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Abstract. Many cities have an interest in understanding and mitigating their greenhouse gas emissions. Impressive progress 9 

has been made in gridded carbon dioxide emission products, but there is still significant uncertainty in urban methane sources 10 

and their magnitudes. There have been several recent works that built regional gridded methane estimates using a variety of 11 

methods. Typically, these are built to update the existing products with more recent data/methods or for higher resolution data 12 

as it allows measurement-based analyses to better adjust emissions estimates, given the complex, heterogeneous mix of sources 13 

in urban areas. This paper introduces the Modular Methane Mapping Tool (M3T) to support these efforts. M3T is a tool that 14 

can generate an ensemble of gridded methane emissions inventories focused primarily on sectors relevant to urban emissions 15 

using research-based methods. The tool is focused on urban areas as existing inventories suggest they represent approximately 16 

10% of all anthropogenic methane emissions across Continental United States (CONUS) and cities often have the autonomy 17 

to affect their emissions through legislation. M3T can generate inventories at any resolution that is 0.01 degrees (~1 km) or 18 

coarser for any area within the CONUS, and any year after 2011 using publicly available data. We compare 2019 output to the 19 

existing Environmental Protection Agency product for select urban areas, including the largest emitter of the New York urban 20 

area. Average emissions across M3T ensemble members are low relative to measurement studies, though the thermogenic 21 

fraction is in line with studies using ethane. While some ensemble members have methane emissions that are more consistent 22 

with measurement studies, these members have much lower thermogenic fractions. This highlights that there are still 23 

unaccounted for or underestimated biogenic and thermogenic sources. M3T is meant to support research efforts to better 24 

understand methane emissions as it allows multiple bottom-up methods and emission factors to be easily compared against 25 

measurements. Ideally, the tool will also expand as new research is conducted. 26 

Graphical abstract 27 
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1 Introduction 29 

Methane (CH4) is an important greenhouse gas with a global warming potential (GWP) 83 times that of carbon dioxide (CO2) 30 

over a 20-year time frame, or 30 times greater on a 100-year time frame, on a mass basis (Forster et al., 2021). Broadly, CH4 31 

sources can be divided into biogenic, thermogenic (i.e., natural gas), and pyrogenic (i.e., incomplete combustion of organic 32 

material, e.g., wildfires) processes, each with a mix of natural and anthropogenic sources (Saunois et al., 2020, 2025). CH4 has 33 

been the target of many recent emissions mitigation efforts as its higher GWP and shorter lifetime mean that reductions will 34 

lead to a more immediate climate impact. Until recently, United States (U.S.) regulations required facilities generating at least 35 

25,000 metric tons CO2 equivalents (MT CO2e) to report their CO2, CH4, and nitrous oxide (N2O) emissions to the 36 

Environmental Protection Agency’s (EPA) Greenhouse Gas Reporting Program (GHGRP) (Electronic Code of Federal 37 

Regulations, 2009a).  The Greenhouse Gas Inventory (GHGI) then relied in part on these data to build national total estimates 38 

(EPA, 2024; GHGRP and the U.S. Inventory of Greenhouse Gas Emissions and Sinks, 2025). Continuous datasets like these 39 

allow researchers and policy makers to track changes over time and better understand the effectiveness of mitigation policies. 40 

However, gridded inventories at sub-national scales are of interest as they allow a more granular examination of these impacts 41 

and can be directly compared to measurements (Karion et al., 2023; Pitt et al., 2024; Sargent et al., 2021). 42 

A number of different gridded emissions products have been developed with multiple options available for CH4 at 43 

the global (Climate TRACE, 2025; Hoesly et al., 2018; Janssens-Maenhout et al., 2019; Soulie et al., 2024), national (Defra 44 

et al., 2025; Guo et al., 2025; Lyu et al., 2025; Maasakkers et al., 2016, 2023), and regional scale (Karion et al., 2023; Lamb 45 

et al., 2016; Loman et al., 2025; McKain et al., 2015; Mostafavi Pak et al., 2021; Pitt et al., 2024; Sargent et al., 2021). Some 46 

have focused solely on a particular sector (Bloom et al., 2017; Environmental Defense Fund, 2021; Scarpelli et al., 2022) while 47 

others incorporate a variety of emitted species, such as air pollutants, to create a self-consistent product given many CH4 48 

sources co-emit air pollutants (Janssens-Maenhout et al., 2019; Lyu et al., 2025). The most relevant for this work is the Gridded 49 

EPA (GEPA) product at a 0.1 x 0.1 deg resolution for the years 2012 to 2020 (including an express extension) for the 50 

contiguous U.S. (CONUS) (Maasakkers et al., 2023; McDuffie et al., 2023). GEPA is broken down by emitting sector and 51 

disaggregates GHGI national emissions using proxies, the same proxies as used to develop the GHGI where possible. The 52 

GHGI relies largely on bottom-up methods that directly calculate emissions using emission factors (EFs) that represent the 53 

emissions per unit activity (e.g., CH4 emitted per gallon of wastewater flow) and activity factors representing the activity count 54 

(e.g., gallons of wastewater flow at each wastewater treatment facility) (EPA, 2024). Some of these proxy or activity datasets 55 

are proprietary and not publicly available. Importantly, recent literature has suggested the GHGI underestimates emissions 56 

from certain sectors, sometimes by a significant fraction (Alvarez et al., 2018; Cusworth et al., 2024; Dogniaux et al., 2025; 57 

Moore et al., 2025; Nesser et al., 2024; Weller et al., 2020). The 2019 GEPA shows that emissions within urban areas as 58 

defined by the Census urban area tigerlines for the same year (TIGER/Line Shapefiles from the Geography program) represent 59 

10% of all anthropogenic emissions across CONUS. For comparison, the total emissions across all fossil fuel production 60 

related sectors (all coal, petroleum, and natural gas sectors excluding natural gas distribution and post-meter) represents ~37%. 61 
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Top-down methods instead rely on concentration measurements to quantify and understand emissions. Inverse modelling 62 

methods are often used to simulate the expected atmospheric concentrations according to gridded initial emissions estimates 63 

and adjust the gridded emissions to best match the observed concentrations after accounting for associated uncertainties 64 

(including modelling, measurement, and gridded emissions uncertainties).  65 

There is increasing interest in characterizing and tracking urban CH4 emissions because cities have policy levers they 66 

can use to influence those emissions. In fact, many have joined initiatives to reduce their emissions (C40 Cities - A global 67 

network of mayors taking urgent climate action, 2025; Climate Mayors, 2025). Several bottom-up and top-down studies have 68 

focused on urban methane sources to support these efforts. A recent meta-analysis by Vollrath et al. (2025) demonstrated that 69 

the overwhelming majority of urban methane studies in the U.S. and Canada have shown higher top-down estimated emissions 70 

than bottom-up estimates.  The average ratio was 3.9, though it was also highly variable with a one sigma uncertainty of 6.7.  71 

