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Key Points: 16 

 An updated matched filter method (BCMF) developed for sub-nanometer 17 
MethaneSAT methane retrievals. 18 

 Nineteen methane point-source plumes detected and monitored across diverse 19 
facility types and emission scenarios. 20 

 Our emission estimates show strong agreement with MethaneSAT flux 21 
products across identified sources. 22 

 23 

Abstract 24 

Methane is a potent greenhouse gas with large emissions often arising from localized 25 

point sources in industrial facilities. MethaneSAT, launched in 2024, observes the 26 

1598-1683 nm band with sub-nanometer resolution and 100 m × 400 m footprints, 27 

enabling sensitive detection of methane absorption. We introduce an updated matched 28 

filter (BCMF) with covariance exclusion and a statistical correction for linearization 29 



bias. Simulations and retrievals show that BCMF removes a ∼20% underestimation, 30 

yielding unbiased enhancements. Across multiple emission scenarios, 19 plumes were 31 

detected and cross-section emission flux estimates agree with MethaneSAT proxy 32 

products (r=0.965, MAPE = 20.3%, n=16). These results demonstrate BCMF as a fast, 33 

robust approach for quantifying methane emissions with next-generation high-34 

resolution satellite sensors. 35 

Plain Language Summary 36 

Methane is a powerful greenhouse gas that strongly contributes to near-term climate 37 

change. Many of the largest emissions arise from individual facilities such as oil and 38 

gas operations, landfills, and coal mines, making accurate detection and quantification 39 

essential for effective mitigation. MethaneSAT, launched in 2024, was designed to 40 

bridge the gap between regional greenhouse-gas monitors and fine-scale imaging 41 

spectrometers. It combines sub-nanometer spectral resolution with ground footprints of 42 

about 100 × 400 meters across a swath more than 200 kilometers wide. This 43 

configuration enables both regional mapping of methane and attribution of plumes to 44 

specific point sources. We developed an updated matched-filter method (BCMF) that 45 

reduces background noise and corrects a ∼20% systematic underestimation, providing 46 

unbiased methane enhancements. Tests with simulations and MethaneSAT 47 

observations detected 19 point-source plumes, and fluxes from the cross-section flux 48 

(CSF) method showed strong agreement with MethaneSAT proxy products (r=0.965, 49 

MAPE = 20.3%, n=16). These results demonstrate BCMF as a fast and reliable tool for 50 

global monitoring of methane point sources with next-generation satellites. 51 



  52 



1 Introduction 53 

Methane is a potent greenhouse gas with a significant impact on climate change 54 

mitigation (IPCC, 2023). Anthropogenic methane emissions from the energy and waste 55 

sectors often originate from discrete point sources that can be identified and quantified 56 

(e.g., Cusworth et al., 2020; Cusworth et al., 2022; Reay et al., 2018). Hyperspectral 57 

remote sensing has emerged as a promising technique for detecting these point-source 58 

emissions, particularly with the recent advances in spectral and spatial resolution of 59 

spaceborne sensors (Jacob et al., 2022). 60 

The matched filter (MF) is a widely used data-driven technique for detecting 61 

methane plumes, requiring minimal reliance on atmospheric or physical priors. Instead, 62 

it exploits a reference absorption kernel combined with background whitening to isolate 63 

plume signals (Thompson et al., 2015). The method has been demonstrated with 64 

airborne imaging spectrometers, such as AVIRIS (Duren et al., 2019), and more 65 

recently extended to spaceborne hyperspectral platforms, including PRISMA, EnMAP, 66 

EMIT and GF5, which provide spectral resolutions of 5-10 nm in the shortwave infrared 67 

methane absorption bands (Cusworth et al., 2019; Guanter et al., 2021; Li et al., 2024). 68 

Emerging satellite missions, such as MethaneSAT, are designed to reduce the 69 

observational gap between coarse-resolution greenhouse gas sensors (e.g., TROPOMI) 70 

and general-purpose imaging spectrometers. MethaneSAT achieves this by integrating 71 

sub-nanometer spectral resolution with spatial sampling on the order of individual 72 

facilities, thereby enhancing sensitivity to column-integrated methane enhancements 73 

while preserving synoptic coverage (Miller et al., 2024). This design explicitly 74 



addresses the trade-off between spatial resolution, spectral fidelity, and domain 75 

coverage, enabling detection of concentrated plumes that would be diluted at coarser 76 

scales while also retaining capability to constrain diffuse regional fluxes. 77 

Here, we develop an optimized matched filter (BCMF) tailored to the fine spectral 78 

sampling (<1 nm) of advanced imaging spectrometers in the SWIR absorption bands. 79 

BCMF corrects systematic MF biases that arise at MethaneSAT spectral resolution and 80 

is applied to point-source methane plume retrievals. Applications to multiple facility-81 

scale emission events demonstrate consistent detection performance and flux estimates 82 

within expected uncertainty bounds. These results confirm that the updated matched 83 

filter techniques remain robust under sub-nanometer spectral resolution, supporting 84 

their use for high-fidelity methane monitoring in forthcoming satellite missions. 85 

2 Materials and Methods 86 

2.1 MethaneSAT Instrument 87 

MethaneSAT, launched on 4 March 2024 by the Environmental Defense Fund 88 

(EDF), operates in a sun-synchronous orbit at ~585 km altitude. It observes with a 21° 89 

field of view, yielding a nadir swath of ~210 km, and achieves a native ground sampling 90 

distance of ~100 m (across-track) by 400 m (along-track) at nadir (Fig. 1a). Each 91 

overpass provides a contiguous imaging domain of ~210 km × 210 km, allowing basin-92 

scale mapping within a single scene. The payload consists of two passive infrared 93 

Littrow imaging spectrometers, each equipped with a 2k × 2k mercury–cadmium–94 

telluride (HgCdTe, MCT) focal plane array, spanning 1249–1305 nm (O₂) and 1598–95 



1683 nm (CH₄/CO₂), respectively, with a signal-to-noise ratio (SNR) of ~190 under 96 

typical conditions (Rohrschneider, 2021). 97 

 98 

Figure 1. Spatial and spectral resolution characteristics of MethaneSAT. (a) Sub-regional 99 
spatial resolution enables precise tracking and attribution of methane emissions to specific point 100 
sources. (b) Methane absorption features within the retrieval window are shown by the transmittance 101 
spectrum. (c) Pixel-level radiance spectra, with the red line representing full-resolution radiance and 102 
the blue line showing the same radiance resampled to 5 nm resolution (comparable to airborne 103 
sensors such as AVIRIS or satellite sensors like EnMAP HSI). Higher spectral resolution allows 104 
clearer identification of absorption lines corresponding to the background atmospheric methane 105 
concentration, consistent with the features seen in the transmittance spectrum in (b). 106 

