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 17 

Abstract 18 

 The duration of super-emitting events in oil & gas basins remains poorly understood but 19 

is key for informing reporting programs and mitigation strategies. Carbon Mapper conducted 20 

intensive aerial surveys from April 30 to May 17, 2024, over the New Mexico portion of the 21 

Permian Basin to estimate super-emitter durations directly from observations, covering 276,000 22 

wells, 1100 compressor stations, 175 gas processing plants, and 27,000 km of pipeline. During 23 

the campaign, we detected over 500 super-emitting sources and surveyed over 300 of these 24 

sources repeatedly. Over the repeatedly surveyed region, we quantified total emissions by 25 

integrating individual events with observationally constrained event durations (5.98 -14.7 Gg 26 

CH4) and compared this estimate to the total emissions derived from basin average snapshots 27 

(12.7 ± 0.92 Gg CH4). We show that this emissions gap can plausibly be reconciled through 28 

assumptions on missed detections, particularly given the strong relationship between 29 

characteristic event duration, detection frequency, and diurnal variability. We attribute each event 30 

to specific infrastructure types and find that emissions from compressors were detected most 31 

frequently and generally exhibit long emission durations. A small subset of sources (18 total), 32 

mostly compressors, persistently emitted throughout the entire campaign, representing a near-33 

term opportunity for mitigation. Sustained and frequent wide-area monitoring is crucial for 34 

capturing rare, but significant super-emitter events that, together with other sources, drive basin-35 

level variability and emission intensity. 36 

 37 

Introduction 38 

Super-emitting methane sources (>100 kg CH4 h-1)1 disproportionately contribute to total 39 

emissions in many large oil & gas producing basins2-4, meaning that a relatively small fraction of 40 

infrastructure (~0.5-1%) may represent a large contribution to total emissions5. This outsized 41 

effect from super-emitters therefore in many cases drives basin-level variability and intensity6. 42 

Super-emissions result from a variety of processes across the oil & gas supply chain, including 43 

what are commonly thought to be short duration known process events (e.g., liquids unloadings, 44 

compressor blowdowns, other pressure releases) or process aberrations (e.g., faulty equipment, 45 

leaking infrastructure, other operational issues).  46 



 3 

The contribution of super-emitters to net emissions remains difficult to parametrize in 47 

traditional bottom-up modeling approaches that quantify emissions using emission factors and 48 

activity data, due to several key challenges. First, because super-emitters are rare relative  to total 49 

infrastructure in a basin, robustly constraining the probability distributions of these events 50 

requires surveying a significant amount of representative infrastructure: identifying and 51 

characterizing events occurring at a rate of one in one hundred or one in one thousand 52 

necessitates tens to hundreds of thousands of site-level observations. Ground-based measurement 53 

surveys, that historically provides the foundation for emission factors in bottom-up inventories7, 54 

are limited in spatial coverage, collectively. Multiple measurement campaigns have resulted in 55 

only a few thousand site-level observations across multiple basins8. Second, most ground-based 56 

technologies have not been rigorously validated for quantification at high emission rates. In one 57 

blinded controlled-release study, fixed ground-based sensors severely underestimated super-58 

emitter sized events, likely due to the challenges in quantifying and accounting for transport 59 

dynamics and the vertical structure of methane plumes9. These two factors independently can 60 

have the effect of reducing the influence of large emission sources on net emissions when 61 

incorporated into traditional bottom-up inventories8. 62 

Improved incorporation of facility-scale atmospheric measurements into accounting 63 

frameworks is critical for understanding the contribution and dynamics of emissions from both 64 

super-emitting and non-super-emitting sources. Measurement informed inventories have been 65 

successfully prototyped in previous studies2,10,11, and provide an empirical and statistical 66 

mechanism to reconcile the bottom-up and top-down emission estimates at the basin level. A key 67 

assumption in these analyses is that population statistics from a single scan of a basin provide 68 

generalizable information about the prevalence and contribution of super-emitters. Aerial 69 

measurement technologies, such as fixed-wing  LiDAR12 and passive remote sensing13-15 have 70 

been pivotal to these studies, enabling efficient observation of the thousands to hundreds of 71 

thousands of sites needed to understand the dynamics of super-emitters. To date, aerial 72 

quantification shows little to no systematic bias at high emission rates when evaluated against 73 

blinded controlled releases16. 74 

Though useful for application of basin-level inventory accounting, such approaches 75 

provide  limited information regarding the true intermittency and duration of emission events at 76 
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individual  sites. This is of great importance for reporting programs such as  the U.S. Greenhouse 77 

Gas Reporting Program (GHGRP), which requires operators to report methane emissions from 78 

large sources to the U.S. Environmental Protection Agency (EPA). In 2024, EPA updated the oil 79 

& gas reporting protocols of the GHGRP (Subpart W), requiring the reporting of “other large 80 

releases” above 100 kg h-1 (i.e., super-emitters). Similarly, the United Nations Oil and Gas 81 