Some studies have also seen new evidence of seasonal trends in urban CH4 emissions that are correlated with natural gas 72 

consumption, though these are still not fully understood (Karion et al., 2023; Mueller et al., 2025; Pitt et al., 2024; Sargent et 73 

al., 2021; Zeng et al., 2023). The complex mix of point (e.g., power plants) and area (e.g., natural gas distribution) sources 74 

across an urban area means that the coarse resolution (0.1 deg) of global products and GEPA limit the information that can be 75 

gained using measurements. 76 

In this work we introduce the Modular Methane Mapping Tool (M3T), which generates gridded CH4 inventories 77 

within CONUS using a mix of disaggregation methods (similar to GEPA) and bottom-up methods for a user-defined year, 78 

domain, and resolution. M3T is largely based on the work of Pitt et al. (2024).  It has some added methods, improved 79 

flexibility/modularity, has been automated, and has been made more user-friendly. As was discussed in Pitt et al. (2024), M3T 80 

is primarily focused on sources of urban CH4 emissions and relies on GEPA for sources unlikely to be significant in most 81 

urban environments, such as oil and gas production. Here we describe the tool, and provide some initial insights from a 2019, 82 

0.01 deg resolution CONUS inventory developed using M3T. Rather than providing an inventory, M3T provides users with 83 

clear configuration options to generate an ensemble of feasible inventories, as many sectors are still poorly understood and 84 

estimation methodologies are actively being developed. Such output can be useful to understand changes over time, compare 85 

against measurements, improve our understanding of emission sources, provide a proxy for uncertainty, or act as a point of 86 

comparison to investigate new data/estimation methods. Our goal is for this tool to further enhance the ability of inventories 87 

to support those working to understand, track, and mitigate CH4 emissions, including those making policy decisions at various 88 

scales. 89 

2 Methods 90 

2.1 The M3T package 91 

M3T is coded entirely in R, is freely available on GitHub, and will be submitted to the Comprehensive R Archive Network 92 

(CRAN). It has the dependencies of the terra (Hijmans, 2025), ncdf4 (Pierce, 2025), readxl (Wickham and Bryan, 2025), 93 
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jsonlite (Ooms, 2014), and dplyr (Wickham et al., 2023) packages that are used in spatial data storage and analysis, properly 94 

loading input data, and general processing. M3T relies entirely on publicly available datasets as detailed in its help 95 

documentation. During normal use M3T relies on datasets built into the package and downloaded from a connected Zenodo 96 

repository (Hajny et al., 2026). This means M3T generally requires internet access to run. Users can instead choose to set the 97 

code to download the most recent data from their sources or provide file-paths to local copies. The datasets are downloaded 98 

using a combination of Application Programming Interface (API), file transfer protocol (FTP), and some limited web scraping 99 

methods to automatically download the needed data when the code is set to download. Web scraping is limited to identifying 100 

the most up-to-date download link for certain data files. Some datasets do not have code to automatically download data. 101 

Datasets utilized by M3T are discussed in detail in the methods sections below and the help documentation for the configuration 102 

(M3T_config). 103 

One of the main values offered by M3T is its modularity. M3T includes a configuration environment with a wide 104 

variety of options. Configuration options include the sectors to process, as some users may be focused exclusively on a specific 105 

sector, how to access the datasets needed (i.e., download, local file-path, M3T built-in), the method to apply for the sectors 106 

with multiple methods (see Sections 2.2 - 2.8), and emission factors (EF) to use in bottom-up approaches. The built-in options 107 

include pre-processed data where possible making the run time much faster, but in some cases this data is coarsened compared 108 

to the raw input to keep the files manageably small. The EFs default to reasonable/most-defensible values but can be manually 109 

edited. Some of these defaults are based on data provided in the GHGI or other reporting programs while others are based on 110 

the most recent literature values available to our knowledge. In the configuration help documentation there is detailed 111 

information, including relevant DOIs or URLs, provided for every dataset and EF to allow users to easily trace the values 112 

chosen. For certain sectors, users can also set EFs to the text “GHGI” instead of manually providing the activity and/or EF 113 

data needed. The appropriate data will then be pulled from the GHGI Annex files. The following sections describe each sector, 114 

assuming that the default EFs are used. Various options are discussed for many sectors and more than one can be selected in a 115 

single run, which will produce multiple output inventories accordingly. This can be useful to compare methods and is faster 116 

than separate runs given there are often some processing steps that are consistent across options. 117 

The main processing function of M3T takes as inputs the year, domain (coordinates, resolution, and mapping), the 118 

folder to save output, a verbose option to create sectoral visuals, and optional inputs regarding the companion Zenodo. As 119 

GHGRP data is used for multiple sectors, the year is limited to those with data (2011 - 2022 as of writing). Other years can be 120 

set, but the closest year of data will be used instead with a user update. The resolution cannot be finer than 0.01 x 0.01 deg (~1 121 

km x 1 km) due to the resolution of some of the proxies used for certain sectors. Finer resolutions can be set but will be 122 

automatically adjusted to this minimum if running these sectors with a user update. 123 

 Processing takes the data in lines, points, or gridded data that are all aggregated (or disaggregated from broader totals) 124 

in the last step to a product with a consistent gridding. All data are kept at their finest resolution until gridding, an important 125 

distinction as sources outside the user-defined domain are set to NA. For points, this excludes or includes the source in its 126 
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entirety whereas lines and gridded data are weighted based on the fraction of the gridcell within the user defined domain (i.e., 127 

if 20% of a gridcell is within the domain we multiply emissions in that gridcell by 20%). 128 

For two sectors, the natural gas distribution sector (Section 2.3) and the stationary combustion sector (Section 2.5), 129 

there are multiple scales that the data can be aggregated to before disaggregation to the gridcell level. The relevant data for the 130 

natural gas distribution sector is available at the company level but cannot be easily combined at that scale so it is aggregated 131 

to the state level while the data for the stationary combustion sector is at the state level. Emissions data can be downscaled 132 

from the state level or first aggregated to the entire domain. The only difference between these options is the reliance on the 133 

input datasets for the distribution of emissions across state lines or on the downscaling proxy for this distribution. We 134 

recommend users avoid aggregating to the domain unless the domain is only a small number of states. It is important to 135 

consider that the domain method results will depend on the domain used and that spatial information available in the input data 136 

is being disregarded. 137 

These same two sectors also rely on sectoral gridded fossil fuel CO2 emissions as the proxy to downscale to the 138 

gridcell level. The Vulcan v4.0 (Gurney et al., 2025a, b) and ACES v2.0 inventories (Gately and Hutyra, 2022, 2017) are the 139 

only CO2 inventories currently built into M3T for this purpose. M3T relies on the residential, commercial, industrial, and 140 

electric power sectors of these products. As these products have a resolution of 1 km x 1 km, this limits M3T to creating 141 

gridded maps at a 1 km x 1 km resolution (or equivalent in a different projection, such as ~0.01 deg x 0.01 deg) if natural gas 142 

distribution or stationary combustion are included. ACES is available from 2012 to 2017 while Vulcan is available for 2010 143 

to 2022. The previous versions of Vulcan and ACES were compared in Gurney et al. (2020) which showed that they agree 144 

well in aggregate, but can differ significantly at the gridcell scale.  Using CO2 emissions inventories as a proxy like this is not 145 

ideal as the underlying mechanisms differ, namely CO2 is a combustion product while CH4 is emitted due to incomplete 146 

combustion or natural gas leakage. This is a subject for future development if more appropriate activity data is available. 147 
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2.2 Municipal Solid Waste Landfills 148 