For MethaneSAT, methane retrievals are performed in the 1592-1697 nm spectral 107 

band that is optimized for CH4 quantification using the CO2-proxy approach (see proxy 108 

implementation details in the Supporting Information Text S1). In the methane retrieval 109 

bands, MethaneSAT has a sampling interval of 0.08 nm and a spectral resolution of 110 

0.25 nm. Compared with existing hyperspectral sensors, this resolution is substantially 111 

higher, allowing individual absorption lines within the window to be clearly resolved 112 

(Figs. 1b and 1c). Performance assessments with MethaneAIR, an airborne analogue 113 

with spectral capabilities similar to MethaneSAT, show that under the CO₂-proxy 114 

approach retrievals at 20 × 20 m² resolution achieve measurement precision typically 115 



better than 2% and overall biases within ~1% (Miller et al., 2024). These capabilities 116 

enable quantification of concentrated point sources and diffuse emissions across major 117 

oil–gas basins, bridging the gap between coarse-resolution GHG imagers and facility-118 

scale spectrometers. In addition to supporting the CO₂-proxy approach, MethaneSAT’s 119 

advanced spectral configuration benefits matched filter retrievals, providing the 120 

foundation for the method presented in the following section. (Guanter et al., 2025). 121 

2.2 Bias Corrected Matched Filter (BCMF) Method 122 

The MF is a data-driven approach that detects methane column enhancements with 123 

low computational cost. Compared with full physics-based inversions, MF requires 124 

weaker priors—principally a reference absorption kernel and background whitening—125 

rather than detailed local atmospheric constraints, which facilitates transfer across 126 

scenes and sensors (Foote et al., 2021; Thorpe et al., 2014). 127 

MF treats the input scene as a Gaussian-distributed background field 퐿~ℋ(퐿�,128 

Σ), with methane absorption within the selected window modeled as a directional 129 

deviation from this distribution. By projecting each pixel onto the direction defined by 130 

the signal template 푡, the algorithm quantifies the degree to which the pixel deviates 131 

from the background along the absorption axis (Manolakis, 2004; Truslow and 132 

Manolakis, 2017). For a radiance input 퐿 , the column-enhancement estimate 푎�  is 133 

given as: 134 

푎� =
(퐿 − 퐿�)�Σ��푡

푡�Σ��푡
(1) 135 



where 퐿� and Σ denote the mean and covariance of the radiance input 퐿, and 푡 is the 136 

unit absorption spectrum of methane. Details of parameters are provided in Text S2 of 137 

the Supporting Information. 138 

Accurate and reliable estimation of the covariance Σ and target signature t is 139 

critical to MF performance (Theiler and Foy, 2006; Thompson et al., 2015). For 140 

MethaneSAT retrievals, we propose a bias-corrected MF (BCMF) method to correct 141 

systematic biases arising from the covariance Σ and target signature t. 142 

In the method of MF, the covariance Σ characterizes the distribution of a blank 143 

background field without target signals. When the input data contain pixels with 144 

methane column enhancements, the covariance estimated from the radiance sequence 145 

becomes contaminated by the target signal. In the retrievals from hyperspectral spectral 146 

data, limited sample sizes and low pixel-to-channel ratios make the estimated 147 

background covariance particularly sensitive to the signal-induced contamination. We 148 

further discuss this specific mechanisms of contamination in Text S3 and Fig.S1 of the 149 

Supporting Information.  150 

To mitigate this contamination, we adopt an exclusion approach, previously used 151 

in hyperspectral retrievals (Ayasse et al., 2019; Foote et al., 2020). To our knowledge, 152 

this is for the first time applied at hyperspectral resolution. Given that pixels containing 153 

column enhancements are sparse in the background, even when the input swath is 154 

aligned with the plume direction, their number generally does not exceed 20 pixels 155 

(corresponding to ~2 km of plume extent), which is less than 5% of the total. 156 

Accordingly, we remove the top 5% of pixels ranked by match filter response from the 157 



covariance estimate to reduce potential signal contamination. This preserves most 158 

background samples while improving the robustness of the covariance and enhancing 159 

plume retrieval and detection; the effect of the covariance correction is shown in Figure 160 

S2 and S3 of the Supporting Information.  161 

The linearization of methane transmittance represents another source of systematic 162 

error in the matched filter (Pei et al., 2023; Schaum, 2021). As a linear detector, the 163 

original matched filter assumes the target signal 푡  is proportional to the estimated 164 

column enhancement 푎�, 165 

퐿 − 퐿� = 푡 · 푎� (2) 166 

where 푡 is defined as the derivative of methane transmittance 푇 with respect to the 167 

column enhancement 푎 , scaled by the mean radiance 퐿�  (see Text S3 of the 168 

Supporting Information): 169 

푡 = 퐿� ·
휕푇
휕푎

�
���

 (3) 170 

Whereas, based on the Beer–Lambert law for the dependence of transmittance on 171 

column enhancement, the relation between 푇 and 푎 is 172 

푇 = exp(푘 · 푎) ， 
휕푇
휕푎

�
���

= 푘 (4) 173 

with 푘 denoting a coefficient representing the sampled absorption cross section. 174 

From the definition of transmittance, 175 

퐿 − 퐿� = (푇 − 1)퐿� (5) 176 



and combining Eq. (2) and Eq. (5) yields the analytical relation between the estimated 177 

푎� and the true column enhancement 푎 178 

푎 =
log(푘 · 푎� + 1)

푘
(6) 179 

Linearization of the matched filter at 푎 = 0  causes the estimated column 180 

enhancement 푎� to be systematically lower than the true value 푎, as expressed in Eq. 181 

(6). The fine spectral resolution of MethaneSAT enhances sensitivity to narrow 182 

absorption features, which makes this approximation particularly prone to bias. Figure 183 

