.5 ppbv for 2021-2024 and -2.6 ppbv in the CarbonTracker-CH4 boundary conditions480

for 2018-2019. This is a result of an operational change in the convection scheme in the GEOS-FP meteorological reanalysis

that was implemented in 2020, as discussed in Sect. 2.3. This change strongly impacts the resultant surface methane mixing

ratios when applying the TROPOMI+GOSAT boundary conditions before and after the change, as these boundary conditions

distribute the total methane column of the TROPOMI+GOSAT blended product vertically following a GEOS-Chem simulation

driven by GEOS-FP meteorology (Estrada et al., 2025; Shen et al., 2021). The much greater absolute bias of the 2018 and485

2019 TROPOMI+GOSAT boundary conditions led to failed optimizations for those years in the ensemble that uses them (see

Sect. 3.1.1), so we do not report those results.

3.2 Comparisons with other work

3.2.1 New York State

Figure 10 shows aggregated methane emissions in this study and other gridded inversions that optimize methane emissions490

over areas that cover at least southeastern NYS at a horizontal resolution of 1◦ or finer, all of which optimize emissions for

2019. Values for NYS and southeastern NYS are calculated by applying a proportional area mask at the resolution of each

study to select only areas inside NYS borders. The confidence intervals for each study are calculated using the same methods

with which the data was originally reported, i.e., bootstrapping for Shen et al. (2022), gridded uncertainties for Worden et al.

(2022), 2.5 and 97.5-percentile values of flight results for Pitt et al. (2022) and Pitt et al. (2024), and the ensemble range for495

Nesser et al. (2024). We estimate oil and gas emissions for this study using the same proportions in each grid cell as the prior.
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Figure 10. Comparison of 2019 methane emissions aggregated over all of NYS (a) and southeastern NYS (b; ≤ 41.375◦N) in this study

and selected gridded inversions. Aggregation is done using a proportional area mask to enable comparison across horizontal resolutions, so

values for this study do not match those shown in Fig. 8 which uses a binary mask. Values for this study are calculated as the mean of the

three best-performing simulations (see Table 3), with 95 % confidence intervals corresponding to the lowest lower bound and highest upper

bound values of the posterior 95 % confidence intervals for 2019 from those ensemble members.

Aggregated emissions in this study are significantly different (p < 0.05) from only Worden et al. (2022) in southeastern NYS,

which may be an artifact of applying a proportional area mask to coarser resolution (1◦) emissions for a small region with

high spatial variability. We find here also that using only afternoon observations improves our ability to match other top-down

estimates, as repeating this comparison using the ensembles that optimize on all emissions leads to totals for southeastern NYS500

that are significantly lower than those of Pitt et al. (2022), the spatial inversion of Pitt et al. (2024), and Nesser et al. (2024).

Nesser et al. (2024) also provide the averaging kernels from their TROPOMI inversion ensemble. From their results, we

calculate ensemble mean DOFS of 7.6 and 0.8 aggregated over NYS and southeastern NYS, respectively, indicating that the

satellite data provides a similar amount of information for the whole state, but less for southeastern NYS relative to this

work (see Table 3). This is unsurprising given that southeastern NYS has a large amount of coastline, limiting the success of505

satellite retrievals in this region. In addition to our findings above that stationary observations alone are insufficient to constrain

statewide methane emissions, the comparison with Nesser et al. (2024) indicates that inversions using a single observational

platform are not suitable to constrain emissions in NYS. Furthermore, we conclude that this stationary in situ observation

network fills a vital gap with its capacity to constrain methane emissions in New York City and the surrounding region, where

inversions using satellite retrievals have more limited sensitivity.510

24

https://doi.org/10.5194/egusphere-2026-3153
Preprint. Discussion started: 14 August 2026
c© Author(s) 2026. CC BY 4.0 License.



2018 2019

Plant et al. (2019)

C
H
4:C

O

Plant et al. (2019)

C
H
4:C

O
2

This study

Pitt et al. (2022)

Pitt et al. (2024)

Sectoral inversion

Pitt et al. (2024)

Spatial inversion

Plant et al. (2022)

This study

0

400

800

1200

G
g

 C
H

4
y
r−

1

New York City top−down emissions estimates

Figure 11. Total estimated emissions (Gg CH4 yr−1) and 95 % confidence intervals (CI) for the New York City Metropolitan Area in select

studies and this study. Studies with observations taken in multiple years are grouped in the year containing the majority of observations.

Results from Plant et al. (2019) are labeled with their observed tracer:tracer slope they used to estimate total New York City methane

emissions based on inventories of CO and CO2. Results from Pitt et al. (2024) are labeled with the inversion methods they used, optimizing

either total thermogenic (fossil) and non-thermogenic methane emissions (sectoral inversion), and optimizing emissions by grid cell similarly

to this work (spatial inversion).