 149 

Figure 1: Flowchart describing the methodology used for municipal landfill emissions. Blue rectangles are data sources for input, 150 
green diamonds are options set in the configuration file, red rectangles are raw data, and purple rectangles are calculated output. 151 

Municipal solid waste landfill emissions are calculated from three separate input datasets as summarized in Figure 1. We begin 152 

with the Greenhouse Gas Reporting Program (GHGRP) reported emissions for landfills with large enough emissions to report 153 

(>25,000 MT CO2e). The GHGRP has two emissions calculation methods: HH-6 and HH-8. All reporting landfills must report 154 

using equation HH-6 which relies on a first order decay model to estimate CH4 generation and oxidation and then accounts for 155 

gas captured from a landfill gas capture system if one is installed (Electronic Code of Federal Regulations, 2009b). Those that 156 

have landfill gas capture systems also must report using equation HH-8, which instead back-calculates CH4 generated using a 157 

collection efficiency estimate for the landfill gas capture system (Electronic Code of Federal Regulations, 2009b). These are 158 

referred to as generation-first (HH-6) and collection-first (HH-8) to be consistent with recent literature. Emission rates 159 

calculated using either equation can be treated as the emissions from the landfill in the GHGRP (i.e., the “reported” emissions). 160 

Importantly, which equation is used can also change from one reporting year to another for a given landfill.  161 

A user of M3T can select in the configuration whether they would like to use the reported emission rates or 162 

consistently rely on emission rates from only one of the equations. For example, if the configuration is set to prefer the 163 

collection-first method then that emission rate is used for any landfill that has a landfill gas capture system and provides an 164 

emission rate based on equation HH-8. In this case, any landfill without a landfill gas capture system (and thus unable to use 165 
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equation HH-8) will still rely on generation-first emission rates based on equation HH-6. Additionally, we account for the 166 

small fraction of facilities that are labelled “facility discontinued reporting without a valid reason” separately. For these 167 

facilities we rely on the GHGRP reported value for the nearest year available, which can potentially be a later year. It is also 168 

worth noting that facility total emissions include any reported emissions from incomplete combustion, though these are 169 

generally a small part of the total.  170 

There is some recent research that has compared these methods or investigated their relationship with measurements. 171 

Stark et al. (2024) and Balasus et al. (2025) discussed that the generation-first method shows increasing emissions over the 172 

past decade while the collection-first method shows a decreasing trend and that facilities preferentially use the collection-first 173 

method.  Moreso, they discussed that if all facilities used the generation-first method then national emissions would increase 174 

by a factor of ~1.5, which would better match some top-down studies. This difference by method may partly explain why some 175 

research has suggested GHGRP reported emissions are a poor overall representation of landfill emissions based on top-down 176 

measurement campaigns (Cusworth et al., 2024; Dogniaux et al., 2025; Nesser et al., 2024; Scarpelli et al., 2024). Studies that 177 

looked at the underlying methods have noted the modelled CH4 generation, bulk waste in place, or gas captured that are inputs 178 

to equations HH-6 and HH-8 correlate better with measured emission rates than the output of the equations (Howell et al., 179 

2025; Krause et al., 2025; Srikanth et al., 2025) though others have shown poor correlation to waste in place (Scarpelli et al., 180 

2024).  Researchers have suggested the collection efficiency defaults in the GHGRP (Table HH-3 to Subpart HH of Part 98—181 

Landfill Gas Collection Efficiencies, 2026), often > 70%, are too high and that real collection efficiencies may also vary 182 

regionally (Howell et al., 2025; Krause et al., 2025; Nesser et al., 2024; Srikanth et al., 2025).  Several of these studies also 183 

point to some relationships between precipitation or operational conditions and emissions, but not seasonality (Howell et al., 184 

2025; Scarpelli et al., 2024; Srikanth et al., 2025) though others have seen distinct seasonality (Hallward-Driemeier et al., 185 

2026).  This information could be used to improve upon the GHGRP approach in the future. 186 

While the GHGRP covers many landfills, smaller landfills below the reporting requirements are excluded. To account 187 

for these facilities, we first calculate the difference between the Greenhouse Gas Inventory (GHGI) national total emissions 188 

and the GHGRP reported national total. As small landfills are not required to report their emissions, the GHGI needs to scale 189 

up GHGRP net CH4 emissions to represent the national total. In brief, they estimate the ratio of waste in place for small landfills 190 

using the Landfill Methane Outreach Program (LMOP) and a commercial product from the Waste Business Journal (Waste 191 

Business Journal - Directory of Waste Processing & Disposal Sites, 2025) to that of GHGRP reporting facilities, as is described 192 

in detail in the GHGI (EPA, 2024). Using this waste in place ratio they estimate a 9% upscaling for 2005 - 2016 and 11% for 193 

2017 - 2022. To best mirror this, we use the reported total in our calculation of GHGI - GHGRP emissions regardless of the 194 

configuration settings. We then distribute this residual evenly across all landfill locations in the LMOP after removing any 195 

facilities that also report to the GHGRP. We choose to evenly distribute emissions rather than using a proxy such as waste in 196 

place in part because not all facilities reporting to LMOP include their waste in place and because research on how waste in 197 

place relates to measured emission rates is mixed (Howell et al., 2025; Scarpelli et al., 2024; Srikanth et al., 2025). We do not 198 

consider landfills that are only present in the Waste Business Journal dataset as we do not have access to this commercial 199 
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dataset. There has been some research showing that historical landfills (i.e., closed before reporting requirements), including 200 

those that may not be included in a dataset like LMOP, may still be significant sources of CH4 and such facilities are not 201 

accounted for here (Williams et al., 2022). This is due to both a lack of appropriate methods to estimate their emissions and 202 

the lack of a dataset providing locations and relevant characteristics (e.g., age, waste in place) for such facilities. 203 

When investigating these methods, we also identified a number of landfill year combinations with reported emissions 204 

that do not match either of the two reporting methods. While the EPA has been made aware and confirmed that this appears to 205 

be an error, it is something users should be aware of. Most of these errors are for reported emission rates between 2011 and 206 

2012 and can either represent a landfill reporting 0 emissions while both equations provide non-zero emission rates (e.g., 207 

https://ghgdata.epa.gov/flight/details/1005518/2011/E) or cases where the reported value is non-zero, but does not match that 208 

of either equation (e.g., https://ghgdata.epa.gov/flight/details/1002493/2010/E). A csv detailing the landfills whose reported 209 

emissions differed from either reporting method at the time of writing is provided as Supporting Information (SI) material.  210 

2.3 Natural Gas Distribution - including post-meter 211 

212 
Figure 2: Flowchart describing the methodology used for natural gas distribution emissions. Blue rectangles are data sources for 213 
input, green diamonds are options set in the configuration file, red rectangles are raw data, and purple rectangles are calculated 214 
output. Arrows crossing through multiple purple rectangles indicate summation across subsectors. 215 

 216 
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Emissions from the natural gas distribution system are calculated by merging a wide variety of different datasets. 217 

Unfortunately, many of these datasets lack consistent identifiers or represent different years, making it difficult to merge the 218 

datasets at the Local Distribution Company (LDC) level in an automated manner. There is code in the M3T Zenodo to work 219 

with these datasets to prepare the input data for M3T, but it requires manual input and edits. As calculating emissions after 220 

aggregating data to the state level has been completely automated, it is recommended. Aggregating data to the entire domain 221 

of interest is also an option, though we discourage this choice should the domain be larger than a few states as discussed in 222 