Methane Partnership 2.0 (OGMP; https://www.ogmpartnership.com) provides a measurement-82 

based framework for oil & gas companies to report and track their emissions through direct 83 

measurement at facility scales, with the goal of improving accountability and progress towards 84 

emission mitigation targets. In this framework, understanding the intermittency and duration of 85 

emissions is essential for accurate accounting and reconciliation.  86 

Given the complexity of oil & gas systems, relatively little public data exists 87 

characterizing representative emission durations across general classes of operations. One study, 88 

performed at two midstream compressor stations in New York using continuous emissions 89 

monitoring system (CEMS) observations and operators reports, estimated average super-emitter 90 

durations of 30 minutes, with a minority but significant number of events lasting longer than 5 91 

hours18. However, super-emitters events span various infrastructure types and supply-chain 92 

segments (e.g., tanks, flares, pipelines), and are operator dependent. A separate study14 based on 93 

broad aircraft surveys over a six-week period found a class of persistently super-emitting 94 

infrastructure in the Permian Basin, associated with multiple infrastructure types, indicating that 95 

some event may have durations longer than sub-hour.  96 

In this study, we conducted intensive aerial surveys over a three-week period between 97 

April and May 2024 on the New Mexico side of the Permian Basin. The campaign was 98 

specifically designed to address questions related to both the intensity and duration of super-99 

emitters across all infrastructure and supply chain categories within the domain. Thousands of 100 

infrastructure elements were surveyed daily, often multiple times per day, and over multiple 101 

days. We identified hundreds of unique super-emitter events, estimated their durations based 102 

purely from observations, and attributed each event to specific infrastructure using high-103 

resolution visible imagery and geographic information system (GIS) datasets. We then compared 104 

the sub-basin level emission estimate to an emission estimate derived through integration of 105 

individual events, based on their calculated event durations. Our findings reveal that a small but 106 

https://www.ogmpartnership.com/
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significant fraction of super-emitter events were persistent throughout the campaign, highlighting 107 

the potential for substantial near-term methane mitigation. 108 

 109 

Results 110 

 Carbon Mapper conducted an airborne campaign with the Global Airborne Observatory 111 

(GAO; https://asnerlab.org/projects/global-airborne-observatory/) over the New Mexico (NM) 112 

side of the Permian Basin between April 30 – May 17, 2024 (Figure 1). The survey was designed 113 

for two primary objectives: (1) to cover the vast majority of NM oil & gas infrastructure and 114 

production at least once to estimate basin-level emissions from super-emitters (referred to here as 115 

the “Full Region”), and (2) to focus on high-production regions with multiple revisits over 116 

subsections of the basin to quantify the duration of unique super-emitter events. These intensive 117 

areas of interest were subdivided into two regions, the “West Box” and the “East Box.”  118 

The Full Region covers 12,000 km2 which according to the Rextag oil & gas 119 

infrastructure database (https://www.rextag.com), includes 67,000 wells, 98% of NM Permian oil 120 

Production, and 98% of NM Permian gas production, along with 295 compressor stations and 45 121 

gas processing plants. During the campaign, the Full Region was mapped wall-to-wall, meaning 122 

complete coverage of all oil & gas infrastructure, including 17,000 miles of gathering and 123 

transmission pipelines. The West Box covers 1,200 km2, including 6400 wells, 16% of NM 124 

Permian oil production, and 22% of NM Permian gas production. It was mapped entirely 125 

multiple times per day on May 1, 13, and 15, with partial coverage on 4 additional flight days.   126 

The East Box also covers 1,200 km2, including 9,200 wells, 35% of NM Permian oil production, 127 

and 42% of NM Permian gas production. It was mapped entirely multiple times per day on April 128 

30 and May 14, with partial coverage on 4 additional flight days. Together, we estimate over 129 

200,000 site level observations were made during the course of the campaign, when accounting 130 

for multiple survey revisits.  131 
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 132 

Figure 1. Observation coverage of aerial survey. (Panel a) Flight outlines of observed areas by 133 
Carbon Mapper, with Rextag reported well-sites (black squares), compressor stations (red dots), 134 
and gas plants (purple dots) overlaid. The green and orange square polygons represent areas of 135 
high production and intensive aerial surveys. (Panel b) Number of complete observational 136 
revisits across discrete 0.05 ´ 0.05° regions within the basin.  137 

 138 

Carbon Mapper processes GAO radiance to identify, geolocate, and quantify large 139 

methane emission sources at sub-facility scales. These algorithms have been rigorously tested 140 

through blinded controlled release experiments, with releases ranging from 5.0 to 1500 kg h-1 (El 141 

Abbadi et al., 2024). The 90% probability of detection, hereafter referred to as detection limit 142 

(DL), in these controlled environments ranges between 10-45 kg per h-119. Alternatively, 143 

assuming a power-law distribution of oil & gas emissions in a basin12,13, one can estimate the DL 144 

from the data by identifying the  emission level at which the frequency of detections diverges 145 

from a power-law distribution. During the course of the campaign, 1,380 unique plumes were 146 

detected, and their frequency distribution suggests a DL between 70-150 kg h-1 (Details provided  147 

in the Supporting Information (SI), Section S1). Therefore, for the purpose of this study, we 148 

assume near-full detection sensitivity to the super-emitter class (>100 kg h-1) of emissions.  149 

 150 
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Basin-level emission estimate 151 

