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 16 

Abstract 17 

 18 

Landfills are a significant source of global methane emissions. To quantify and track emissions 19 

from these sources over time, jurisdictions and industry experts generally use emission models 20 

that involve a variety of process and waste characterization assumptions. These models are used 21 

to assess landfill operational performance and establish emission reduction targets. Testing the 22 

assumptions of these models through atmospheric measurements is challenging due to the 23 

complex nature and variability of landfill emissions, and due to difficulty in observing a 24 

sufficient set of waste sites than span a diversity of operations, sizes, and management practices. 25 

In this study, using data from multi-season campaigns with airborne and satellite remote sensing 26 

instruments in both California and the Southeastern U.S., we quantify correlation between site-27 

level variables (operational and environmental) and observed emissions, and use this information 28 

to guide observation-informed adjustments to emissions models, reconciling the two emission 29 

estimates. Through intensive airborne sampling at California sites, we quantify variability of site-30 

level emissions throughout the study period, yet do not find a clear seasonal pattern to this 31 

variability. We show significant correlation between measured annual gas collection as reported 32 

to the United States Greenhouse Gas Reporting Program (GHGRP) and time-averaged emissions 33 

estimates derived from airborne remote-sensing data. Observed emissions are also strongly 34 

correlated with one of the GHGRP’s existing emission models but suggest that there may be a 35 

low, regionally variable, bias in the model compared to observations. We use gas collection 36 

efficiency, a key assumption to this model, as an adjustment factor to bring modeled emissions 37 

more in line with observations and test this methodology for reconciliation against varying 38 

monitoring schemes using satellite and airborne data. We find that observed and modeled 39 

emissions agree when reported collection efficiencies at individual landfills are replaced with 40 

optimized regional values (42% in the Southeast, 69% in California). These results demonstrate a 41 

pathway for top-down and bottom-up landfill emission reconciliation, helping to improve 42 

reporting and verification programs which are crucial for attributing progress towards 43 

sustainability goals.  44 

           45 

 46 



1 Introduction 47 

As a major contributor of anthropogenic emissions, reduction of methane emissions from 48 

the solid waste sector, including landfills, is a near-term climate strategy to reduce 49 

anthropogenic-induced warming (Ocko et al., 2021).  Emissions from managed landfills manifest 50 

through a variety of pathways, including both diffuse (i.e., “area”) and spatially concentrated 51 

(i.e., “point”) sources. For example, emissions distributed across a landfill cover can manifest as 52 

diffuse emissions whereas point source emissions can originate from gas wells, gas destruction 53 

systems, or the active disposal area.  Landfill emission models rely heavily on parameterizations, 54 

like waste decomposition timescales (IPCC, 2006, US EPA, n, d), that are difficult to validate, 55 

especially given the variety of methane sources at a landfill.  Studies have shown discrepancies 56 

between modeled estimates and emission estimates derived from atmospheric observations. 57 

These studies draw on different methods and use data from a variety of approaches, including 58 

inverse modeling of total column satellite observations (e.g, Nesser et al., 2024; Wang et al., 59 

2025), airborne and satellite point source observations (e.g. Cusworth et al., 2024; Scarpelli et 60 

al., 2024, Dogniaux et al., 2024; Zhang et al., 2025; Krause et al., 2025), and airborne in situ 61 

measurements (e.g. Catena et al., 2025), but few studies provide evidence of reconciliation of the 62 

modeled and observed estimates.  63 

From a bottom-up modeling perspective, quantifying landfill emission behavior may 64 

require information about the deposited waste at the landfill, activities and management 65 

practices, and environmental factors. The U.S. Greenhouse Gas Reporting Program (GHGRP) 66 

requires landfills with gas collection systems to estimate their annual emissions using two 67 

different models (40 CFR Part 98). These two models differ in the way they estimate methane 68 

generation.  The “recovery-first” model estimates methane generation using annual collected gas 69 

and an estimated collection efficiency while the “generation-first” model estimates methane 70 

generation based on the amount of waste present and a first order decay model. Analyses have 71 

shown cases of inconsistency between these two different reporting protocols (Balasus et al., 72 

2025; Krause et al., 2025). While both models incorporate site-level data, including measured 73 

recovered gas and gas destruction information, neither include the workface – the active landfill 74 

area where new waste is deposited –  or construction events as an explicit emission pathway. 75 

Both ground-based and airborne studies have shown large emission contributions from the 76 

workface at some landfill sites (Cusworth et al., 2020; Scarpelli et al., 2024; Risk et al., 2025), 77 



suggesting that typical bottom-up models might be failing to account for a significant source of 78 

emissions at landfills. 79 

From the top-down perspective, quantification of landfill emissions depends on adequate 80 

sensitivity to each emission pathway, both in spatiotemporal coverage and instrument sensitivity, 81 

along with sufficient understanding of the atmospheric conditions (e.g., wind speed) at the 82 

landfill to relate observed atmospheric concentrations to emission rates. Landfill emissions vary 83 

in time due to both operational and environmental factors and this variability must also be 84 

considered when comparing emission estimates at different timescales (i.e., models typically 85 

estimate an annual average versus observations are often a snapshot in time). Multiple studies 86 

have found a correlation between changes in atmospheric pressure and methane emissions at a 87 

mixture of closed and open landfills (Czepiel et al., 1999; Gillespie et al., 2025; Bai et al., 2025). 88 