Section 2.1. The datasets available at the LDC level include Pipelines and Hazardous Materials Safety Administration 223 

(PHMSA) data on the mileage of pipeline by pipeline vintage and material and the number of services, GHGRP Metering and 224 

Regulating (M&R) station counts and emissions data for LDCs that are required to report to the GHGRP, Energy Information 225 

Administration (EIA) data on the volume of natural gas delivered and customer count separated by customer type (e.g., 226 

residential, commercial, industrial), and the Homeland Infrastructure Foundation-Level Data (HIFLD) LDC service territory 227 

maps. As HIFLD’s open data portal has been discontinued, archived versions of the data can be found through DataLumos 228 

(Data Rescue Project, 2025). Though the GHGRP Facility Level Information on GreenHouse gases Tool (FLIGHT) displays 229 

LDC service territory maps, these maps are not publicly available for download. However, we do recommend they be used as 230 

reference to update the older HIFLD maps given how frequently LDCs merge, split, expand, etc. if calculating at the LDC 231 

level. In the LDC level calculation, any LDC that cannot be matched across datasets is assigned to all territories in a state not 232 

covered by another LDC. 233 

Multiple subsectors are calculated separately and then combined to estimate total natural gas distribution emissions. 234 

The PHMSA miles of pipeline by pipeline material is combined with the Weller et al. (2020) reported EFs by pipeline material 235 

to get pipeline emissions, though the uncertainties associated with these EFs are large. For service pipelines, pressure relief 236 

valves, pipeline blowdowns, and mishaps, we use GHGI EFs in combination with PHMSA activity data. Since the GHGRP 237 

data on the number of M&R stations is limited to only LDCs that report to the GHGRP, we estimate the average number of 238 

M&R facilities per mile of pipeline for each state and apply this to the PHMSA miles of pipeline to estimate M&R facility 239 

counts, separately for above and below grade facilities. For the few states with no LDC’s that report to the GHGRP, the average 240 

M&R facility count per mile from neighbouring states is used. If processing at the LDC level, reported counts are used for 241 

those facilities that report to the GHGRP while the state average counts per mile of pipeline method is used for all other LDCs. 242 

We combine these M&R facility counts with GHGI EFs separated by function and pressure. This assumes the national 243 

breakdown of function and pressure is consistent spatially. Emissions from customer meters are calculated using GHGI EFs 244 

and EIA data on the number of customers separated by type (residential, industrial, commercial). Lastly, post-meter emissions 245 

are calculated by combining the volume of natural gas delivered to residential customers from the EIA with the Fischer et al.  246 

(2018) EF of 0.5%. Note that this EF is based on a small subset of homes in one region and may not represent a national 247 

average well, especially across different types of homes (e.g., single v. multi-family dwellings). Additionally, as there are no 248 

data on the subject to the authors’ knowledge, post-meter commercial and industrial emissions are assigned an EF of zero, 249 

though this is likely a poor assumption based on initial research (Michanowicz et al., 2024). The GHGI includes a commercial 250 
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post-meter estimate based on appliance EFs and estimated appliance counts, industrial emissions, and compressed natural gas 251 

vehicles in addition to residential post-meter. Residential post-meter is also calculated in the GHGI using a per-home emission 252 

factor calculated in the same Fischer et al. (2018) paper rather than the volume of gas delivered as used here. 253 

Once emissions for each subsector have been calculated, they need to be spatially allocated. For this process we first 254 

split emissions into residential and commercial fractions using the EIA customer count by type of customer. If processing at 255 

the LDC level, we combine the LDC level emissions data with HIFLD LDC service area maps. We then use 1 km x 1 km 256 

gridded residential and commercial inventories of CO2 to downscale emissions to gridcells. For meter emissions, we include 257 

the industrial meters proportionally in the residential and commercial fractions. We chose to do this as the industrial sector 258 

may have point and non-point sources, but emissions are dominated by a few large CO2 point sources, many of which do not 259 

rely on natural gas in the first place.  260 

2.4 Natural Gas Transmission 261 

262 
Figure 3: Flowchart describing the methodology used for natural gas transmission emissions. Blue rectangles are data sources for 263 
input, red rectangles are raw data, and purple rectangles are calculated output. Arrows crossing through multiple purple rectangles 264 
indicate summation across subsectors. 265 

 266 

The natural gas transmission sector is one of the few without any variants. GHGI emissions from transmission metering and 267 

regulating stations, pipeline leaks, and pipeline vents are combined and divided by the miles of transmission pipe to get a 268 
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transmission pipeline EF. This EF is combined with EIA pipeline maps (U.S. EIA, 2025), assigning emissions uniformly across 269 

the pipelines. The EIA map is not available as a function of time, so changes to the transmission pipeline network are not 270 

considered. Although the GHGRP has maps and emissions for transmission compressors, it is limited to those large enough 271 

that they are required to report their emissions to the GHGRP. We supplement the GHGRP with locations from a HIFLD 272 

compressor dataset, though this dataset has since been discontinued and is no longer available. SI Section S2 describes the 273 

process of aligning these datasets to reduce the risk of double counting. Both raw and processed files are included in the M3T 274 

Zenodo (Hajny et al., 2026). As the HIFLD dataset includes only location information, a national EF is calculated using GHGI 275 

emission and count data similar to how the pipeline EF is calculated. The sum of station total emissions (fugitives and 276 

compressors), normal operations (dehydrator vents and flaring), pneumatic device bleed emissions, compressor exhaust 277 

(engines, turbines, and generators), and station venting emissions for transmission is divided by the number of transmission 278 

compressor stations to get a national compressor station EF.  As generator emissions are separated into engine or turbine 279 

related emissions rather than transmission and storage, the fraction of engine and turbine related emissions from transmission 280 

are applied to the corresponding generator emissions. For transmission compressors in both HIFLD and the GHGRP, the 281 

reported GHGRP values and HIFLD locations are used. 282 

2.5 Stationary Combustion 283 

 284 
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Figure 4: Flowchart describing the methodology used for stationary combustion emissions. Blue rectangles are data sources for 285 
input, green diamonds are options set in the configuration config file, red rectangles are raw data, and purple rectangles are 286 
calculated output. 287 

 288 

Stationary combustion emissions are calculated using fuel - sector - state specific consumption data from the State Energy 289 

