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Abstract Regional methane emissions monitoring is rapidly expanding with increased coverage of
surface, airborne, and satellite instruments. We pilot a multitiered observing system in the Los Angeles
Basin. We combine surface methane measurements from the Los Angeles Megacities Carbon Project,
mountaintop retrievals from the CLARS‐FTS instrument, and space‐based XCH4 retrievals from the
TROPOMI instrument into a single monitoring framework. We simulate these observations using a
high‐resolution tracer transport model. Using inverse methods, we compare the sensitivity of each observing
system component to various emissions sources. Combining multiple observing system into one
framework allows for increased spatial and temporal sensitivity to methane emissions. We find a close
correspondence between these inverse flux trends and independent airborne AVIRIS‐NG methane plume
trends over a large landfill in the Los Angeles Basin. These results show that multitiered observing systems
can reveal insights about sub‐basin scale methane emissions, which can be used to drive decision support.

Plain Language Summary Methane is a powerful greenhouse gas. In order to effectively
reduce its atmospheric concentrations, we need advanced methane observing strategies to pinpoint large
emissions on small spatial scales. In this study, we combine surface, mountaintop, and satellite observations
of methane over Los Angeles (called a multitiered observing system) and use these data to infer
information about urban methane emissions. We assess how much information each component of the
observing system provides to this analytics system. We validate our findings with independent airborne
methane fluxes derived from the AVIRIS‐NG airborne instrument over a large landfill. Both systems
detected large emission reductions that resulted from improved management practices. A multitiered
observing and analytics system can potentially provide sub‐basin scale decision support for
methane mitigation.

1. Introduction

Methane is a powerful greenhouse gas with large and highly uncertain natural and anthropogenic sources
(Kirschke et al., 2013). Field studies have shown that anthropogenic methane emissions often exhibit
fat‐tailed distribution, meaning that a small number of point sources constitute a large fraction of the total
budget (Duren et al., 2019; Frankenberg et al., 2016; Lyon et al., 2015). Regional and urban scale monitoring
of methane has proven successful at detecting large emission anomalies or constraining basin‐wide flux esti-
mates (Ware et al., 2019; Yadav et al., 2019). Current and future satellite remote sensing capabilities are ush-
ering in a new era where monitoring of methane point sources may be feasible (Cusworth et al., 2018, 2019;
Varon et al., 2018). In this study, we develop a strategy for a multitiered observing system, leveraging multi-
ple independent methane observation methods across a range of spatiotemporal scales to constrain local to
regional methane flux estimates and monitor large point sources.

Urbanmethane studies often rely onmultiple observations from a single observing system to constrain emis-
sion fluxes. Using a network of in situ atmospheric methane observations in the Los Angeles Basin (Verhulst
et al., 2017), Yadav et al. (2019) estimated emission fluxes for 2015–2016 using an atmospheric inversion and
found that the results captured changes associated with known events—the Aliso Canyon blowout (Conley
et al., 2016), and the closing of the Puente Hills Landfill. Complementing the surface in situ measurements is
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the California Laboratory for Atmospheric Remote Sensing (CLARS) Fourier Transform Spectrometer
(FTS), located on Mount Wilson 1,700 m above the Los Angeles Basin. The CLARS‐FTS scans the basin
hourly, mimicking a geostationary satellite, collecting spatially resolved methane slant columns from spec-
tra of reflected sunlight (Fu et al., 2014). Wong et al. (2016) derived a basin‐total flux using CO‐CH4

tracer‐tracer correlations from CLARS‐FTS data and found that methane emissions in the basin varied from
23 to 39 Gg month−1 during 2011–2015, and He et al. (2019) showed that basin‐wide CH4 fluctuated season-
ally with natural gas consumption.

