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Abstract

Methane is a greenhouse gas with a short atmospheric lifetime and strong

warming potential. Reduction of anthropogenic methane emissions is thus

a significant way to combat climate change. Recent literature has suggested

discrepancies between “top-down” and “bottom-up” estimates of landfill emis-

sions. In this study, we explore this discrepancy through a top-down estimate

that employs a blended TROPOMI+GOSAT satellite data set and focuses

on landfills sources over the United States during recent years, up to 2022.

Through wind rotation of methane satellite observations, oversampling, and

an integrated mass enhancement method, we quantify methane emission rates.

We employ these methods on eight landfills and explore associations between

methane emission rates and landfill characteristics. In most cases, we see

greater methane emission rates for our top-down estimates compared to the

bottom-up inventory report estimates. Assuming no regional differences in

landfill methane emissions reporting across the United States, we suggest that

bottom-up methane emission reports are under-reported as is evidenced by

the discrepancy with our top-down estimates employing TROPOMI+GOSAT

data. For 2022 and compared to our top-down estimates, methane emission

rates for the eight selected landfills range in how much they underestimate

emissions from 1.34 Gg a−1 to 13.49 Gg a−1. Two landfill characteristics, cover

type and waste-containing surface area, show strong correlations with the dis-

crepancy in emission estimates. The top-down methane emission rate esti-

mates, as well as the observed difference in methane emission rates, can inform

the parameterization of bottom-up functions employed for emissions reporting.
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Chapter 1

Introduction

1.1 Methane

Methane CH4 is a greenhouse gas with a strong global warming potential

(GWP) and a short atmospheric lifetime, making it a significant contributor

to climate change. Its atmospheric lifetime is estimated at 9.1 ± 0.9 y (Prather

et al., 2012). This makes methane emission reduction attractive for rapid

near-future impacts. GWP is measured with CO2 as the reference where the

GWP of CO2 is 1. CH4 has a GWP of 28 over a time period of 100 years

(Myhre et al., 2013). Anthropogenic sources make up around 60% of global

methane emissions (Saunois et al., 2020). Reduction of anthropogenic methane

emissions is therefore significant in climate change mitigation.

1.2 Satellite Data

Methane emissions are calculated in two main ways. A “top-down” approach

involves observations of atmospheric methane which are used to estimate

methane emissions. In contrast, a “bottom-up” approach employs activity

data for emission inventories.

Satellites observe atmospheric methane columns via measurements of backscat-

tered solar shortwave infrared radiation (SWIR; Jacob et al. (2016)). Two

high-precision instruments with regional to global coverage, classified as area
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flux mappers (Jacob et al., 2016), are the TANSO-FTS instrument aboard the

Greenhouse Gases Observing Satellite (GOSAT) satellite and the TROPO-

spheric Monitoring Instrument (TROPOMI) aboard the Sentinel-5 Precursor

satellite. TANSO-FTS has collected global methane observations since 2009

with 10.5 km circular pixel footprints spaced apart by ∼263 km across-track

and ∼283 km along-track (Parker et al., 2020). TROPOMI has daily global

observations and in August 2019 began capturing at a 5.5 x 7 km2 resolution

(Lorente et al., 2021). GOSAT measures methane in the 1.65 µm wavelength

band through a CO2 proxy, being then prone to errors in the prior estimate

of CO2 (Parker et al., 2011). In contrast, TROPOMI measures in the 2.3

µm without a CO2 proxy and using a physics based approach, which has

greater errors induced by scattering than the CO2 proxy method (Butz et al.,

2012). TROPOMI observations are subject to different biases. One of these

is the misrepresentation of surface albedo (Jongaramrungruang et al., 2021).

Another bias comes from aerosols and cirrus clouds scattering the radiation

(Aben et al., 2007; Butz et al., 2010; Schepers et al., 2012).

Here, we use a blended TROPOMI+GOSAT product from Balasus et al.

(2023). The blended data set provides a favorable compromise between the

higher data density of TROPOMI and the greater data quality of GOSAT.

1.3 Bottom-up Data

Bottom-up estimates are calculated based on activity levels and emission fac-

tors (IPCC , 2019). For example, this could take the form of multiplying the

amount of waste in landfill (activity level) by methane emitted per unit area

of the landfill (emission factor). Imprecise and unknown emission factors then

increase uncertainty in bottom-up estimates.
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1.3.1 EPA GHGRP

The United States Environmental Protection Agency (EPA) reports annual

methane inventories for its Greenhouse Gas Reporting Program (GHGRP).

Among those required to report are facilities emitting more than 25,000 metric

tons of greenhouse gases per year. More specifically for landfills, those emitting

more than 1,190 metric tons of CH4 per year are required to report (US EPA,

2014). Methane emissions are calculated as a function of quantity of each type

of waste in a landfill. Emissions are also functions of correction factors, rate

constants, and fractions, of which most have default values provided by the

EPA or can be altered based on site-specific information.

1.4 Landfills

According to the EPA, landfills accounted for 17% of total methane emissions

in the United States in 2022. Following enteric fermentation and natural gas

systems, landfills were the third largest anthropogenic source of methane emis-

sions in 2022 (US EPA, 2024). There exist discrepancies between top-down

and bottom estimates. Landfill methane emission estimates for 2019 derived

from satellites are 51% greater than those reported by the US Environmental

Protection Agency Greenhouse Gas Emissions Inventory (Nesser et al., 2023).

Landfill gas contains, among hundreds of other gases, 40-60% methane and

can be produced through bacterial decomposition, phase changes via volatiliza-

tion, and chemical reactions within the waste. Different landfill conditions like

moisture content, oxygen concentration, and temperature may impact landfill

gas production (ATSDR, 2001).

In 2022, the EPA reports a total of 1123 municipal landfills, accounting

for 83 million metric tons CO2e of greenhouse gas emissions (US EPA, 2022).
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Municipal landfills are those receiving household waste and other types of

nonhazardous waste (US EPA, 2016a). Municipal landfills, because of their

organic waste, are prominent sources of methane emissions generated anthro-

pogenically (US EPA, 2016b).
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Chapter 2

Data and Methods

2.1 Wind Rotation

For a given landfill, we are interested in estimating its methane emissions.