Data System (SEDS), excluding residential coal (as the U.S. has none reported) and residential natural gas (as it is accounted 290 

for in the post-meter natural gas distribution sector). Emissions can be aggregated to the domain level before processing, 291 

though this should be reserved for small domains as described in Section 2.1, otherwise, it is recommended to stay at the state 292 

level. First, we calculate scaling factors by dividing the GHGI fuel - sector specific consumption data by the national SEDS 293 

equivalent. These are multiplied with the SEDS fuel - sector - state specific consumption data to avoid double counting 294 

emissions. This assumes the national scaling applies equally to all states and is typically a small downward adjustment other 295 

than for industrial consumption which is more significantly adjusted down to exclude agriculture and construction, which are 296 

handled separately, as discussed in the GHGI. We then utilize IPCC EFs (Gómez et al., 2006) to convert consumption to 297 

emissions, with the exception of the natural gas electric power production sector which instead relies on the similar EF reported 298 

in Hajny et al. (2019). The National Emissions Inventory (NEI) carbon monoxide (CO) emissions data at the county level is 299 

then used to disaggregate these state total emissions. We apportion the CH4 emissions using the ratio of county CO emissions 300 

relative to the state total separately for each fuel - sector - county combination. Lastly, the county-level emissions are 301 

distributed to gridcells using sectoral fossil fuel CO2 inventories. This assumes wood combustion follows similar spatial 302 

patterns as fossil fuel given these inventories do not include wood combustion. Fuel - state - sector combinations with no 303 

reported CO emissions are distributed entirely based on the sectoral CO2 data. If the county has non-zero CO emissions but 304 

the sectoral CO2 emissions have zero emissions in the county (primarily for point sources like the electric sector) the CH4 305 

emissions are equally distributed spatially across the county. These situations with zero CO or CO2 emissions can lead to 306 

unexpected differences between the domain-level and state-level disaggregation. For example, if all counties in a state have 307 

no CO emissions for some fuel - state - sector combination then the state-level method will distribute state total emissions 308 

using the sectoral CO2 emissions while the domain-level method will assign the state no emissions and distribute them to other 309 

states in the domain. Wood combustion is saved separately in the output as it would qualify as non-thermogenic which may 310 

be relevant for some studies. 311 
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2.6 Wastewater 312 

 313 

Figure 5: Flowchart describing the methodology used for wastewater emissions. Blue rectangles are data sources for input, green 314 
diamonds are options set in the configuration file, red rectangles are raw data, and purple rectangles are calculated output. Arrows 315 
crossing through multiple purple rectangles indicate summation across subsectors. 316 

 317 

Wastewater emissions include septic systems, municipal wastewater treatment plants, and industrial wastewater treatment 318 

plants. To begin with, we account for industrial wastewater facilities by directly utilizing reported GHGRP emissions. We 319 

utilize wastewater flow per facility to estimate municipal wastewater treatment plant emissions. We have two methods for 320 

utilizing the flow data to calculate CH4 emissions for each municipal wastewater treatment plant. The first is to utilize the log-321 

log-linear relationship between emissions and flow discussed in Moore et al. (2023) using the updated dataset in Moore et al. 322 

(2025).  This slightly updated relationship is log10(emissions in g/s) = 1.28*log10(flow in m3/s) + 0.93.  The second approach 323 

is to downscale the GHGI national total CH4 emissions for municipal wastewater treatment plants. The total is disaggregated 324 

to the individual facilities using the facility-level flow as a proxy.  325 

There are also two relevant datasets with national data on wastewater flow: the Clean Watershed Needs Survey 326 

(CWNS) and the Discharge Monitoring Reports (DMR). The CWNS includes current total flow and projected flow estimates 327 

for individual facilities and is performed periodically, typically every four years (U.S. Code, 1972; Clean Watersheds Needs 328 

Survey (CWNS) – 2022 Report and Data, 2025).  The most recent surveys are those from 2012 and 2022 (U.S. Code, 1972). 329 
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DMRs include a variety of effluent discharges from individual wastewater treatment plants as well as the total flow reported 330 

at least annually (Electronic Code of Federal Regulations, 2015). Though facilities must report DMRs to maintain their 331 

permitting, the CWNS is a voluntary survey. Additionally, many facilities have different locations and flow data even for the 332 

same years between these datasets though national totals are similar, meaning the user's choice of dataset will likely have an 333 

impact on the result at regional or finer spatial scales. There may be additional nuances to these datasets that impact their 334 

appropriateness for particular regions. For example, the 2012 CWNS has no data for the states of AK and SC, which affects 335 

emissions not only for those states, but will affect all states if using the downscaling method as national emissions are 336 

distributed only to the remaining CONUS states. Given this, we generally recommend using DMRs, and in particular, 337 

recommend against using the downscaling approach if relying on the 2012 CWNS input dataset (the code includes a user 338 

warning with these settings). We encourage more transparency in these datasets to better understand these discrepancies and 339 

include a brief email discussion of the differences between them as part of SI Section S1.  340 

Lastly, we have a national and state-based method to estimate emissions from septic systems. For both approaches 341 

we apportion emissions evenly to all 30 m x 30 m National Land Cover Database (NLCD) gridcells that are classified as 342 

“Developed, Open Space”, or “Developed, Low Intensity” (United States Geological Survey, 2025). These land cover types 343 

are assumed to best represent areas with significant population, but a low enough population density such that septic systems 344 

are more likely than sewer systems. The state approach utilizes Census American Housing Survey data on the fraction of 345 

people using septic systems at the state level where available. However, only a handful of states report to the American Housing 346 

Survey and the survey is only performed every other year. For the majority of states that do not report to the American Housing 347 

Survey, the fraction of people using septic systems is estimated by taking the 1990 census data on septic fraction, the last year 348 

such data was collected from all states, and scaling the value based on the change in the national septic fraction value  in the 349 

same timeframe. This national septic fraction is always reported in the American Housing Survey (i.e., every other year since 350 

2011). This fraction is converted to emissions by combining it with up-to-date Census state population data and the GHGI EF 351 

in terms of g CH4 per capita per day (Leverenz et al., 2010). For the national approach we use the GHGI national total septic 352 

emissions in mol/s and the total land area classified as “Developed, Open Space” or “Developed, Low Intensity” nationally in 353 

km2 to calculate an EF in units of mol/s/km2 that can then be applied to the NLCD data.  The total land area with these 354 

classifications is calculated for each year using the NLCD for CONUS. AK NLCD data is more limited, but the total land area 355 

with these classifications for 2011 and 2016 were 1791 km2 and 1799 km2 (Jon Dewitz, 2020, 2024).  Given the minimal 356 

change, a linear regression is calculated to estimate the AK total for each year to add to the CONUS total. This is still slightly 357 

mismatched to the GHGI national total estimate as other areas like Hawaii and Puerto Rico are not considered, and this would 358 

result in a slight high bias since this land area is the denominator of the EF.  359 
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2.7 Wetlands and Inland Freshwaters 360 

361 
Figure 6: Flowchart describing the methodology used for wetland and inland freshwater emissions. Blue rectangles are data sources 362 
for input, green diamonds are options set in the configuration file, red rectangles are raw data, and purple rectangles are calculated 363 
output. 364 

 365 

The wetlands and inland freshwaters sector includes wetlands, lakes, and rivers. Wetlands emissions can be built using two 366 

primary methods, the State of the Carbon Cycle Report (SOCCR) EFs (U.S. Global Change Research Program (USGCRP), 367 

2007, 2018) or the WetCHARTs model ensemble (Bloom et al., 2017). Beginning with the WetCHARTs model, a user can 368 

first select which of the models in the ensemble to use. Either several ensemble members can be averaged together, or a single 369 

member can be used. Additionally, users can simultaneously run multiple subsets, should they choose. This was provided as 370 

an option given recent literature utilizing different subsets of ensemble members based on comparisons with GOSAT 371 

inversions (Lu et al., 2022; Ma et al., 2021; Nesser et al., 2024). We then downscale the WetCHARTs data from its native 0.5 372 

deg x 0.5 deg resolution to 0.1 deg x 0.1 deg using 30 m x 30 m NLCD land cover data. The 30 m x 30 m NLCD is first 373 

aggregated to 0.1 deg x 0.1 deg, and then a copy is further aggregated to 0.5 deg x 0.5 deg. We use the ratio of 0.1 deg wetland 374 

land cover relative to the corresponding 0.5 deg data to downscale WetCHARTs emissions. These 0.1 deg x 0.1 deg 375 