S6 of the Supporting Information specifically illustrates this bias, which becomes 184 

pronounced when column enhancements exceed ~200 ppb and leads to increasing 185 

underestimation at higher concentrations. To balance computational efficiency with 186 

accuracy, we apply a statistical post-correction that mitigates this bias in high-emission 187 

cases. Because matched filtering operates in the whitened radiance domain, the values 188 

of k within a window are not directly accessible. To address this, we estimate k 189 

empirically through simulation. Prescribed column enhancements are injected into 190 

blank scenes, while covariance is computed from the pre-injection radiances to avoid 191 

signal contamination. Under these conditions, the retrieval bias relative to the injected 192 

truth arises solely from linearization, allowing k to be inferred from the truth–retrieval 193 

relationship. The fitting procedure is shown in Figure S5 of the Supporting Information, 194 

and the window-specific resulting k is then applied through Eq. (6) to correct the 195 

linearization-induced bias. 196 



2.3 Estimation of methane emission flux  197 

We estimated emission fluxes for detected plumes using the cross-section flux 198 

(CSF) method, which integrates concentration enhancement with the wind’s normal 199 

component along transects approximately perpendicular to the flow (Varon et al., 2018; 200 

2020). The method provides instantaneous emission estimates under the assumptions 201 

of a quasi-steady plume, nearly uniform winds across the transect, and negligible 202 

chemical loss and deposition. 203 

As a first-order choice, we use ERA5 100 m winds to represent advection at typical 204 

plume-transport heights (~50–200 m). This level reduces the sensitivity to surface 205 

roughness and near-surface stability, and is broadly representative for elevated sources 206 

and buoyant rise when the effective plume height overlaps this layer. GEOS-FP and 207 

ERA5 10 m winds are also used as ancillary indicators for plume identification and 208 

screening. Methods for CSF-based emission estimation and the associated uncertainty 209 

diagnostics are provided in Supporting Information Text S4 and Figure S4. 210 

3 Results and discussion 211 

3.1 Validation with WRF-LES Simulations 212 

Retrieval performance depends strongly on the choice of spectral window. 213 

Because the number of spatial samples in a MethaneSAT push-broom scan is fixed 214 

(~560 pixels), expanding the retrieval window increases the signal-to-noise ratio but 215 

destabilizes background covariance estimates when the number of spectral channels 216 

approaches the spatial dimension (Ayasse et al., 2023). To balance this trade-off, we 217 

selected two windows (1636–1652 nm and 1664–1670 nm) with a width of 6 nm. 218 



Within 1636–1652 nm, only CH₄ absorption sub-bands were retained to maximize 219 

sensitivity while minimizing noise (Fig. 2a). Comparative retrieval results are provided 220 

in Figure S7. 221 

To further evaluate flux retrieval, we used plume simulations generated with the 222 

WRF large-eddy simulation (WRF-LES) model (Fig. 2b). WRF-LES explicitly 223 

resolves boundary-layer turbulence and scalar transport at meter-scale resolution, 224 

producing realistic plumes that capture dispersion and dilution processes (Matheou, 225 

2016; Jongaramrungruang et al., 2019). A series of plumes with prescribed emission 226 

rates of 1000 kg h⁻¹ were simulated, and corresponding hyperspectral scenes were 227 

generated with a forward radiative transfer model (see details in model setup in 228 

Supporting Information, Test S6). To represent diverse observing conditions, three 229 

background scenes were selected from oil and gas basins in North America, spanning 230 

variations in surface properties, atmospheric state, and acquisition time (Fig. 2c). 231 



 232 

Figure 2. Algorithm sensitivity derived from WRF-LES simulation tests. (a) Two spectral 233 
windows used for methane retrieval, highlighted in red (Window 1) and purple (Window 2); (b) a 234 
WRF-LES plume scenario at 10 m resolution (emission rate 1000 kg h⁻¹; wind speed 3 m s⁻¹), down-235 
sampled to MethaneSAT scale and superimposed on background radiance using the corresponding 236 
line-of-sight transmittance to produce an observation-equivalent field; the inset shows the pre-237 
sampling plume footprint; Basemap: Esri World Imagery(Esri & Maxar, 2021); (c) surface albedo 238 
proxy at 1622 nm radiance; (d–e) MF-retrieved column-mean enhancements ΔXCH4 in the two 239 
windows and the CSF-based emission estimate Q, broadly consistent in spatial morphology and 240 
magnitude ranking with the sampled column enhancements in (b). The first two backgrounds are in 241 
the Permian Basin and the third in the Marcellus Shale—both major oil-and-gas provinces in North 242 
America. The insertion locations are illustrative for surface/scene representativeness and algorithm 243 
sensitivity only, and do not imply the presence of actual point sources or emissions of similar 244 
magnitude. 245 

We applied the BCMF to these WRF-LES–based forward simulations and 246 

estimated emission fluxes using the CSF method. Retrieval accuracy was evaluated 247 

using two criteria: (1) the agreement between retrieved pixel-scale column 248 

enhancements and simulated plume structures, and (2) the consistency between inferred 249 



and reference emission fluxes. For Window 1, retrieved column enhancements yielded 250 

nRMSE = 32.4%, nMBE = 20.1%, and a Pearson correlation of 0.862 relative to the 251 

reference plume. For Window 2, corresponding values were nRMSE = 28.8%, nMBE 252 

= 18.2%, and a Pearson correlation of 0.878. In both cases, retrieved emission fluxes 253 

deviated from the prescribed 1000 kg h⁻¹ release by less than 30% (Fig. 2d, e). These 254 

results demonstrate that the BCMF can robustly retrieve methane point-source 255 

emissions at the spatial scale of MethaneSAT, with reliable detection for plumes 256 

exceeding ~1 t h⁻¹ - a threshold jointly constrained by the instrument’s spectral 257 

resolution and spatial sampling. 258 

The BCMF performance was further assessed through synthetic injection 259 

simulations to test robustness across a broader range of emission scenarios (see 260 

Supporting Information, Text S4). Across both retrieval windows, the standard 261 

deviation (1σ) of retrievals over blank scenes remained below 30 ppb, and intrinsic 262 

algorithmic noise was constrained within 40 ppb (1σ). Given that natural background 263 

methane columns typically fluctuate by ~30–40 ppb (1σ), the algorithmic noise is 264 

comparable to atmospheric background uncertainty. For 100 ppb enhancements, 265 

retrieval standard deviation was ~20 ppb, and for 200 ppb enhancements it remained 266 

within 40 ppb (1σ). These results indicate that the BCMF maintains sensitivity to plume 267 

structures and associated emission sources, providing unbiased column enhancement 268 

estimates. Localized signals exceeding the background variability by more than one 269 

standard deviation can be robustly distinguished from background noise, confirming 270 

the method’s capability for reliable plume detection and quantification. 271 



Overall, these results demonstrate that the optimized BCMF retrieval applied to 272 