Airborne campaigns have also mapped and quantified methane point source emissions. The AVIRIS‐C
instrument flew over the Aliso Canyon blowout and was able to detect and constrain its emission character-
istics (Thompson et al., 2016). The next generation AVIRIS‐NG instrument, with higher spectral resolution
and signal‐to‐noise ratio (SNR), was flown over the Four Corners oil/gas region of NewMexico in April 2015
(Frankenberg et al., 2016) and also across the state of California during 2016 to 2018 (Duren et al., 2019).
These studies benefitted from direct imaging of methane plumes with meter‐scale spatial resolution. Both
the Four Corners and California surveys found that methane emissions follow fat‐tailed distributions, with
10% to 20% of point sources constituting 30% to 50+% of the total observed emissions. However, gaps in tem-
poral coverage make it difficult to assess the persistence of high or anomalous methane emitters with air-
borne monitoring even when sampling such emitters multiple times.

Recent satellite sensors provide much improved spatial and temporal coverage of global methane. The
TROPOspheric Measuring Instrument (TROPOMI) on Sentinel 5‐P (launched October 2017) provides daily
7 × 7 km2 nadir global coverage of dry air columnmethane (XCH4) with uniform sensitivity down to the sur-
face (Hu et al., 2018). The future GeoCARBmission, scheduled for launch in the early 2020s, will provide up
to four times per day scanning of a basin at 3 × 3 km2 nadir resolution (O'Brien et al., 2016). New satellite
imaging spectrometers with the potential to detect methane emissions at 30 × 30 m2 spatial resolution have
been launched or will be launched in the near future (Green et al., 2018; Guanter et al., 2015; Loizzo et al.,
2018). These instruments have spectral characteristics similar to AVIRIS, and studies have shown that they
can potentially detect methane point sources as small as 100 kg hr−1 (Cusworth et al., 2019). Major draw-
backs of satellite monitoring are cloud interference and much lower sensitivity to surface emissions when
compared to surface or airborne observations.

Each methane observing configuration (surface, mountaintop, airborne, and spaceborne) presents its own
unique strengths and weaknesses. In this study, we combine information from each of these observing sys-
tems into a multitiered system to amplify their respective strengths. We focus on the Los Angeles Basin for
the study period of January 2017 to September 2018, where ample surface and satellite observations exist. We
combine these observations into a regional 3 × 3 km2 flux inversion and show a specific case of the Sunshine
Canyon Landfill, where the multitiered system inversion predicted an emission reduction that was verified
with repeated AVIRIS‐NG overflights. The results from this study show that a multitiered inverse system
provides sub‐basin scale information about methane emission characteristics.

2. Methane Observing Systems

The spatial coverage of current methane observing systems in the Los Angeles Basin is shown in Figure 1. As
part of the Los Angeles Megacities Carbon Project, 14 surface stations in the Southern California Air Basin
measure carbon dioxide, methane, and water vapor using wavelength‐scanned cavity ring‐down spectro-
scopy instruments (supporting information Figure S1; Verhulst et al., 2017). Site selection was initially based
on a theoretical atmospheric transport simulation that specified geolocations necessary to constrain
basin‐wide carbon dioxide emissions (Kort et al., 2013). For this study, we use eight of the surface sites that
are located within the Los Angeles urban domain and that operated continuously during the study period.
The CLARS observatory is a mountaintop site located 1,700 m above sea level and has a nearly unobstructed
view of the entire Los Angeles Basin (Fu et al., 2014). At CLARS, an FTS instrument views the basin through
a pointing system, which allows for continual scanning of designated ground targets daily. The TROPOMI
instrument provides 7 × 7 km2 nadir pixel resolution and daily global coverage of XCH4 given sufficiently
clear‐sky conditions. The AVIRIS‐NG instrument was flown over Los Angeles several times between 2016
and 2018 during the California Methane Survey (Duren et al., 2019). The instrument flew at altitudes from
3 to 4 km, providing ground sampling with 3 to 4 m spatial resolution. AVIRIS‐NG retrieves methane from
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the same 2,300 nm absorption band used by TROPOMI, albeit at a much coarser 5 nm spectral resolution.
AVIRIS‐NG methane mixing ratios (units ppm‐m) were retrieved using a linearized match filter approach
(Thompson et al., 2016).

