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Abstract 29 

Methane (CH4) emissions from point sources in the energy sector plays a crucial role in global CH4 30 

budget. Spaceborne imaging spectrometer has shown superior ability for monitoring these emission 31 

events over large spatial coverages and extended timeframes. Presently, the Matched Filter (MF), 32 

which is a data-driven method, is widely employed for satellite-based retrieval of CH4 emission flux 33 

rates. However, traditional MF method faces challenges such as omission of CH4 plumes and 34 

underestimation of CH4 emission flux rate, which may lead to significant uncertainties in the CH4 35 

inventories for the energy industry at global scales. In this study, we propose a new Kalman-Filtering 36 

Matched Filter (KMF) algorithm as the improvement of the MF method, incorporating a linear 37 

combination of MF results in different CH4 absorption channels to reduce the retrieval bias of point-38 

source CH4 enhancement values. We validate this algorithm in two stages. Retrieval accuracy for 39 

the enhancement of column-averaged dry-air mole fraction of CH4 (XCH4) relative to the 40 

background (ΔXCH4) is tested using end-to-end simulation and emission-free scenario analysis. 41 

Additionally, data from hyperspectral satellites including Chinese Gaofen 5B, Ziyuan 1F, Italian 42 

PRISMA, and German EnMAP are used to retrieve CH4 emissions from a ground-based controlled-43 

releasing experiment using our proposed KMF and traditional MF algorithm. We then compare the 44 

retrieval results with ground metered-measurements to evaluate the performance on estimating CH4 45 

emission flux rate of our method. The results from end-to-end simulations show that the KMF 46 

method exhibits a 34.3% higher fitted-line slope and 25.5% lower root mean square error (RMSE) 47 

on ΔXCH4 retrieval compared with MF method. Further analysis in an emission-free scenario 48 

indicates that the retrieval precision with the KMF method can improve by up to 42.2% compared 49 

to the conventional MF method. Comparison from controlled-releasing experiment data reveals the 50 

capability of the KMF method to detect minor CH4 emissions that traditional MF methods fail to 51 

identify. Meanwhile, the KMF-based emission rate quantifications have an R2 of 0.99 and a small 52 

RMSE of 0.18 ton of CH4 per hour, which shows an approximately 62% reduction on RMSE. We 53 

further apply the KMF algorithm to Gaofen 5B and Gaofen 5 data in various regions, including the 54 

Delaware Basin (USA), Libya, Oman, and Shanxi (China) from 2021 to 2023, and focus on 16 55 

plumes identified through case studies, highlighting the KMF algorithm's robust detection 56 

capabilities for CH4 point source emissions in the energy industry.  57 

Key Words 58 
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1. Introduction 60 

Methane (CH4) is the second-most abundant greenhouse gas after carbon dioxide, which has 61 

contributed to about 0.6℃ global warming since preindustrial era (Montzka et al., 2011; Shen et al., 62 

2023). Emissions from energy sector plays pivotal role in global CH4 inventory, constituting 63 

approximately 40% of all anthropogenic CH4 emissions (Kirschke et al., 2013). Specifically, energy-64 

related CH4 emissions predominantly stem from energy-generation activities, including oil 65 

exploitation, natural gas extraction, and coal mining. These emission activities typically manifest as 66 

facility-scale point source emissions, which typically exhibit heavy-tailed distributions (i.e., small 67 



number of super-emitters contribute to a significant portion of the overall CH4 emissions) in key 68 

energy production regions around the world (Brandt et al., 2014; Kort et al., 2014; Lyon et al., 2015). 69 

Consequently, identifying and accurately quantifying emissions from these distinct sources are 70 

essential measures in constructing precise inventories of CH4 for global carbon budget. Furthermore, 71 

these endeavors are instrumental in enabling governments to devise tailored policies aimed at 72 

mitigating the environmental impact of CH4 emissions. 73 

Satellite-based remote sensing provides an efficient approach to identify and quantify energy-74 

production-induced CH4 super-emitters within specific geographic regions (Maasakkers et al., 2022; 75 

Pandey et al., 2019; Thompson et al., 2016; Varon et al., 2020, 2019). The presence of emission 76 

sources can be discerned through the mapping of the enhancement of column-averaged dry-air mole 77 

fraction of CH4 (XCH4) relative to the background (ΔXCH4, measured in parts-per-billion, or ppb). 78 