MethaneSAT observations can robustly detect and quantify facility-scale methane 273 

emissions under realistic atmospheric and surface conditions. By balancing retrieval 274 

window design with instrument constraints and validating performance against high-275 

resolution plume simulations, this framework establishes a pathway for accurate flux 276 

estimation in forthcoming satellite missions. 277 

3.2 Detection and identification of point-sources methane plumes 278 

Using the BCMF method, we detected methane emissions from multiple oil and 279 

gas facilities in North America and a waste management facility. MethaneSAT’s high 280 

spatial resolution preserves plume morphology, enabling reliable source attribution (Fig. 281 

3). Plumes were extracted using a structured workflow that suppressed noise, removed 282 

small artifacts, and selected wind-aligned enhancements (see Supporting Information 283 

Text S7). 284 

Over the Marcellus shale basin on 5 September 2024, 13 methane sources were 285 

identified that is preliminarily attributed to well pad activity. Under weak winds (2-3 m 286 

s⁻¹), plumes extended 2-5 km and showed peak enhancements of 44-213 % above 287 

background, with dispersion patterns consistent with the identified sources. Plume 288 

morphology was strongly modulated by wind and topography. On flat terrain with 289 

stronger winds (~5 m s⁻¹), large-flux events (>1 t h⁻¹) produced plumes >10 km 290 

downwind, though enhancements were distributed across multiple pixels, limiting low-291 

flux detection. In complex terrain or under weak winds, advection weakened and 292 

vorticity-driven dispersion dominated, with terrain-induced shear and recirculation 293 



folding and meandering plumes. Nonetheless, localized methane accumulation 294 

produced strong column enhancements, enabling detection despite greater uncertainty 295 

in source attribution. For example, event #15 over Natural Buttes, Utah (17 January 296 

2025) showed ~500 ppb enhancements within 2 km from a valley source under low 297 

wind, producing a non-typical plume morphology at the given spatial resolution. 298 

The 1.60–1.70 µm window reduced interference from surface absorptions (e.g., 299 

carbonates) relative to the 2.3 µm band. However, water, moist surfaces, artificial 300 

materials, topography-induced BRDF, shading, and thin clouds or haze can introduce 301 

smoother, quasi-uniform continuum biases. To further evaluate algorithm performance 302 

under diverse scenarios, retrievals were conducted over a Persian Gulf waste 303 

management facility on 5 September 2024 and a Permian Basin scene on 11 September 304 

2024, representing flat terrain with stronger winds (Fig. 3). These retrievals confirmed 305 

four plumes (#14 and #16–#18), demonstrating robust detection across varying 306 

environmental conditions. 307 

 308 



Figure 3. BCMF retrieval scenes and plume detection. (a) A coastal waste-309 
management site along the Persian Gulf; (b) a gas well in Utah, USA, showing localized 310 
build-up of column-mean CH₄ under weak winds and terrain influence. At the current 311 
100 m × 400 m sampling scale, peak ΔXCH4 ≈ 500 ppb (relative to background). (c–e) 312 
Multiple methane plumes detected over representative oil–gas settings in the Marcellus 313 
Shale and the Permian Basin. Rectangles mark automatically detected plumes; arrow 314 
lengths indicate the 1 h downwind advection distance derived from ERA5 100 m winds, 315 
with direction and magnitude reflecting near-surface flow.   316 

3.3 Cross-Validation with MethaneSAT official CO₂ Proxy Method 317 

Snapshot emission rates for the 16 detected plumes were estimated using the CSF 318 

method combined with ERA5 100 m winds, with uncertainties quantified via first-order 319 

linear error propagation (Fig. 4 and Text S4 of Supporting Information). At the current 320 

spatial sampling, pixel footprints are large, introducing potential source-attribution 321 

challenges: in dense regions, a single plume may encompass multiple emitters, and 322 

multiple facilities may fall within one pixel. Nevertheless, in the emission scenes 323 

analyzed here, plume morphology remains clearly identifiable, and when combined 324 

with local wind fields, typically constrains the responsible source to the 100 m scale. 325 

Of the 16 identified point sources, 14 coincide with MethaneSAT-reported sources 326 

(Fig. 4). Fluxes derived from matched-filter retrievals with CSF range 1-15 t h⁻¹, 327 

consistent with large emissions from energy and waste facilities observed by 328 

spaceborne sensors. Source-by-source comparison with the CO₂-proxy approach 329 

(Chulakadabba et al., 2023) demonstrates high agreement (Pearson r = 0.965, MAPE = 330 

20.3%, RMSE = 1.23 t h⁻¹) with a York fit slope of ~0.88, indicating a modest low bias 331 

attributable to residual linearization effects, mitigated by post-correction (Fig. 4). 332 

Cross-validation against MethaneSAT point-source fluxes also shows agreement within 333 

uncertainties, with no significant systematic offset. 334 



Differences relative to MethaneSAT-reported fluxes are expected given the use of 335 

different wind products and forward BCMF estimates of column enhancement. Notably, 336 

our forward column-enhancement estimates generally match the MethaneSAT CO₂-337 

proxy product, suggesting remaining discrepancies arise primarily from the flux-338 

estimation step (e.g., wind fields and CSF setup) rather than retrieval accuracy (Fig.4). 339 

Overall, our findings confirm that our optimized matched-filter scheme is well suited 340 

for MethaneSAT-scale retrievals. Flux uncertainties are dominated by wind 341 

representativeness and transect–wind alignment, particularly at 100 m × 400 m spatial 342 

sampling scale. 343 

 344 

Figure 4. CSF-based plume emission estimates and validation. (a–d, f–i) Representative plume 345 
snapshots extracted from MF retrievals using morphological filtering and thresholding, 346 
corresponding to the plumes in Figure 3. Arrows indicate the 1 h downwind advection distance 347 



derived from ERA5 100 m winds (direction and length reflect near-surface flow). Basemap: Esri 348 
World Imagery(Esri & Maxar, 2021) (e) Cross-validation against the MethaneSAT point-source 349 
emission product: source-by-source comparison between MF plus CSF estimates and the official 350 
product shows overall agreement with no obvious systematic bias. Details on these plumes are 351 
provided in the Supporting Information Table 1. 352 

4 Conclusions 353 

Our results demonstrate that the matched filter algorithm, originally developed for 354 

general hyperspectral sensors, can be successfully applied to sub-nanometer-scale 355 

methane column enhancement retrievals. Systematic errors in BCMF application to 356 