WetCHARTs fluxes can then be used as the wetland subsector’s emissions. Note we do not disaggregate to the inventory 376 

resolution, but instead consistently to 0.1 deg x 0.1 deg given the assumptions inherent to this downscaling. 377 
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 Using the SOCCR EFs as an alternative to WetCHARTs requires National Wetland Inventory (NWI) data as well. 378 

First the high resolution NWI polygons for each state in the domain are split into the various wetland types to align with those 379 

reported in SOCCR. These polygons are then converted to rasters that represent the fractional coverage in each gridcell. To 380 

combine across states, the maximum value in each gridcell is used as the datasets are designed to include some overlap across 381 

state files. These gridcells are then combined with the SOCCR EFs, separately for each wetland type, to produce fluxes. The 382 

user can select between SOCCR version 1 (U.S. Global Change Research Program (USGCRP), 2007) or version 2 (U.S. Global 383 

Change Research Program (USGCRP), 2018), with version 2 including some separate EFs by watershed. EFs are calculated 384 

as the arithmetic average across the research presented in the report, separated by wetland type and region. The average across 385 

all data is used for regions without data. These fluxes can then be used as the wetland subsector. The NWI data is not available 386 

as a function of time, so changes over time are not considered. 387 

 Lastly, freshwater emissions from lakes and rivers are incorporated. The NWI includes freshwater classes as well and 388 

the same method used for SOCCR is used to prepare these data. We use the median flux from rivers and fluxes from the largest 389 

lake class as reported in Rosentreter et al. (2021). We choose this lake flux as McDonald et al. (2012) showed that large lakes 390 

(> 1 km2) constitute the majority of total lake area in CONUS (71% or 90% if including the great lakes).  391 

2.8 Remaining Sources 392 

M3T is focused on sectors considered critical for urban CH4 emissions. As such, sectors that are generally exogenous to urban 393 

activity or are considered small sources are not estimated in the tool and are instead automatically pulled from GEPA 394 

(Maasakkers et al., 2016, 2023; McDuffie et al., 2023). This includes agricultural emissions (composting, enteric fermentation, 395 

manure, rice cultivation, field burning), oil and gas emissions before the transmission stage (exploration, production, 396 

processing, refining, petroleum transport, abandoned wells), coal mining emissions (active and abandoned coal mining), 397 

industrial landfills, and finally, industrial emissions from the ferroalloy and petrochemical industries. There may be updates to 398 

these sectors since GEPA’s development such as research showing seasonal (Hu et al., 2025; Varon et al., 2026) and diurnal 399 

(Barkley et al., 2025) trends in upstream oil and gas emissions that could be considered for future updates, but these are 400 

considered a lower priority given the focus on urban emissions.  The exact sectors used are described in SI Table S1. 401 

2.9 M3T Use 402 

In this section we provide a brief summary describing how to run M3T to develop gridded data for all sectors for a particular 403 

region and year of interest. We recommend users interested in further details refer to the GitHub page and help files included 404 

in the package. Typical users should not need to view most of the functions in M3T. Instead, they should only be concerned 405 

with functions to interact with the configuration (M3T_get_config and M3T_set_config) and the “main” function 406 

(CH4_inventory_build) that subsequently runs all sectors. The configuration is described in Section 2.1, but in brief it is where 407 

a user can specify EFs, their choice of method for sectors with multiple options, data sources, and the sectors they want to 408 

process. Default configuration method settings are based on literature where available. For all sectors only a single method is 409 
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set by default, as summarized in the help files and SI Section S1. To run the CH4_inventory_build function a user would need 410 

to follow the steps described below. 411 

1. Download and load in the package  412 

a. From GitHub 413 

i. devtools::install_github(“https://github.com/Kristian-hajny/M3T”); library(M3T) 414 

b. From CRAN once submitted 415 

i. install.packages(“M3T”);library(M3T) 416 

2. View and modify the configuration file as desired, ideally creating a simple run script for ease of reuse 417 

a. View detailed descriptions of configuration options 418 

i. help(M3T_config) 419 

b. Optionally run M3T_get_config() 420 

i. This will print all options. Individual options can be checked as input, e.g., 421 

M3T_get_config("Process_landfills") 422 

c. Optionally run M3T_set_config(A = X) 423 

i. Adjust any configuration options, e.g., M3T_set_config(Process_landfills = FALSE) 424 

3. Run the main function with desired inputs (below is an example) 425 

a. CH4_inventory_build(inventory_year = 2018, 426 

  domain = c(”AL”,”GA”), 427 

  domain_res = 0.01, 428 

  domain_crs = ”epsg:4326”, 429 

  verbose = TRUE) 430 

The CH4_inventory_build function only requires the definition of the year to calculate the inventory, a valid domain 431 

definition, and the verbose option. Two variables related to the companion Zenodo can also be provided specifying a local 432 

copy of the Zenodo files or a specific version of the Zenodo to rely on. As input datasets have limited years available, we 433 

recommend limiting runs to those between 2011 and 2023 based on the range of years available in the necessary datasets at 434 

the time of writing, though future years could be run easily assuming input datasets are updated over time and their 435 

locations/formats do not significantly change. The domain is the intended area for the inventory calculation, and can be state 436 

name(s) or Federal Information Processing Standards (FIPS) code(s) or abbreviation(s), urban area census code(s) or exact 437 

name(s) as used in the appropriate year’s Census Urban Area files, four coordinates for a user defined rectangle, “CONUS”, 438 

“custom” to interactively draw a domain polygon, or a file-path to load a polygon or raster file. Additionally, a user sets the 439 

resolution (res) and coordinate reference system (CRS) or mapping system. The resolution should be provided in the same 440 

units as the desired mapping system (e.g., a m gridded CRS should have a resolution in m while a latitude/longitude CRS 441 

should have a resolution in degrees). Lastly, verbose is a true/false parameter indicating whether the user would like the code 442 

to also output visuals while running. 443 
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Upon running the function, the code will load the configuration settings and begin processing sectors with user 444 

updates to the console periodically. Each sector will be processed in sequence, providing updates to the user at the start and 445 

end of each sector as well as certain steps during processing for those that can take longer to process. Each run will also save 446 

a text file called Run_settings.txt to the input folder with the inputs to the main function and configuration settings used for 447 

that particular run. The output includes clearly named sectoral totals for each variation and a sub-folder for each sector with 448 

clearly named files for each variation and subsector. Given the flexibility of M3T, we suggest any works based on M3T results 449 

include the content of this text file for transparency. 450 

3 Results 451 

 To demonstrate the potential output of M3T, we present a few initial analyses across nearly all possible variations for 452 