Typically, there are two primary methodologies to derive the ΔXCH4 map from hyperspectral 79 

radiance observations. The first approach involves full-physics methods, including Differential 80 

Optical Absorption Spectroscopy (DOAS), as discussed by Hönninger et al. (2004). The second 81 

approach utilizes data-driven methods, such as the Matched Filter (MF), as exemplified by Thorpe 82 

et al. (2013). The MF method is widely employed across various satellite data due to its high 83 

computational efficiency. For the MF algorithm, ΔXCH4 values are estimated pixel by pixel using 84 

observed radiance, background mean radiance, radiance covariance, and CH4 absorption spectra. 85 

Typically, the channel with stronger CH4 absorption feature (2100-2500 nm) is mostly used during 86 

the retrieval process (e.g., Irakulis-Loitxate et al., 2021; Thompson et al., 2016; Thorpe et al., 2023). 87 

This algorithm is characterized by its simplicity in operation and relatively high accuracy, making 88 

satellite observations one of the most frequently employed methods for quantifying broad-scale and 89 

large-number CH4 point source emissions. 90 

Nevertheless, the traditional MF algorithm grapples with two prominent challenges. Primarily, 91 

it confronts challenges associated with false negatives, wherein it may exhibit limitations in 92 

detecting plume signals that are expected to be present, as observed using diverse satellite data. 93 

Controlled-release experiments in Wyoming, U.S. conducted by Thorpe et al. (2016) for the next-94 

generation Airborne Visible/Infrared Imaging Spectrometer (AVIRIS-NG), an airborne 95 

hyperspectral remote sensing instrument, demonstrated an increased rate of non-retrievals 96 

corresponding to reduced emission rates using the MF retrieval strategy. For AVIRIS-NG, the false-97 

negative rate can reach as high as 28%. In space-borne observations, the plume signal loss rate for 98 

MF retrieval results is approximately 29% (Sherwin et al., 2023a). The signal omission can be 99 

attributed to two scenarios: plume signal confusion and lost. Firstly, when the noise in retrieval 100 

results is significant, the plume signal is confounded with the background noise, making it 101 

challenging to extract the plume from background. Secondly, high values of ΔXCH4 around emitters 102 

cannot be successfully retrieved, which shows as false negative in a scene. To solve this problem, 103 



Roger et al. (2023) suggests that incorporating information from a broader spectral range (1000-104 

2500 nm) in the inversion process can substantially mitigate background ΔXCH4 while maintaining 105 

signal strength within plume regions, providing theoretical underpinning for future advancements. 106 

 Furthermore, the retrieval accuracy of MF method is affected by several factors such as surface 107 

properties, non-CH4 atmospheric compositions, etc. Ayasse et al. (2023) validates the performance 108 

of MF and DOAS methods on quantifying CH4 emission rate using airborne hyperspectral data. 109 

Their work illustrates an overall underestimation on emission rate for MF method when compared 110 

with ground-based measurements from 2021 and 2022 controlled release experiments. Meanwhile, 111 

their results also indicate that pixel-wise DOAS inversion achieves higher accuracy in quantifying 112 

emission rates. However, the DOAS algorithm still encounters some limitations in practical 113 

applications. Due to the inclusion of a greater number of atmospheric state parameters and the 114 

iterative estimation based on forward models, the algorithm becomes time-consuming, exhibiting 115 

lower computational efficiency. This may hinder its applicability in the inversion of emissions from 116 

numerous point sources. As a trade-off of retrieval accuracy and efficiency, Pei et al. (2023) 117 

proposes an iterative MF method to improve the performance of traditional MF method. Their 118 

proposed algorithm is able to provide more accurate ΔXCH4 estimates by progressively excluding 119 

outlier values and refining the estimation of background mean and covariance.  120 

In this study, our objective is to propose a novel approach named Kalman filtering MF (KMF) 121 

to solve the issues of plume omission and emission rate underestimation simultaneously. The basic 122 

idea is to linearly integrate multi-bands retrieval results obtained from the MF method applied to 123 

different spectral channels and derive an optimized estimation on ΔXCH4 values. This 124 

amalgamation of results leverages multiple CH4 absorption features, with the goal of minimizing 125 

inversion errors and elevating the precision of CH4 emissions retrieval. The validity of this 126 

innovative approach is assessed through comprehensive end-to-end simulation trials, observational 127 

data of metered-true CH4 emission rates from controlled CH4 releases experiment in 2021 and 2022, 128 

and non-emission scene tests. The results reveal that our proposed KMF method shows superior 129 

accuracy and precision for ΔXCH4 retrieval. Finally, we apply this approach to various scenarios 130 

involving significant emitters situated in the Delaware Basin (the United States), Libya, Oman, and 131 