3.2.2 New York City Metropolitan Area

Figure 11 shows the total estimated methane emissions for the New York City Metropolitan Area in this study and other top-

down studies (Pitt et al., 2022, 2024; Plant et al., 2019, 2022). In this comparison, values from Pitt et al. (2022, 2024) are

aggregated for the New York City Metropolitan Area, while the lower values reported for Pitt et al. (2022, 2024) in Fig. 10b are

aggregated for areas within NYS borders and south of 41.375◦N. Here we only consider results from our simulations whose515

configurations have multiple state vector elements in the parts of the New York City Metropolitan Area in adjacent states (i.e.,

the large state vector), and with afternoon-only observations. We aggregate the posterior emissions from this ensemble as the

sum of all grid cells that intersect the New York City Metropolitan Area from the US Census Topologically Integrated Geo-

graphic Encoding and Referencing (TIGER) database (U.S. Census Bureau, 2018). Although this may result in an overestimate

of the emissions optimized in the New York City Metropolitan Area in this study, we assume that the urban area is responsi-520

ble for the majority of the emissions from the grid cells that intersect it. Our results show no statistically significant departure

(p > 0.05) from those of other top-down studies of New York City emissions, although Plant et al. (2019, 2022) estimate higher

emissions for the urban area using airborne and satellite tracer-tracer methods. We use the same prior emission estimates as
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Pitt et al. (2024) for areas outside NYS and an inventory with similar total emissions for areas inside NYS, indicating that

the stationary measurement network is able to provide comparable constraints on metropolitan area emissions as the aircraft525

observations used by Pitt et al. (2022, 2024). The simulations that assimilate all observations estimate emissions for the New

York City Metropolitan Area that are 35 % and 38 % lower than those of that only assimilate afternoon observations for 2018

and 2019, respectively, resulting in totals that are significantly lower than those of Plant et al. (2019, 2022) (Fig. S7). This lends

independent support to our finding that the use of all measurements decreases the ability of the inversion to match top-down

constraints relative to ensembles that use only afternoon measurements.530
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Figure 12. Total estimated emissions (Gg CH4 yr−1) and 95 % confidence intervals (CI) for the New York City Metropolitan Area (40-42◦N,

72.5-75◦W) in Schiferl et al. (2025) and this study.

Figure 12 shows total estimated methane emissions for a rectangle (40-42◦N, 72.5-75◦W) covering the New York City

Metropolitan Area in this study and the work of Schiferl et al. (2025). As above, we only consider results from our ensembles

whose configurations have multiple state vector elements in the parts of the New York City Metropolitan Area in adjacent

states (i.e., large state vector), and with afternoon-only observations. Schiferl et al. (2025) report monthly estimates of methane

emissions in this rectangle for 3-5 months between January and May of each year, showing the transition from winter to535

spring. Our annual mean estimates are generally lower than the respectively monthly estimates in each year. This also provides

additional context to the comparison shown in Fig. 11. Plant et al. (2019) used aircraft observations from April-May 2018,

while Pitt et al. (2022, 2024) used aircraft observations taken in November, February, and March between November 2018

and March 2020, and Plant et al. (2022) used satellite retrievals taken throughout 2019, with most of these occurring between

September and November. Furthermore, the methane emissions estimate of Plant et al. (2022) and one of the Plant et al.540

(2019) estimates are calculated based on carbon monoxide (CO) emissions estimates from the Emissions Database for Global

Atmospheric Research (EDGAR) versions 5.0 and 4.3.2, respectively, using observed methane to CO emission ratios. These

estimates are, therefore, also influenced the by seasonal variation in methane to CO emission ratio shown by Schiferl et al.
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(2025) as well as the prescribed seasonal cycle in CO emission rates in the EDGAR inventory, and its low bias in total CO

emissions in the New York City Metropolitan Area shown by Schiferl et al. (2024). Schiferl et al. (2025) highlight the potential545

value of utilizing the temporal density of long-term stationary observation networks like the one we use here to constrain

methane emissions on shorter-than-annual timescales, as they show seasonal biases in emissions estimates can also suggest

specific mitigation measures.