MethaneSAT observations were mitigated through covariance contamination 357 

correction and subsequent linearization adjustments, reducing bias from background 358 

variability and model–measurement mismatches and improving plume retrieval 359 

robustness. The BCMF-retrieved enhancements show strong consistency with total 360 

column results derived from the CO₂-proxy method. Leveraging MethaneSAT data, we 361 

optimized the matched filter for high-resolution scenes using covariance and 362 

linearization corrections. Validation across 16 point sources in four scenes spanning 363 

diverse surface types, meteorological conditions, and facility categories demonstrates 364 

reliable detection and flux estimation. Emission rates derived via the CSF method agree 365 

closely with MethaneSAT-reported fluxes, confirming robustness across 366 

environmental and source variability. These findings establish that our BCMF approach 367 

is well suited for sub-nanometer spectral data and can accurately retrieve methane 368 

point-source emissions at facility scales and as suitable for MethaneSAT’s ultraspectral 369 

resolution. 370 

 371 

Data Availability 372 



ERA5 reanalysis data are available from the Copernicus Climate Data Store at 373 
https://cds.climate.copernicus.eu/. GEOS-FP data are available from NASA’s Global 374 
Modeling and Assimilation Office at https://gmao.gsfc.nasa.gov/GMAO_products/. 375 
MethaneSAT L1B, L2, and L4 products are available via Google Earth Engine and 376 
Google Cloud Storage under the Public Preview framework at 377 
https://www.methanesat.org/. 378 
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Text S1. 510 

CO2 proxy method 511 

The CO₂ proxy method estimates the total column density of methane by leveraging CO₂ 512 
absorption in the P and R branches near 1595–1618 nm and CH₄ 2ν₃ absorption features within 513 
1629–1654 nm. This approach is based on several key assumptions: that methane and carbon 514 
dioxide share the same optical path length; that the background concentration of CO₂ is uniform 515 
and stable, allowing it to serve as a reference gas; and that common atmospheric and surface 516 
influences—such as aerosols, clouds, viewing geometry, and surface reflectance—affect CH₄ 517 
and CO₂ in a spectrally correlated manner, enabling their effects to be largely canceled or 518 
corrected through ratio-based retrievals. 519 

The SPLAT method, developed by the Harvard–Smithsonian Center for Astrophysics, is 520 
first used to retrieve the vertical column densities of CH₄ and CO₂, denoted as 푁��� and 푁��� 521 

respectively. Specifically, SPLAT optimizes the state vector 푥 by minimizing the following 522 
cost function, 523 

퐽(푥) = �푦 − 퐹(푥)�T푆�
���푦 − 퐹(푥)� + 훾��(푥 − 푥�)T푆�

��(푥 − 푥�) 524 



The cost function 퐽(푥) minimizes a trade-off between the residuals of the forward model 525 
fit 퐹(푥) to observations 푦 and the deviation of the state vector 푥 from a priori estimates 푥�. 526 
The observation covariance matrix 푆�  and the a priori covariance matrix 푆�  respectively 527 
quantify the uncertainties in observations and in the a prior knowledge.  A regularization 528 
factor 훾 further balances the relative contributions of the two terms in the cost function. 529 

The state vector includes scaling factors for the CH₄ and CO₂ dry-air mole fraction 530 
profiles(푥��� , 푥��� ),a water vapor column scaling factor (푥��� ), surface pressure (푥��), a 531 

temperature offset from the a priori profile (푥�), and two sets of polynomial coefficients used 532 
to scale the spectral albedo within each retrieval window ( 푥���, ��� , 푥���, ��� ), based on 533 
Lambertian-equivalent reflectance near 1622.5 nm. Among these, 푥���  and 푥��� are further 534 
used to compute the vertical column density 푁���  and 푁���. 535 

The proxy-derived XCH₄ is then obtained by scaling the ratio 푁���/푁��� with an a priori 536 
estimate of the dry-air column-averaged CO₂ mole fraction 푋퐶0�,�. 537 

푋퐶퐻� =
푁���

푁���

푋퐶0�,� 538 

The key advantage of the proxy approach lies in its ability to improve CH₄ retrieval 539 
accuracy by reducing sensitivity to surface albedo and aerosol scattering errors, which 540 
similarly affect both gas retrievals but cancel in the ratio.  541 

Text S2. 542 

Additional Details on MF Calculation 543 

The MF approach exploits the characteristic methane absorption features in the SWIR 544 
spectral region to retrieve column enhancements. Under the simplified radiative transfer 545 
framework, the observed radiance 퐿 can be approximated as: 546 

퐿 = 퐿� · 휏(휎, 훼, 푙) (1) 547 

where 퐿� is the hypothetical background radiance under typical atmospheric methane levels, 548 
and 휏 is the transmittance determined by the methane column enhancement 훼. In the SWIR 549 
region, where aerosol and scattering effects are relatively weak, this approximation enables a 550 
linearized treatment of the radiance difference as a function of methane enhancement: 551 

퐿 − 퐿� ≈ 푡 · 푎 (2) 552 

Here, the template absorption signal t is obtained as 553 

푡 = 퐿� ⋅
σ�

σ�
|���ref

(3) 554 

The unit absorption spectrum ��
��

|���ref
 was generated using high-resolution line-555 

by-line absorption coefficients from the HITRAN database, and convolved with the 556 
instrument spectral response function to match sensor characteristics. To account for 557 
aerosol impacts within the retrieval window, a wavelength-dependent scaling was applied 558 
based on radiative transfer simulations 6S model. 559 

Previous methane absorption spectra used for general-purpose hyperspectral 560 
sensors were typically simulated using the MODTRAN model; however, the spectral 561 



precision achieved by MODTRAN cannot meet the spectral sampling interval 562 
requirements of MethaneSAT. Here, we consider utilizing high-resolution absorption 563 
cross-sections derived from the HITRAN database, which are then spectrally resampled 564 
to MethaneSAT’s spectral resolution to compute the methane unit absorption strength 565 
required for the matched filter algorithm. 566 

According to the Beer–Lambert law governing methane gas absorption, the transmittance 567 
can be expressed as: 568 

휏 = 푒푥푝(휎 · 푛��� · 훼 · 푎푚푓 · 퐻) (3) 569 
where 휎  denotes the methane absorption cross-section at the corresponding 570 

spectral band obtained from the HITRAN database under a reference temperature of 296 571 
K and standard atmospheric pressure; 푛��� is the atmospheric molecular number density; 572 
훼 represents the stable column enhancement of methane concentration at the bottom 573 
of the troposphere with height 퐻  (typically 8000 m); 푎푚푓  (Air Mass Factor) is a 574 
correction accounting for the influence of the radiative transfer path factor which is given 575 
by 576 