Precipitation has been found to impact emissions from the intermediate cover – a specific 89 

component of a managed landfill system (Spokas et. al 2015). Other studies similarly note large 90 

temporal variations in landfill emissions but do not find that this variability follows a seasonal 91 

pattern (Dogniaux et al., 2024; Risk et al., 2025). Understanding temporal variability as well as 92 

adequately accounting for specific emission pathways is critical when performing model-93 

measurement intercomparisons and when assessing potential sources of bias in either 94 

quantification approach.  95 

Airborne imaging spectrometers have been particularly useful in expanding 96 

understanding of landfill methane emissions, as they can cover the entire site in one observation 97 

(Duren et al., 2019), while also providing sufficient spatial resolution to attribute to emissions to 98 

specific sources such as the work face or gas control infrastructure (Scarpelli et al., 2024). These 99 

instruments provide the additional benefit of spatial coverage, allowing for a broad assessment of 100 

emissions from individual landfills across states or countries (Cusworth et al., 2024; Scarpelli et 101 

al., 2024). Satellite point source imaging satellites, including Tanager-1, EMIT, EnMAP, and 102 

GHGSat, provide increased global monitoring of landfills without sacrificing the sensitivity 103 

needed to detect, quantify, and accurately attribute emissions from large waste sites (Maasakkers 104 

et al., 2022; Dogniaux et al., 2024; Zhang et al 2025; Duren et al., 2025). Quantitative emission 105 

estimates from both airborne and satellite imaging spectrometers have been compared to site-106 

level in situ measurement approaches, suggesting that methane detected by these instruments 107 



may in many cases be sensitive to total site emissions at large managed landfills (Cusworth et al 108 

2024, Gillespie et al, 2025). 109 

In this study, we use a temporally dense dataset from airborne imaging spectrometers to 110 

assess landfill emissions variability and compare to modeled annual emissions. We conducted 111 

aircraft surveys over 12 active large municipal solid waste landfills in California, repeated across 112 

multiple months in 2024. Surveys were designed to address questions of how landfill emissions 113 

variability compares to variability in operational practices and environmental conditions, as well 114 

as the representativeness of snapshot atmospheric observations in explaining annual emissions 115 

behavior. We compare observations in California, Alabama, and Georgia with key variables 116 

from bottom-up models that feed reporting programs and demonstrate a pathway to reconcile 117 

top-down and bottom-up measurements to improve assumptions about activity, collection 118 

efficiencies, and other operations that may occur systematically at landfills. We test the 119 

robustness of this reconciliation methodology against various monitoring schemes, including 120 

satellite-only monitoring using Tanager-1 and a tiered monitoring scheme combining our 121 

airborne data with satellite and in situ airborne observations. 122 

 123 

2 Methods 124 

 125 

2.1 Observation Strategy 126 

Figure 1 shows intensive surveys conducted by Carbon Mapper at 12 open municipal 127 

solid waste (MSW) landfills in California in 2024 using the Global Airborne Observatory (GAO) 128 

airborne imaging spectrometer (Asner et al 2012). NASA’s Airborne Visible/Infrared Imaging 129 

Spectrometer 3 (AVIRIS-3; Green et al., 2022) also flew over several of the same sites during 130 

this period. Observations from both spectrometers resulted in 4 to 18 unique survey days per site 131 

that were spread across Spring, Summer, and Fall months. Airborne observations were collected 132 

at different times of the day ranging from 10:01 – 15:47 local time. To date, the Tanager-1 133 

satellite instrument has collected data over 14 landfills in California in 2025, with a median 134 

overpass of 12:26 local time. We additionally draw on measurements made by the satellite 135 

instrument GHGSat and airborne in-situ instrument ChampionX at three of sites. These 136 

measurements were made as part of a larger survey of landfill sites described in Krause et al 137 

2024. 138 



          139 

 140 
 141 

Figure 1 – Sites observed in California. Dot size corresponds to the number of quantified 142 
emission estimates at each site. Orange dots refer to Tanager-1 satellite observations for 2025, 143 
and blue dots refer to observations from 2024 multi-season airborne campaigns (GAO and 144 
AVIRIS-3).  145 
 146 