Figure 2a shows the locations of methane detections. To aggregate these detections into a 152 

domain-level super-emitter emission estimate (here, the NM portion of the Permian Basin), we 153 

must account for uneven temporal sampling across domain. This is done by dividing the entire 154 

survey domain into discrete 0.05° ´ 0.05° (≈5 ´ 5 km2) grid cells and summing detected 155 

emissions per complete observational scan of each grid cell. For example, if a grid cell was 156 

surveyed in its entirety five times, there would be five independent emission estimates (“sums” 157 

of plumes) for that grid cell. In cases where an emission source was observed twice in rapid 158 

succession due to overlaps in airborne image acquisition during a single scan, only the first 159 

source observation of that source is included in the scan’s emission total.  160 

We then derive a campaign-average emission rate for each grid cell by averaging all 161 

independent emission estimates for that grid cell. Applying this across all grid cells produces a 162 

heatmap of super-emissions within the surveyed areas (Figure 2b). Uncertainties for each grid 163 

cell are calculated by first summing individual plume emission uncertainties within a single scan, 164 

then adding in quadrature the uncertainties across  all scans for that grid cell. We estimate 165 

regional emissions  (e.g., the Full Region) by summing mean emissions for all relevant grid cells 166 

that pertain to that domain, with uncertainties combined in quadrature. Using this method, we 167 

estimate 0.65 ± 0.06 Tg a-1 for the Full Region and 0.27 ± 0.02 Tg a-1 for the combined West + 168 

East Boxes (hereafter referred to as the “Intensive Box”). A sensitivity analysis of grid cell 169 

resolution and alternative emission quantification procedures is described in the SI (Section S2). 170 

We compare regional super-emitter estimates to total CH4 emission fluxes derived from satellite 171 

observations by the TROPOspheric Monitoring Instrument (TROPOMI) onboard the Sentinel-5p 172 

satellite20. We use the Integrated Methane Inversion (IMI) system, previously applied to the 173 

Permian Basin21,22 (Methods), to relate coarse (5.5 ´ 7 km2) atmospheric concentration datasets 174 

retrieved from TROPOMI to net emission fluxes at 0.25° ´ 0.3125° (≈25 ´ 25 km2) resolution 175 

through inverse atmospheric transport modeling regularized by a Bayesian prior emission 176 

estimate (Methods). Assimilating TROPOMI observations during the aircraft campaign period 177 

(Figure 4c), we find the total methane flux from this region of the Permian to be 1.28 ± 0.31 Tg 178 

a-1, where the reported uncertainty here represents the one-sigma variability in weekly 179 

TROPOMI flux estimates over the campaign.  180 
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Comparison of total flux to sources detected aerially suggests that approximately 50% of 181 

emissions were contributed by super-emitters, consistent with previous analyses13-15. The number 182 

of unique super-emitting sources is small relative to the total infrastructure surveyed: 464 unique 183 

emission sources were detected at well sites, compressor stations, or gas plants, representing 184 

approximately 0.7% of infrastructure according to the Rextag database, and 65 unique pipeline 185 

sources (gathering and transmission) were detected, representing one detection per 420 186 

kilometers of pipeline. This highlights the disproportionate contribution of super-emitters to 187 

regional emissions in the Permian Basin.  188 

 189 

Figure 2. Methane results from the survey. (Panel a) Locations of unique aerial plume 190 
detections. (Panel b) Plume detections averaged to 0.05 ´ 0.05° grid cells, following the methods 191 
described in the text. (Panel c) Total emission fluxes (~25 ´ 25 km2) from the Permian Basin, 192 
derived from inversion of TROPOMI satellite observations. The inset black box represents the 193 
area surveyed during the airborne campaign. (Panel d) Comparison between emissions estimated 194 
by TROPOMI (inset black box in panel c) and super-emissions within the same area (panel b).  195 

 196 
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The multiple revisits of the Intensive Box show substantial variability in the “heavy-tail” 197 

of emission distributions across comprehensive scans. Figure 3a shows cumulative emission 198 

distributions for each complete and unique scan of the Intensive Box. Emissions quantified at 199 

instantaneous rates above 1000 kg h-1 account for 10-20% of total super-emissions for the first 200 

and second scans, while detections over this threshold account for 30-40% of total super-201 

emissions for the third and fourth scans. Figure 3b shows the total emissions for each observation 202 

scan within the Intensive Box. Similarly, the total emissions estimated from the first and second 203 

scans (0.21-0.22 Tg a-1) are 30-40% lower than those estimated from the third and fourth scans 204 

(0.32-0.35 Tg a-1).  205 

 206 

Figure 3. Variability assessment of Intensive Box. (Panel a) Cumulative distributions of 207 
emissions in the Intensive Box for each observational scan. (Panel b) Total emissions in the 208 
Intensive Box for each observational scan. The horizontal bar represents the estimated total 209 
emissions for the Intensive Box following the multi-scan aggregation procedure described in the 210 
text and shown in Figure 2. 211 