TROPOMI+GOSAT satellite data provide methane concentration observa-

tions for a given pixel area. The satellite observation does not directly inform

us on the methane emission rate. In order to understand the methane emission

source that would give rise to the methane concentration that the satellites

observe, we employ a wind rotation technique.

In Zuo et al. (2023), the authors employ wind direction and speed data for

each satellite pixel to analyze the downwind structure of HCHO. We adopt

a wind rotation technique that allows the remapping of satellite observations

according to a source wind (de Foy et al., 2015; Fioletov et al., 2016; Lu et al.,

2015; Pommier et al., 2013; Valin et al., 2013; Beirle et al., 2011). We choose

a center (x0, y0) = (0, 0), calculate the distance µ of the pixel to x0, and rotate

the pixel an angle θ to align the pixel along the wind direction. We rotate a

satellite point centered at (x, y) to (xnew, ynew):

xnew = x cos (−θ) + y sin (−θ)

ynew = −x sin (−θ) + y cos (−θ)

(2.1)

Figure 2.1 shows an example of the wind rotation method.

We use wind data sourced from the National Oceanic and Atmospheric
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(a) (b)

Figure 2.1: (a) Wind vectors before rotation. (b) Wind vectors after rotation.
The blue circle represents the source, and the blue vector represents the down-
wind direction.

Administration High-Resolution Rapid Refresh (HRRR) (Dowell et al., 2022).

The data has a spatial resolution of 3 km and temporal resolution of 1 h.

We begin with a municipal landfill identified from the GHGRP. We choose

a set of coordinates within the landfill space as the source center (x0, y0). All

satellite observations surrounding the source center are rotated following the

source’s wind direction.

To be more certain that the observed methane concentrations are due to

the landfill and not to an external source, we inspect the infrastructure of the

vicinity and identify other possible source candidates such as oil and gas plants

and farms. We rotate around these locations and through visual inspection of

the plumes we ensure that the plume arises from the landfill independently.

2.2 Oversampling

After wind rotation, we oversample the data to achieve fine-resolution mapping

of the methane emissions.

One technique to visualize a single snapshot of the satellite data is to
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project the data onto a 2-dimensional latitude versus longitude map and aver-

age the data into spatial grid cells. This technique limits the possible resolution

of these visualizations based on the observational density at each grid cell for

the given time snapshot. In order to access finer resolution, we employ a “tes-

sellation” approach to oversample our data as described in Sun et al. (2018).

For a given period of time, all observations captured within a pre-defined grid

cell are weighed and averaged onto that grid cell. In this way, we achieve

a finer spatial resolution since we have more observations at each grid cell,

consequently sacrificing the time dimension.

The tessellation method weighs the overlapping area between an irregularly-

shaped polygon satellite observation and a rectangular grid cell. The oversam-

pling equations provide a way to calculate a weighted average of the observa-

tions for each grid cell. From Sun et al. (2018), upon oversampling, a grid cell

will have a methane concentration C(j) [ppb]:

C(j) =
A(j)

B(j)
(2.2)

where

A(j) =
∑
i

Ω(i)S(i, j)∑
j S(i, j)

(2.3)

B(j) =
∑
i

S(i, j)∑
j S(i, j)

(2.4)

In these equations, we refer to pixel i and grid cell j. Ω(i) [ppb] represents

a pixel’s methane column, S(i, j) [m2] is the overlapping area between a pixel

i and grid cell j, and
∑

j S(i, j) [m
2] represents the total area of a pixel. Sun

et al. (2018) include an uncertainty term which we have removed since its

impact on the weighted average concentrations was minimal. The
∑

j S(i, j)

term assumes that pixel boundaries all fit inside the grid within which we
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oversample.

In Figure 2.2, we demonstrate a visualization of satellite observation pixels

oversampled onto a grid.

(a) (b)

Figure 2.2: (a) Satellite observation pixels with different geometries. The
colors represent arbitrary values of a measurement (e.g. different methane
concentrations). (b) Oversampled grid. The satellite pixels from (a) were
weighted and averaged onto a defined grid

Similarly, we oversample the dry air column densities with the same weights

as the methane concentrations. We use Ωair(i) [kg m−2], a pixel’s dry air

column, to give us the oversampled dry air column of a grid cell σair(j):

σair(j) =
Aair(j)

B(j)
(2.5)

where

Aair(j) =
∑
i

Ωair(i)S(i, j)∑
j S(i, j)

(2.6)

We have filtered out any pixels over water and those most prone to coastal

biases, described in Appendix D of Balasus et al. (2023).

For a given resolution for oversampling, we require a minimum number of

observations to make inferences about a grid cell. For a native resolution of

a x b, oversampling at c x d means that we should have a
c
× b

d
observations
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per grid cell oversampled to preserve the information content of the original

data. The original TROPOMI+GOSAT data has resolution 5.5 x 7 km2. If

we oversample with 0.01◦x 0.01◦grid cells, roughly translating to 1 x 1 km2,

we require approximately 40 observations per grid cell as a minimum.

2.3 Integrated Mass Enhancement

To obtain an estimate of the emission rate from a landfill, we employ an

integrated mass enhancement (IME) method. This method, adapted from

Frankenberg et al. (2016), estimates the mass of methane from a plume in the

context of its background. The IME [kg] is a function of an enhancement

C(j)− Cb [ppb] where C(j) is the methane concentration of the oversampled

grid cell and Cb is the background methane concentration. The methane plume

is characterized as being the region with methane concentrations above a spec-

ified percentile for a given region. The percentile is a parameter that we tune

for each landfill individually. We vary the plume percentile to estimate the

uncertainty of our methodology, explained in the next section. Cb is calculated

as the average methane concentration from the layers of cells immediately sur-

rounding the plume. The number of cells is another parameter that we tune

for each landfill individually. The IME is also a function of the oversampled

dry air column σair [10−9 mol m−2], the area of the grid cell Aj [m
2], and the

molar mass of methane MCH4 [kg mol−1]. We take the sum over all grid cells

within the plume to obtain:

IME =
∑
j

(C(j)− Cb) ∗ σair ∗ Aj ∗MCH4 (2.7)

The landfill source methane emission rate Q [kg s−1] and IME [kg] hold a
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linear relationship (Frankenberg et al., 2016; Varon et al., 2018):

Q =
U

L
· IME (2.8)

where we take the length scale L [m] to be the square root of the area of the

plume mask and the effective wind speed U [m s−1] to be the average wind

speed at the landfill source location.