As shown in Figure 1, sites span different regions in California. Sites surveyed in 147 

airborne campaigns were chosen to represent Californian geographic regional diversity and were 148 

observed in previous remote sensing surveys (Duren et al., 2019; Cusworth et al., 2024; Scarpelli 149 

et al., 2024). All landfills observed in California airborne campaigns have gas collection systems 150 

in place, and report waste-in-place (WIP) for 2022 between 7.8 - 92.8 x 106 tons, which 151 

represents 56.2 - 99.9 percentile compared to all landfills reporting to the Landfill Methane 152 

Outreach program (LMOP). Additionally, we look at annual emission estimates at a set of large 153 

active landfills in Alabama and Georgia (“Southeast”) with greater than one quantified emissions 154 

estimate in 2022 (N=9). More information on this dataset and collection strategy is available in 155 



Cusworth et al 2024. The dataset results in 1 – 5 unique survey days per site. These sites report 156 

waste-in-place (WIP) for 2022 between 5.6 – 27.1 x 106 tons, which represents 44.6 – 91.7 157 

percentile compared to all landfills reporting to LMOP. Some of the California landfills are 158 

significantly larger overall compared to the Southeast (Figure S1c), yet sites observed in both 159 

regions represent a comparable sample of each region’s overall population in terms of WIP 160 

(Figure S1a-b).  161 

 162 

2.2 Methane Emission Quantification 163 

      164 

GAO and AVIRIS-3 are passive imaging spectrometers that observe solar backscattered 165 

radiance between 400-2500 nm. AVIRIS-3 represents an advancement in optical design 166 

compared to GAO (Green et al 2022), but both instruments were fabricated in the same lab at 167 

NASA Jet Propulsion Laboratory. Tanager-1 is a newly launched satellite instrument that builds 168 

on a similar technology to the airborne imaging spectrometers (Duren et al., 2025). Column 169 

methane enhancements are retrieved from radiance using linearized matched filter approaches 170 

described in previous studies (Cusworth et al., 2024; Scarpelli et al. 2024). Detected methane 171 

plumes are segmented from background pixels using concentrations in the local 172 

neighborhood (Ayasse et al., 2024) and quantified using the concentric circle variant of the 173 

Integrated Methane Enhancement (IME) approach (Duren et al., 2019). Tanager-1 quantification 174 

methods follow a similar approach, as described in previous studies (Duren et al 2025). Methane 175 

detection and quantification methods applied to this class of airborne imaging spectrometer have 176 

been validated in blinded controlled release experiments (Ayasse et al., 2023; El Abbadi et al., 177 

2024), and Tanager-1 methods have been validated in initial controlled release testing (Duren et 178 

al., 2025). We follow protocols to remove observations from this analysis that do not pass certain 179 

quality assessments (Carbon Mapper, 2024), which resulted in 76/382 scenes removed from 180 

analysis in this dataset. 181 

            A single landfill site often exhibits multiple distinct emitting sources that emerge from 182 

diverse activities (e.g., active waste disposal, gas collection, construction, disperse emission 183 

through the cover). In many cases, the high spatial resolution of these instruments allows for 184 

detection and quantification of distinct methane emission sources. In cases where individual 185 

emission sources are spatially distinct (i.e., their segmented plume boundaries do not overlap), 186 



we quantify and attribute separate emission rates for each distinct plume, then sum over all 187 

source-specific plumes to estimate a site-level estimate for that overpass. However, in other 188 

cases, due to close spatial proximity of two or more individual sources, the observed plume 189 

concentration fields merge (e.g., Source 3 in Figure 2b). In this case, we detect plumes at each 190 

source and determine the total methane coming from the combination of plumes, but we cannot 191 

separately quantify and attribute the individual plume emissions at each source. To account for 192 

this behavior when calculating site level emissions, we apply the following method: if the 193 

pairwise intersection is greater than a threshold of 15%, defined as the area of the intersection 194 

over the area of the union, plumes are clustered together as illustrated in “Source 3” in Figure 2b. 195 

This threshold is chosen to distinguish between cases where segmentation successfully separates 196 

distinct sources except for lower concentration diffuse edges. As in Figure 2b, the total site level 197 

emission estimate and emission rate uncertainty is calculated by averaging individual emission 198 

rates and uncertainties in each source and then summing across sources.199 

 200 
Figure 2 – Visual example of the segmentation and quantification process. (a) Retrieved methane 201 
Concentrations with identified plume origins in Red (b) Individual Plume segmentations colored 202 
by plume cluster. Given overlap individual segmentation, emission rates from points C and D are 203 
averaged, while A and B are summed. Scene level emissions estimate is the sum of Source 1, 204 
Source 2 and Source 3 emissions. 205 
 206 

 207 



3 Results 208 

 209 

3.1 Evaluation of Airborne Quantification Methods 210 

We test our emission quantification approach through comparison with independent 211 

observations. Coordinated surveys were conducted in 2022 with ChampionX’s (formerly 212 

Scientific Aviation) aircraft mass-balance approach at a set of landfills in Alabama and Georgia 213 