 212 

There are multiple possible explanations for this observed variability. One possibility is 213 

inherent temporal variability in the underlying probability of super-emissions within a dense and 214 

complex basin like the Permian. While we cannot rule this out, another possibility is that  215 

although each scan includes measurements of all assets in the Intensive Box, the sample size 216 

remains relatively small, and the observed variability is simply due to expected statistical 217 
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variability. Each scan of the Intensive Box resulted in 80-116 unique super-emitter detections, 218 

but only 2-11 detections above 1000 kg h-1. Given that these emissions above 1000 kg h-1 can 219 

constitute up to 40% of the super-emitter total, it is entirely possible that the observed variability 220 

is largely explained by small sample size effects. When including all scans, the resulting 221 

distribution becomes smoother and more robust, with 972 total detections and 49 detections 222 

greater that 1000 kg h-1 contributing 23% to total super-emissions. This suggests that for basins 223 

with emissions size distributions similar to the Permian, reliably quantifying the upper tail of the 224 

distribution (>1000 kg h-1), even within a relatively large sub-region, requires measuring all 225 

assets multiple times. For the middle section of the emissions size distribution, comprising 226 

emissions from approximately 100-1000 kg h-1, observed results are more stable. Across the first 227 

four scans, estimated total emissions below 1000 kg h-1 range from 0.18-0.22 Tg a-1, showing 228 

less variability than when considering the full emission distribution. This suggests that for 229 

emissions in this size range, a single comprehensive scan may be sufficient, at least for a region 230 

with an emissions size distribution similar to that of the Permian.   231 

 232 

Comparing time-integrated event emissions to time-averaged totals 233 

We detected 1380 individual plumes from 529 sources during the campaign. The 234 

Intensive Box contains 274 sources, from which we estimate 369 super-emitter events 235 

(Methods). A total of 174 super-emitter events both started and ended during the campaign 236 

(“finite” events); 18 emitted for the entirety of the campaign (“unbounded” events); and 177 237 

either started during the campaign but were still emitting at the campaign’s end or were already 238 

emitting at the campaign start but ended before the campaign’s conclusion (“mixed” events). We 239 

associate durations for each super-emitter event, bounded by the shortest and longest possible 240 

event times estimated by direct observation (Methods). We then integrate the total emission for 241 

each event using the average emission rate estimated across all detections for that event and the 242 

estimated event duration.  243 

Figure 4 shows the sum of emissions integrated from all detected events in the Intensive 244 

Box across the full campaign, using both shortest and longest possible event durations, and 245 

compares to the basin-level emission estimate (0.27 ± 0.02 Tg a-1 ), integrated across the entirety 246 
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of the campaign (12.7 ± 0.92 Gg), hereafter referred to as “Integrated Average.” Integration of 247 

super-emitter events using the shortest duration results in 5.98 Gg, with 2.18 Gg (36%) from 248 

unbounded events, 2.44 Gg (41%) from mixed events, and 1.36 Gg (23%) from finite events. 249 

Integration using the longest durations results in higher total emissions (14.7 Gg), with 2.33 Gg 250 

(16%) from unbounded events, 5.21 Gg (35%) from mixed events, and 7.20 Gg (49%) from 251 

finite events.  252 

 253 

Figure 4. Results from estimating durations of super-emitter events in the Intensive Box. (Panel 254 
a) Total emissions from the Intensive Box (West and East Boxes combined, see Figure 1), 255 
integrated over the course of aerial survey, assuming either constant emissions (“Integrated 256 
Average”, left bar), or integration from detected sources using the shortest or longest emission 257 
durations constrained directly by aerial observations (middle and right bars, respectively). (Panel 258 
b) Relationship between detection frequency and event duration during hours of non-observation 259 
needed to reconcile the emission gap estimate, derived by differencing the Integrated Average 260 
and Shortest Duration estimate (panel (a)) and described by Equation 1. 261 

 262 

The Integrated Average is assumed to represent an unbiased estimate of total methane 263 

released during the survey, i.e., it statistically accounts for sources missed by the aircraft during 264 

hours of non-observation2. The time-integrated estimates under the shortest and longest duration 265 

assumptions represent the total emission contributions of events directly observed by the aircraft. 266 
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Therefore, the difference between the Integrated Average and time-integrated estimates 267 

represents the quantity of emissions anticipated but not directly observed. The difference 268 

between the Integrated Average estimate in Figure 3a and the shortest-duration time-integrated 269 

estimate reveals a 6.67 Gg gap in total emission estimates. In contrast, the difference between the 270 

Integrated Average and the longest-duration time-integrated results in an unrealistic -2.0 Gg 271 

surplus in emissions, indicating that the longest estimated event durations derived from 272 

observations is likely too large. These differences in gap estimates are driven by single-detection 273 

finite events that do not have a follow-up observation for an extended period, often days. 274 

Specifically, the median event duration for finite events using the shortest possible duration is 8.3 275 

minutes, while the median under the longest duration assumption is 8500 minutes (141 hours).  276 

To further test whether the estimated single-detection durations are representative, we 277 

performed an analysis for sources with multiple observations per day, where the spacing between 278 

the first plume detection and last observation (regardless of subsequent detection) was at least 279 

two hours (i.e., April 30, May 1, May 14-15; 230 sources total). Figure S2 shows the distribution 280 

of time differences between first and last detection for these sources. Sixty-nine percent of plume 281 

detections were followed by repeat detections at least two hours later, with a median duration of 282 

