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Abstract

High-resolution imaging spectroscopy has enabled the detection and quantification of
methane emissions from individual facilities, providing valuable information for identify-
ing large emission sources and evaluating emission inventories. This review synthesizes
research on broad-spectrum imaging spectrometers through an end-to-end framework
linking spectral characterization, methane enhancement retrieval, plume segmentation
and emission-rate estimation. We first review atmospheric radiative transfer and spectral
characterization, followed by methane enhancement retrieval methods, including IMAP-
DOAS, matched filters, and their variants. We then discuss the identification of methane
plumes, with particular attention to false-positive suppression and recent developments
in automated plume segmentation. Emission-rate estimation methods, including Gaus-
sian plume inversion, cross-sectional flux, integrated mass enhancement, and machine
learning approaches, are compared in terms of their underlying assumptions and sources
of uncertainty. We also examine the probability of detection and emission persistence,
which are essential for interpreting nondetections and estimating emissions from repeated
observations. Applications across oil and gas infrastructure, coal mines, landfills, offshore
facilities, and accidental releases demonstrate the capability of imaging spectroscopy to
identify major emission sources and reveal their spatial and temporal variability. Continued
advances in spectral calibration, methane enhancement retrieval, automated plume identi-
fication, and emission-rate estimation, together with coordinated multisensor observations,
will further improve the accuracy, consistency, and temporal coverage of facility-scale
methane monitoring.

Keywords: methane; imaging spectroscopy; point-source emissions

1. Introduction
Methane (CH4) is the second-largest contributor to anthropogenic greenhouse-gas

radiative forcing after carbon dioxide (CO2). Its strong radiative effect and relatively short
atmospheric lifetime make emission reductions particularly crucial for limiting near-term
warming [1–3]. Yet atmospheric methane continues an unrelenting upward trajectory,
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with the World Meteorological Organization reporting a globally averaged surface mole
fraction of 1948 ppb in 2025, approximately 167% above pre-industrial levels [4]. This
sustained rise unfolds against a complex background of natural and anthropogenic sources
whose spatial and temporal distributions vary dramatically. Wetlands and inland waters
drive broadly distributed natural emissions modulated by temperature and moisture
cycles, whereas anthropogenic fluxes span everything from dispersed agricultural activities
and waste management to highly concentrated point sources in fossil-fuel extraction and
transport infrastructure. These industrial releases can be sustained operational leaks or
intermittent, high-rate venting and equipment malfunctions, creating a heterogeneous
landscape of sources that demands diverse observational strategies [5–8].

To untangle this heterogeneity, monitoring frameworks have evolved across comple-
mentary spatial and temporal scales. Regional atmospheric observations and large-scale
flux inversions constrain continental and national budgets, but resolving individual emit-
ters requires high-resolution imaging spectroscopy and targeted facility-scale measure-
ments [9–11]. Such data can provide an independent evaluation of emission inventories,
which are typically estimated using reported activity data and emission factors [12]. Air-
borne surveys have underscored the heavy-tailed distribution of point-source emissions
across oil, gas, and industrial infrastructure, revealing that a small fraction of facilities
contributes disproportionately to total regional output [5–7]. Frequent observations to
determine whether these super-emitters are persistent or intermittent are essential for devel-
oping accurate emission inventories and implementing targeted mitigation measures [13].

Satellite remote sensing of methane relies on measurements of solar radiation reflected
by the Earth’s surface and modified by atmospheric absorption. Imaging spectrometers
record this radiation in hundreds of contiguous spectral channels, allowing methane
abundance to be retrieved from its absorption features in the shortwave infrared (SWIR),
particularly near 1650 and 2300 nm. Early satellite missions, including SCIAMACHY,
GOSAT, and TROPOMI, established accurate methane column measurements for regional
and global emission monitoring [9,14–16]. Among these instruments, TROPOMI com-
bines a high spectral resolution of approximately 0.25 nm in the SWIR with a 2600-km
swath, enabling daily global coverage. However, its relatively coarse spatial resolution of
7 × 5.5 km2 limits the detection and attribution of individual methane plumes [17]. Figure 1
compares methane plumes observed by instruments with different spatial resolutions.

1850 20001925

XCH4 (ppb)

TROPOMI (7×5.5 km2)
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EnMAP (30×30 m2)
2023-09-23

XCH4 (ppm⋅m)Δ

Figure 1. Comparison of regional methane observations from TROPOMI on 26 June 2023 and facility-
scale methane plume observations from EnMAP on 23 September 2023 near 45.3324◦N, 52.3730◦E in
Kazakhstan. TROPOMI shows column-averaged methane concentrations, whereas EnMAP shows
methane enhancements relative to the local background. The observations illustrate the different
spatial scales resolved by the two instruments and were not acquired simultaneously.
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Recent advances in imaging spectroscopy have enabled methane plumes to be mapped
at much finer spatial scales [5,10]. High-resolution methane imaging instruments can be
broadly divided into two categories according to their spectral coverage. The first com-
prises broad-spectrum imaging spectrometers that sample a wide spectral range, typically
from approximately 400 to 2500 nm. These instruments generally have spectral sampling
intervals of the order of 5–10 nm, but offer spatial resolutions of tens of metres from space
and as fine as a few metres from airborne platforms. In terms of imaging geometry, imag-
ing spectrometers commonly employ either whiskbroom or pushbroom scanning. Most
contemporary spaceborne imaging spectrometers adopt pushbroom designs, which acquire
an entire across-track line simultaneously and build a three-dimensional hyperspectral
data cube through successive acquisitions along the satellite’s flight path, as illustrated
in Figure 2. This design allows longer detector integration times and avoids mechanical
cross-track scanning, improving signal-to-noise performance and instrument stability [18].
Representative spaceborne instruments include PRISMA [19], EnMAP [20], EMIT [21],
GF-5A/B AHSI [22], and ZY-1E/F AHSI [23]. The Tanager satellites, developed by Planet
Labs in collaboration with the nonprofit Carbon Mapper initiative, also belong to this
category [24]. Methane retrievals from these instruments typically exploit the absorption
features near 2300 nm. Although their spectral resolution is substantially coarser than that
of dedicated atmospheric composition sensors, their finer spatial sampling reduces the
dilution of localized plumes within individual pixels, allowing methane enhancements to
produce detectable changes in the measured radiances.