Shanxi (China), demonstrating its potential for CH4 point source emission quantification on a larger 132 

scale. 133 

2 Methods and Materials 134 

2.1 Ground controlled-release experiment 135 

Two ground-based controlled-release experiments are conducted by Stanford in 2021 and 2022, 136 

respectively, providing metered measurements of wind speed and emission rates with high accuracy 137 

(Sherwin et al., 2023a; Sherwin et al., 2023b). These experiments provide two datasets. One is the 138 



time series of high-precision CH4 flux rates at the ground level. The experiment dates span from 139 

October 16th to November 3rd in 2021 and October 10th to November 30th in 2022. The other is the 140 

dataset of 10-meter wind speeds and directions above the ground. Both datasets have a temporal 141 

resolution of one second. The experiment provides references on CH4 emission flux rates. Accuracy 142 

of inversion methods can be evaluated by comparing the retrieved emission rate against reference 143 

values.  144 

In this study, hyperspectral radiance data from multiple satellite sensors are obtained for plume 145 

retrieval during the experiment. Table 1 exhibits the detailed technical properties of data derived 146 

from four satellite instruments (GF5B, ZY1F, PRISMA, and EnMAP). Figure 1 exhibits spatial 147 

coverages of data applied in this study. Locations of the sources in two controlled-releasing 148 

experiments is pinpointed.  149 

Table 1. Technical parameters of four satellite sensors and data used in this study. 150 

Satellite sensors 
Swath 

(km) 

Spatial 

resolution 

(m) 

Spectral 

resolution (nm) 

Visiting 

time 

(UTC) 

Data 

counts 
Reference 

Gaofen 5-02B (GF5B) AHSI 60 30 8.5 2022-11-

15 18:21 

1 Irakulis-

Loitxate et 

al., 2021 

Ziyuan 1F (ZY1F) AHSI 60 30 16.8 2022-10-

26 18:23 

1 Song et 

al., 2022 

PRecursore IperSpettrale della 

Missione Applicativa 

(PRISMA) 

30 30 7.8-17.9 

(wavelength-

dependent) 

2021-10-

16 18:10 

6 Cogliati et 

al., 2021 

2021-10-

21 18:10 

2021-10-

27 18:16 

2022-10-

27 18:23 

2022-11-

07 18:13 

2022-11-

30 18:09 

Environmental Mapping and 

Analysis Program (EnMAP) 

30 30 7.3-11.4 

(wavelength-

dependent) 

2022-11-

07 18:13 

1 Storch et 

al., 2023 

 151 



 152 

Figure 1. Spatial coverage of used data from four satellites for 2021 (a) and 2022 (b) experiments. 153 

The location of emission source is pinpointed. True-color map of the study area is from the 154 

Environmental Systems Research Institute (ESRI).  155 

 156 

2.2 MF method 157 

The MF method is based on Beer-Lambert’s law, which reflects the exponential extinction 158 

effect of gases on radiance. Considering a ΔXCH4 of 𝑐 in the atmosphere, the radiative transfer 159 

can be modelled as: 160 

𝒙 = 𝒙0 ∙ 𝑒−𝑐∙𝒌 (1) 161 

where 𝒌  is the CH4 unit absorption spectrum (i.e., the sensitivity of observed radiance to the 162 

perturbation of ΔXCH4; Foote et al., 2020). In SWIR channel, main CH4 absorption characteristics 163 

appear at two sub-bands (Guanter et al., 2021a). One band lies within the wavelength range of 1600 164 

– 1900 nm, where the absorption of CH4 on radiance is relatively weak. The other spectral region 165 

spans from 2100 to 2500 nm, exhibiting a stronger CH4 absorption signal. The 𝒌 spectrum can be 166 

generated by MODerate resolution atmospheric TRANsmission (MODTRAN; Berk et al., 2014) 167 

radiative transfer model (Foote et al., 2021). Moreover, spectral features vary from satellites due to 168 

different spectral response functions (SRF). For all four satellites, the SRFs are assumed to be in 169 

shape of Gaussian distribution and calculated using central wavelength and full width at half 170 

maximum (FWHM) of sensors (Guanter et al., 2006). Figure 2 exhibits examples for 𝒌 in different 171 

spectral channels and satellites. 𝒙  and 𝒙0  in Eq. 1 represent observed and reference at-sensor 172 

radiance spectrum, respectively. Top-of-atmosphere (TOA) radiance spectrum in SWIR channel is 173 

simulated using MODTRAN model, with XCH4 set to typical background values. Responses of 174 

sensors to this spectrum are shown in Figure 3 (a). Radiance spectra in 1600-1900 nm and 2100-175 