2.4 hours. The 2.4-hour median is primarily set by observation revisit time, as only 2% of 283 

sources were observed more than three hours after the initial detection. Restricting this analysis 284 

to sources previously classified as finite (77 sources total) yields similar results, with median 285 

duration of 2.3 hours. This is suggestive that the 8.3 minute assumed duration for single-286 

detection finite events is likely too low, and a characteristic super-emitter duration could be 287 

assumed to be at least 2.4 hours.  288 

To further test the likelihood of longer (2+ hour) characteristic timescales for short-289 

duration finite events, we create an empirical relationship to reconcile the emission gap with 290 

emission characteristics assumed during the time of non-observation. Specifically, the emission 291 

gap (G; units kg) can be reconciled through a set of non-observed events emitting at a 292 

characteristic emission rate Q (units kg h-1), and characteristic duration D (units hours), during 293 

non-observed hours T (units hours), over an area A (km2), related to the spatiotemporal frequency 294 

of events F (units events km-2 h-1) via the following relationship: 295 
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𝐹 = 	
𝐺

𝐷 ∗ 𝑄 ∗ 𝑇 ∗ 𝐴				(1)	 296 

Figure 4b shows the outcome of F from Equation 1 assuming Q = 150 kg h-1 (e.g., the mode of 297 

the emission distribution in Figure S1.1), and G = 6.67 Gg, using a variety of event duration 298 

values D. Independent of Equation 1, Figure S1 suggests a characteristic median super-emitter 299 

emission duration of approximately 2.4 hours for observed finite events. Additionally, through 300 

analysis of plume detection timestamps and full-image acquisition geometries, we find that we 301 

detected 2.2 short-duration finite super-emitter events per hour per 100 km2.  302 

Coincidentally, in Figure 4b, the modeled non-observed event duration and detection 303 

frequencies from Equation 1 intersect the observed duration (2.4 hours) and detection frequency 304 

(2.2 events h-1 km-2) values. This intersection supports the assumption that the population 305 

statistics observed during the survey likely continued similarly during non-observation hours. 306 

Therefore, Equation 1 provides a method to reconcile the gap between the Integrated Average 307 

and time-integrated emission estimates by recognizing the close relationship between duration 308 

and frequency, and how assumptions on one variable impact the other. For example, if one 309 

instead assumes that the gap in Figure 4a is driven entirely by short-duration super-emitter events 310 

missed by the aircraft, but further assumes that these event had very short average durations (~30 311 

minutes), this implies a much higher frequency of super-emitters events during periods of non-312 

observation (i.e., 9.6 events per hour per 100 km2) than was actually observed during the survey, 313 

which may be unlikely. 314 

Diurnal variability may also drive the size of the emission gap. A previous study using a 315 

network of continuously observing towers in the Permian showed that daytime-centric 316 

measurement studies may overestimate emissions in the Permian by as much as 27%, due to 317 

unaccounted diurnal variability23. To account for this, we can scale G in Equation 1 by 0.73 to 318 

represent possible diurnal effects. However, as shown in Figure 4b (purple curve), this 319 

adjustment eliminates the intersection point between candidate duration/frequency pairs and 320 

independent duration/frequency estimates, suggesting some combination of shorter event 321 

durations or fewer detections during unobserved hours. Ultimately further study with more 322 

continuous observations can help reduce lingering uncertainty. Since detection frequency and 323 
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event duration are closely linked, future studies must  balance observing systems that maximize 324 

spatial coverage with those that t maximizes temporal coverage.  325 

 326 

Super-emitter duration by infrastructure type 327 

Each source was attributed to broad infrastructure categories using simultaneously 328 

acquired 5 m visible imagery, asynchronously collected high resolution visible imagery (<1m) 329 

from Mapbox (www.mapbox.com), and the Rextag GIS database (Section S2). Sources were 330 

assigned to the following infrastructure categories: compressors, flares, tanks, and pipelines 331 

(gathering or transmission). We also classified sources that do not fall into those categories but 332 

that were clearly located within the footprint of a well site or gas plant as “other well site” and 333 

“other gas plant,” respectively. Lastly, any sources for which a clear infrastructure designation 334 

could not be made, due to a combination of incomplete GIS information or unclear visible 335 

imagery, were classified as “other.”  Figure 5a shows the breakdown of sources attributed to 336 

infrastructure categories across both the entire survey domain and the Intensive Box. 337 

Compressors constitute the majority of detected sources across the full survey domain (27%) and 338 

represent a significant fraction of sources (25-39%) across duration categories in the Intensive 339 

Box. Combined with pipelines, these sources together make up 39% of all sources detected. 340 

These results highlight sustained, large emission activity associated with gathering and boosting 341 

activities in the Permian, a pattern that has been noted in multiple measurement surveys dating 342 

back to 201914,25,26. After compressors, the most prevalent source categories are other well-sites 343 

(24%), tanks (22%), pipelines (12%), flares (11%), and other gas plant sources (2%).  344 
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 345 

Figure 5. Infrastructure counts for detected sources during the campaign. (Panel a) Infrastructure 346 
counts for sources across the entire survey spatial domain. (Panel b) Infrastructure counts for 347 
sources in the Intensive Box, broken out by super-emitter duration category. (Panel c) Median 348 
persistence (number of detections divided by number of observations) for infrastructure in the 349 
Intensive Box. 350 