CONUS at a 0.01 degree x 0.01 degree resolution for the year 2019. Here we disaggregate natural gas distribution including 453 

post-meter and stationary combustion emissions from the state-level only, not the LDC or domain-level, given the large size 454 

of the domain and non-automated nature of the LDC-level disaggregation. We discuss the ten urban areas with the largest 455 

emissions and then we discuss the variability in each sector across all variations using the urban area with the largest emissions: 456 

the New York urban area. Lastly, we briefly compare the inventories developed by M3T to equivalent GEPA inventories for 457 

two of the ten urban areas with the largest emissions (New York and Los Angeles). All M3T output here is the average across 458 

all variations considered with errors presented representing the range unless otherwise stated. 459 

3.1 Comparison Between Cities 460 

Figure 7 shows the sectoral CH4 emissions estimated by M3T and GEPA for the ten urban areas with the largest CH4 461 

emissions according to M3T. Importantly, these emissions are scope 1 emissions (i.e., emissions are assigned to the point of 462 

emission), and only sources within the census-defined urban areas are considered. As cities often locate certain emission 463 

sources related to city-based activity (e.g., landfills) outside of the urban core, this likely biases some sources low compared 464 

to scope three emissions (i.e., emissions are assigned to the responsible party). Landfills are the largest source for seven of 465 

these ten urban areas, natural gas distribution for two of the ten, and wetlands and inland waters for 1 of 10, although post-466 

meter, wastewater, and “other thermogenic” sources (i.e., those from GEPA) are significant contributors as well. In all cases, 467 

stationary combustion and natural gas transmission represent only minor contributions to the total. In general, we see good 468 

agreement between this work and GEPA for sectoral and total emissions, as is to be expected given the similarity in methods 469 

for several sectors. Differences in point source emissions like landfills are due partly to differences in methodology and partly 470 

to differences in resolution as gridcells that are partially within the urban area outline are weighted by the fraction of the 471 

gridcell within the urban area, and this more significantly affects the 0.1 deg x 0.1 deg resolution GEPA gridcells. Note that 472 

all landfill emissions will be entirely included or excluded and treated as a point if running M3T specifically for an urban area 473 

rather than pulling the urban area from a national output as is done here. 474 
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 475 

Figure 7: Stacked bar chart displaying the CH4 emissions for the ten urban areas with the largest emissions according to this work 476 
and their sectoral breakdown. Values represent the average across all variations for each sector and red error bars on the total 477 
represent the range across all variations. Bars on the left for each urban area represent the results from M3T while those on the 478 
right represent values from GEPA. Natural gas is abbreviated as NG here. Wetland values from this work are included in GEPA 479 
values, as there is no wetland source and all GEPA stationary combustion emissions are labelled fossil, as fossil and wood are not 480 
differentiated. 481 

 482 

An interesting observation that can be made from this sectoral information is that the sum of the natural gas 483 

distribution and post-meter sectors is a significant source for most urban areas, generally higher than in GEPA, with the 484 

exception of the Miami, Florida urban area. While warmer parts of the country require less natural gas for residential heating, 485 

we do not see this same behaviour in Los Angeles or Atlanta, which also have warmer climates. As M3T uses a bottom-up 486 

approach for this sector, we can investigate the relevant activity data for these sectors. This is simplest for the post-meter 487 

sector, which is based on the EIA data on residential natural gas delivered. This delivery data shows that Florida delivers 488 

considerably less natural gas than other similarly warm states, especially when considering its large size. If we rank states by 489 

the per capita natural gas delivered to residential customers then Florida is the lowest at rank 49 (excluding Alaska and Hawaii 490 

but including the District of Columbia). While some neighbouring states with similarly warm, humid climates like Louisiana 491 
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and Alabama are similarly low at 41 and 44, other neighbouring states like Mississippi and Georgia are much higher at 2 and 492 

33. While this analysis assumes the EIA data is accurate and cannot determine the reason for lower residential natural gas use 493 

in Florida, it does demonstrate an interesting regional feature of CH4 emission sources that can be identified. 494 

We demonstrate the variability in individual sectors for the New York urban area in Figure 8. While this will look 495 

different for every urban area, the New York urban area has significant emissions from most sectors making it useful for 496 

discussion. This figure shows that the methodological variations affect the wetland, landfill, and wastewater emissions much 497 

more than other sectors. To briefly recap from Sections 2.2, 2.6, and 2.7, municipal landfill emissions are calculated using a 498 

first order decay equation or, assuming there is a gas capture system, a gas capture efficiency calculation. The municipal 499 

treatment plants in the wastewater sector can either rely on the GHGI or the empirical relationship determined in Moore et al. 500 

(2025), who reported nearly 2x the emissions as for the GHGI. They can also rely on either the CWNS or DMR for the activity 501 

data. There is also a state and national method to estimate septic emissions which show similar total estimates but can differ 502 

significantly spatially. Lastly, the wetlands sector can rely on three distinct products to estimate emissions: SOCCR, SOCCR 503 

version 2, and WetCHARTs. By comparison, variability in stationary combustion, natural gas distribution, and post-meter 504 

emissions stems only from the different CO2 inventories used to disaggregate the emissions from the state total to the gridcell: 505 

ACES or Vulcan. Gurney et al. (2020) discussed that there are large differences between these products at the gridcell scale, 506 

but the products agree well at broader spatial scales. However, this does not consider the impact of adjusting EFs. For example, 507 

if we increase the leak rate for post-meter from 0.5 to 2.5 as per Karion et al. (2023), given the limited data used to inform this 508 

EF, then the post-meter emissions would increase proportionally (i.e., 5 times).  509 
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 510 

Figure 8: Bar chart displaying the sectoral CH4 emissions for the New York urban area. Values represent the average across all 511 
variations and error bars represent the range across all variations. Bars on the left for each sector represent M3T results while those 512 
on the right represent values from GEPA. Natural gas is abbreviated as NG here. GEPA values match exactly for “Other” sources  513 
as GEPA values are used for “Other” sources. GEPA does not include wetlands. Stationary combustion is not differentiated here as 514 
GEPA does not differentiate between the two and any variability would affect both fossil fuel and wood combustion estimates. 515 

 516 

We also compare the M3T output to GEPA spatially. Figure 9 shows the 0.01 deg resolution M3T output and 0.1 deg 517 

resolution GEPA output for the Los Angeles and New York urban areas, as well as the differences between them when 518 

aggregated to the same resolution. In Los Angeles, several 0.1 deg gridcells that are dominated by industrial landfill emissions 519 

taken directly from the GEPA are clear. While there is good agreement in Los Angeles total emissions, the spatial distribution 520 

of emissions still shows some differences. 521 
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 522 

Figure 9: Maps showing the M3T output (top), GEPA (middle), and difference between them after aggregating M3T to the same 523 
resolution (bottom) for the New York (left) and Los Angeles (right) urban areas. The average is used in M3T for sectors with multiple 524 
variations. The urban area total emissions for New York are 226.7 Gg/year according to M3T and 152.3 Gg/year according to GEPA. 525 
The urban area total emissions for Los Angeles are 146.8 Gg/year according to M3T and 151.0 Gg/year according to GEPA.  526 
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3.2. Comparison to Literature 527 

The New York urban area has been studied by several recent top-down measurement campaigns using airborne measurements. 528 