Prism
L1: Collecting lens
L2: Collimator

L3: Re-imaging lens
L1

L2

L3

Slit

Push-broom

Figure 2. Schematic illustration of a pushbroom imaging spectrometer and the acquisition of a
hyperspectral data cube. A cross-track line is imaged through the optical system and spectrally dis-
persed onto a two-dimensional detector array. As the satellite moves along its flight path, successive
acquisitions are combined to form a three-dimensional data cube containing two spatial dimensions
and one spectral dimension.

The second category comprises methane-focused imaging spectrometers that measure
a narrower spectral window around the 1650-nm methane absorption band, typically with
sub-nanometre spectral resolution. Examples include the GHGSat constellation [25,26]
and MethaneSAT, developed by the Environmental Defense Fund [27]. GHGSat employs
targeted staring observations to obtain methane measurements at approximately 25-m
spatial resolution over relatively small scenes [25]. Its observations are primarily tasked
over selected sites for industrial, governmental, and other monitoring applications. Unlike
data from conventional open-access satellite missions, GHGSat data are not unrestrictedly
available, although approved research access is provided through dedicated programmes.
MethaneSAT, in contrast, was designed for basin-scale methane monitoring, combining a
200-km swath with 100 × 400 m2 spatial sampling and high-precision methane measure-
ments. Its instrument had a spectral resolution of 0.25 nm and a spectral sampling interval
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of 0.08 nm in the methane absorption window. The MethaneSAT mission operated from
March 2024 until June 2025 [27].

In addition to these imaging spectrometers, multispectral missions such as Sentinel-2,
Landsat, and WorldView-3 have demonstrated the capability to detect and quantify strong
methane plumes using their SWIR bands [28–32]. These instruments provide additional
opportunities for methane monitoring through their spatial resolution, revisit frequency,
and existing image archives.

This review specifically focuses on methane point-source detection and quantification
using broad-spectrum imaging spectrometers. By combining high spatial resolution with
contiguous SWIR spectral coverage, these instruments enable the mapping of localized
methane plumes and the attribution of concentration enhancements to individual facilities.
Translating these radiance measurements into reliable emission estimates involves spectral
characterization, methane enhancement retrieval, plume segmentation, and emission-rate
estimation, as illustrated in Figure 3. By reviewing these processing stages, we identify and
discuss the key challenges to reliable methane point-source monitoring.
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Figure 3. Schematic overview of the four main processing stages for methane point-source detection
and quantification using imaging spectroscopy. (a) Spectral characterization determines the instru-
ment spectral response functions. (b) Enhancement retrieval derives spatial distributions of methane
concentration enhancements from measured radiances. (c) Plume segmentation identifies methane
plume pixels and delineates plume boundaries. (d) Emission estimation converts the retrieved
plume enhancements into source emission rates using wind information and quantitative estimation
methods, with the integrated mass enhancement (IME) method shown as an example.

2. Atmospheric Radiative Transfer
Imaging spectrometers detect methane through its wavelength-dependent absorption

of sunlight reflected by the Earth’s surface. Although atmospheric radiative transfer
involves both absorption and scattering, scattering is often neglected in simplified SWIR
radiative transfer calculations, where Rayleigh scattering is relatively weak. Assuming a
plane-parallel atmosphere and a Lambertian surface, the top-of-atmosphere (TOA) spectral
radiance can be approximated as

LTOA(λ) ≃
E0(λ) ρ(λ) cos θs

π

× exp

[
−(sec θs + sec θv)∑

g
∑

l
Ng,l σg(λ; pl , Tl)

]
,

(1)

where E0 is the extraterrestrial solar spectral irradiance, ρ is the surface reflectance, and θs

and θv are the solar and viewing zenith angles, respectively. The terms Ng,l and σg denote
the vertical column amount and absorption cross-section of gas g in atmospheric layer l,
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respectively. The absorption cross-section depends on the pressure pl and temperature Tl of
each atmospheric layer. This expression combines surface reflection with the Beer–Lambert
description of absorption along the downward and upward atmospheric paths.

For broad-spectrum imaging spectrometers, methane retrievals primarily exploit the
structured absorption features near 2300 nm. In this spectral region, CH4 absorption fea-
tures overlap with those of other atmospheric constituents, particularly H2O and N2O,
as illustrated in Figure 4. A local enhancement in methane concentration increases the
atmospheric optical depth, thereby reducing the measured radiance at methane-sensitive
wavelengths relative to the surrounding background. Radiative transfer models, such
as libRadtran, can be used to simulate high-spectral-resolution top-of-atmosphere (TOA)
radiance spectra for different methane column abundances. For a given imaging spec-
trometer, the radiance measured in each spectral channel is obtained by integrating the
high-resolution TOA spectrum over the instrument’s spectral response function (SRF):

Lb =
∫

Rb(λ) LTOA(λ)dλ,
∫

Rb(λ)dλ = 1, (2)

where Rb is the normalized SRF of spectral channel b. The SRF is commonly approximated
by a Gaussian function characterized by its center wavelength (CWL) and full width at half
maximum (FWHM). These parameters determine how atmospheric absorption features are
sampled and represented in the measured spectra.

Figure 5 illustrates the simulated TOA radiance spectra for two column-averaged
methane abundances (1.8 and 2.8 ppm), obtained using libRadtran and convolved with
Gaussian SRFs constructed from the nominal CWLs and FWHMs of PRISMA [33].

Figure 4. Vertical one-way atmospheric transmittance spectra of H2O, CO2, CH4, and N2O across
1200–2500 nm. The shaded gray areas represent the methane retrieval windows commonly used.
The spectra were calculated using the HITRAN Application Programming Interface (HAPI) and
the HITRAN spectroscopic database under atmospheric conditions defined by the US Standard
Atmosphere 1976 (US76), with a spectral sampling interval of 0.01 cm−1 [34,35]. For visualization,
the transmittance spectra were smoothed using a 40-point moving average.
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Figure 5. Simulated TOA radiance spectra for column-averaged methane abundances of 1.8 and
2.8 ppm, convolved with the nominal spectral responses of PRISMA. The simulations were per-
formed using libRadtran with a solar zenith angle of 30◦, nadir viewing, and a surface albedo of 0.3.
Atmospheric profiles for other gases were taken from the US 1976 Standard Atmosphere.

3. Spectral Characterization
Although the nominal center wavelengths (CWLs) and full widths at half maximum

(FWHMs) are typically determined through pre-launch laboratory calibration, these param-
eters may differ from their actual values during in-orbit observations. Spectral smile can
cause systematic variations in CWL across the field of view, while variations in spectral
bandwidth and instrumental drift may further affect the spectral response. Such deviations
can lead to discrepancies between the observed absorption features and those simulated
using nominal spectral parameters [36,37].