 351 

Across super-emitter event duration classes within the Intensive Box, there is some slight 352 

variation in infrastructure prevalence (Figure 5b). For example, among finite events, other well-353 

site emissions are more prevalent (36% of all finite sources) than compressors (25%), whereas 354 

across unbounded events, well-site events are much less prevalent (6% of unbounded sources) 355 

compared to compressors (39%). Using a related metric, source persistence or detection 356 

frequency (number of detections divided by number of overpasses) (Figure 5c), other well-site 357 

sources are more intermittent (median 25%) than any other source category. This, along with 358 

their high prevalence among finite-duration events, suggests that these detections are generally 359 

shorter-lived and potentially associated with planned or known operations. In contrast, attributed 360 

tank sources, many of which are located at well-sites, are more persistent (40%) and have lower 361 

prevalence among finite events than other well-site emissions: 22% of tank sources pertain to the 362 

finite class, compared to  36% of other well-site emissions. Emissions from tanks can results 363 

from a variety of causes, ranging from short-lived safety events (e.g., flashings) to longer-lived 364 

operation inefficiencies (e.g., open hatches, leaks). The observations of more persistent, longer-365 
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lived tank emission suggests that a subset of these sources pertain to the latter category, meaning 366 

that focused attention on these sources could potentially lead to significant emission reduction. 367 

 368 

Discussion 369 

 Facility-scale point source super-emitter observations support multiple use cases: (1) 370 

improving estimation of total emissions at the basin scale, (2) enhancing internal or external 371 

operator reporting of emissions, and (3) identifying and prioritizing emission mitigation 372 

opportunities. For the first use case (basin-scale emission estimation), understanding the 373 

contribution of super-emissions to the basin total requires several key observational constraints, 374 

including detection sensitivity to a critical range of super-emitters (i.e., DL ~100 kg h-1) and 375 

broad spatial sampling across a basin to capture the inherent low frequency of these emitters. In 376 

absence of these two observing requirements, layers of inference can be used to fill in spatial and 377 

sensitivity gaps, but such inference may introduce bias and misrepresent the impact of large 378 

emission sources on regional emissions. This study observed all infrastructure and production on 379 

the New Mexico side of the Permian Basin during an 18-day campaign, capturing representative 380 

statistics on super-emitters during the observation period. We estimate that super-emitters 381 

account for 50% of total emissions in this domain, highlighting the disproportionate impact,  382 

consistent with previous studies using independent measurement systems2,15,27.  383 

Reporting programs like GHGRP Subpart W rely on event duration for the reporting of 384 

large emission events. Operator information from known process events or data from supervisory 385 

control and data acquisition (SCADA) systems can be valuable for estimating event durations. 386 

However, in many cases, operators may not have detailed information from all emission events28, 387 

especially in instances of unexpected leaks or malfunctions. In these cases, atmospheric 388 

observations can be useful for filling gaps by independently quantifying event durations. 389 

Nevertheless, a fundamental limitation of current observing systems is the inability to 390 

simultaneously provide the spatial coverage needed to estimate basin-level super-emitter 391 

contributions and the temporal resolution required to constrain the duration of individually 392 

events. In this study we estimated event durations directly from aerial observations, focusing on 393 

areas of the Permian that were observed repeatedly (the Intensive Box). Integration of these 394 

events using the shortest and longest possible event durations results  in total emissions ranging 395 
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from 5.98 to 14.7 Gg CH4. When isolating to the unbounded category, where we have the 396 

greatest confidence in emission duration, we find that mitigation of these 18 sources, most of 397 

which are from compressors, would result in sizable emission and cost reductions (6,180 ± 2,100 398 

kg h-1).  399 

Overall, we demonstrated that frequent wide-area monitoring of oil & gas basins for 400 

super-emitters uncovers a diverse array of processes, infrastructure types, emission magnitudes, 401 

and event durations. We find evidence suggesting that characteristic super-emitter durations are 402 

often on the  scale of hours. Ultimately, leveraging a tiered observing system that uses multiple 403 

technologies and vetted data sources (e.g., operator reports) can further reduce quantification 404 

uncertainty across the oil & gas supply chain. Frequent aerial surveys provide both the spatial 405 

breadth and revisit frequency needed to build evidence of characteristic duration and emission 406 

magnitude, which are key for validating reporting programs and identifying areas for immediate 407 

mitigation.  408 

 409 

 410 

Methods 411 

Super-emitter event duration calculation 412 

Super-emitter event durations are estimated directly from repeat aerial observations, with 413 

a focus on the East and West Boxes, where multiple overpasses were made over the course of the 414 

campaign. To classify site-level sources, we cluster plume detections in space, time, and by 415 

infrastructure using a DBSCAN algorithm with a local neighborhood of 250-m29. We then 416 

classify super-emitter events by the binary detection outcome of each observation for each 417 

source. If a detection follows a non-detection, it constitutes the start of a new event. If a non-418 

detection follows a detection, it constitutes the end of an event. A single emission source can 419 

therefore have multiple super-emitter events. For events whose first or last observation results in 420 

a detection (or both), the duration of the event is unbounded, meaning we have no information to 421 

suggest how much longer earlier or later relative to the campaign, the emission event started or 422 

ended, respectively.  423 
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This process of super-emitter event identification from direct observation results in four 424 

categories: (1) finite, meaning we observed the beginning and end of the event; (2) unbounded 425 