푎푚푓 =
1

co s(푆푍퐴) +
1

co s(푉푍퐴)
(5) 577 

SZA and VZA represent the solar zenith angle and the view zenith angle, respectively, 578 
and are determined by the observation geometry during satellite imaging. 579 

The partial derivative with respect to the column enhancement 푎 is given by 580 
σ�

σ�
= 휎 · 푛��� · 푎푚푓 · 퐻 · 푒푥푝(휎 · 푛��� · 훼 · 푎푚푓 · 퐻) (6) 581 

Due to the dilution effect of MethaneSAT’s relatively larger pixel size on the column 582 
enhancement, the methane column enhancements in the scene are generally weak. 583 
Therefore, we consider 푎ref = 0  as the linearization point for the Beer–Lambert law 584 
expansion. At this point, we have: 585 

σ�

σ�
|��� = 휎 · 푛��� · 푎푚푓 · 퐻 (7) 586 

The process of resampling methane transmittance to the sensor’s spectral resolution 587 
can be discretized and regarded as a weighted averaging of transmittance within each 588 
spectral band. For the discretized and normalized spectral response function 푅(휆�), The 589 
transmittance resampled to MethaneSAT’s spectral resolution is given by: 590 

휏̃(휆�) = � 휏(휆�)
�

· 푅�휆�� (8) 591 

Since linear operations do not affect differentiation, the partial derivative of the 592 
transmittance can be expressed as: 593 

σ��

σ�
|��� = �

σ�

σ�
|���

�
· 푅�휆�� = � 휎�휆�� · 푛��� · 푎푚푓 · 퐻 · 푅�휆��

�
(9) 594 

 595 

The sampled derivative ���
��

|��� is then used as the unit target absorption to calculate the 596 

methane target absorption spectrum. 597 



Text S3. 598 

Signal-induced contamination of the covariance 599 

Matched filtering assumes that pixels used for covariance estimation reflect signal-free 600 
background statistics. When those pixels contain non-negligible target or correlated absorbers, 601 
they contaminate the background covariance and degrade filter performance. The 602 
contamination can be decomposed into two components: 603 

Σ = Σ� + 푎� · 푡푡� + 푎 · 푡휁� + 푎 · 휁푡� 604 

 The term 푎� · 푡푡� is a rank-1 inflation along the target direction, whereas (푎 · 푡휁� + 푎 ·605 
휁푡�) is a cross-coupling term arising from weak correlation between the target and background 606 
interferers. In a MF model, pure inflation cancels to first order, whereas cross-coupling rotates 607 
the whitened template away from the target subspace, thereby weakening the filter’s response 608 
to column-enhancement signals.  609 

For MethaneSAT, where pixel sampling is relatively coarse and the number of input pixels 610 
per scene is limited (≈560 pixels per scan line), covariance contamination in the matched filter 611 
becomes more pronounced and can bias column-enhancement amplitudes low. We mitigate this 612 
using a two-pass exclusion scheme: assuming plume sparsity at the current resolution (≤5% of 613 
pixels traceable to a plume), we perform an initial retrieval, mask the top 5% of MF responses, 614 
and recompute the background covariance from the remaining pixels before the final pass. This 615 
forward elimination reduces signal-induced contamination of the background covariance and 616 
the associated low bias. 617 

Text S4. 618 

Emission Flux Estimation 619 

The cross-sectional flux (CSF) integrates methane column enhancements across a 620 
transect perpendicular to the plume axis, combined with the cross-section normal wind 621 
to estimate snapshot emissions. It is applicable when the plume resides within the mixed 622 
layer, chemical loss is negligible over the transport time, the source is quasi-steady, and 623 
the transect spans the full plume. 624 

Let y be the arc-length along the transect, 푢�(푦)the wind component normal to the 625 
transect, 훥푋퐶퐻�(푦)  the methane dry-air column-mean enhancement (mol/mol; 626 
multiply ppb by 1e-9), 푃�(푦) the surface pressure (Pa), g the gravitational acceleration 627 

(m/s2), and 
����
����

 ≈ 0.554. The snapshot emission rate 푄 (kg/s) is: 628 

푄 = � 푢�(푦)훥푋퐶퐻�(푦)
푃�(푦)

푔
푀���

푀���
푑푦 (10) 629 

Discrete pixel form (pixel width Δ푦�): 630 

푄 = � 푢�,�

�

���

 Δ푋���,�  
푃�,�

푔
 
푀���

푀���
 Δ푦�  (11) 631 



We quantify flux uncertainty using first-order linear error propagation. The dominant 632 
contributors are: (i) errors in the cross-sectional column-enhancement retrieval Δ푋���,�, 633 
including background removal, and (ii) uncertainty in the transect-normal wind 푢�,� , 634 
encompassing wind-speed and directional projection errors. Unless stated otherwise, 635 
these error terms are treated as approximately independent. 636 

We assume that column-enhancement retrieval errors are independent across pixels 637 
and, consequently, approximately independent across downwind transects. For each 638 
transect 푘 = 1, … , 퐾, we compute 푄� and use the dispersion of {푄�} to quantify the 639 
forward retrieval algorithmic uncertainty 휎���. 640 

For the transect-normal wind 푢�,�, guided by typical error ranges reported for ERA5 641 
and GEOS-FP in plume-transport flux applications, we adopt a representative mid-value 642 
of 40% as a relative uncertainty. Treating wind as a multiplicative, near common-mode 643 
error along a transect, 644 

σwind = 푓� |푄�|,   푓� = 0.40 (12) 645 
Assuming independence between these components, the total uncertainty is 646 

combined in quadrature: 647 

σtotal = ��휎alg
� + 휎wind

� � (13) 648 

Text S5. 649 

WRF-LES Simulation and methane point-source quantification 650 

We employed the Large-Eddy Simulation (LES) capability of the Weather Research 651 
and Forecasting (WRF) model to explicitly resolve turbulent motions in the atmospheric 652 
boundary layer and the transport of passive scalars. In LES mode, WRF directly resolves 653 
the dominant, energy-containing eddies, while smaller subgrid-scale turbulence is 654 
parameterized through a turbulence kinetic energy (TKE) closure. The model domain 655 
typically extends over the lower troposphere with horizontal grid spacing of tens of 656 
meters, enabling the simulation of plume dispersion, dilution, and near-surface mixing 657 
processes that cannot be captured in coarser mesoscale configurations. Boundary 658 
conditions and surface fluxes are prescribed from larger-scale meteorological analyses, 659 
allowing WRF-LES to represent realistic wind, stability, and surface-layer dynamics for 660 
scenario-based plume experiments. This framework provides a controlled, physically 661 
consistent environment to study methane point-source dispersion and evaluate retrieval 662 
algorithms. 663 