2.4 Parameters and Uncertainty

For each landfill, we vary two parameters when performing the oversampling.

One parameter is plume percentile, which defines the region that constitutes

a plume. For example, with a plume percentile of 98.5, the plume area within

a given region is defined as the area with methane concentrations above the

98.5th percentile as compared to the rest of the region. Each landfill has

different percentiles that give rise to what one can visually characterize as a

plume pointing downwind. For example, one landfill may have an oversampled

map that shows a downwind plume at a 99 plume percentile but not at a 96

plume percentile.

Our other parameter is background cells. This is the number of cells mak-

ing up the width of the region immediately surrounding the perimeter of the

plume. We use this belt of cells to calculate the background methane concen-

tration. In other words, these cells represent what the methane concentration

of the region would be in the absence of the landfill. For each landfill, we

typically vary this parameter from one to three background cells. Figure 2.3

shows an example with the parameter set to one background cell.

For a given landfill, we take the methane emission rate Q to be the average

12



Figure 2.3: Integrated mass enhancement (IME). The grid is oversampled
with blue indicating lower methane concentrations and red indicating higher
methane concentrations. A yellow line traces the perimeter of a methane
plume. The region between the yellow line and dashed pink line has a width
of one cell, and it is the region used to calculate the background methane
concentration.

of all methane emission rate estimates Qn for that landfill:

Q =
1

N
·
∑
n

Qn (2.9)

where N is the number of estimates. For example, if we vary each of our

parameters by having a 98.5, 99, and 99.5 plume percentile as well as one,

two, and three background cells, we get a total of nine combinations. This

results in nine methane emission rate estimates, so we would take the landfill’s

methane emission rate to be the average of the nine.

We calculate the uncertainty ∆Q by taking into account the range in emis-

sion rate estimates:

∆Q =
1

2
· (Qmax −Qmin) (2.10)

where Qmax and Qmin are the highest and lowest of the Qn estimates.
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2.5 Landfill Characteristic Analysis

We use data provided by the EPA GHGRP Facility Level Information on

GreenHouse gases Tool (FLIGHT) tool (US EPA, 2022) to acquire information

about our selected landfills’ characteristics. We measure the linear correlation

between our top-down estimates and landfill characteristics like cover type,

waste-containing surface area, and the methane emission rate reported by the

GHGRP with Pearson correlation coefficients. This allows for an analysis of

the landfill’s methane emission rate in the context of its own characteristics as

well as in comparison to other landfills.
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Chapter 3

Results

3.1 Oversampled Data Overview

We collected data for eight landfills across the continental United States. Fig-

ure 3.1 shows a map of the continental United States methane concentrations

with landfills overlaid using data from 2022. The northwestern portion of the

US suffers from low data density, and so do some regions across the northeast.

This data density pattern is also evident when expanding to a larger time

period of 2019 to 2022, as seen in Figure 3.3. Figure 3.2 and Figure 3.4 show

the continental United States oversampled maps with landfills overlaid. We

focus on regions with greater data density for our analysis of landfills. The

data density for 2022 and for 2019 to 2022 is more clearly displayed in Figures

3.5 and 3.6, noting the difference in the color scales.

3.2 Landfill Example: Laurel Ridge Landfill

We identified landfills spatially isolated from other landfills. As an example,

here we follow the oversampling process for Laurel Ridge Landfill located in

Lily, Kentucky. Figure 3.7 shows 2022 oversampled data maps for Kentucky

and the surrounding area.

From here, we identified Laurel Ridge Landfill as an isolated landfill. Fig-

ure 3.8 exemplifies this, showing Laurel Ridge landfill as the only GHGRP-
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identified facility in the vicinity.

The wind rotation and oversampling procedure produced Figure 3.9. We

can see a plume-like structure pointing downwind. Because of this structure

and the landfill’s spatial isolation, we can be more certain that the integrated

mass enhancement (IME) method will be appropriate. In Figure 3.9, we have

chosen two parameters: a plume percentile of 98.5 and a background cell

number of two. However, this represents just one combination of parameters

used.

For Laurel Ridge Landfill, we varied the definition of the plume to be the

area with methane concentrations in the 98.5, 99, and 99.25 percentiles. Addi-

tionally, we can vary the definition of the background methane concentration:

one, two, or three grid cells extending beyond the perimeter of the plume.

Varying these two parameters yields different methane emission rates for the

landfill. Using a percentile of 98.5 and a background cell number of 2, we get

the following results from the IME method using 2022 data:

L = 10 515.95m, U = 5.21m s−1, IME = 976.72 kg

Q = U
L
· IME = 15.26Gg a−1

Varying the percentile and background cell parameters, we get the results

displayed in Table 3.1. Figure 3.10 shows each plume variation for 2022. Figure

3.17, Figure 3.18, and Figure 3.19 show the plume variations for 2019, 2020,

and 2021, respectively.

Consolidating the methane emission rate as the average of these emission

rates and the uncertainty as half of the range, we obtain:

QTROPOMI+GOSAT,2022 = (11.56± 6.25)Gg a−1

The GHGRP reports the annual methane emissions found in Table 3.2 for

Laurel Ridge Landfill.
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Percentile Background Cell Number Q(Gg a−1)

98.5 1 11.83
98.5 2 15.26
98.5 3 18.45
99 1 8.04
99 2 10.95
99 3 13.84
99.25 1 5.96
99.25 2 8.56
99.25 3 11.16

Table 3.1: Methane emission rate top-down estimates for Laurel Ridge Land-
fill in 2022. We vary two parameters: plume percentile and background cell
number to obtain different estimates.

Year MCH4 (Gg)

2019 10.10
2020 2.50
2021 1.80
2022 1.70

Table 3.2: GHGRP methane emission estimates for Laurel Ridge Landfill.

From the GHGRP data, we obtain landfill emission rates of

QGHGRP,2022 = 1.7Gg a−1

QGHGRP,2019to2022 = 4.0Gg a−1

QGHGRP,2019to2022 represents the average QGHGRP for 2019 to 2022. Ta-

ble 3.3 shows the yearly methane emission rate calculated using oversampled

TROPOMI+GOSAT data Q in comparison to the EPA GHGRP emission rate

QGHGRP .