start, meaning the first observation resulted in a detection, but the event ended before the 426 

campaign concluded; (3) unbounded end, meaning the event was observed to start during the 427 

campaign, but the last observation was a detection; and (4) unbounded, meaning that all 428 

observations resulted in a detection. For the sake of comparison in this manuscript, we group 429 

unbounded end and unbounded start events together to make a mixed category. 430 

Durations for each event are constrained to the shortest and longest possible lengths 431 

based on observations. For example, if a source was observed four times, and only the second 432 

and third observations resulted in detections, this would constitute a finite event, with the 433 

shortest possible duration being the time elapsed between second and third observations and the 434 

longest possible duration being the time between the first and fourth observations. In this 435 

example, it is possible that the source temporarily stopped emitting between the second and third 436 

observations, which was not observed. Had it been observed, it would have resulted in two 437 

distinct events with total durations shorter than this single event duration. However, this potential 438 

bias is assumed to be negated by cases of non-detections between successive observations when, 439 

in reality, there may have been a temporary super-emitter event went undetected. Therefore, for 440 

the purpose of this study, we follow the duration estimation procedure as described above and 441 

assume that missed detections and non-detections between site observations are equally likely. 442 

Further study with distributed CEMS systems or more intensive aerial survey could reduce 443 

lingering uncertainty related to these assumptions, presuming they are representative of all 444 

infrastructure in a basin.  445 

For unbounded cases, we restrict the duration to either the campaign start or end for the 446 

purpose of understanding emissions strictly within the time domain of the aerial campaign itself. 447 

For example, for an unbounded start event where the first observation resulted in a detection and 448 

the second observation a non-detection, the shortest possible duration would be near-449 

instantaneous given the single snapshot detection, and the longest possible duration would be the 450 

time elapsed between the start of the campaign (first observation of any site) and the second 451 

observation. Technically, a shortest duration could be estimated from a two-dimension plume 452 

image itself, as the concentration at the tail of an observed plume must have traveled from the 453 
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source’s origin over a period of time. However, rigorous estimation of these lengths scales would 454 

require complex atmospheric modeling, and in cases of remote sensing, the true spatial 455 

atmospheric distribution of a plume is anticipated to be longer than what is observed by a sensor, 456 

as an observing system will have difficulty distinguishing concentration enhancements below its 457 

instrument’s sensitivity. For examples where the super-emitter event only contained a single 458 

detection, we assume an 8.3-minute shortest duration, as that represents the minimum nonzero 459 

event duration based on observations from this survey and is within the range of durations 460 

described by a previous study18. 461 

 462 

TROPOMI flux inversion 463 

We use the Integrated Methane Inversion (IMI) version 2.022 to quantify total Permian 464 

methane emissions during the study period, using TROPOMI observations from the blended 465 

TROPOMI+GOSAT retrieval product30. Emissions are inferred at 0.25° ´ 0.25° resolution for 466 

200 grid elements across the basin (Figure 2c) and at coarser resolution for 16 buffer elements 467 

outside the basin, which serve to capture external emissions and pad the rectangular inversion 468 

domain (26.5°N–37°N, 97.1875°W–108.125°W). The inversion also optimizes the boundary 469 

conditions along the four cardinal edges of the domain. We use the IMI 2.0 default prior 470 

emission estimates and assume lognormal error statistics on emissions31. We use the default IMI 471 

2.0 values for prior errors (a uniform geometric standard deviation of 2 for all emission 472 

elements), observational errors (15 ppb), and regularization parameter (γ=1). 473 
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Supporting Information 631 

 632 

Section S1. Probability of Detection (POD) during campaign 633 

We assess the distribution of emissions during the campaign to provide an empirical estimate of 634 

the instrument+retrieval+detection algorithm’s detection performance at the altitude flown 635 

during the survey (roughly 5 km). We do this by plotting the fraction of sources vs the emission 636 

rate distribution on a log10 scale and assessing where the distribution diverges from linearity (i.e. 637 

power law behavior). Numerous methane remote sensing studies find evidence of power law 638 

behavior among super-emitters (Sherwin et al., 2024; Lauvaux et al., 2022; Loitxate et al., 2022). 639 

These analyses apply the Monte Carlo approach introduced in Sherwin et al. (2024) and 640 

described further as a “source instantaneous” analysis in Appendix F.1 of Sherwin et al. (2025) 641 

The point of divergence can roughly be assumed to represent the area where the 642 

instrument+retrieval+detection algorithm begins to non-reliably detect all emission sources. 643 

Figure S1.1 shows this distribution for the entire survey domain, Figure S1.2 shows the 644 

distribution for the Intensive Box, and Figure S1.3 shows the distribution for the peripheral non-645 

Intensive areas.  646 

Wind speed can influence detection capabilities, with higher wind speeds rendering the same 647 

methane flux rates more difficult to detect (Conrad et al., 2023).. The peripheral areas were 648 

flown under average 3.5 m/s wind speed, while the Intensive Box was flown under average 3.1 649 

m/s wind speed. From inspection of Figures S1.1-S1.3, we see divergence from linearity 650 

occurring between 90-150 kg h-1. Therefore, for the sake of this study, we assume that we either 651 

exceed or have near full detection capability to all super-emitting sources.  652 