Figure 1 shows the temporal coverage of methane observations from each observing system for January 2017
to September 2018. The surface network and CLARS‐FTS provide near continual uninterrupted coverage
during this period. TROPOMI temporal coverage is limited during the study period due to its late 2017
launch, and its spatial coverage is limited when excessive cloud coverage permeates the basin.
AVIRIS‐NG campaigns were conducted at discrete intervals under clear‐sky conditions, yielding sparse
temporal coverage.

3. Multitiered Observing and Analytics System
3.1. Forward Model and Observing Sensitivity

Tracer transport models transform an emission state vector x (units μmol m−2 s−1) to a methane surface or
column mole fraction estimate. The Stochastic Time‐Inverted Lagrangian Transport (STILT) model is a
receptor‐oriented particle dispersion model that releases and tracks theoretical particles backwards in time
from an observing location and time (Fasoli et al., 2018). The distribution of these particles upwind defines a
Jacobian matrix H (i.e., influence function or footprint) that is used to relate the emissions to observations:

y ¼ Hx þ ϵ; (1)

where y is the observed methane enhancement and ϵ is the sum of instrument error, model error, and error
in determining the background. Deriving the methane background for each observing system is described in
supporting information, section S1 and Figure S2. For TROPOMI, the retrieval algorithms for XCH4 are still
in active development. We describe our bias correction process in section S1 but expect the type of analysis
presented in this study to improve as subsequent iterations of the retrieval are released.

TROPOMI and CLARS‐FTS retrievals are sensitive to either the total or slant column of atmospheric
methane, so we generate STILT footprints at multiple intervals along their observing paths. The footprints
are then pressure weighted and combined using the respective instrument's averaging kernel, which is gen-
erally uniform in the troposphere (Butz et al., 2012; Fu et al., 2014). The units for a slant or total column
methane retrieval are in dry column mean mixing ratio (ppb).

We use the 3 × 3 km2 High Resolution Rapid Refresh (HRRR) meteorological reanalysis product to drive
STILT simulations (Benjamin et al., 2016). Yadav et al. (2019) used higher‐resolution meteorology
(1.3 × 1.3 km2) from the Weather and Research Forecasting Model (WRF) for Southern California Air
Basin methane inversions. The computation of these meteorological fields is expensive and requires

Figure 1. Availablemethane observations during the study period (January 2017 to September 2018). The left panel shows
the geolocations of the Los Angeles Megacities Carbon Project surface network sites, CLARS‐FTS ground targets, and an
envelope showing where TROPOMI provides successful retrievals during the study period. The location of the Sunshine
Canyon Landfill (SCL) is also marked on the left panel. The right panel shows the temporal availability of methane
observations during the study period. For each day in the study period, a marker is placed on the plot if the given observing
system made at least one successful observations within the basin.
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considerable resources. Low‐latency emissions monitoring is a major goal for multitiered observing system,
so we opt instead for HRRR reanalysis.

For the surface network, we generate HRRR‐STILT footprints at 4 hr intervals for both day and night. For
CLARS‐FTS, we generate footprints at 4 hr intervals, but only during daylight hours, when CLARS‐FTS is
capable of retrieving methane. TROPOMI has a 1:30 PM local time overpass. We generate footprints for
clear‐sky, successful retrievals. We simulate footprints at 3 × 3 km2 spatial resolution over the basin, which
provides a total of 1,810 discrete state vector elements.