We get QGHGRP,2019to2022 as the average QGHGRP for 2019 to 2022, and its

uncertainty as the average uncertainty for 2019 to 2022. Comparing emission

rates, we get:

QGHGRP,2019to2022 = 4.0Gg a−1
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Year Q (Gg a−1) QGHGRP (Gg a−1)

2019 13.21±6.65 10.10
2020 6.28±3.01 2.50
2021 13.28±7.27 1.80
2022 11.56±6.25 1.70

Table 3.3: Top-down versus bottom-up methane emission rates for Laurel
Ridge Landfill.

QGHGRP,2022 = 1.7Gg a−1

QTROPOMI+GOSAT,2019to2022 = (11.08± 5.80)Gg a−1

QTROPOMI+GOSAT,2022 = (11.56± 6.25)Gg a−1

This comparison is visualized in Figure 3.11.

3.3 All Landfills

Table 3.4, Table 3.5, Table 3.6, and Table 3.7 summarize the comparison

between the GHGRP CH4 emission estimates and our estimates employing

oversampled TROPOMI+GOSAT data for 2019, 2020, 2021, and 2022, re-

spectively. Figure 3.14 provides a visualization of these comparisons.
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Figure 3.7: (top) Region around Laurel Ridge Landfill. (middle) Region
around Laurel Ridge Landfill with landfills overlaid in red. (bottom) Re-
gion around Laurel Ridge Landfill with landfills overlaid in red and methane-
emitting facilities in pink as identified by the EPA GHGRP. The size of the
red and pink circles is proportional to the methane emissions reported by the
GHGRP. All data is for 2022.

Figure 3.8: Laurel Ridge landfill is marked by the crosshair with a red circle.
Other facilities as identified by the GHGRP are crosshairs with a pink circle.
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Figure 3.9: Laurel Ridge Landfill wind-rotated using 2022 data. Laurel Ridge
Landfill is marked with a black circle. The plume is defined as the area inside
the solid black line which has a methane concentration above the 98.5 per-
centile compared to the background. The background methane concentration
is determined by the area between the solid black line and the dashed black
line, here having a width of two grid cells.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 3.10: Oversampled region, wind-rotated around Laurel Ridge Landfill
using 2022 data. Oversampled at 0.01◦x 00.1◦resolution. The solid black line
delineates a plume. Laurel Ridge Landfill is marked with a black circle. The
area between the dashed black line and the solid black line is considered the
background. The plume is defined as the region above the (a-c) 98.5, (d-f) 99,
or (g-i) 99.25 percentile. The background has a cell width beyond the plume
perimeter of (a, d, g) 1 cell, (b, e, h) 2 cells, or (c, f, i) 3 cells.
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Figure 3.11: Laurel Ridge Landfill methane emission rate through time.
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(a) Laurel Ridge Landfill (b) Bordeaux Landfill

(c) City of Laredo Land-
fill

(d) Hanes Mill Road
Landfill

(e) Montgomery City of
Landfill

(f) Pike Sanitation Land-
fill

(g) South Wake Landfill
(h) Union County Land-
fill

Figure 3.12: Methane concentration maps in [ppb] for regions around different
landfills (2022)
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(a) Laurel Ridge
Landfill wind ro-
tated

(b) Bordeaux Land-
fill wind rotated

(c) City of Laredo
Landfill wind rotated

(d) Hanes Mill Road
Landfill wind rotated

(e) Montgomery
City of Landfill wind
rotated

(f) Pike Sanitation
Landfill wind rotated

(g) South Wake
Landfill wind ro-
tated

(h) Union County
Landfill wind rotated

Figure 3.13: Wind-rotated methane concentration maps in [ppb] for different
landfills (2022). Maps after wind rotation. A solid black line traces the perime-
ter of a methane plume. Landfills are marked with a black circle. The region
between the solid black line and dashed black line has a width of two cells,
and it is the region used to calculate the background methane concentration
in these examples.
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Figure 3.15: Methane emission rate GHGRP versus TROPOMI+GOSAT
(2022).

Figure 3.16: Distribution of methane emission rates reported by the GHGRP
in 2022.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 3.17: Oversampled region, wind-rotated around Laurel Ridge Landfill
using 2019 data. Oversampled at 0.01◦x 00.1◦resolution. The solid black line
delineates a plume. Laurel Ridge Landfill is marked with a black circle. The
area between the dashed black line and the solid black line is considered the
background. The plume is defined as the region above the (a-c) 98.5, (d-f) 99,
or (g-i) 99.25 percentile. The background has a cell width beyond the plume
perimeter of (a, d, g) 1 cell, (b, e, h) 2 cells, or (c, f, i) 3 cells.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 3.18: Oversampled region, wind-rotated around Laurel Ridge Landfill
using 2020 data. Oversampled at 0.01◦x 00.1◦resolution. The solid black line
delineates a plume. Laurel Ridge Landfill is marked with a black circle. The
area between the dashed black line and the solid black line is considered the
background. The plume is defined as the region above the (a-c) 98.5, (d-f) 99,
or (g-i) 99.25 percentile. The background has a cell width beyond the plume
perimeter of (a, d, g) 1 cell, (b, e, h) 2 cells, or (c, f, i) 3 cells.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 3.19: Oversampled region, wind-rotated around Laurel Ridge Landfill
using 2021 data. Oversampled at 0.01◦x 00.1◦resolution. The solid black line
delineates a plume. Laurel Ridge Landfill is marked with a black circle. The
area between the dashed black line and the solid black line is considered the
background. The plume is defined as the region above the (a-c) 98.5, (d-f) 99,
or (g-i) 99.25 percentile. The background has a cell width beyond the plume
perimeter of (a, d, g) 1 cell, (b, e, h) 2 cells, or (c, f, i) 3 cells.
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Chapter 4

Discussion

4.1 Comparing Emissions

We evaluate differences in emissions as reported by the EPA GHGRP versus as

calculated through oversampling of TROPOMI+GOSAT data. Table 3.3 and

Figure 3.14 summarize this information, giving us insights into eight landfills.