We configured WRF in LES mode to generate synthetic methane plume fields for 664 
algorithm evaluation. The simulations were conducted at 10 m × 10 m spatial resolution 665 
over the lower boundary layer and subsequently aggregated to the effective ground 666 
sampling distance of MethaneSAT (100 m × 400 m). A constant emission rate of 1000 kg 667 
h⁻¹ was prescribed from a point source under a wind speed of 3 m s⁻¹, producing plumes 668 
representative of controlled release conditions. LES methane fields were then vertically 669 
integrated to pressure-weighted column enhancements (ΔXCH₄) relative to an upwind 670 
background, defined as 671 



Δ푋CH4
=

1
푃�

� �
Δ푚CH4,�

푀CH4

푔
Δ푝�

푀airΔ푝��
�

���

 (14) 672 

where Δ푚CH4,� is the methane column mass increment in layer i (kg m⁻²), 푀CH4
 = 673 

0.01604 kg mol⁻¹ is the molar mass of methane, 푀air = 0.028965 kg mol⁻¹ is the molar 674 
mass of dry air, Δ푝� is the pressure thickness of layer i (Pa), 푃� is the surface pressure 675 
(Pa), and g=9.81 m s⁻² is gravitational acceleration. 676 

A forward radiative transfer model then used these ΔXCH₄ fields to compute band 677 
transmittance and top-of-atmosphersssse radiances in the chosen retrieval windows, 678 
and the resulting absorption signatures were superimposed on the radiance spectra of 679 
three background scenes from distinct North American oil and gas basins. These 680 
synthetic scenarios, while not reflecting actual emission events or levels at specific 681 
facilities, provide a controlled framework to test the performance of the matched filter 682 
at MethaneSAT’s spatial scale. 683 

Text S6. 684 

Simplified Radiative Transfer Model and Synthetic injection simulation 685 

We adopt a simplified radiative transfer model tailored to MethaneSAT’s SWIR 686 
window. Surface reflectance is treated as a Lambertian term with wavelength-dependent 687 
albedo, while atmospheric absorption is represented by multiplicative transmittances for 688 
gases and thin cloud/haze. The top-of-atmosphere radiance 퐿TOA(휆) is approximated a 689 

퐿TOA(휆) ≈ 퐸�(휆) 푇↓(휆) 휌(휆) 
휇�

휋
 푇↑(휆) + 퐿path(휆) (15) 690 

Where 퐸�(휆)  is the extraterrestrial spectral irradiance,  푇↓(휆)  is the downward 691 
atmospheric transmittance (gases and thin cloud/haze), 휌(휆) is the effective surface 692 
reflectance (Lambertian, wavelength dependent), 휇� is the cosine of the solar zenith 693 
angle, 푇↑(휆) is the upward atmospheric transmittance (gases and thin cloud/haze), and 694 
퐿path(휆) is the path radiance due to scattering along the line of sight. 695 

For the blank-background radiance , and neglecting 퐿path(휆)—which is acceptable 696 
in the SWIR under low-aerosol conditions—the column enhancement along the 697 
transmission path can be treated as acting on 퐿TOA(휆)through the transmittance factors 698 
given by the Beer–Lambert law (as in Eq. (3)). 699 

Synthetic injection simulation is a key method used throughout this study (also see 700 
Figure S2, S5) to evaluate algorithm performance and correction effectiveness. Because 701 
the matched filter targets methane transmittance signals deviating from the background, 702 
the approach begins with blank background scenes, typically selected from MethaneSAT 703 
pixels without visible plumes. For a prescribed set of column enhancements, 704 
transmittance spectra are calculated using the Beer–Lambert law (as in Eq. (3)) and 705 
sequentially injected into each pixel of the background scenes. For each injection, the 706 
matched filter retrieval is performed on the modified pixel, yielding the retrieved 707 
enhancement corresponding to the injected signal. This design allows controlled 708 
evaluation of the algorithm’s detection and retrieval performance under diverse 709 



conditions while minimizing confounding factors. 710 

Text S7. 711 

Plume identification and masking 712 

Plume identification is performed on the matched-filter score field S and yields a binary 713 
mask used in downstream analyses. We first apply total-variation (TV) denoising to suppress 714 
high-frequency, near-zero-mean noise while preserving coherent gradients, and then 715 
standardize locally so that each pixel value is expressed as a robust z-score relative to its 716 
neighborhood.  717 

Candidate regions are extracted by adaptive thresholding with a baseline of one standard 718 
deviation 휎풩(�) above the local mean 휇풩(�);  719 

푆� ≥ μ풩(�) + 1 σ풩(�) (16) 720 
To remove residual speckles while maintaining plume edges, we apply a morphological 721 

opening (erosion followed by dilation) with a 3×3 structuring element and optionally discard 722 
very small connected components. Each surviving candidate is then screened for physical 723 
plausibility based on (i) alignment of its major axis with the prevailing wind, (ii) the presence 724 
of plume-like downwind gradients, and (iii) proximity to a plausible source facility. Candidates 725 
that satisfy these criteria form the final plume mask, and we export this mask together with 726 
component metadata (centroid, orientation, length, width, mean/peak score) for source 727 
attribution and CSF transect construction. 728 
  729 



 730 

Figure S1. Covariance contamination by injected signal. Example for a 1642–1649 nm 731 
window (560 pixels along-track): we compare background covariance estimated from a 732 
blank scene with that after injecting a 100 ppb column enhancement into a single, 733 
randomly chosen pixel. Although the perturbation to the covariance is small in magnitude, 734 
matrix inversion amplifies its effect and degrades the matched-filter response (via cross-735 
coupling in the whitened space). 736 
  737 