The spatial contours of the Jacobian matrixH show the extent of observing sensitivity throughout the basin
(Figure 2). The TROPOMIHmatrix covers the largest area of any observing system, as expected. Variability
in TROPOMI sensitivity is due to the topography of Los Angeles. Greater sensitivity is seen in regions where
the terrain is much flatter. The surface network often has higher sensitivities, especially near each tower.
The multitiered system leverages both of these strengths to maximize the basin's observing sensitivity spatial
extent and magnitude (Figure S3). TROPOMI's extended spatial coverage gives the system useful sensitivity
in the far field, where other monitoring systems lack sensitivity. The surface network provides enhanced
sensitivity to emission sources within a 5 to 10 km radius of the towers. CLARS‐FTS performance falls in
between TROPOMI and the surface network. A single basin‐wide survey of CLARS‐FTS provides less spatial
coverage than TROPOMI and smaller basin sensitivity (Figure S3). However, CLARS‐FTS scans the basin
three to eight times per day, meaning that over the course of a single day, it provides in sum greater total
basin footprint sensitivity than TROPOMI, which is useful in regions that are not well characterized by
the surface network. In Figure S4, we sum the total sensitivity of each observing component over the entire
study period. Like Figure 2, the maximum sensitivity to emissions comes from the tower network, but
TROPOMI still provides greater spatial coverage.

3.2. Inverse Model and Error Correlation Parameterization

To infer gridded methane emissions, we build on the inverse framework described in Yadav et al. (2019),
with modifications to account for multiple observing systems. Given a set of observations y and a
Jacobian matrix H, we employ an inverse method to derive the optimal estimate bx using the Maximum A
Posteriori (MAP) method similar to previous methane inversion studies (e.g., Bergamaschi et al., 2009;
Kort et al., 2014; Ware et al., 2019; Wecht et al., 2014; Yadav et al., 2019). Here an objective function J(x)

Figure 2. Average footprint sensitivity (matrixH in equation (1)) for a CLARS‐FTS scan of the basin, a single TROPOMI
overpass, a single hour of the surface network, and all combined into a multitiered system. Each grid cell value represents
the mean contribution that an emission at that location has on a downwind receptor for the given observing system.
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is created to balance model‐data mismatch and the deviation from a prior emission field xA, which are both
assumed to be distributed normally (Rodgers, 2000):

J xð Þ ¼ y−Hxð ÞTR−1 y −Hxð Þ þ x−xAð ÞTS−1 x − xAð Þ; (2)

where R is the observational error covariance matrix and S is the prior error covariance matrix. These
matrices weight the influence of model‐data mismatch and deviation from the prior on the optimal solution

bx, respectively. The optimal solution bx and associated posterior error covariance matrix bS are found by mini-
mizing J(x) and take the following form:

bx ¼ xA þ SHT HSHT þ R
� �−1

y −Hxð Þ; (3)

bS ¼ HTR−1Hþ S−1
� �−1

: (4)

The information content provided from the inversion can be quantified by looking at the averaging kernel
matrix A (Jacob et al., 2016):

A ¼ ∂bx
∂x

¼ IN − bSS−1: (5)

The averaging kernel represents how much the posterior solution was influenced by the true emission state.
The trace of the averaging kernel, also called degrees of freedom for signal (DOFS), describes how many
pieces of independent information the observing system provided on the emission field (Jacob et al., 2016).

We use restrictedmaximum likelihood to generate the diagonal terms of theR and Smatrices in equation (2),
as has been done in previous regional inverse studies (Michalak et al., 2005; Yadav et al., 2019). We include
additional off‐diagonal terms in both R and S to account for correlation between model transport error, cor-
relation between observations from different observing system components, and correlation between prior
state vector elements following the approaches of previous regional inverse modeling studies (section S2;
Cusworth et al., 2018; Turner et al., 2018).

We perform separate inversions for every 2 week interval over the course of the study period, provided that
observations from each observing system are available. We use the 2012 EPA gridded 0.1° × 0.1° methane
inventory (Maasakkers et al., 2016) as the prior emission field. Prior uncertainty scale factors (section S2)
are recomputed for each 2 week interval. Through the application of equations (S1)–(S5), the median prior
uncertainty scale factor for the multitiered system was estimated to be 56% of the EPA prior emission rate.