4.1.1 Example Landfill: Laurel Ridge Landfill

We show the area containing Laurel Ridge Landfill region in Figure 3.7, demon-

strating that the landfill is isolated from other methane-emitting facilities. In

Figure 3.8, we can see only one other facility, which is distant from Laurel

Ridge Landfill. Upon wind rotation and oversampling, we get plume struc-

tures pointing downwind as seen in Figure 3.10 with 2022 data. Varying the

plume percentile between 98.5, 99, and 99.25 gave rise to reasonable plumes.

It is difficult to ascertain what the background methane concentration looks

like. In other words, we cannot be sure that taking a belt with cell width of

one around the perimeter of the plume versus a cell width of three is better

at describing background methane. These two parameters gave rise to nine

combinations, where the lowest methane emission rate was 5.96 Gg a−1 with

plume percentile of 99.25 and one background cell and the greatest was 18.45

Gg a−1 with plume percentile of 98.5 and three background cells. The GH-

GRP reports 1.70 Gg for 2022 for this landfill, which remains significantly
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lower than our lowest estimate. Table 3.3 shows an annual comparison with a

visualization in Figure 3.11.

The GHGRP reports a downward trend over the last four years in methane

emissions for Laurel Ridge Landfill. We don’t find a downward trend or a dis-

cernible trend through time at all. For each year, our method employing satel-

lite data reports greater methane emissions. The gap between our emission

estimates and the GHGRP estimates are widest in 2021 and 2022 for Laurel

Ridge Landfill. Figures 3.17, 3.18, 3.19, 3.10 all show maps of the methane

plumes we use to estimate emissions for Laurel Ridge Landfill. With the ex-

ception of 2020, all display reasonable methane plumes pointing downwind.

While it is difficult to determine whether the plumes from the 2020 maps are

reasonable for the IME method, we have chosen to include them but proceed

with caution with analyses that make reference to Laurel Ridge Landfill in

2020.

4.1.2 Other Landfills

For South Wake Landfill, we do not have a characteristic plume structure for

2020, so we exclude 2020 from our analysis. For 2019, 2021, and 2022, there is

a discrepancy between top-down and bottom-up estimates. This discrepancy

is greatest in 2022, with an upward trend in both our top-down estimate and

in emission discrepancy throughout the years.

We include only 2022 for Hanes Mill Road Landfill as this is the only year

with a discernible plume structure.

In the context of our selected landfills in 2022, we see the greatest discrep-

ancy in emission estimates for Bordeaux Landfill.

The EPA reports that Bordeaux Landfill is no longer open and that it

accepted waste between 1973 and 1994. Since it began reporting data in 2010,
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there is a reported downward trend in emissions (US EPA, 2022) which we do

not observe in our estimates.

Pike Sanitation Inc. Landfill and Bordeaux Landfill are the only two land-

fills within our sample that report having passive vents and/or flares present.

While both show a discrepancy between top-down and bottom-up estimates,

this discrepancy is a lot smaller for Pike Sanitation Inc. Landfill.

A unique case is 2021 for Union County Regional MSW Landfill, where

the GHGRP estimate was slightly higher than the oversampled satellite data

estimate. The methane plume for this particular year for Union County Re-

gional MSW Landfill was particularly difficult to determine, as can be seen in

Figure 4.18. We have chosen to include this year since the plumes delineated

by the plume masks look reasonable, but we are cautious about results for this

particular year. This reveals a limitation of the methodology where we are

unable to ascertain the contributions to a plume in cases with multiple plume

structures like those in Figure 4.18.

4.1.3 Discrepancy Uncertainty

From Table 3.7, we can see that, although Pike Sanitation Inc. Landfill has

a greater top-down than bottom-up estimate, the bottom-up estimate is still

within the range of top-down uncertainty. This is also the case for each year’s

estimates for Montgomery City of Landfill and Union County Regional MSW

Landfill. Thus, our results indicate greater evidence of an emissions discrep-

ancy for South Wake Landfill, Laurel Ridge Landfill, Hanes Mill Road Landfill,

Bordeaux Landfill, and City of Laredo Landfill.
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4.2 Landfill Characteristics

The GHGRP reports landfill characteristics such as the total surface area that

contains waste, the type of cover used by the landfill (clay, sand, etc.), the

years of operation, and more (US EPA, 2022). Tables 4.1 and 4.2 summariaze

these data.

Landfill Cover Type Waste-
Containing
Surface
Area (m2)

Total
Annual
Waste
Disposal
(metric
tons)

SOUTH WAKE LANDFILL clay; other soil mixture 376362.00 484683.4102
LAUREL RIDGE LANDFILL clay 492548.20 366785.3300
HANES MILL ROAD
LANDFILL

clay; other soil mixture 736536.00 244819.5170

PIKE SANITATION INC other soil mixture 310148.00 365499.0000
BORDEAUX LANDFILL clay 768828.00 NaN
CITY OF LAREDO LANDFILL clay 609868.00 367622.1046
MONTGOMERY CITY OF other soil mixture 221712.73 133573.6500
UNION COUNTY REGIONAL
MSW LANDFILL

clay; organic; sand 441112.00 704077.7701

Table 4.1: GHGRP data for selected landfills Part 1

Landfill Landfill Open? Gas
Collection
System?

Passive
Vents and
Flares?

SOUTH WAKE LANDFILL Y Y N
LAUREL RIDGE LANDFILL Y Y N
HANES MILL ROAD
LANDFILL

Y Y N

PIKE SANITATION INC Y Y Y
BORDEAUX LANDFILL N Y Y
CITY OF LAREDO LANDFILL Y Y N
MONTGOMERY CITY OF Y Y N
UNION COUNTY REGIONAL
MSW LANDFILL

Y Y N

Table 4.2: GHGRP data for selected landfills Part 2

We show a correlation heatmap in Figure 4.1 using the data on these landfill

characteristics in relation to our methane emission estimates.
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Figure 4.1: Emission Rate and Landfill Information Correlation Heatmap
2022. QTROPOMI+GOSAT refers to the methane emission rate calculated
through our oversampling procedure. QGHGRP is the methane emission rate
reported by the EPA GHGRP. Q Difference refers to the QTROPOMI+GOSAT −
QGHGRP . All landfills report having a gas collection system, removing the
correlation coefficients of this variable with other variables.
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Some interesting correlations arise out of the relationship of some vari-

ables with the emission estimates discrepancies; in other words, with the dif-

ferences ”Q Difference” between our emissions estimates and the GHGRP

estimates. Its correlation coefficient of -0.63 with “Landfill Open?” can be

explained by the fact that only Bordeaux Landfill is not an open landfill, and

Bordeaux Landfill has the greatest emissions estimate discrepancy. The cor-

relation between the emissions discrepancy and the Waste-Containing Surface

Area stands out, having a coefficient of 0.71. Figure 4.2 indicates a direct

positive relationship between these two variables. For our sample of landfills,

we may then expect landfills with greater waste-containing areas to experi-

ence the most under-reported emissions. However, we cannot assert that this

relationship holds for the larger population of landfills since we have a small

sample size of eight.