(described in more detail by Cusworth et al., 2024). Figure S2 shows the comparison between 214 

our quantification procedure and ChampionX. We find good agreement with site-level emission 215 

estimates (R2=0.69) and overall little bias (ordinary least squares fit results in y = 0.94x - 319), 216 

highlighting the ability of this quantification approach applied to imaging spectrometer data to 217 

quantify site-level emissions for large emitting landfill sites. 218 

 219 

     3.2 Assessment of Time-Average Emission Variability 220 

Figure 3 shows the time-series of all airborne quantified emissions observed throughout 221 

the study period. Across these 12 landfills in California, we quantified emission estimates for 222 

306 unique complete overpasses with an average of 26 overpasses per landfill. In general, we 223 

saw persistent emissions, with total site level estimates ranging from 55 kg h-1 to 6654 kg h-1. 224 

Figure 3 shows the coefficient of variation (COV) of emissions estimates as well as the mean 225 

relative quantified emission uncertainty at each site. The COV varies from 27%-62% across all 226 

sites, with an average value of 43%. At some sites, the COV is comparable to the average 227 

quantified uncertainty e.g. LF5, LF7, LF8, whereas other sites show more variability, with COV 228 

closer to twice the quantified uncertainty, e.g. LF6. The quantified uncertainty is a function of 229 

variability in factors that drive quantification: methane retrieval, plume segmentation processing, 230 

and wind speed. The COV is anticipated to be driven by several factors, including both 231 

quantification uncertainty and fundamental emission characteristics (barometric pressure, 232 

changes in operations, etc.). Sites where COV is significantly higher than the mean quantified 233 

uncertainties potentially represent landfills where additional factors outside quantification lead to 234 

more variability, potentially due to environmental factors (discussed in Section 3.3) or 235 

operational factors (discussed in Section 3.6). However, given rough consistency between 236 

metrics, much of the variability seen at these may be explained by quantification uncertainties. 237 



 238 
 239 

Figure 3 – All quantified emission rates at 12 surveyed sites with quantified uncertainties. 240 
Dashed lines show the mean quantified emission rate across the study period. The x-axis is not 241 
evenly spaced in time, but dots are colored by the month of observation. A version of this figure 242 
with time-justified x-axis is included in Figure S1. 243 

 244 

GHGSat and ChampionX observed at three of these sites during the time period of our 245 

airborne survey. Figure S4 shows the full time series of daily emissions estimates at these sites. 246 

Airborne estimates are averaged across each day for direct comparison. Daily average (Figure 247 

S4) and site average (Figure S5) emission estimates show good agreement across GAO, 248 

AVIRIS-3, GHGSAT, and ChampionX, although we see a high estimate from GHGSAT at LF10 249 

due to high daily emissions in fall tied to operational events (discussed in Section 3.6) 250 



Consistency across sensors builds confidence that airborne estimates represent characteristic 251 

emissions and suggests that these instruments could be used in conjunction to quantify unbiased 252 

time-averaged emission estimates.  253 

 254 

3.3 Environmental Drivers of Variability 255 

While we see significant temporal variation in emissions at some sites in Figure 3, we do 256 

not find a statistically significant seasonal pattern in emissions across all surveyed sites. Figure 4 257 

shows site normalized daily emissions derived from GAO/AVIRIS-3 at all sites throughout the 258 

study period, with a periodic function fit to the day of the year (Y=Acos(Bx) + C). We find low 259 

correlation, R2=0.24, with the peak occurring around late August, due to a few spikes in 260 

emissions during this time. These spikes are likely driven by operations (discussed in more detail 261 

in section 3.6). As we do not have wintertime sampling in this study, we are not able to assess if 262 

wintertime emissions are systematically higher as previous studies have suggested (Gillespie at 263 

al., 2025; Bai et al., 2025; Catena et al 2025). 264 

 265 
 266 

Figure 4 – Test of seasonal variability in GAO/AVIRIS-3 derived site-level emission estimates. 267 
(a) Cosine fit to site normalized emissions vs. day of the year. (b) Box plot of daily normalized 268 
emissions by season. Colors indicate season definition. 269 
 270 

We also do not find a statistically significant correlation between site normalized daily 271 

emissions across all sites and fitted atmospheric pressure trends (Figure 5). Other studies have 272 

found a negative correlation between landfill methane emissions and changes in atmospheric 273 

pressure (Aghdam et al., 2018; Gillespie et al., 2025). Prior pressure trend is defined as the slope 274 

of a line fit to atmospheric pressure leading up to the time methane observations are made. 275 

 



Atmospheric pressure is queried from the closest airport at each site (Synoptic Data, n.d., Iowa 276 

Environmental Mesonet, n.d.). This no-correlation result contrasts with previous study, 277 

indicating that drivers of variability may manifest differently across sites due to factors like 278 

climate, site design, and management practices. 279 

 280 

 281 
 282 

Figure 5 – Site normalized daily emissions across all California sites compared to 24hr prior 283 
fitted pressure tendency 284 
      285 