4. Results
4.1. Inverse Flux Estimates Over the Los Angeles Basin

Figure 3 shows the average optimal methane emission estimatebx during the study period for the multitiered
system in absolute flux units (kg m−2 s−1) and relative to the EPA prior (% change). We display results in %

Figure 3. Inverse methane emission estimates from the multitiered inversion (bx). The left panel shows the average bx
estimate (in kg m−2 hr−1) over the study period. Overlaid are the locations of the surface network. The right panel
shows the average change between bx and the EPA prior emission inventory. Total basin fluxes averaged over the study
period are inset. Prior uncertainty is prescribed using the restricted maximum likelihood (section S2), and average

posterior uncertainty is calculated by integrating the posterior error covariance matrix bS.
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change to highlight regions that may anomalously differ from the prior. A few spatial inconsistencies
between the prior inventory and bx emerge in Figure 3. For example, large hot spots appear on the western
edge of Los Angeles County (34.2°N, −118.6°E), near Mid‐City/Downtown Los Angeles (34.0°N,
−118.3°E), and along the Orange County Coast (33.6°N, −117.8°E), which are most likely due to unac-
counted industrial and oil/gas activity in the prior inventory. Another hot spot appears near the Sunshine
Canyon Landfill (SCL in Figure 1; 34.3°N,−118.5°E; described in greater detail in section 4.2). A large reduc-
tion in emissions from bx compared to the prior appears around 34.2°N, −118.0°E. This is a mountainous
region of Los Angeles, so although the relative change in emissions is large, the absolute flux deviation from
the prior is small.

The prior and optimized solution bx mostly agree on basin‐total emission rates, as the multitiered inversion
predicts slightly lower basin‐total emissions (31.3 ± 8.2 Mg hr−1) than the EPA inventory
(35.7 ± 20 Mg hr−1). The basin‐total emission rate is smaller, but within the uncertainties of emissions
reported in previous studies (e.g., 38.10 ± 10 Mg hr−1 for 2015 to 2016 in Yadav et al., 2019). However, the
present study uses a different spatial domain, meteorological fields, prior inventory, and time period. Both
the present study and Yadav et al. (2019) find the basin‐total inverse estimate to be slightly lower than the
respectively chosen prior inventory. The uncertainty in the inverse emission rate is derived by integrating

the information from bS. On the basin scale, the inversion reduced emission uncertainty by 60%.

The first term on the right‐hand side of equation (2) minimizes model‐data mismatch, so to assess the obser-
vational constraints of the inversion, we compare the root‐mean‐square error (RMSE) between observations
and the forward model driven by either the prior or posterior emissions. We find that on average during the
study period, the RMSE between the posterior model and observations was reduced by 38.1% for TROPOMI,
and 27.4% for CLARS‐FTS, and 36.5% for the surface network, relative to the RMSE for the prior model. The

60% uncertainty reduction frombSand the 27.4–36.5% RMSE error reduction show that the multitiered obser-
ving system provides robust constraints to basin scale emissions.

We follow equation (5) and compute the average DOFS for each component of the multitiered system during
the study period. The DOFS for the multitiered system is 105, meaning that the observing system is able to
constrain on average 105 distinct emission elements during each 2 week interval. For TROPOMI,
CLARS‐FTS, and the surface network, the DOFS are 59, 23, and 85, respectively, meaning that the tower net-
work provides the strongest constraint on bx. However, TROPOMI and CLARS provide nontrivial informa-
tion as the DOFS increases by 20 when the full multitiered system is implemented. As seen in Figure 2,
much of this additional information is a result of the broader spatial coverage provided by TROPOMI.
The significant number of DOFS means that the multitiered systemmay be able to constrain sub‐basin scale
emissions in regions that are well observed and have large emission sources. We explore a specific example
of sub‐basin scale analysis in section 4.2.