In addition to the total emissions, several of these studies have also investigated the fraction of the emissions that came from 529 

thermogenic sources. Plant et al. (2019) used airborne measurements of ethane and CH4 from 2018 in combination with 530 

reported natural gas composition data to estimate the fraction of emissions in several urban areas, including New York, that 531 

came from thermogenic sources (i.e., natural gas). They also combined their measured CH4 to CO2 or CO ratio with inventory 532 

estimates of CO2 or CO to estimate emissions from multiple urban areas. Floerchinger et al. (2021) used similar methods to 533 

estimate the thermogenic fraction using airborne measurements from 2017 and 2018 across seasons. Note that their March 534 

2018 estimate is greater than 100%, likely as a result of systematic errors such as the impact of entrainment of free tropospheric 535 

air. Using airborne measurements from 2018 - 2020 and an inventory developed similarly to M3T, Pitt et al. (2024) calculated 536 

total emissions and the thermogenic fraction for the New York urban area using a sectoral inversion which took advantage of 537 

the high resolution of the inventory. Note that while all works defined the New York urban area using the census definition, 538 

they handled gridcells partially within the New York urban area differently which introduces some additional variability across 539 

them. For example, the estimate reported in Pitt et al.  (2024) is 1.4 times the estimate of Plant et al. (2019), but if a consistent 540 

approach to aggregating emissions is employed to the results of both studies this ratio is only 1.1. These results are summarized 541 

in Table 1 and show that top-down values are consistently greater than inventories, including M3T, while the thermogenic 542 

fraction is in good agreement with top-down estimates. Here we also present estimates using the maximum across all M3T 543 

variations for comparison. While this increase is in better agreement with top-down measurements, the increase comes 544 

primarily from biogenic sources, so the thermogenic fraction reduces considerably. Schiferl et al. (2025) recently offered one 545 

potential source for this underestimate.  They used long term CO and CH4 measurements in the New York area to suggest that 546 

there are additional incomplete combustion emissions, particularly from winter to spring, that are being underestimated by 547 

inventories. 548 

 549 
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 550 

Table 1: Emission rates and thermogenic fraction estimated for the New York urban area across several studies.  551 

Source Data Year NY Emissions (Gg/y) Thermogenic Fraction (%) 

Plant et al. (2019) CO2 ratio 

method 

April/May 2018 430 [330, 560] 

(95% confidence 

interval) 

87 [75, 97] 

(95% confidence interval) 

Plant et al. (2019) CO ratio 

method 

April/May 2018 450 [210, 750] 

(95% confidence 

interval) 

87 [75, 97] 

(95% confidence interval) 

Pitt et al. (spatial) (2024) 9 flights in November, February, 

and March, 2018 - 2020 

296 ± 87 

(1 sigma) 

NA 

Pitt et al. (sectoral) (2024) 9 flights in November, February, 

and March, 2018 - 2020 

330 ± 140 

(1 sigma) 

71 ± 19 

(1 sigma) 

Floerchinger et al. (2021) September 2017 NA 81.5 [80.9, 82.0] 

(95% confidence interval) 

Floerchinger et al. (2021) March 2018 NA 119 [116, 121] 

(95% confidence interval) 

M3T mean across variations 2019 227 90.9 

M3T max across variations 2019 306 59.0 

GEPA including mean 

wetland from M3T 

2019 152  90.0 

6 Conclusions  552 

Given the wide variety of datasets utilized by M3T, not all potential nuances may be taken into account, and we suggest users 553 

carefully investigate output for potential anomalies. We urge users to create GitHub issues to better inform other users 554 

accordingly, allowing M3T to be edited to account for identified issues. Issues can also be submitted to ask questions, point 555 

out errors, or suggest other improvements. Plotting of sectoral and sub-sectoral visuals is included with the verbose option to 556 

simplify identifying potential concerns. Additionally, there may be flaws in the underlying input data, such as the CWNS and 557 

landfill GHGRP discrepancies discussed in their respective methods sub-sections. 558 

While M3T offers a modular, user-friendly tool to develop gridded inventories, it still has significant room for growth. 559 

Table 1 shows that, at least for some urban areas, M3T gridded emissions are still biased low compared to measurements, as 560 

has been shown across studies and bottom up CH4 inventories (Vollrath et al., 2025). Gridded uncertainties are critical for 561 
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inverse emissions modelling and are not yet incorporated. Maasakkers et al. (2023) highlighted the increase in per-gridcell 562 

uncertainty as emissions are gridded at finer resolutions though the more granular data available with this tool is still valuable 563 

as it allows inversion analyses to better delineate emissions given the underlying heterogeneity of methane sources in urban 564 

areas (Karion et al., 2023; Pitt et al., 2024). It is well known that uncertainties in emission inventory products are difficult to 565 

calculate, as uncertainties are often lacking for both activity and EF data. Seasonality has also been discussed for some CH4 566 

emission sources and recent work has shown seasonality in total emissions for urban areas (Karion et al., 2023; Mueller et al., 567 

2025; Sargent et al., 2021; Zeng et al., 2023) and fossil fuel production regions (Hu et al., 2025; Varon et al., 2026). This is in 568 

addition to finer temporal resolution variability (e.g., weekday - weekend, diurnal) that may exist (Barkley et al., 2025), as has 569 

been shown for CO2 (Gately and Hutyra, 2022; Gurney et al., 2025b). M3T is currently built solely for annual emissions. There 570 

also exist additional sources worth consideration but lacking in data, such as wildfires, manholes and sewer systems, 571 

incomplete vehicle combustion, leakage of compressed natural gas fuel, and historical landfills. Lastly, using CO and CO2 572 

emissions inventories as a proxy for stationary combustion and natural gas distribution can misapportion emissions as the 573 

underlying mechanisms differ, namely CO2 is a combustion product while CH4 is emitted due to incomplete combustion or 574 

natural gas leakage. Recent literature on CO2 inventories has discussed the importance of appropriate proxies or models to 575 

represent the underlying emissions (Shi et al., 2025; Sun et al., 2026).  To address several of these shortcomings additional 576 

studies focused on the underlying processes or new publicly available activity datasets are needed. The modular, open-source 577 

nature of M3T can facilitate the incorporation of updated emission factors and emission models from such future studies. 578 

M3T was developed to support further research into urban CH4 emissions by providing flexible, high-resolution 579 

gridded emission estimates. Unlike other gridded emissions products, M3T is not an emissions map, but instead a publicly 580 

available tool that can be used to create emissions maps with user defined resolution, extent, year, and grid. Most importantly, 581 

this allows users to adjust EFs, consider multiple possible methodologies, and ideally compare these variations against 582 

measurements to further the field and quantify performance across calculation methods. We have presented the methods used 583 

by M3T, discussed some of its current limitations, and presented initial analyses with high resolution 2019 CONUS output. 584 

By making the code publicly available and presenting it clearly here, we hope researchers not only make use of the tool for 585 

their analyses but also incorporate their work into M3T to further develop it into a more capable, reliable, and valuable tool.  586 

Code and Data Availability 587 

The M3T is being submitted to CRAN and is currently publicly available on GitHub via (https://github.com/Kristian-588 

hajny/M3T) (Hajny and Pitt, 2026b) and Zenodo (https://doi.org/10.5281/zenodo.21500785) (Hajny and Pitt, 2026a). All 589 

required input data is included in the package or the publicly available Zenodo with supporting data 590 

(https://doi.org/10.5281/zenodo.17328718) (Hajny et al., 2026).  591 
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