Figure 4.2: Waste-containing surface area versus methane emission rate 2022.

Another interesting relationship arises between the methane emission rate

discrepancy and cover type. With a correlation coefficient of -0.73, we can

visualize the relationship via Figure 4.3. The landfills with the greatest emis-

sions discrepancies all use clay covers or a combination of clay covers and

other soil mixture. Landfill covers serve multiple purposes, with one of them
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being a reduction of methane emissions. With help from methanotrophic bac-

teria, CH4 can be oxidized to CO2 (Hanson and Hanson, 1996; Bowman, 2006;

Bürgmann, 2011; Sadasivam and Reddy , 2014) in landfill soil covers. A chal-

lenge with soil covers is their long-term degradation (Sadasivam and Reddy ,

2014; Chetri and Reddy , 2021). At the same time, clay covers, owing to their

low permeability, may provide better protection against infiltration and pre-

vent greater landfill gas emissions (Chetri and Reddy , 2021). These factors,

along with the upfront and maintenance costs of landfill covers, are likely con-

siderations for landfill operators. The GHGRP requires reporting of a methane

oxidation fraction (US EPA, 2014). For reporting before 2013, this fraction

can be taken as 0.10 regardless of cover type. After 2013, the fraction varies

depending on the type of cover employed by the landfill. Landfill covers also

affect the Landfill Gas Collection Efficiency reported. Based on our results, it

may then be important to reconsider the values of these parameters from the

GHGRP to lower the discrepancies we see for certain cover types.

Figure 4.3: Methane emission rate versus cover type 2022
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4.3 Limitations

The analysis for this project is limited geographically due to several factors.

The HRRR weather model provides wind data for North America (Dowell

et al., 2022), and the EPA GHGRP provides reports for facilities in the United

States. Expanding this project to landfills outside the United States would

then require different data sources.

Another geographical constraint arises from poor data density. This was

mainly present in the western United States, the Florida region, and the north-

eastern United States. We saw that the data density improves for Florida and

the northeast when including data from four years (2019-2022), as is visible

when comparing Figure 3.1 and Figure 3.3. The poor data density after over-

sampling is due to several factors including our filter that removes coastal and

low-data quality observations. We also require that, in order to preserve the

information content of the original data, our oversampled grid cells at 0.01◦x

0.01◦resolution contain at least 40 observations.

We can see that most landfills selected for the project are located in the

southeastern portion of the United States in Figure 4.4. This then limits our

ability to compare one region to another. Assuming that there are no regional

differences in bottom-up landfill methane reporting, we suggest that they are

being under-reported. This under-reporting is with reference to our top-down

estimates employing TROPOMI+GOSAT data.

Many landfills were excluded from the analysis because they are too close

in proximity to other landfills or to other methane-emitting facilities. This

proximity poses a problem because it is difficult to distinguish the methane

emissions that are due to the landfill from those due to other sources. On

the other hand, if we see a characteristic downwind plume arise from wind
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Figure 4.4: Landfill locations across the United States.

rotation followed by oversampling from an isolated landfill, we can be more

certain that the methane enhancements from the plume are due to the landfill.

Our method of oversampling allows us to access a very fine spatial resolution

and therefore gain an understanding of methane concentrations above a specific

landfills. However, the fine resolution of methane concentrations is limited in

information since we need to know, through our wind-rotation method, the

source of the methane concentrations.

4.3.1 Future Directions

The project can evolve in different ways, all providing valuable information

to both supplement the results relevant to this project and to explore new

avenues.

With our methodology, it is likely possible to identify more landfills that

give rise to methane plume structures where an IME quantification method

is reasonable. These landfills would still only be within areas with sufficient

data density and with landfills that are isolated from other methane-emitting
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facilities. Hence, an interesting addition to this project would be one that can

filter out other methane-emitting facilities. A way that this could be explored

is with data on gases not commonly emitted by landfills. Understanding the

plume structure of this additional gas can help us attribute the methane plume

to either one of the facilities. A challenge with this approach is the case where

two landfills are in proximity to each other.

It would also be interesting to further explore the landfills by characteristic;

that is, by analyzing landfills as subsets based on whether they use a specific

type of cover, their waste-containing surface area, etc. This would help us

understand more of the underlying causes of the emissions discrepancies we

observe and help us determine whether discrepancies are systematic or isolated

incidents.

4.4 Conclusions

For nearly all of the selected landfills, our results suggest a discrepancy between

the bottom-up and top-down methane emission estimates, where top-down es-

timates are greater than the bottom-up ones. For South Wake Landfill, Laurel

Ridge Landfill, Bordeaux Landfill, City of Laredo Landfill, and Montgomery

City of Landfill, we find the greatest emission discrepancy in 2022. From Table

3.7, we can see that, for the eight landfills, the lowest discrepancy is for Pike

Sanitation Inc. Landfill which, without considering the uncertainty in the top-

down estimate, underestimates its emissions by 1.34 Gg a−1 in its bottom-up

estimate. The greatest discrepancy is 13.49 Gg a−1, coming from Bordeaux

Landfill.

From Figure 3.15 and Figure 3.16, we can see that the selected landfills have

greater methane emissions than most landfills reported by the GHGRP. Their
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methane emission reports, and likewise discrepancies in emission estimates,

thus carry significant weight.

4.5 Implications

A major goal of top-down methane emission estimates is to inform bottom-up

estimates. We do observe discrepancies in the two types of reports, suggesting

a reconsideration of the parameters employed in bottom-up calculations.