3.3 Comparison to EPA GHGRP  286 

We compare remote sensing-based emission estimates derived in Section 3.2 to bottom-287 

up estimates derived via generation and recovery first protocols outlined in EPA GHGRP 288 

Subpart HH (40 CFR Part 98).  Both reporting protocols for landfills with gas collection systems 289 

assume that landfill emissions follow the relationship described by Equation 1: 290 

 291 

𝐸 = (𝐺 − 𝑅)(1 − 𝑂𝑋) + 𝐷     (1) 292 

𝐺! = 𝑓( WIP)  (2) 293 



𝐺" =	
#
$!
𝑅  (3) 294 

 295 

Where E is modeled landfill emissions, R is the recovered gas measured onsite, G is modeled 296 

methane generation, D represents emissions from installed destruction devices, and OX 297 

represents the percentage of gas oxidized in the landfill cover. In practice, D and R are 298 

determined through operator reports (e.g., operator reported gas collection often based on 299 

metered flows, destruction device efficiency, and hours of downtime), and OX is assumed 300 

according to cover type (40 CFR Part 98). Modeled methane generation for generation-first 301 

models (GG; equation 2) is estimated by inputting waste-in-place (WIP) to a first order decay 302 

model, while modeled methane generation for recovery-first models (GR; equation 3) is 303 

estimated by dividing R by an assumed collection efficiency (CE; ranging between 60% - 83% at 304 

airborne-surveyed sites). Different values for CE are assumed for individual cover types, and CE 305 

in equation 3 is calculated as an area weighted average of each of these values (table HH-3 40 306 

CFR Part 98).  307 

 Figure 6 compares our time-averaged observed emissions at the California landfills to 308 

modeled methane generation (GG and GR), measured recovered gas (R), and emission estimates 309 

under both the recovery first (ER) and generation-first (EG) models. We use GHGRP data as 310 

reported in 2023, which is this most recent reporting year available. When we compare our 311 

remotely sensed emission estimates to bottom-up modeled emissions, we find that ER (emissions 312 

modeled via Eqns. 1 and 3) overall shows good agreement with observed emissions (R2=0.67) 313 

with a slight low bias compared to observations (Figure 6d). EG (emissions modeled via Eqns. 1 314 

and 2) shows insignificant correlation (R2=0.10) but is unbiased compared to observations 315 

(Figure 6c). We show good correlation with modeled methane generation (GG) and the best 316 

correlation with recovered gas (R), but these relationships deteriorate when equation 1 is applied 317 

(i.e., moving from GG and R to EG and ER respectively). As our observations show better 318 

correlation with underlying variables (GG and R) compared to modeled emission rates (EG and 319 

ER), there are potentially other sources of error in this emissions model as applied in equation 1. 320 

The significant correlation observed through comparison to GG and R shows that time-averaged 321 

atmospheric observations are sensitive to distinguish site-to-site variability related to underlying 322 

operating conditions and site characteristics. 323 



 324 

Figure 6 – Observed emissions at California sites vs values reported to the GHGRP in 2023 (a) 325 
Observed annualized emissions compared to generation-first methane generation (GG) (b) 326 
Observed annualized emissions compared to measured recovered gas (R) (c) Observed 327 
annualized emissions compared to Generation-First emissions (EG) (d) Observed annualized 328 
emissions compared to Recovery-First emissions (ER) 329 

 330 

In Figure S6, we test whether the behavior identified in Figure 6 is present outside of 331 

California by performing the same comparison of observed emissions and reported values at 332 

Southeast landfills surveyed with airborne remote sensing in 2022. As in California, we see good 333 

correlation with recovered gas (R) (R2=0.76), again demonstrating the ability of repeat remote-334 

sensing observations to distinguish site-to-site variability. Unlike California, Southeast observed 335 



landfill emissions show a significant high bias compared to recovery-first modeled estimates 336 

(ER), with observations around 4.2 times higher on average than modeled estimates. Across both 337 

regions, generation-first modeled emissions (EG) are unbiased but show poor correlation with 338 

observations, which aligns with results of previous studies (Dogniaux et al., 2024; Krause et al., 339 

2025). We also see significant correlation with GG, which is calculated via WIP (equation 2), 340 

consistent with results of a recent study (Krause et al., 2025). 341 

 342 

3.4 Reconciling top-down and bottom-up emission estimates 343 

The bias between our observed emissions and ER could be the result of several factors, 344 

including sampling limitations (e.g., unquantified temporal variability due to daytime-only 345 

sampling) or reporting model biases (e.g., underestimated modeled emissions due to incorrect 346 

assumptions about collection efficiencies). Though we do not see evidence of pressure tendency 347 

effects on observed emission estimates based on daytime sampling (Figure 5), other studies have 348 

indicated overestimation in landfill emissions could result from instruments that only sample in 349 

the daytime (Delkash et al., 2022.) which could potentially explain some of the bias between 350 

observed and modeled ER emissions in Figure 6d and Figure S6d. 351 

If instead we assume that the bias is driven by inaccurate collection efficiencies (CE), we 352 

can use our observational data to guide adjustments of CE that bring modeled and observed 353 

estimates more in line. First, we optimize a single regionally specific collection efficiency by 354 

minimizing the bias between our observed values and ER (using equation 1 and 3). This 355 

procedure yields a remote sensing-derived CE of 69% at California sites and 42% at Southeast 356 

sites.  We then calculate new ER estimates (“Reconciled ER”)  by replacing the site-level reported 357 

collection efficiencies with our regional optimized collection efficiencies (Figure 7c-d). 358 