3.2.3 Major point sources

Figure 13 shows a comparison of methane emissions at specific major point sources as previously reported using mass-balance550

techniques from aerial observations (Catena et al., 2025; Ravikumar et al., 2025) with our mean posterior emissions for the

corresponding sector and grid cell. When multiple point sources occupy a single state vector cell, we aggregate the mass-

balance estimates before comparison. We roughly estimate prior and posterior emissions for different sectors by applying the

same relative proportions of methane emissions for each sector within each grid cell as in the prior inventory. This method

assumes the proportions of emissions in each state vector grid cell in the prior inventory are correct. The posterior emissions555

in this work show limited improvement over the prior estimates for these comparisons, with posterior estimates closer to the

1:1 line in many cases, but for most point sources our posterior estimate is unable to reproduce the emissions estimated via

aerial mass balance. This result is expected due to the poor spatial sensitivity of the stationary observing system (Fig. 6), and

emissions from compressor stations in particular appear susceptible to biases present in the gridded prior. Estimated emissions

from two of the largest landfills in NYS, Modern (43.25◦N, -79.0625◦E) and Seneca Meadows (43.00◦N, -76.8750◦E), are560

annotated in Fig. 13 with (i) and (ii), respectively. Both landfills are associated with relatively high sensitivity in the averaging

kernel diagonal, up to 0.28 for Modern and up to 0.22 for Seneca Meadows, indicating that the stationary observations are

sensitive to these major point sources despite their distance from the sources. Posterior emissions from Modern are more than

30 % lower than prior emissions, much closer to observed emissions although still significantly higher. However, posterior

emissions from Seneca Meadows are virtually unchanged from the prior estimate and remain over 60 % lower than the aerial565

mass-balance estimate. Catena et al. (2025) report three separate estimates of emissions from each of the two landfills, in

June, November, and December of 2021. It appears unlikely that the temporal variability of the landfill emissions not captured

by these measurements would lead to this discrepancy in the estimates for Seneca Meadows. However, it is possible that

the characterization of agricultural emissions as large area sources in the prior estimate, as mentioned in Section 3.1, may

contribute by elevating the modeled background methane and thus decreasing the contribution needed from Seneca Meadows570

to match the observed mixing ratios. The ability to constrain methane emissions from a wide variety of specific locations is a

distinct advantage of spatially dense observations like satellite retrievals.

Although Fig. 7c shows that the inventories we use as our prior emissions overestimate methane emissions in most areas of

NYS, our comparison with the aerial mass balance estimates in Fig. 13 indicates that these inventories underestimate several

major point sources of methane, mainly landfills. This result suggests diffuse sources of methane as the source of this high bias575

in our prior emissions. Prior methane emissions from livestock and wetlands, both diffuse sources, have similar totals in NYS,

as well as areas of overlap in western NYS where emissions are scaled down the most by our optimization. Uncertainty in
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Figure 13. Comparison of methane emissions estimates at specific sites in NYS from this work and aerial mass balance estimates (Catena

et al., 2025; Ravikumar et al., 2025). Annotations (i) and (ii) indicate Modern and Seneca Meadows landfills, respectively, the two largest

active landfills in NYS by volume. Triangles indicate aggregated emissions for two locations occupying the same simulated grid cell. Values

for this study are calculated as the mean of the three best-performing ensembles (see Table 3), with confidence intervals corresponding to the

lowest lower bound value and highest upper bound value from those ensemble members. The dashed black line in each plot represents the

1:1 line.

the spatial distribution of livestock emissions in the GNYS inventory likely explains part of this overestimate, but future work

optimizing NYS methane emissions using satellite retrievals and finer model resolution is needed to determine which of these

methane sources is responsible for the high bias demonstrated by our results.580
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3.3 What might a future with reduced measurements look like?

Figure 14 shows (a) the interannual mean, (b) standard deviation, and (c) change in interannual mean relative to Fig. 6a of

the averaging kernel diagonals for the ensemble limited to only UR and ECCC observations that uses the large state vector,

with which we simulate the loss of measurement sites operated by all other organizations, consistent with data availability as

of early 20251 (see Sect. 2.4). Figure S8 shows the same results for the ensemble using only UR and ECCC observations with585

the small state vector, with subplot (c) relative to the corresponding ensemble that uses observations from all sites. The most

notable differences shown by Fig. 14c are the loss of sensitivity to emissions in eastern NYS and large portions of the New

York City Metropolitan Area in the southeast (negative values in blue). However, there is also a broader area of sensitivity

(positive values in red) surrounding the Rochester and Pinnacle State Park measurement sites (ROC and PSP in Fig. 4), and

corresponding higher mean DOFS statewide in Table 3. This suggests that the Utica measurement site (UNY in Fig. 4) provides590

conflicting information in the other simulations due to a combination of model transport error and poorly constrained emissions

in locations between these sites, thereby reducing the inversion’s sensitivity at both locations in ensembles that do use data from

the Utica site. Similarly, although sensitivity to emissions in southeastern NYS is lower when fewer observation sites are used,