Pixel-wise algorithms such as Iterative maximum a posteriori differential optical
absorption spectroscopy (IMAP-DOAS) incorporate wavelength shifts into the state vector
and estimate them during the optimization process. In contrast, spectral calibration prior to
methane retrieval is often omitted in applications of column-wise algorithms. Pei et al. [38]
evaluated the impact of CWL and FWHM errors on column-wise methane retrievals. Their
quantitative assessment showed that methane emission estimates could be systematically
underestimated by up to 37% under severe combined CWL and FWHM miscalibration.

In-orbit spectral calibration of imaging spectrometers can be broadly classified into
two approaches, namely onboard calibration and scene-based calibration. The former relies
on onboard calibration systems, which typically include internal spectral reference sources
and diffusers [39]. However, some imaging spectrometers are not equipped with dedicated
onboard calibration systems due to constraints on instrument cost and simple design [40].
Scene-based approaches provide an alternative means of evaluating and characterizing the
spectral performance of different instruments.

Scene-based spectral characterization has been widely adopted due to its low hardware
requirements and cost-effectiveness, making it an important complementary approach for
calibration and validation. These methods use Earth-reflected solar radiation and exploit
atmospheric absorption features in selected spectral windows as references. By fitting
radiative transfer simulations to observed spectra, scene-based spectral characterization
can estimate deviations in the CWLs and FWHMs of individual spectral channels from
their nominal values [37,38].
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4. Methane Enhancement Retrieval
Methane enhancement retrieval translates the spectral effect of additional atmo-

spheric methane into a spatial map of column enhancements, ∆XCH4 , relative to the local
background. Methods used with broad-spectrum imaging spectrometers can be broadly
grouped into pixel-wise methods and column-wise methods [41]. Their primary differences
lie in how they characterize atmospheric absorption and in their computational costs.

4.1. IMAP-DOAS

IMAP-DOAS is a physically based retrieval method that estimates atmospheric gas
abundances by fitting simulated spectra to individual pixel observations [42–44]. The for-
ward model uses the Beer–Lambert law to describe atmospheric absorption and a low-order
polynomial to represent slowly varying spectral features associated with surface reflectance
and atmospheric scattering. The high-resolution TOA radiance can be expressed as

Fh(x, λ) = I0(λ) exp

(
−A

G

∑
g=1

sg

L

∑
l=1

τg,l(λ)

)
K

∑
k=0

akPk(λ), (3)

where I0(λ) is the solar irradiance spectrum, A is the geometric air mass factor, and sg is the
scaling factor applied to gas g. The term τg,l represents the vertical optical depth of gas g in
atmospheric layer l, calculated from atmospheric profiles and molecular spectroscopic data.
The terms Pk and ak denote the polynomial basis functions and their corresponding coeffi-
cients, respectively. The state vector x consists of the gas scaling factors and polynomial
coefficients, with wavelength shifts optionally included to account for spectral calibration
uncertainties. For methane retrievals, CH4, H2O, and N2O are commonly included in the
forward model.

The high-resolution radiance is subsequently convolved with the instrument SRF to
obtain the simulated radiance spectrum F(x). The optimal state vector is estimated by min-
imizing a cost function that combines the spectral fitting residuals with prior constraints:

x̂ = arg min
x

[(
y − F(x)

)TS−1
ϵ

(
y − F(x)

)
+
(
x − xa

)TS−1
a
(

x − xa
)]

, (4)

where arg minx denotes the value of the state vector x that minimizes the expression in
brackets, y is the observed radiance spectrum, xa is the prior state vector, and Sϵ and Sa are
the observation and prior error covariance matrices, respectively.

By explicitly modeling atmospheric absorption and fitting each pixel independently,
IMAP-DOAS is less dependent on the availability of spectrally similar background pixels
than scene-statistical methods. However, its accuracy is affected by uncertainties in atmo-
spheric conditions, surface reflectance, and spectral calibration. The iterative optimization
also requires repeated forward-model evaluations, resulting in substantially higher com-
putational costs than column-wise retrieval methods [41,45]. Since IMAP-DOAS retrieves
methane column abundances, the local background must subsequently be subtracted to
derive the methane enhancements associated with point-source plumes.

4.2. Matched Filter and Its Variants

Unlike IMAP-DOAS, the matched filter (MF) does not require full atmospheric radia-
tive transfer simulations for each pixel, making it particularly advantageous for the rapid
processing of large imaging spectroscopy datasets [5,46]. Conventional MF assumes that
plume-free radiance spectra follow a multivariate Gaussian distribution characterized by a
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mean spectrum µ and covariance matrix Σ. Under a first-order approximation of methane
absorption, the enhancement α ≡ ∆XCH4 is estimated as

α̂MF =
tTΣ−1(µ − y)

tTΣ−1t
, t = µ ⊙ k, (5)

where y is the observed radiance spectrum, k is the effective unit methane absorption
spectrum, and ⊙ denotes elementwise multiplication. The background statistics are com-
monly estimated from neighboring pixels, often separately for each detector column to
accommodate cross-track radiometric differences.

The computational efficiency of MF has supported widespread application to airborne
and spaceborne methane observations. Nevertheless, its accuracy depends on the valid-
ity of the linear absorption approximation and the representativeness of the background
spectra. Strong methane enhancements may be underestimated, while heterogeneous
surfaces, aerosols, and instrumental artifacts can produce signals resembling methane
absorption [47,48]. Several variants have been developed to address these issues. MAG1C
introduces sparsity-based iterative optimization to reduce background clutter [49]. MF-
Combo exploits complementary spectral information from different spectral windows to
suppress false methane enhancements [50]. Aerosol-calibrated MF accounts for aerosol-
related effects on methane retrievals [51]. The multi-level matched filter was proposed to
better distinguish background pixels from plume pixels, thereby reducing noise interfer-
ence and mitigating the underestimation of strong methane enhancements [52]. Sparse
spectral reconstruction has also been developed to improve retrieval performance over
heterogeneous surfaces [53]. These methods address different sources of retrieval errors
and contribute to more reliable methane enhancement mapping.