 359 
  360 

Figure 7 – (a) Observed annualized emissions in California compared to recovery-first methane 361 
emissions, same as Figure 6d (b) and Southeast, same as Figure S5d (c) Observed annualized 362 
emissions in California compared to reconciled recovery-first emissions as described in section 363 
3.2 (d) and Southeast 364 

 365 

Figure 8 shows the 95% confidence interval on each empirically derived CE. While this 366 

confidence interval overlaps reported values at sites in California, this is not the case in the 367 

Southeast. To bring modeled emissions (ER) in line with observations in the Southeast we must 368 

use a regional collection efficiency that is statistically different from reported values, which 369 

could suggest that collection efficiency is overestimated at sites in the Southeast.  There are 370 

various possible explanations for why collection efficiency may vary between these two regions. 371 

For example, they have differing climate conditions, such as significantly higher rainfall in the 372 



Southeast than in California (Figure S7), as well as differing regulatory environments (CARB, 373 

n.d.) which may impact management practices. Here we assumed the top-down versus bottom-up 374 

differences are due to bottom-up model bias (i.e., due to inaccuracy of assumed collection 375 

efficiency), but continued study with more detailed site-level information is needed to uncover 376 

whether these lingering differences are driven more by observational or model bias. 377 

 378 
Figure 8 – Blue box plot shows reported gas collection efficiencies by region.  Orange points 379 
represent the empirically estimated collection efficiency in each region, and orange lines indicate 380 
the 95% confidence interval obtained through bootstrapping. 381 
 382 

3.5 Applicability of satellites for emission reconciliation 383 

Point source imaging satellites also have demonstrated capability to quantify large 384 

emissions from landfill sources, albeit at a coarser spatial resolution and lower detection 385 

sensitivity than similar technology deployed on aircraft (Dogniaux et al., 2024; Zhang et al 2025; 386 

Krause et al., 2025). Here we assess Tanager-1 observations at landfills in California (Figure 1). 387 

Given the recent launch and commissioning activities extending through early 2025, Tanager-1 388 



has collected limited data over California landfills. We use this initial data to assess if satellite 389 

observations with limited temporal sampling reproduce the same results as our airborne 390 

observations. Despite the more limited temporal sampling, the landfills observed with Tanager-1 391 

are more spatially comprehensive and represent a different population of sites across California, 392 

with only 4 of the 14 Tanager-observed landfills included in our airborne surveys (Figure 1). 393 

When compared to GHGRP modeled emission estimates, quantified Tanager-1 emissions present 394 

similar correlation to airborne observations (Figure S8). Following the same reconciliation 395 

procedure as Figure 7, but using only Tanager-1 emission estimates, we find an empirical 396 

regional collection efficiency of 67% (Figure 9), which is consistent with the 69% derived from 397 

the full 2024 airborne dataset (Figure 7c). This result suggests that reduced temporal sampling 398 

may be acceptable to reconcile top-down and bottom-up emissions presuming a large observed 399 

spatial sampling of sites.  400 

We test the impact of reduced temporal sampling by downsampling the airborne dataset 401 

in California. Figure S9 demonstrates this downsampling of the GAO/AVIRIS-3 observations at 402 

a sampling rate of once per quarter and once per year per site. Figure S9 shows that when we 403 

downsample to a single observation per quarter we still find good correlation with recovered gas 404 

(R2=0.61) and our reconciled CE of 71.1% is consistent with our full airborne dataset (68.9%), 405 

indicating that once per quarter sampling may be sufficient for this methodology, presuming 406 

multiple sites are surveyed within that quarter. 407 

We further estimate CE through a combination of all observation datasets available in this 408 

study: GAO, AVIRIS-3, Tanager-1, GHGSAT, and ChampionX (combining data from Figure 1 409 

and Figure S3). We follow the same procedure to estimate CE, instead averaging emission 410 

estimates across all instruments. Although GHGSAT and ChampionX datasets have significant 411 

temporal sampling, we do not calculate instrument specific regional collection efficiencies for 412 

them given limited spatial sampling. By including data from all instruments described in this 413 

study, we find a consistent regional CE (69%; Figure 9) and good correlation with recovered gas 414 