 738 
Figure S2. Impact of covariance contamination on matched-filter (MF) retrievals and 739 
its correction. A random pixel was selected in a blank background; synthetic column 740 
enhancements were imposed and the covariance was re-estimated to assess MF bias and 741 
the efficacy of correction. (a) Distributions of retrieved results before and after correction 742 
across different enhancement levels (e.g., A100, A200): red denotes contaminated (pre-743 
correction), blue denotes iterative post-correction. (b) MF response in the blank-744 
background case (e.g., mean and spread) for comparison. (c) Scatter results for A100 with 745 
its corrected values, A100 (corrected); (d) scatter results for A200 with A200 (corrected). 746 
Covariance correction markedly reduces the contamination-driven low bias; a slight 747 
underestimation remains at larger enhancements (e.g., 200 ppb) due to linearization. 748 
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750 
Figure S3. Impact of covariance contamination on matched filter (MF) retrievals and 751 
its correction. (a) 훥푋퐶퐻� before covariance correction. (b) 훥푋퐶퐻� after correction. (c) 752 

Change (after − before). Without correction, column enhancements are biased low by 753 

approximately 10–30% for this case. 754 
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 757 

Figure S4. Deviation between MF linearization and the true transmittance–column 758 
enhancement relationship. The deviation grows with increasing column enhancement 759 
and biases high-end ΔXCH4 estimates. (a) A major CH4 absorption trough in the 760 
MethaneSAT window (near 1645.5 nm). (b) Comparison of the MF linear approximation 761 
(yellow) and the transmittance–column enhancement curve from the Beer–Lambert law 762 
(blue). At larger ΔXCH4, the linear model overestimates the transmittance change, leading 763 
to an underestimation of the column enhancement. See SI for methods and parameters. 764 
 765 



 766 
Figure S5. Simulation-based back-correction of linearization bias. Synthetic column 767 
enhancements of 100–600 ppb were randomly imposed on blank-background pixels to 768 
assess systematic bias in MF-retrieved ΔXCH4. For each level, retrievals were 769 
approximately Gaussian; we used the distribution mean as the response. We then fitted 770 
response-imposed enhancement using the mismatch between the Beer–Lambert 771 
transmittance–enhancement curve and the MF linear approximation, yielding a back-772 
correction curve. The fit performs well over 100–600 ppb and is applied to reduce 773 
underestimation at high ΔXCH4; see SI for details. 774 
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 776 
Figure S6. Sampling of simulated plumes. We used WRF-LES, configured with local 777 
surface roughness, to simulate a set of methane plumes. The native resolution is 10 m x 778 
10 m, and the fields were down-sampled to the sensor scale. 779 
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 781 
Figure S7. MF retrievals across spectral bands vs the CO2 proxy. (a) CO2-proxy column 782 
enhancement ΔXCH4 relative to background XCH4 = 1930 ppb (XCH4 taken as the upwind 783 
mean). (b–h) MF retrievals using 6 nm sub-windows centered on major CH4 lines. (i) MF 784 
result within 1636-1654 nm after masking the six dominant absorption lines. Overall, 785 
bands h and i maintain high SNR while remaining consistent with the CO2-proxy reference. 786 
 787 



 788 
Figure S8. Emission-rate estimation. (a) Arrows show the 1 h downwind advection 789 
distance from ERA5 100 m winds; the detected target plume is outlined by a rectangle; 790 
transects are indicated by dashed lines; the point source is marked with “x”. (b) Using the 791 
CSF method, emission rates Q are computed from ten transects placed 1000 m downwind 792 
and perpendicular to the plume axis; the mean across transects is taken as the point-793 
source estimate. Note that the plume axis may deviate from the wind direction due to 794 
wind-field uncertainty and downsampling effects. 795 
 796 
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Table S1 Estimated methane emission fluxes from point sources, where Q (CO2 proxy) 798 
denotes the emission flux derived by MethaneSAT using the CO₂ proxy combined with 799 
the DI method, and Q (MF) represents the flux estimated using the MF and CSF methods. 800 

Id Datetime Loc Q (CO2 proxy) Q (MF) Wind 

Speed 

1 2024-09-05 19:42 UTC 40.03N, 80.32W 1014.26±720.80 kg/h 1021.89±546.82 kg/h 2.14 m/s 

2 2024-09-05 19:42 UTC 39.99N, 80.23W 2173.70±896.65 kg/h 1325.83±602.15 kg/h 2.14 m/s 

3 2024-09-05 19:42 UTC 39.97N, 80.42W 1257.11±866.14 kg/h 1343.16±816.76 kg/h 2.12 m/s 

4 2024-09-05 19:42 UTC 39.95N, 80.25W 1779.20±1411.14 kg/h 1654.62±1196.48 kg/h 1.98 m/s 

5 2024-09-05 19:42 UTC 39.96N, 80.61W 1335.20±968.96 kg/h 2264.28±1070.39 kg/h 2.12 m/s 

6 2024-09-05 19:42 UTC 39.85N, 80.40W  1543.88±924.77 kg/h 2.12 m/s 

7 2024-09-05 19:42 UTC 39.86N, 80.33W  2417.28±1052.80 kg/h 1.98 m/s 

8 2024-09-05 19:42 UTC 39.84N, 80.27W 4758.41±2404.78 kg/h 3865.33±1844.72 kg/h 2.12 m/s 

9 2024-09-05 19:42 UTC 39.81N, 80.52W 1968.47±722.70 kg/h 2080.88±1170.55 kg/h 2.12 m/s 

10 2024-09-05 19:42 UTC 39.73N, 80.50W 788.68±501.98 kg/h 1144.57±556.04 kg/h 1.96 m/s 

11 2024-09-05 19:42 UTC 39.64N, 80.42W 7062.17±3502.88 kg/h 3573.60±1992.12 kg/h 1.96 m/s 

12 2024-09-05 19:42 UTC 39.49N, 80.54W 3367.00±1796.72 kg/h 2844.29±1748.84 kg/h 1.56 m/s 

13 2024-09-24 10:53 UTC 26.15N, 49.87E 12196.77±4597.03 kg/h 11315.92±5325.14 kg/h 6.56 m/s 

14 2025-01-17 21:24 UTC 40.20N,109.42W 1821.66±1239.08 kg/h 1847.25±1007.68 kg/h 1.64 m/s 

15 2024-09-11 20:30 UTC 32.21N,103.24W 5896.65±2933.04 kg/h 6200.73±3095.17 kg/h 4.93 m/s 

16 2024-09-11 20:30 UTC 32.33N,101.84W 8867.39±2573.30 kg/h 6986.875±4418.97 kg/h 2.78 m/s  

17 2024-09-11 20:30 UTC 32.22N,101.70W 15832±4221 kg/h 17606.69±9585.302 kg/h 2.78 m/s 

 801 