4.3. Lognormal Matched Filter and Its Variants

The lognormal matched filter (LMF) provides an alternative statistical formulation by
assuming that background radiance follows a multivariate lognormal distribution, meaning
that the logarithm of radiance follows a multivariate Gaussian distribution [54]. Under this
assumption, the methane enhancement α is estimated as

α̂LMF =
kTΣ−1

ln (µln − ln y)

kTΣ−1
ln k

, (6)

where µln and Σln are the mean and covariance of the log-transformed background spec-
tra. In contrast to conventional MF, LMF does not require a first-order expansion of the
assumed multiplicative methane absorption model. However, finite spectral resolution,
imperfect background representation, and errors in the absorption spectrum remain sources
of uncertainty.

To further reduce biases arising from plume contamination of background statistics,
Pei et al. [48] proposed the iterative lognormal matched filter (ILMF). It progressively
identifies methane-enhanced pixels and refines the background distribution, improving
retrieval robustness when the initial background sample includes plume pixels. Together,
MF, LMF, and their variants demonstrate a progression from computationally efficient
spectral detection toward more reliable quantitative enhancement mapping. Nevertheless,
retrieval artifacts may persist even in well-calibrated observations, motivating the plume
identification and segmentation methods discussed in the following section.

https://doi.org/10.3390/rs18213830

https://doi.org/10.3390/rs18213830


Remote Sens. 2026, 18, 3830 9 of 23

5. Plume Segmentation
Methane enhancement maps derived from imaging spectrometers may contain both

real methane plumes and false retrieval signals. Before estimating emission rates, false
detections need to be excluded and the pixels belonging to each methane plume need to be
identified. This section reviews methods for suppressing false methane enhancements and
identifying plume pixels from satellite observations.

5.1. False Positive Suppression

False methane enhancements occur when retrieval algorithms report methane en-
hancements in pixels where no actual methane enhancement is present. One major cause is
the absorption of certain surface materials, such as carbonate minerals and plastics, whose
spectral features partially overlap with those of methane. At the relatively coarse spectral
resolution of broad-spectrum imaging spectrometers, these surface absorption features may
be incorrectly interpreted as methane absorption. False enhancements can also arise from
abnormal radiance measurements and errors in the estimation of background statistics.
For example, large variations in surface reflectance among pixels within the same detector
column can affect the background statistics used in matched-filter retrievals and produce
false methane enhancements. Instrumental effects, including spectral calibration errors and
sensor noise, may further contribute to these errors [55,56]. Such retrieval errors can lead
to false plume detections and affect subsequent emission-rate estimates.

Several methods have been developed to reduce false methane enhancements.
Roger et al. [50] proposed MF-Combo, which combines methane retrievals from different
spectral windows to reduce false signals caused by surface absorption features. Li et al. [53]
introduced a sparse spectral reconstruction method to reduce false enhancements over het-
erogeneous surfaces. Xiang et al. [56] developed a spectroscopic method to verify candidate
methane plumes by estimating atmospheric transmittance from target and background
spectra. The estimated transmittance is then compared with the expected methane ab-
sorption spectrum to determine whether the detected signal is consistent with methane
absorption. More recently, Bue et al. [55] proposed the Differential Matched Filter (DiffMF),
which uses wavelength derivatives of whitened radiance spectra to distinguish methane
absorption from spectral features that cause false enhancements. Unlike methods that
examine candidate plumes after methane retrieval, DiffMF reduces false enhancement
signals during the retrieval process. Although these methods can reduce false detections,
removing false methane enhancements remains difficult in scenes with heterogeneous
surfaces and strong variations in radiance.

5.2. Plume Identification

Methane plumes have traditionally been identified through manual interpretation
of methane enhancement maps. Analysts examine the shape and spatial distribution of
methane enhancements, the locations of nearby emission facilities, and the wind direc-
tion. High-resolution optical images are also used to determine whether the detected
enhancements follow roads, field boundaries, or other surface features. A strong spatial
correspondence between methane enhancements and surface structures often indicates
retrieval artifacts rather than actual methane plumes [48,56]. Although manual interpre-
tation can identify many false detections, it requires experienced analysts and becomes
increasingly time-consuming when processing large numbers of satellite images. Auto-
mated methods based on concentration thresholds and connected pixels can identify plume
regions, but their performance is sensitive to retrieval noise and the choice of threshold.

In recent years, deep learning methods have been increasingly applied to automated
methane plume detection and segmentation. Joyce et al. [57] developed a deep neu-
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ral network to detect methane plumes and estimate emission rates from PRISMA ob-
servations. Růžička et al. [58] investigated semantic segmentation of methane plumes
using imaging spectroscopy data. Other studies have developed automated plume de-
tection methods using multispectral satellite observations. For example, U-Plume uses
a U-Net architecture for plume segmentation and emission quantification [59], while
CH4Net was developed to identify methane super-emitters from Sentinel-2 imagery [60].
Rouet-Leduc and Hulbert [61] trained a vision transformer using synthetic methane
plumes added to real Sentinel-2 images. Synthetic plume data can help address the limited
number of labeled methane observations available for training. However, differences be-
tween synthetic and real plumes, together with variations in surface reflectance and sensor
characteristics, can affect model performance when applied to new observations.

Recently, Batchu et al. [62] introduced the Methane Analysis and Plume Localization
with EMIT (MAPL-EMIT) model, which uses the full EMIT radiance spectrum as input
to a vision transformer. Instead of identifying plumes from previously retrieved methane
enhancement maps, MAPL-EMIT combines spectral and spatial information to retrieve
methane enhancements, segment methane plumes, and estimate source locations directly
from hyperspectral radiance observations. This approach allows methane retrieval and
plume identification to be performed within a single deep learning model. Nevertheless,
detecting weak methane plumes, reducing false positives, and applying trained models
to data from different imaging spectrometers remain important challenges. Accurate
identification of plume pixels is particularly important for emission-rate estimation, since
errors in plume boundaries directly affect the estimated plume mass and spatial extent.

6. Emission Estimation
After methane enhancement retrieval and plume segmentation, the emission rate of

a point source can be estimated from the observed plume and wind information. Most
established methods relate the methane column enhancement to atmospheric transport
under approximately steady emission and wind conditions. They differ mainly in how the
plume is represented and how the observed enhancements are used to estimate the source
rate Q [63–65]. In the following equations, ∆Ω denotes the background-subtracted methane
column enhancement expressed as mass per unit area (kg m−2), converted from ∆XCH4 .