(R2=0.64; Figure S10), despite an increased diversity of sites (N=22). When using all 415 

instruments, we find the tightest confidence interval (65.0%, 72.5%), likely reflecting the high 416 

spatial and temporal sampling of this combined dataset. Regardless of varied spatial sampling, 417 

temporal sampling, and instrument detection sensitivities, the regional California CE estimate is 418 

consistent, indicating the robustness of this reconciliation method.  419 



  420 

 421 
Figure 9 – Comparison of reported and derived collection efficiencies. Box plots showing 422 
reported gas collection efficiencies by instrument.  Orange points represent the empirically 423 
estimated collection efficiency using each instrument, and orange lines indicate the 95% 424 
confidence interval obtained through bootstrapping. The rightmost boxplot includes data from all 425 
instruments (Airborne, Tanager-1, GHGSAT and ChampionX) 426 
 427 

3.6 Identification of operational drivers of variability 428 

Though we do not find strong evidence for environmental drivers of variability at the 429 

landfills observed in this study, we do see examples of operations impacting short-term emission 430 

variability. In Figure S11, airborne observations at LF12 provide an example where operational 431 

influences may explain large spikes in quantified emissions. There is visual evidence of 432 

pressurized point source emissions that clearly appear on August 27th, 2024, but then disappear 433 

on August 30th.  This behavior directly manifests in a spike in quantified emission rates seen in 434 

Figure S11.  435 

Figure S12 shows a similar example of anomalous conditions at LF10. There was a spike 436 

in emissions at LF10 quantified by AVIRIS-3, GHGSat, and ChampionX during the latter half of 437 



October, 2024, corresponding to these anomalous conditions, as shown in Figure 10. In this case, 438 

monthly gas collection supplied by the operator shows that these elevated emissions correspond 439 

to a decrease in gas collection in October and November of 2024 (Figure 10a), which was a 440 

result of short-lived maintenance after excess liquids from heavy rain impaired the gas collection 441 

system. Across 11 months of observations between the three instruments, we see significant 442 

negative correlation (R2=0.66) between monthly quantified methane emissions and same-month 443 

operator reported gas collection (Figure 10b), suggesting that operational factors explain this 444 

temporal variability in emissions. 445 

 446 
 447 

Figure 10 – Monthly gas collection and emissions by instrument for LF10. (a) Blue line shows 448 
operator recorded collected methane across all months in 2024. Dots correspond to monthly 449 
average quantified emission rates and are colored by instrument. (b) Observed monthly 450 
emissions across all instruments compared to operator recorded collected methane.  451 
 452 

Factors such as operationally driven emission events (Figure S10, Figure S11) or 453 

quantification issues (e.g., from wind products or topography) can contribute to variability in 454 

snapshot emission estimates at individual sites (average emissions COV around 43% across all 455 

sites in Figure 3), and without operator provided information to contextualize anomalous events 456 

(as in Figure 10), single snapshot estimates might lead to overestimated annual emissions at 457 

individual landfills. However, we generally find consistent results across sampling schemes for 458 

the empirically derived regional CE in California: the full observational dataset (69%), the full 459 



airborne dataset (69%), one airborne sample per quarter (71%), and Tanager-1 (67%). This 460 

suggests that by observing a critical set of landfills, each at a minimum temporal cadence, 461 

snapshot observations can yield a representative assessment of annual average landfill behavior 462 

for a given region.  463 

 464 

 465 

4 Discussion  466 

 Airborne observations between the spring and fall of 2024 show generally large emission 467 

variability at nearly all surveyed landfills, yet do not indicate that environmental factors drive 468 

emissions at large landfills in California. We find the best agreement between observations and 469 

reported metrics of annual average site operations, i.e. modeled methane generation and 470 

recovered gas collection. Many studies have highlighted discrepancies between empirical and 471 

reported estimates of landfill emissions, yet few have shown significant correlation between the 472 

two (Krause et al., 2025). This work suggests that site-level time-averaged emissions derived 473 

from airborne remote sensing are highly correlated with the GHGRP’s recovery-first model. 474 

Observationally informed collection efficiencies from remote sensing observations show promise 475 

for reconciling emissions models.  476 

Results suggest that provided sufficient spatial sampling, once per quarter (i.e., three-477 

month) sampling is sufficient to estimate average regional collection efficiency for large landfills 478 

in California. We demonstrate robust results across instruments with different detection 479 

sensitivities: airborne imaging spectrometers, satellite imaging spectrometers, and airborne in 480 

situ instruments. However, characterization of detection limits for landfills is critical to 481 

incorporating remotely sensing data into bottom-up models. Future work is needed to estimate 482 

detection limits specific to landfill environments that can capture complexity of observing 483 

conditions (i.e. wind speed, surface brightness, topography).  484 

            Our empirically derived collection efficiencies (69% in California and 42% in the 485 

Southeast) differ from average regional reported values (76% in California and 72% in the 486 