We perform inversions separately for each component of the observing system to test for spatial coherence in
bx. Figure S5 shows the inverse estimate for each component of the observing system. Each system indepen-
dently infers a basin‐total flux rate (30.5–33.7Mg hr−1) that agrees with one another within their uncertainty
bounds. Each component spatially agrees in sign with many of the regions shown in Figure 3, specifically
higher than reported EPA emissions over the western edge of Los Angeles, and lower than reported emis-
sions over the San Gabriel Mountains. Both TROPOMI and CLARS‐FTS generally infer lower Los Angeles
metropolitan emissions than the tower network, which is likely due to the lower sensitivity of column
and slant to small and diffuse methane sources and temporal variability in emissions. TROPOMI also pre-
dicts higher emissions in Riverside County (33.9°N, −117.5°E) and Ventura County (34.2°N, −119.0°E).
The northwestern border of Riverside and San Bernardino counties contain many dairies, and Ventura
County contains many oil and gas fields (Carranza et al., 2018), which may be the cause of these higher pre-
dicted emissions. The enhancement seen from the TROPOMI‐alone inversion (Figure S5) is an important
result as it shows that the limited spatial sensitivity of the tower network and CLARS‐FTS (Figure 2) may
omit significant emissions on the outskirts of the urban domain.

4.2. Sub‐Basin Scale Emissions and Validation With Airborne Observations

The significant DOFS inferred by the multitiered system in section 4.1 suggest that sub‐basin scale analyses
of methane emissions are possible. We assess the north region of Los Angeles County around the Aliso
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Canyon oil/gas field and SCL where many independent airborne methane
flux measurements were taken using the AVIRIS‐NG instrument as part
of the California Methane Survey (Duren et al., 2019; supporting informa-
tion, section S3). These independent observations allow for validation of
the spatial variance of the multitiered inverse flux estimates. We detected
a hot spot around this area consistent with large observed methane varia-
bility at the Granada Hills network site (GRA in Figure 1; 5 km southeast
of SCL; Verhulst et al., 2017), and EPA estimates 14.5 million kg CH4 were
reportedly emitted at SCL in 2017 (EPA, 2020). Since the inversion is
unable to differentiate between co‐located sources in the same 3 km grid
cell, additional observations are required for source attribution.
AVIRIS‐NG flew over Aliso Canyon and SCL multiple times during the
California Methane Survey. The Aliso Canyon blowout was resealed in
February 2016, and the residual emissions observed by AVIRIS‐NG at
the site were insufficient to account for the methane enhancement deter-
mined from the inversion in 2017 to 2018. However, AVIRIS‐NG observed
large methane enhancements over the intermediate cover slopes at SCL at
the onset of the campaign. Contact was made with the landfill local enfor-
cement agency. Antecedent poor management practices led to persistent
methane blowouts along intermediate cover slopes. At the time of the first
AVIRIS‐NG overpass, SCL was in early stages of planned infrastructure
remediation that had been prompted by a high volume of odor complaints

from the surrounding community (Cusworth et al., 2020).

Figure 4 displays the time series of methane emissions from the 3 × 3 km2 grid cell of bx that contains SCL
determined from the multitiered inversion. Error bars represent the associated posterior uncertainty from