6.1. Gaussian Plume Inversion

Gaussian plume inversion estimates the emission rate by fitting an atmospheric dis-
persion model to the observed methane enhancement map. For a continuously emitting
point source under steady wind conditions, the vertically integrated Gaussian plume can
be expressed as

∆Ω(x, y) =
Q√

2π U σy(x)
exp

[
− y2

2σ2
y (x)

]
, x > 0, (7)

where x and y are the downwind and crosswind distances from the source, U is the wind
speed representative of plume transport, and σy(x) describes the crosswind dispersion of
the plume. The crosswind dispersion generally increases with downwind distance due
to atmospheric turbulence. The emission rate is obtained by minimizing the difference
between the modeled and observed column enhancements. Depending on the implementa-
tion, the dispersion parameters, plume direction, and background concentration may also
be included in the fitting process [63,65].

Gaussian plume inversion is relatively straightforward when the observed plume
has a well-defined shape and approximately follows a Gaussian distribution. However,
at fine spatial scales, methane plumes often exhibit irregular structures due to turbulent
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transport and may deviate substantially from the assumed Gaussian distribution. Changes
in wind direction and emission rate during plume transport can also cause differences
between the observed plume and the fitted model. Furthermore, the estimated emission
rate depends strongly on the assumed wind speed and dispersion parameters, which may
introduce additional uncertainties when the local meteorological conditions are not well
characterized [63,64].

6.2. Cross-Sectional Flux and Its Light Implementation

The cross-sectional flux (CSF) method estimates emission rates based on mass conser-
vation by integrating methane column enhancements across the plume. Assuming steady
emission and wind conditions, the emission rate can be expressed as

Q = U
∫ y2

y1

∆Ω(x, y)dy, (8)

where U is the wind speed perpendicular to the cross-section, and [y1, y2] defines the
integration interval across the plume. In practice, multiple cross-sections are selected at
different downwind distances. For each cross-section, the integrated column enhancement,
also referred to as line density, can be obtained by directly integrating the observed en-
hancements or fitting a Gaussian function to the crosswind distribution. The corresponding
line densities are then converted to fluxes using wind information. For methane, which can
be considered chemically inert over the plume transport timescale, the emission rate can be
estimated by averaging or fitting the fluxes obtained from multiple cross-sections [63,65].
Using multiple cross-sections helps reduce the influence of measurement noise and local
variations in the plume. However, the results remain sensitive to the selected cross-sections,
background subtraction, and wind speed.

The light cross-sectional flux (LCSF) method is a simplified implementation originally
developed for estimating CO2 emissions from OCO-2 observations [65]. Unlike CSF, which
calculates fluxes at multiple downwind distances, LCSF uses a single sampling region
constructed from the source location and wind direction. The sampling region extends
downwind from the source and covers a specified width in the crosswind direction. The ob-
servations within this region are fitted with a Gaussian function in the crosswind direction,
optionally including a linear background term. The integrated Gaussian function provides
the line density, which is multiplied by the wind speed to estimate the emission rate. This
approach avoids the need to identify multiple plume cross-sections and fit the variation in
flux along the plume. It is particularly useful for observations with limited spatial coverage,
such as those from narrow-swath satellite instruments. However, its accuracy depends
on the assumed wind direction, the selection of the sampling region, and how well the
Gaussian function represents the observed crosswind distribution.

6.3. Integrated Mass Enhancement and Its Light Implementation

The integrated mass enhancement (IME) method estimates the source rate from the
total excess methane mass in the plume and an effective residence time [5,63]. The plume
mass and corresponding emission rate are expressed as

IME = ∑
i∈P

∆Ωi Ai, Q =
Ueff

L
IME, (9)

where P is the set of plume pixels, Ai is the area of pixel i, L is a characteristic plume
length, and Ueff is an effective wind speed accounting for plume transport and dispersion.
In the widely used formulation of Varon et al. [63], L is defined from the plume area as
L =

√
Aplume. Other implementations use the observed along-plume integration length,
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together with a corresponding definition of wind speed [65]. These choices must be kept
consistent when converting plume mass into an emission rate.

IME does not require the plume to follow a Gaussian shape and is therefore widely
used for individual methane plumes observed by airborne and spaceborne imaging spec-
trometers. The effective wind speed is commonly estimated from meteorological winds
using relationships calibrated with atmospheric transport simulations [48,63]. Its accuracy
depends on the plume mask, background subtraction, wind speed, and the selected length
scale. In particular, missed plume pixels can underestimate the integrated mass.

More recently, Hakkarainen et al. [66] proposed the linear integrated mass enhance-
ment (LIME) method. Instead of calculating the IME for a single plume length, LIME
evaluates the cumulative methane mass at several downwind distances. For a steady
source and a long-lived gas, the cumulative IME is expected to increase approximately
linearly with distance, so that

IME(x) ≃ Q
U

x, Q = U
d IME(x)

dx
. (10)

The emission rate is derived from the slope of a linear fit to IME(x) at different dis-
tances from the source. LIME therefore uses information from multiple portions of the
plume rather than relying on a single integration length. However, it still requires a repre-
sentative wind speed, reliable background subtraction, and sufficient plume coverage [66].

6.4. Machine Learning-Based Emission-Rate Estimation

Machine learning provides another approach to estimating methane emission rates
from plume observations. Instead of applying an analytical transport equation to each
observed plume, a regression model learns the relationship between plume characteristics
and source rates from training data. The general form can be written as

Q̂ML = fθ(∆Ω, w), (11)

where fθ is a trained model, ∆Ω represents the two-dimensional methane enhancement
image, and w denotes optional meteorological inputs, including wind speed. The model
parameters θ are learned from plume images with known emission rates, which are often
generated using large-eddy simulations and combined with realistic measurement noise.

Jongaramrungruang et al. [67] developed MethaNet, a convolutional neural network
that estimates emission rates directly from high-resolution methane plume images with-
out external wind measurements. Its approach uses plume shape and spatial concen-
tration patterns to infer information related to emission rate and atmospheric transport.
Bruno et al. [59] subsequently developed U-Plume, which first identifies plume pixels us-
ing a U-Net and then estimates source rates using either a convolutional neural network or
the IME method with wind information. Joyce et al. [57] also investigated neural-network-
based emission estimation using PRISMA observations. More recently, Plewa et al. [68]
refined the training and evaluation of convolutional-neural-network-based emission esti-
mation to reduce systematic biases in the predicted source rates.

Machine learning can estimate emission rates rapidly once the model has been trained
and can make use of plume shapes that are not well described by simple analytical models.
However, its accuracy depends on the range of emission rates, wind conditions, spatial
resolutions, and noise characteristics represented in the training data.