Southeast), suggesting that collection is more efficient in California and that assumed collection 487 

efficiencies may be leading to underestimated emissions in the Southeast. This is consistent with  488 

other studies that applied inverse analysis of TROPOMI data to estimate landfill emissions in the 489 

Southeast and in select urban regions (Balasus et al., 2024; Wang et al., 2025). Deriving 490 



collection efficiencies from daytime remote sensing observations carries uncertainty due to 491 

potential diurnal variability in landfill emissions (e.g., Delkash et al., 2022), or due to the 492 

potential effect of wintertime sampling (e.g. Gillespie et al., 2025). Continued assessment of how 493 

these factors influence variability at large landfills with gas collection systems is necessary to 494 

properly base empirically derived collection efficiencies from atmospheric observations. 495 

More work is needed to understand to what degree regional operational and management 496 

practices (e.g., prevalence of construction events, work face emissions), regulatory 497 

environments, and regional climate characteristics contribute to this finding. In this study we 498 

primarily focus on California, a region with a milder climate compared to regions investigated in 499 

other studies (Gillespie et al 2025, Bai et al., 2025). Satellites that can provide high spatial 500 

sampling across different regions are well suited to further characterize variability in landfill 501 

emissions. Datasets spanning multiple regions with varied climates, management, and regulatory 502 

environments will help uncover how these factors influence emissions. Such datasets could help 503 

ensure that bottom-up model parameterizations are capturing key drivers of site-to-site emissions 504 

variability (i.e. annual rainfall, characteristics of the landfill workface, etc.) and could inform a 505 

global framework for reconciling top-down and bottom-up emissions estimates. 506 

 507 

 508 

 509 

 510 
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Figure S1 – (a) Blue line shows the cumulative distribution of Waste-In-Place for all Landfill Methane 
Outreach program (LMOP) sites in California. The shaded blue area represents the range of Waste-In-
Place values for observed sites. (b) Shows the same as 3a for Southeast sites. (c) Blue Line represents 
the cumulative distribution of WIP for all landfills reporting to LMOP. Orange shaded region represents 
sites observed in the Southeast and blue shaded region represents sites observed in California. 

 

 

Figure S2 – Carbon Mapper emission rates using outlined methods vs. ChampionX emission rates  
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Figure S3 – All quantified emission rates at surveyed sites with quantified uncertainties. Dashed lines 
show the mean quantified emission rate across the study period.  
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Figure S4– Daily emission estimates at California sites in 2024. Dots are colored according to 
instrument.  (a) Emission estimates at site 6 (b) site 7 (c) site 10 

 

Figure S5 – Daily emission estimates at three California sites in 2024. Box plots are colored by 

instrument. 
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Figure S6 – Observed emissions at Southeast sites vs values reported to the GHGRP in 2022 (a) 
Observed annualized emissions compared to generation-first methane generation (GG) (b) Observed 
annualized emissions compared to measured recovered gas (R) (c) Observed annualized emissions 
compared to Generation-First emissions (EG) (d) Observed annualized emissions compared to 
Recovery-First emissions (ER) 
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Figure S7– Annual Precipitation from NCEI 15-Year Climate Normals (2006-2020) at all airborne 
observed sites (NOAA NCEI, 2021) 
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Figure S8 – Observed emissions at California sites vs values reported to the GHGRP in 2023 (a) 
Observed annualized emissions compared to generation-first methane generation (GG) (b) Observed 
annualized emissions compared to measured recovered gas (R) (c) Observed annualized emissions 
compared to Generation-First emissions (EG) (d) Observed annualized emissions compared to 
Recovery-First emissions (ER) 

 

Figure S9 – (a)  Annualized emissions under once per quarter sampling approach vs Recovered Gas (R) 
(b) Annualized emissions under single sampling approach vs Recovered Gas (R) (c) Annualized 
emissions under once per quarter sampling approach compared to Recovery-First emissions after 
applying empirical collection efficiency derived from all sampled iterations (d)  Annualized emissions 
under single sampling approach compared to Recovery-First emissions after applying empirical 
collection efficiency derived from all sampled iterations 
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Figure S10– Observed emissions at California sites vs values reported to the GHGRP in 2023 (a) 
Observed annualized emissions compared to generation-first methane generation (GG) (b) Observed 
annualized emissions compared to measured recovered gas (R) (c) Observed annualized emissions 
compared to Generation-First emissions (EG) (d) Observed annualized emissions compared to 
Recovery-First emissions (ER) 
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Figure S11 – (a) All quantified emission rates at LF11 (b) Quantified emission rates between August 
27th  and August 29th, showing high emissions on August 27th that drop significantly on August 29th  (c) 
Methane concentration imagery taken on August 27th indicating the presence of large point sources (d) 
Methane concentration imagery taken on August 29th  shows that sources have disappeared 
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Figure S12– (a) Methane concentration imagery taken on 6/12 (b) Methane concentration imagery taken 
on 10/30 showing elevated concentrations 

 

 