Our analysis included one landfill, Bordeaux Landfill, that is closed for

operations and seven others that remain open. Bordeaux landfill shows the

greatest emissions discrepancies, suggesting a possible issue of under-reporting

due to a lack of upkeep or updating in emissions reporting.

Landfills including South Wake Landfill, Laurel Ridge Landfill, and Union

County Regional MSW Landfill have proposed projects turning landfill methane

gas into renewable energy (Wake County , 2022;December 15 and 2022 ; Bruns).

Hanes Mill Road Landfill also reports methane capture and destruction as well

as conversion to electrical energy (City of Winston-Salem Office of Sustainabil-

ity , 2021; Peplowski) With the increase in renewable energy projects as well as

the development of technologies concerning methane, it remains important to

quantify landfill methane emissions in order to accurately quantify the impact

of landfill projects. Likewise, top-down estimates remain important to verify

bottom-up reports.

There are landfills that are located in proximity to human communities,

and in some cases disproportionately under-resourced, minority, and/or vul-

nerable communities, raising environmental justice issues. For instance, Bor-

deaux Landfill sits in a historically black neighborhood that closed after public

protest (Wadhwani et al., 2022). However, we observe that Bordeaux Landfill
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continues to emit methane, and at rates greater than reported through the

GHGRP.

Ultimately, a more informed parameterization of bottom-up landfill esti-

mates would enable more accurate methane quantification and consequently

a better understanding of methane sector contributions. Knowing how much

landfills as a sector contribute to the national methane budget can inform

policy and resource allocation. In the context of climate change, accurate

methane quantification, in conjunction with accurate reporting of other green-

house gases, allows for better monitoring of changes through time and better

measurements like health and economic outcomes that often inform policy and

agreements at the local and global levels.
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(g) (h) (i)

Figure 4.5: Oversampled region, wind-rotated around Bordeaux Landfill us-
ing 2019 data. Oversampled at 0.01◦x 00.1◦resolution. The solid black line
delineates a plume. Bordeaux Landfill is marked with a black circle. The
area between the dashed black line and the solid black line is considered the
background. The plume is defined as the region above the (a-c) 98, (d-f) 98.5,
or (g-i) 99 percentile. The background has a cell width beyond the plume
perimeter of (a, d, g) 1 cell, (b, e, h) 2 cells, or (c, f, i) 3 cells.
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(a) (b) (c)
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(g) (h) (i)

Figure 4.6: Oversampled region, wind-rotated around Bordeaux Landfill us-
ing 2020 data. Oversampled at 0.01◦x 00.1◦resolution. The solid black line
delineates a plume. Bordeaux Landfill is marked with a black circle. The
area between the dashed black line and the solid black line is considered the
background. The plume is defined as the region above the (a-c) 98, (d-f) 98.5,
or (g-i) 99 percentile. The background has a cell width beyond the plume
perimeter of (a, d, g) 1 cell, (b, e, h) 2 cells, or (c, f, i) 3 cells.
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Figure 4.7: Oversampled region, wind-rotated around Bordeaux Landfill us-
ing 2021 data. Oversampled at 0.01◦x 00.1◦resolution. The solid black line
delineates a plume. Bordeaux Landfill is marked with a black circle. The
area between the dashed black line and the solid black line is considered the
background. The plume is defined as the region above the (a-c) 98, (d-f) 98.5,
or (g-i) 99 percentile. The background has a cell width beyond the plume
perimeter of (a, d, g) 1 cell, (b, e, h) 2 cells, or (c, f, i) 3 cells.

60



(a) (b) (c)

(d) (e) (f)
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Figure 4.8: Oversampled region, wind-rotated around Bordeaux Landfill us-
ing 2022 data. Oversampled at 0.01◦x 00.1◦resolution. The solid black line
delineates a plume. Bordeaux Landfill is marked with a black circle. The
area between the dashed black line and the solid black line is considered the
background. The plume is defined as the region above the (a-c) 98, (d-f) 98.5,
or (g-i) 99 percentile. The background has a cell width beyond the plume
perimeter of (a, d, g) 1 cell, (b, e, h) 2 cells, or (c, f, i) 3 cells.
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Figure 4.9: Oversampled region, wind-rotated around City of Laredo Landfill
using 2019 data. Oversampled at 0.01◦x 00.1◦resolution. The solid black line
delineates a plume. City of Laredo Landfill is marked with a black circle. The
area between the dashed black line and the solid black line is considered the
background. The plume is defined as the region above the (a-c) 97.75, (d-f) 98,
or (g-i) 98.25 percentile. The background has a cell width beyond the plume
perimeter of (a, d, g) 1 cell, (b, e, h) 2 cells, or (c, f, i) 3 cells.
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Figure 4.10: Oversampled region, wind-rotated around City of Laredo Landfill
using 2020 data. Oversampled at 0.01◦x 00.1◦resolution. The solid black line
delineates a plume. City of Laredo Landfill is marked with a black circle. The
area between the dashed black line and the solid black line is considered the
background. The plume is defined as the region above the (a-c) 98, (d-f) 98.25,
or (g-i) 98.5 percentile. The background has a cell width beyond the plume
perimeter of (a, d, g) 1 cell, (b, e, h) 2 cells, or (c, f, i) 3 cells.
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Figure 4.11: Oversampled region, wind-rotated around City of Laredo Landfill
using 2021 data. Oversampled at 0.01◦x 00.1◦resolution. The solid black line
delineates a plume. City of Laredo Landfill is marked with a black circle. The
area between the dashed black line and the solid black line is considered the
background. The plume is defined as the region above the (a-c) 98, (d-f) 98.5,
or (g-i) 99 percentile. The background has a cell width beyond the plume
perimeter of (a, d, g) 1 cell, (b, e, h) 2 cells, or (c, f, i) 3 cells.
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Figure 4.12: Oversampled region, wind-rotated around City of Laredo Landfill
using 2022 data. Oversampled at 0.01◦x 00.1◦resolution. The solid black line
delineates a plume. City of Laredo Landfill is marked with a black circle. The
area between the dashed black line and the solid black line is considered the
background. The plume is defined as the region above the (a-c) 98.5, (d-f)
98.75, or (g-i) 99 percentile. The background has a cell width beyond the
plume perimeter of (a, d, g) 1 cell, (b, e, h) 2 cells, or (c, f, i) 3 cells.
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Figure 4.13: Oversampled region, wind-rotated around Hanes Mill Road Land-
fill using 2022 data. Oversampled at 0.01◦x 00.1◦resolution. The solid black
line delineates a plume. Hanes Mill Road Landfill is marked with a black circle.
The area between the dashed black line and the solid black line is considered
the background. The plume is defined as the region above the (a-c) 98.75,
(d-f) 99.00, or (g-i) 99.50 percentile. The background has a cell width beyond
the plume perimeter of (a, d, g) 1 cell, (b, e, h) 2 cells, or (c, f, i) 3 cells.