6.5. Probability of Detection and Multisensor Persistence

The probability of detection (POD) is an important metric for evaluating the methane
detection capability of imaging spectrometers. Unlike the minimum detection limit (MDL),

https://doi.org/10.3390/rs18213830

https://doi.org/10.3390/rs18213830


Remote Sens. 2026, 18, 3830 13 of 23

which represents a theoretical detection threshold under specified measurement condi-
tions, POD describes the probability of successfully detecting a methane plume at a given
emission rate. POD depends not only on the instrument characteristics, including spatial
resolution and measurement precision, but also on wind speed, surface reflectance, and the
retrieval and plume detection algorithms [69]. Therefore, the lowest emission rate detected
by an instrument does not necessarily represent its detection capability under typical
observation conditions.

POD can be determined empirically through controlled release experiments or coordi-
nated observations with instruments of higher methane detection sensitivity. Ayasse et al. [69]
used coincident observations from GAO and EMIT to characterize the POD of EMIT.
They fitted a statistical model relating detection probability to emission rate, wind speed,
and pixel size using a Burr cumulative distribution function:

P = 1 − (1 + x2)−1.5, x = Φ7
(Q − Φ1)

Φ3

hΦ5(U − Φ2)Φ6
, (12)

where P is the detection probability, Q is the emission rate, U is the wind speed, h is
the pixel size, and Φ denotes the fitted model coefficients. Under favorable observation
conditions and a wind speed of 3 m s−1, the 90% POD for EMIT was approximately
1060 kg h−1. In contrast, the theoretical MDL of 244 kg h−1 corresponded to a POD of
only about 2%, demonstrating the difference between theoretical detection sensitivity and
reliable plume detection.

Simulation-based approaches provide another means of estimating POD when con-
trolled release observations are limited. Roger et al. [70] evaluated the detection capability
of EnMAP and EMIT over offshore areas by incorporating methane plumes generated
from WRF-LES simulations into real satellite radiance images. For each simulated plume,
the emission rate was progressively increased until the plume was detected by a prescribed
detection algorithm. By repeating this procedure for multiple plume realizations and
observation conditions, they estimated emission-rate thresholds corresponding to different
POD levels. Their results showed that POD varies with wind speed and methane retrieval
precision, which is particularly important for offshore observations where reflected solar
radiance depends strongly on the sun-glint geometry.

Beyond evaluating instrument detection capability, POD is also important for estimat-
ing the persistence of methane emissions from repeated observations. Persistence describes
the fraction of observations during which an emission source is active. Traditionally, simple
persistence is calculated as the frequency of detected methane plumes:

f ∗ =
M
N

, (13)

where M is the number of observations with detected methane plumes and N is the total
number of valid observations. However, this approach assumes that the absence of a
detected plume indicates that the source was not emitting. This assumption becomes
problematic when combining observations from instruments with different detection ca-
pabilities. A source may be detected by a more sensitive airborne instrument but remain
undetected by a satellite instrument even when emissions continue.

To address this issue, Ayasse et al. [69] proposed a Bayesian multisensor persistence
method that accounts for the POD of individual instruments when interpreting nondetec-
tions. The method estimates the probability that a source was emitting despite the absence
of a detected plume:
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p(on | ND) =
[1 − PODI(Q, U)] p(on)

[1 − PODI(Q, U)] p(on) + TNRI p(off)
, (14)

where ND denotes a nondetection, PODI is the detection probability of instrument I for
a representative emission rate Q and wind speed U, and TNRI is the true negative rate.
The terms p(on) and p(off) represent the prior probabilities that the source is emitting or not
emitting, respectively. The prior probability can be estimated from previous observations
using either simple persistence or a model that accounts for the temporal correlation of
emission activity.

Under this framework, a nondetection is included in the persistence calculation when
there is sufficient confidence that the source was not emitting. Otherwise, it is treated as
inconclusive and excluded. For example, Ayasse et al. [69] reported a source with a simple
persistence of 75% from previous GAO observations. A subsequent EMIT nondetection
would have reduced this estimate to 60%, although the estimated POD for EMIT under
those conditions was only 1%. The multisensor method therefore retained the original
persistence estimate, consistent with the coincident airborne observation that confirmed
continued emission. By accounting for differences in instrument detection capability,
multisensor persistence methods can provide more reliable estimates of emission frequency
and time-averaged source emission rates [69].

7. Applications and What They Establish
High-resolution imaging spectroscopy has been applied to methane emission moni-

toring across a wide range of industrial activities, including oil and gas production, coal
mining, waste management, and offshore operations. These observations have enabled
the identification of individual emission sources, provided independent measurements
for evaluating emission inventories, and revealed substantial spatial and temporal vari-
ability in methane emissions. This section reviews representative applications and their
main findings.

7.1. Oil and Gas

Oil and gas production and transportation have been major targets of methane remote
sensing studies. Using TROPOMI observations, Zhang et al. [71] estimated methane emis-
sions of 2.7 ± 0.5 Tg yr−1 from oil and gas activities in the Permian Basin, more than twice
the estimates from existing bottom-up inventories. While TROPOMI provides regional
emission estimates, high-resolution imaging spectrometers can identify the individual facil-
ities responsible for large methane releases. Early applications of PRISMA demonstrated
the capability of broad-spectrum imaging spectrometers to detect and quantify methane
plumes from oil and gas facilities at approximately 30-m spatial resolution [19].

Satellite observations over western Turkmenistan provided evidence of large methane
releases associated with oil production infrastructure. Irakulis-Loitxate et al. [72] combined
hyperspectral and multispectral satellite observations to identify 29 methane super-emitters
during 2017–2020, of which 24 were associated with inactive flares venting natural gas.
These findings identified specific facilities where changes in operating practices could
substantially reduce methane emissions.

Repeated observations have also revealed the intermittent nature of oil and gas
methane emissions. Cusworth et al. [73] conducted an airborne imaging spectroscopy
survey of the Permian Basin and identified 1100 individual emission sources observed at
least three times. The average observed persistence was only 26%, indicating that many
large methane sources were not continuously emitting. Sources with persistence greater
than 50% accounted for only 11% of the identified high-emitting infrastructure but con-
tributed 29% of the quantified emissions. The study also found that gathering and boosting
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facilities accounted for a substantial fraction of the detected emissions, demonstrating that
large methane releases are not limited to production wells. Further airborne surveys of natu-
ral gas gathering pipelines identified methane emissions associated with this infrastructure
and provided measurement-based constraints on pipeline emission factors [74]. Together,
these studies demonstrate the importance of facility-level source attribution and repeated
observations for characterizing methane emissions across the oil and gas supply chain.