the diagonal of bS with added correlated off‐diagonal error. Superimposed on this time series are the
AVIRIS‐NG emission rates derived from individual flight days. AVIRIS‐NG maps plumes on specific sec-
tions of the landfill, and the multitiered inversion is sensitive to the larger 9 km2 grid cell as well as any cor-
related influence from emission elements in the surrounding residential and oil/gas sectors. However, if
AVIRIS‐NG plumes are the dominant contributors to methane concentrations in the local area, the variabil-
ity and trend should be captured in the multitiered inversion. This is precisely what is seen in Figure 4,
where the inverse flux estimate fluctuates dramatically from January to May 2017, which is consistent with
the large 2,300 kg hr−1 flux rate derived from AVIRIS‐NG in March 2017. Starting around June 2017, flux
estimates from the inversion and AVIRIS‐NG begin to decrease. We fit a least squares regression model
weighted by the posterior error covariance to the SCL inverse emission estimate. We find a significant
1.1% per week decrease in emissions (p < 0.05). Both the inversion and AVIRIS‐NG derived trends are con-
sistent with the timing of facility scale improvements. The inversion also reduced the uncertainty on the
gridded emission estimate at SCL on average by 33% relative to the prior uncertainty.

The close correspondence in independent SCL emission estimates frombx and AVIRIS‐NG highlight the abil-
ity of the multitiered system to provide sub‐basin scale actionable information. Though AVIRIS‐NG flights
were completed prior to this study, these results show that multitiered observing and analytics system can be
employed to target sub‐basin scale regions of interest. From there, additional mobile, airborne, or future
satellite remote sensing can be deployed to provide actionable process‐level emission understanding.

5. Summary

We developed a methane synthesis and emission estimation framework in the Los Angeles urban domain.
We combined surface (Los Angeles Megacities Carbon Project), mountaintop (CLARS‐FTS), and satellite
(TROPOMI) methane observations into a single multitiered observing framework for January 2017 to
September 2018, with additional information on specific emitters from airborne (AVIRIS‐NG) observations.
We simulated surface, CLARS‐FTS, and TROPOMI observations using the HRRR‐STILT tracer transport
model and derived optimal emission flux rates for each 2 week period during the study period.We found that

Figure 4. Trends in emission estimates at the Sunshine Canyon Landfill
(SCL in Figure 1). In the top panel, the gray line represents the trend in
the 3 × 3 km2 grid cell of the multitieredbx that contained the SCL. Error bars
represent the associated posterior uncertainty from the diagonal of bS with
added correlated off‐diagonal error. The dashed gray line is the trend in bx,
which is significant at p < 0.05 and weighted using the posterior error cov-
ariance. The green dots represent the monthly mean AVIRIS‐NG derived
emission flux rates for SCL. Error bars represent the spread in derived flux
rates when the hyper‐parameters used to determine plume enhancements
and the wind speeds are varied (section S3). Blue lines represent the average
prior uncertainty prescribed in the inversion setup.
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a multitiered synthesis was able to detect reduction in methane emissions at Sunshine Canyon Landfill,
which corresponds closely to infrastructure changes undertaken at the landfill.

We find that in the Los Angeles Basin, the majority of the information for the multitiered system comes from
the tower network. However, by looking at the degrees of freedom for signal for each component of the
observing system, we see that TROPOMI and CLARS‐FTS provide complementary information, especially
on the margins of the urban domain that are not well covered by the tower network.

Multitiered observing of methane has the potential for advanced emissions monitoring. Measuring carbon
emissions from megacities is an urgent matter. Deploying additional atmospheric observations of methane
from the surface to space can be transformative to emission monitoring, as long as they combined in an effi-
cient and efficacious fashion. The framework we present in this study is successful for Los Angeles and can
be extended to other regions where methane monitoring is a priority.

6. Data Availability Statement

Tower data from the Los Angeles Megacities Carbon Project and slant column retrievals from CLARS‐FTS
are available for download (at https://megacities.jpl.nasa.gov/portal/). TROPOMI data are available online
(at https://s5phub.copernicus.eu/). AVIRIS‐NG radiances are available online (at https://avirisng.jpl.nasa.
gov/alt_locator/). The STILT model with installation instructions is available for download (at https://
uataq.github.io/stilt/). VISTA‐LA data are available for download (at https://daac.ornl.gov/cgi‐bin/
dsviewer.pl?ds_id=1525).
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