2500 nm channels are exhibited in zoomed-in views in Figure 3 (b) and (c). Note that there exists a 176 

missing in both 𝒌 and radiance from approximately 1760 nm to 1970 nm for EnMAP data, which 177 



is due to the spectral characteristic of the sensor. 178 

 179 

 180 

Figure 2. Samples of the 𝒌 spectrum. MODTRAN outputs are shown in gray lines. Colored lines 181 

represent convolved results for different satellite sensors.  182 

 183 

 184 

Figure 3. Synthetic radiance spectra for different instruments in (a) full SWIR, (b) 1600-1900 nm, 185 

and (c) 2100-2500 nm spectral channels. Modeled (Mod) and sensor-received results are shown in 186 

gray and colored lines, respectively. XCH4 is set to typical background values for all simulations. 187 

 188 

Eq. (1) can be written linearly using the first-order Taylor expansion: 189 

𝒙 ≈ 𝒙0 + 𝑐 ∙ 𝒕 (2) 190 

𝒕 = 𝒙0⨀𝒌 (3) 191 

where 𝒕  is the target spectrum. The background is assumed to follow a normal distribution 192 

(Manolakis et al., 2013). Thus, the noise 𝜼 (i.e., residuals between observed and reference radiance) 193 

would obey the normal distribution with a mean of �⃗⃗�  and a covariance of 𝜮: 194 

𝜼 = 𝒙 − (𝒙0 − 𝑐 ∙ 𝒕)~ 𝓝(�⃗⃗� , 𝜮) (4) 195 

The distribution of enhanced pixels within plumes has a feature of sparsity (Foote et al., 2020). 196 



Hence, 𝒙0 and 𝜮 can be estimated by the mean (𝝁) and covariance of observed radiance. In this 197 

work, 𝝁 and 𝜮 are calculated column-wisely to avoid the deviation caused by the non-uniform 198 

behaviors of push-broom sensors on cross-track direction (Thompson et al., 2015). The optimal 199 

estimation of 𝑐 is given by minimizing the Gaussian log-likelihood of 𝜼 as:  200 

�̂� =
(𝒙 − 𝝁)𝑇𝜮−1𝒕

𝐭𝑇𝜮−1𝐭
(5) 201 

2.3 Spectral band features 202 

Characteristics of MF-retrieved ΔXCH4 depend largely on the spectral band applied in Eq. (5) 203 

(Roger et al., 2023a). Table 2 shows the signal-to-noise ratio (SNR) and sensitivity to ΔXCH4 204 

features of inversion results in different bands, which will be described in detail in the Sec. 3.2.  205 

Table 2. Mean SNR and sensitivity to ΔXCH4 features of retrieval results derived using three channels. 206 

Channel 
Channel name 

abbreviation 

MF results 

abbreviation 
Mean SNR 

Sensitivity to 

ΔXCH4 

1600-1900 nm WA WAMF High Low 

2100-2500 nm SA SAMF Low High 

1000-2500 nm SW SWMF Medium Medium 

 207 

For WA channel, radiance spectrum has general higher SNR values compared with the SA 208 

channel (Roger et al., 2023b). This feature enables MF retrieval applying WA channel have the 209 

potential to contain more information. However, due to a lower ΔXCH4 sensitivity (i.e., minor 210 

changes in radiance for a unit enhancement of XCH4), the ΔXCH4 signal will be more difficult to 211 

be retrieved and influenced by surface variability errors using radiance in this channel (Guanter et 212 

al., 2021). On the contrary, the SW channel shows a better capability on removing the retrieval 213 

artifacts and inhibit background noise in ΔXCH4 inversion (Roger et al., 2023a). The results derived 214 

from SA channel, which is generally used in the MF method, can provide a moderately accurate 215 

estimation of ΔXCH4 values. However, the accuracy of retrieval based on SA channel will be 216 