7.2. Coal Mine Methane

Coal mining is another major source of anthropogenic methane emissions [75].
Methane released during underground mining is commonly transported to the atmo-
sphere through ventilation shafts and gas drainage systems, while surface mining can
produce emissions over more extensive areas. Satellite observations have provided new
constraints on coal mine methane (CMM) emissions, which are often estimated using coal
production data and emission factors.

Using TROPOMI observations, Sadavarte et al. [76] estimated combined emissions of
570 ± 98 Gg yr−1 from six coal mines in Queensland, Australia, during 2018–2019. These
mines accounted for approximately 7% of Australia’s coal production but contributed an
estimated 55 ± 10% of the nationally reported coal mining methane emissions. In China,
Peng et al. [77] used TROPOMI observations and atmospheric inversion to estimate regional
CMM emissions in Shanxi Province, finding substantial differences between satellite-
derived estimates and some bottom-up inventories.

High-resolution imaging spectroscopy enables these regional emissions to be examined
at the facility level. Han et al. [22] used GF-5B AHSI observations to identify 138 methane
plume events associated with 82 emission sources in Shanxi during 2021–2023. The de-
tected sources exhibited a strongly skewed emission distribution, with approximately
20% of emitters contributing 50% of the integrated plume emissions. Their results also
revealed discrepancies between observed point-source emissions and existing coal mine
emission inventories, particularly in northern Shanxi. These findings indicate that facility-
scale measurements can help identify large emitters and improve the spatial allocation of
inventory emissions.

Repeated satellite observations are important for characterizing emissions from coal
mine ventilation systems. Varon et al. [78] combined 14–24 wind-rotated GHGSat observa-
tions to estimate time-averaged methane emission rates from three coal mine ventilation
shafts in the United States, Australia, and China. More recently, Luo et al. [13] ana-
lyzed multitemporal hyperspectral observations from GF-5A/B and ZY-1E/F, identifying
237 methane plume events from 16 sources at 10 underground coal mines. Their analysis
showed substantial temporal variability in source emission rates and demonstrated that re-
peated sampling can reduce uncertainty in annualized emission estimates. For the studied
source population, approximately 20 usable plume observations per year provided an em-
pirical guideline for constraining annual emissions. These studies indicate that single-pass
measurements are useful for identifying large emitters, while repeated observations are
needed to characterize temporal variability and estimate annual emissions.

7.3. Landfills

Landfills are important anthropogenic methane sources because organic waste decom-
poses under anaerobic conditions. Unlike many oil and gas facilities, landfill emissions
can originate from multiple locations within a single site, including active working areas,
landfill covers, and gas collection systems. High-resolution methane observations are
therefore useful for identifying concentrated emission areas and assessing emissions at the
facility level.
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Maasakkers et al. [79] combined TROPOMI and GHGSat observations to investigate
large methane emissions from landfills in Buenos Aires, Delhi, Lahore, and Mumbai.
TROPOMI observations were used to identify regional methane hotspots, while GHGSat
measurements located the responsible landfill facilities. The estimated landfill emission
rates ranged from approximately 3 to 29 t h−1. The study also found that satellite-derived
city-level methane emissions were 1.4–2.6 times higher than commonly used inventory
estimates, with individual landfills contributing substantial fractions of the total emissions.

A larger airborne imaging spectroscopy survey was conducted by Cusworth et al. [80],
who examined hundreds of landfills across 18 states in the United States between 2016 and
2022. Significant methane point-source emissions were detected at 52% of the surveyed
landfills, and many sources were observed repeatedly over periods ranging from weeks to
years. These findings indicate that strong landfill methane emissions are widespread and
can persist over extended periods. They also demonstrate the value of imaging spectroscopy
for identifying facilities where landfill gas collection or cover management may require
improvement. However, emissions measured from individual plumes must be interpreted
carefully when estimating total facility emissions, since landfill methane can also escape
through spatially distributed sources.

7.4. Offshore Oil and Gas

Methane monitoring over offshore oil and gas facilities presents additional chal-
lenges because water has very low reflectance in the shortwave infrared. Consequently,
the radiance received by imaging spectrometers is often insufficient for detecting methane
absorption features. Observations under sun-glint conditions, when sunlight is reflected
toward the sensor by the sea surface, can substantially increase the measured radiance and
enable offshore plume detection.

Ayasse et al. [81] conducted an airborne imaging spectroscopy survey of more than
150 offshore platforms and associated infrastructure in the Gulf of Mexico. Their obser-
vations revealed a highly skewed distribution of methane emissions, with large releases
frequently associated with tanks and vent stacks. The study also found relatively high
emission persistence and methane loss rates among the surveyed shallow-water facilities,
providing direct measurements for a sector with limited observational coverage.

Satellite observations have further demonstrated the potential for monitoring offshore
methane emissions. Irakulis-Loitxate et al. [82] used WorldView-3 and Landsat 8 observa-
tions acquired under favorable illumination conditions to detect a major methane release
from an offshore platform in the Gulf of Mexico. The event lasted approximately 17 days
and was estimated to release 0.04 ± 0.01 Tg of methane. More recently, Roger et al. [70]
evaluated the methane plume detection capability of EnMAP and EMIT over offshore
areas using simulated plumes inserted into real satellite observations. Their study showed
that plume detectability depends strongly on the available radiance, spatial resolution,
and wind speed. These studies demonstrate that offshore methane monitoring is feasible
using optical satellite observations, although its application remains strongly constrained
by illumination geometry and ocean surface conditions.

7.5. Accidental Methane Releases

Accidental releases from oil and gas infrastructure can produce exceptionally large
methane emissions over periods ranging from several days to several months. Satellite
observations are particularly valuable for documenting these events when ground mea-
surements are unavailable or the affected facilities are difficult to access.

The Aliso Canyon natural gas storage well blowout in California during 2015–2016
was among the earliest demonstrations of methane point-source detection from space.
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Thompson et al. [83] detected methane plumes from the event using the EO-1 Hype-
rion imaging spectrometer, demonstrating that satellite imaging spectroscopy could
identify an individual anthropogenic methane source. Independent airborne measure-
ments by Conley et al. [84] estimated that approximately 97,100 t of methane was released
during the event.

Subsequent studies demonstrated the benefits of combining multiple satellite instru-
ments to monitor the evolution of accidental releases. Cusworth et al. [85] combined
observations from several satellite missions to characterize a gas well blowout in the Eagle
Ford region of Texas in 2019, estimating total methane emissions of 4800 ± 980 t during the
approximately 20-day event. More recently, Guanter et al. [86] analyzed a prolonged well
blowout at the Karaturun East oil field in Kazakhstan. Using observations from multiple
satellite instruments, they documented methane emissions over 205 days and estimated a
total release of 131 ± 34 kt from 48 high-quality emission-rate estimates.