66



(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 4.14: Oversampled region, wind-rotated around Montgomery City of
Landfill using 2020 data. Oversampled at 0.01◦x 00.1◦resolution. The solid
black line delineates a plume. Montgomery City of Landfill is marked with a
black circle. The area between the dashed black line and the solid black line
is considered the background. The plume is defined as the region above the
(a-c) 98.50, (d-f) 99.00, or (g-i) 99.25 percentile. The background has a cell
width beyond the plume perimeter of (a, d, g) 1 cell, (b, e, h) 2 cells, or (c, f,
i) 3 cells.
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Figure 4.15: Oversampled region, wind-rotated around Montgomery City of
Landfill using 2021 data. Oversampled at 0.01◦x 00.1◦resolution. The solid
black line delineates a plume. Montgomery City of Landfill is marked with a
black circle. The area between the dashed black line and the solid black line
is considered the background. The plume is defined as the region above the
(a-c) 98.50, (d-f) 99.00, or (g-i) 99.25 percentile. The background has a cell
width beyond the plume perimeter of (a, d, g) 1 cell, (b, e, h) 2 cells, or (c, f,
i) 3 cells.
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Figure 4.16: Oversampled region, wind-rotated around Montgomery City of
Landfill using 2022 data. Oversampled at 0.01◦x 00.1◦resolution. The solid
black line delineates a plume. Montgomery City of Landfill is marked with a
black circle. The area between the dashed black line and the solid black line
is considered the background. The plume is defined as the region above the
(a-c) 98.50, (d-f) 99.00, or (g-i) 99.25 percentile. The background has a cell
width beyond the plume perimeter of (a, d, g) 1 cell, (b, e, h) 2 cells, or (c, f,
i) 3 cells.
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Figure 4.17: Oversampled region, wind-rotated around Union County Landfill
using 2019 data. Oversampled at 0.01◦x 00.1◦resolution. The solid black line
delineates a plume. Union County Landfill is marked with a black circle. The
area between the dashed black line and the solid black line is considered the
background. The plume is defined as the region above the (a-c) 98.00, (d-f)
98.50, or (g-i) 99.00 percentile. The background has a cell width beyond the
plume perimeter of (a, d, g) 1 cell, (b, e, h) 2 cells, or (c, f, i) 3 cells.
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Figure 4.18: Oversampled region, wind-rotated around Union County Landfill
using 2021 data. Oversampled at 0.01◦x 00.1◦resolution. The solid black line
delineates a plume. Union County Landfill is marked with a black circle. The
area between the dashed black line and the solid black line is considered the
background. The plume is defined as the region above the (a-c) 98.00, (d-f)
98.50, or (g-i) 99.00 percentile. The background has a cell width beyond the
plume perimeter of (a, d, g) 1 cell, (b, e, h) 2 cells, or (c, f, i) 3 cells.
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Figure 4.19: Oversampled region, wind-rotated around Union County Landfill
using 2022 data. Oversampled at 0.01◦x 00.1◦resolution. The solid black line
delineates a plume. Union County Landfill is marked with a black circle. The
area between the dashed black line and the solid black line is considered the
background. The plume is defined as the region above the (a-c) 98.00, (d-f)
98.50, or (g-i) 99.00 percentile. The background has a cell width beyond the
plume perimeter of (a, d, g) 1 cell, (b, e, h) 2 cells, or (c, f, i) 3 cells.
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Figure 4.20: Oversampled region, wind-rotated around Pike Sanitation Inc.
using 2022 data. Oversampled at 0.01◦x 00.1◦resolution. The solid black line
delineates a plume. Pike Sanitation Inc. is marked with a black circle. The
area between the dashed black line and the solid black line is considered the
background. The plume is defined as the region above the (a-c) 98.00, (d-f)
98.50, or (g-i) 98.75 percentile. The background has a cell width beyond the
plume perimeter of (a, d, g) 1 cell, (b, e, h) 2 cells, or (c, f, i) 3 cells.
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Figure 4.21: Oversampled region, wind-rotated around South Wake Landfill
using 2019 data. Oversampled at 0.01◦x 00.1◦resolution. The solid black line
delineates a plume. South Wake Landfill is marked with a black circle. The
area between the dashed black line and the solid black line is considered the
background. The plume is defined as the region above the (a-c) 98.50, (d-f)
99.00, or (g-i) 99.25 percentile. The background has a cell width beyond the
plume perimeter of (a, d, g) 1 cell, (b, e, h) 2 cells, or (c, f, i) 3 cells.
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Figure 4.22: Oversampled region, wind-rotated around South Wake Landfill
using 2021 data. Oversampled at 0.01◦x 00.1◦resolution. The solid black line
delineates a plume. South Wake Landfill is marked with a black circle. The
area between the dashed black line and the solid black line is considered the
background. The plume is defined as the region above the (a-c) 98.25, (d-f)
98.50, or (g-i) 98.75 percentile. The background has a cell width beyond the
plume perimeter of (a, d, g) 1 cell, (b, e, h) 2 cells, or (c, f, i) 3 cells.
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Figure 4.23: Oversampled region, wind-rotated around South Wake Landfill
using 2022 data. Oversampled at 0.01◦x 00.1◦resolution. The solid black line
delineates a plume. South Wake Landfill is marked with a black circle. The
area between the dashed black line and the solid black line is considered the
background. The plume is defined as the region above the (a-c) 98.50, (d-f)
99.00, or (g-i) 99.25 percentile. The background has a cell width beyond the
plume perimeter of (a, d, g) 1 cell, (b, e, h) 2 cells, or (c, f, i) 3 cells.
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