 653 
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 654 

Figure S1.1. Distribution of plume detection in the full survey domain 655 

 656 

Figure S1.2. Distribution of plume detection in the Intensive Box 657 

 658 
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 659 

Figure S1.3. Distribution of plume detection peripheral areas (non-Intensive Box in NM). 660 
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Section S2. Basin quantification sensitivity tests. 678 

 679 

Section S2.1 Sensitivity to grid resolution 680 

Figures 1 and 2 from the main manuscript show the super-emitter basin-level estimate, derived 681 

from discretizing the basin into 0.05° ´ 0.05° grid cell boxes over which plumes were summed 682 

and averaged. Figure S1.1 shows the sensitivity of that basin estimate when we vary the grid size 683 

between 0.03° to 0.10°. Some variation is present, which is driven by the intersection of 684 

individual flight geometries against specified grid geometries. For example, too large of a grid 685 

cell may result in an incomplete full scan over that AOI in a given day. That partial scan would 686 

not be included in the average estimate. However, in Figure S1.1 each estimate is consistent 687 

within uncertainties of all other estimates.  688 

 689 

Figure S1.1. Sensitivity of super-emitter basin estimate to grid resolution. 690 

 691 

  692 
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Section S2.2 Sensitivity to quantification algorithm 693 

 694 

We test the basin-level quantification methods described in the main manuscript with alternative 695 
quantitative approaches. Specifically, following reference 2 in the main manuscript (Sherwin et 696 
al., 2024), we apply a Monte Carlo approach to quantify emissions by sampling from the 697 
observed emission distribution for each source.  Table S2.1 Shows the result of this alternative 698 
approach compared to the methods described in this study. Both methods produce strikingly 699 
similar estimates across the full survey domain and within sub-basin regions of the full domain.  700 

 701 

Table S2.1 Comparison of emission estimates derived for regions of the campaign 702 

Region Emission Estimate 
(Tg a-1) (This Study)1 

Emission Estimate (Tg 
a-1) (application of 

Sherwin et al., 2024)2 
Full Domain 0.65 ± 0.06 0.65 (0.62-0.68) 

West Box 0.14 ± 0.01 0.13 (0.12-0.14) 
East Box 0.17 ± 0.03 0.17 (0.15-0.18) 

Intensive Box (East + 
West Boxes) 0.27 ± 0.02 0.30 (0.28-0.32) 

Peripheral Box 0.35 ± 0.04 0.34 (0.31-0.36) 
1Uncertainties reported as 1-sigma 703 
2Uncertainties reported as 95% confidence intervals 704 
  705 
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 706 

Section S3. Attribution to infrastructure 707 

All plume datasets are available as an attachment to this manuscript and are available on Carbon 708 

Mapper’s Data Portal (data.carbonmapper.org). Each plume was individually attributed to 709 

infrastructure using a combination of visible imagery acquired from GAO imaging spectrometer, 710 

high resolution basemap imagery from Mapbox (https://www.mapbox.com), and the Rextag oil 711 

& gas infrastructure database (https://www.rextag.com). Below are example plumes taken from 712 

Carbon Mapper’s Data Portal, attributed to the infrastructure categories described in the text, 713 

underlaid with Mapbox imagery. 714 

 715 

S2.1 Compressors 716 

 717 

Figure S2.1.1 GAO20240513t172418p0000-A 718 

https://www.mapbox.com/
https://www.rextag.com/
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 719 

Figure S2.1.2. GAO20240514t183045p0000-G 720 

 721 

Figure S2.1.3. GAO20240517t172646p0000-A 722 

 723 

 724 
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S2.2. Flares 725 

 726 

Figure S2.2.1 GAO20240517t163411p0000-G  727 

 728 

 729 

Figure S2.2.2 GAO20240430t174249p0000-I 730 
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 731 

Figure S2.2.3 GAO20240501t183708p0000-B 732 

 733 

S2.3. Pipelines 734 

 735 

 736 

Figure S2.3.1 GAO20240430t162033p0000-Q 737 

 738 
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 739 

Figure S2.3.2 GAO20240507t171126p0001-B 740 

 741 

 742 

Figure S2.3.3 GAO20240515t181635p0000-E 743 

 744 

 745 
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S2.4. Tanks 746 

 747 

 748 

Figure S2.4.1 GAO20240513t155454p0000-F 749 

 750 

 751 

Figure S2.4.2 GAO20240515t180844p0000-B 752 

 753 
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 754 

Figure S2.4.3 GAO20240509t153040p0000-B 755 

 756 

S2.5. Other Well-Site 757 

 758 

Figure S2.5.1 GAO20240430t191638p0000-A 759 

 760 
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 761 

Figure S2.5.2 GAO20240513t163124p0000-E 762 

 763 

 764 

Figure S2.5.3 GAO20240517t152741p0000-J 765 

 766 

 767 
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S2.6. Other Gas Plant 768 

 769 

Figure S2.6.1 GAO20240501t193128p0000-C 770 

 771 

 772 

Figure S2.6.2 GAO20240501t193128p0000-C 773 

 774 
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 775 

 776 

Figure S2. Distribution of elapsed time between first and last plume detections for sources that 777 
were sampled multiple times per day and where there was at least 2 hour spacing between the 778 
first and last observation at that source during that day. 779 