Fig. 14c shows increases in sensitivity to the model grid cell containing the Lamont-Doherty Earth Observatory measurement

site and two adjacent cells. Table 3 shows that the ensembles limited to UR and ECCC measurement sites have higher bias595

with respect to NYS sites compared to the other sites using afternoon observations, despite retaining most of the measurements

within NYS. Table 3 also numerically shows the loss of sensitivity in southeastern NYS in these ensembles. Without the

NIST/EN sites surrounding New York City, the DOFS indicate that the observing system no longer provides more information

on the emissions of southeastern NYS than did TROPOMI in the work of Nesser et al. (2024). This underscores the importance

of in situ measurement spatial density, including at sites outside NYS, for constraining in-state emissions.600

4 Conclusions

We present results from an analytical Bayesian inversion optimizing methane emissions in New York State (NYS) using

stationary ground-based measurements of methane mixing ratios from 29 sites in and around the state. We used this framework

to assess the extent to which the existing stationary observation network in the recent past can constrain annual methane

emissions and emission trends at the state and sub-state scales.605

For prior anthropogenic emissions, we aggregated five state-of-the-art regional bottom-up inventories: the Gridded New York

State inventory for NYS (GNYS; Loman et al., 2025); the New York Urban Area inventory for metropolitan regions outside

NYS (NY-UA; Pitt et al., 2024); the Facility-Level and Area Methane Emissions inventory for the Greater Toronto Area

(FLAME-GTA; Mostafavi Pak et al., 2019, 2021); the gridded version of Canada’s National Inventory Report for remaining

Canadian regions (Scarpelli et al., 2022b); and the Express Extension to the updated gridded US Environmental Protection610

Agency Inventory of US Greenhouse Gas Emissions and Sinks for the remainder of the United States (GEPA; Maasakkers

1NYS has since extended the nine northernmost Earth Networks towers in Table 2 for two more years of sampling following the end of federal support.
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Figure 14. Reduction in information content associated with a reduced observation network, shown by (a) the interannual mean, (b) standard

deviation, and (c) change in interannual mean of the averaging-kernel diagonal relative to Fig. 6a for the ensemble using only UR and

ECCC observations and the large state vector. Grid cells below the dashed red line are centered south of 41.375◦N. Positive differences

indicate locations where the removal of observational constraints reduces the influence of competing information from other sites, rather

than reflecting an improvement in observational sensitivity.

et al., 2023). We additionally constructed a new high-resolution gridded inventory of wetland methane emissions for eastern

North America to represent natural emissions in the prior.

We introduce a new dataset of original high-precision methane measurements from four long-term in situ observation sites

in NYS operated by the University of Rochester. The inversion assimilates hourly mean methane mixing ratios from these615

sites together with all publicly available stationary observations of comparable precision and calibration within the modeling

domain that provide coverage between January 2018 and January 2025. We found that the observation network most effectively

constrains aggregated methane emissions in southeastern NYS (≤ 41.375◦N), reflecting the higher density of measurements

in this region, with weaker constraints across much of the remainder of the state. Incorporating off-diagonal error covariance

terms, particularly in the prior, may improve performance in regions with sparse spatial sampling. We identified statistically620

significant (p < 0.05) interannual emission trends in central NYS, where emissions are increasing, and in western Long Island

outside New York City, where emissions are decreasing.

We conducted a series of sensitivity analyses examining the impacts of observation subsets, state vector configuration,

boundary conditions, and meteorological fields. Removal of NIST/EN monitoring sites, which constitute the majority of sta-

tionary observations used here, together with other recently discontinued sites, severely degraded the ability of stationary625

observations to constrain aggregated emissions across NYS, particularly in southeastern NYS where our observation network

provided the strongest constraints. Sensitivity tests further supported restricting assimilation to afternoon observations, when
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the planetary boundary layer is well developed, as evidenced by improved agreement between posterior simulations, consis-

tent with external top-down emission estimates for NYS and the New York City metropolitan area. State vector configuration

exerted a strong influence on local and regional posterior emissions and on the total information content of the inversion, in-630

dicating that aggregating areas surrounding the region of interest into large clusters for computational efficiency can degrade

optimized results within the target region. The choice of meteorological fields had a notable impact on posterior emissions

primarily in southeastern NYS in 2018, while sensitivity to boundary conditions depended on the meteorological data used to

generate the gridded boundary fields.

Finally, we recommend that future efforts to constrain methane emissions in NYS integrate multiple observational platforms635

to offset the limitations of individual systems. Stationary observations provide high temporal density that complements the

limited retrieval success of spatially dense satellite observations over NYS, while mobile measurements can offer targeted

constraints on individual emitters and fill spatial gaps where stationary or satellite observations lack sensitivity. We note that

combining heterogeneous observational platforms may require explicit treatment of observational covariance arising from

temporal autocorrelation in order to appropriately weight observations with differing averaging timescales.640
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