These studies demonstrate that satellite observations can provide quantitative informa-
tion on the magnitude and duration of accidental methane releases. However, estimating
the total methane mass released during an event requires more than individual plume
measurements. The timing of the event, changes in emission rate, and periods without
valid observations must also be considered.

7.6. International Methane Monitoring and Mitigation

The growing capability of satellite methane observations has also supported inter-
national efforts to identify and reduce large methane emissions. The United Nations
Environment Programme (UNEP) established the International Methane Emissions Ob-
servatory (IMEO) to improve the availability and use of methane emission data from
different measurement and reporting sources. As part of this initiative, UNEP launched the
Methane Alert and Response System (MARS) at COP27 in 2022 to connect satellite methane
observations with mitigation actions.

MARS combines observations from multiple satellite instruments to detect large
methane emission events and identify their likely sources. Regional methane observations
are used to identify emission hotspots, while higher-resolution satellite measurements can
help locate individual emitting facilities. Following detection and source attribution, IMEO
notifies the relevant governments and operators, who can investigate the emission source
and take corrective actions. Subsequent satellite observations can then be used to assess
whether emissions have continued or decreased. The associated methane observations and
notifications are made available through UNEP’s Eye on Methane platform.

MARS initially focused on methane emissions from the oil and gas sector and ex-
panded its alert capabilities to coal mining and waste management in 2026. This initiative
demonstrates how satellite-based methane monitoring can support practical emission mit-
igation beyond scientific research. However, successful mitigation still depends on the
ability to identify individual sources, communicate the results to responsible operators,
and obtain timely responses. Continued improvements in satellite coverage, plume detec-
tion, source attribution, and repeated observations are therefore important for supporting
international methane emission monitoring and mitigation efforts [87].

8. Conclusions
High-resolution imaging spectroscopy has significantly advanced the detection and

quantification of methane emissions at the facility scale. Broad-spectrum imaging spectrom-
eters, including PRISMA, EnMAP, EMIT, and GF-5 AHSI, provide spatial resolutions of
tens of metres and sufficient spectral information to identify methane absorption features in
the SWIR. These capabilities enable the detection of individual methane plumes and the at-
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tribution of emissions to specific facilities, complementing the regional and global methane
observations provided by conventional atmospheric composition satellites. Applications
across oil and gas infrastructure, coal mines, landfills, offshore facilities, and accidental
releases have revealed the widespread occurrence of large methane emissions, substantial
differences among individual facilities, and strong temporal variability in emission rates.
These observations provide important measurements for evaluating emission inventories
and identifying opportunities for emission mitigation.

Reliable emission quantification depends on the accuracy of each processing stage,
from spectral characterization and methane enhancement retrieval to plume segmentation
and emission-rate estimation. Accurate characterization of instrument spectral responses
and background radiance is essential for reducing systematic biases in methane enhance-
ment retrievals. Improved discrimination between methane absorption and interfering
spectral features from surface materials can further enhance the reliability of plume identifi-
cation, particularly over heterogeneous surfaces. Emission-rate estimation can benefit from
more accurate wind information, plume delineation, and appropriate atmospheric trans-
port models. Machine learning also offers opportunities for automated plume identification
and emission estimation, with independent validation and cross-instrument evaluation
supporting its application across diverse surface and meteorological conditions.

Beyond the accuracy of individual plume measurements, limited temporal sampling
remains a major challenge for estimating annual methane emissions. Many industrial
sources exhibit intermittent emissions, and a single satellite overpass cannot determine
whether a detected emission is persistent or temporary. Furthermore, the absence of a
detected plume does not necessarily indicate that a source is inactive, since detection proba-
bility depends on emission rate, wind speed, surface conditions, and instrument sensitivity.
Reliable estimates of emission persistence and annual emissions therefore require repeated
observations together with an appropriate characterization of the probability of detection.
Combining observations from multiple satellite instruments and airborne platforms can
improve temporal coverage and provide complementary measurements of individual
emission sources.

Future developments should focus on improving the accuracy, consistency, and au-
tomation of methane retrieval and emission quantification across different imaging spec-
trometers. More accurate spectral characterization, improved suppression of false en-
hancements, and better characterization of local wind fields are important for reducing
uncertainties in individual emission estimates. Automated methods should be evaluated
using independent observations and realistic plume simulations to assess their performance
under different environmental conditions. At the same time, coordinated multisensor obser-
vations and repeated measurements are needed to better characterize emission persistence
and support comparisons with annual emission inventories. Initiatives such as the Interna-
tional Methane Emissions Observatory (IMEO) and its Methane Alert and Response System
(MARS) demonstrate how satellite observations can be used to identify large emission
sources and support emission mitigation. Continued progress in these areas will strengthen
the role of imaging spectroscopy in facility-scale methane monitoring and independent
evaluation of anthropogenic methane emissions.
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Abbreviations
The following abbreviations are used in this manuscript:

AHSI Advanced Hyperspectral Imager
CMM Coal mine methane
CSF Cross-sectional flux
CWL Center wavelength
EMIT Earth Surface Mineral Dust Source Investigation
EnMAP Environmental Mapping and Analysis Program
FWHM Full width at half maximum
GAO Global Airborne Observatory
GF Gaofen (Chinese for “high resolution”)
HAPI HITRAN Application Programming Interface
HITRAN High-Resolution Transmission Molecular Absorption Database
ILMF Iterative lognormal matched filter
IMAP-DOAS Iterative maximum a posteriori differential optical absorption spectroscopy
IME Integrated mass enhancement
IMEO International Methane Emissions Observatory
LCSF Light cross-sectional flux
LES Large-eddy simulation
LIME Linear integrated mass enhancement
LMF Lognormal matched filter
MARS Methane Alert and Response System
MDL Minimum detection limit
MF Matched filter
POD Probability of detection
PRISMA PRecursore IperSpettrale della Missione Applicativa
SRF Spectral response function
SWIR Shortwave infrared
TNR True-negative rate
TOA Top of atmosphere
TROPOMI TROPOspheric Monitoring Instrument
UNEP United Nations Environment Programme
WRF-LES Weather Research and Forecasting–Large-Eddy Simulation
ZY Ziyuan (Chinese for “resources”)
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