impacted by measurement noise and spatial artifacts. In this study, we will demonstrate that, by 217 

integrating additional information from WA and SW spectral channels in the inversion process, it is 218 

possible to obtain a more precise estimation of enhanced CH4 concentrations within the plume 219 

region, thereby mitigating the errors induced in single-band MF approaches. 220 

2.4 KMF method 221 

Here, we propose to use Kalman filter to linearly integrate multi-bands outcomes from the 222 

traditional single-band MF method. For a selected column in one scene, the strategy of band fusing 223 

is generating a linear combination of results from WA, SA, and SW bands at pixel-wise scale that 224 

is: 225 

�̂�𝐾,𝑖 = 𝐴𝑤𝑎,𝑖 ∙ �̂�𝑤𝑎,𝑖 + 𝐴𝑠𝑎,𝑖 ∙ �̂�𝑠𝑎,𝑖 + 𝐴𝑠𝑤,𝑖 ∙ �̂�𝑠𝑤,𝑖 (6) 226 



where �̂�𝐾,𝑖  is the fused result at the 𝑖 -th pixel in this column. �̂�𝑤𝑎,𝑖 , �̂�𝑠𝑎,𝑖 , and �̂�𝑠𝑤,𝑖  are MF 227 

outputs at corresponding channels for this specific pixel. 𝐴𝑤𝑎,𝑖, 𝐴𝑠𝑎,𝑖, and 𝐴𝑠𝑤,𝑖 are coefficients 228 

of these bands respectively. The retrieval biases using different channels can be represented by using 229 

the spatial standard deviation 𝜎 of different channels. Then the target is to generate a combination 230 

of coefficients to minimize the 𝜎 of fusion result. As the retrieval results from different channels 231 

can be regarded as independent observations for ΔXCH4, the optimized estimation of true values is 232 

able to be calculated using Kalman filter (Kalman, 1960) to linearly fuse results from these channels. 233 

Retrieved results from WA, SA, and SW bands correspond to three independent observations. The 234 

state and covariance prediction functions are assumed to be constant functions (i.e., true values and 235 

their uncertainty remain unchangeable across different observations). Thus, the coefficients (𝐴𝑤𝑎, 236 

𝐴𝑠𝑎, and 𝐴𝑠𝑎 for WA, SA, and SW channels respectively) can be calculated in forms of the Kalman 237 

gains to minimize the fusion result bias as: 238 

𝐴1 =
𝜎𝑠𝑎

𝜎𝑠𝑎 + 𝜎𝑤𝑎

(8) 239 

𝐴2 =
𝜎𝑠𝑤

𝜎𝑠𝑤 + (1 − 𝐴1)𝜎𝑠𝑎

(9) 240 

𝐴𝑤𝑎 = 𝐴1 ∙ 𝐴2 (10) 241 

𝐴𝑠𝑎 = (1 − 𝐴1) ∙ 𝐴2 (11) 242 

𝐴𝑠𝑤 = 1 − 𝐴2 (12) 243 

To distinguish the enhanced CH4 signal from the background estimation, we employed an 244 

iterative strategy based on Foote et al. (2020).The 𝜇 and 𝛴 in Eq. (5) and Eq. (7) are updated as: 245 

𝝁𝑛 =
1

𝑁
∑[𝒙𝒊

𝑁

𝑖=1

− �̂�𝐾,𝑖
𝑛−1 ∙ (𝝁𝑛−1 ⊙ 𝒌)] (13) 246 

Σn =
1

𝑁
∑(𝒅𝑛)𝑇
𝑁

𝑖=1

𝒅𝑛 (14) 247 

𝐝n = 𝒙𝒊 − �̂�𝐾,𝑖
𝑛−1 ∙ (𝝁𝑛 ⊙ 𝒌) − 𝝁𝑛 (15) 248 

Figure 4 shows the work flow for KMF method used in this study. Note that for PRISMA, the 249 

observation geometry parameters that needed for MF retrievals are derived from L2D data. 250 

 251 



 252 

Figure 4. Flow chart of the KMF method 253 

 254 

3 Results 255 

3.1 Evaluation of KMF using synthetic plumes 256 

To assess the proposed KMF method, we initially employ end-to-end simulations. Simulation 257 

of the plume from a releasing experiment on October 26th, 2022, is conducted using the Weather 258 

Research and Forecasting (WRF) in large eddy simulation (LES) mode. In order to align with 259 

satellite observations, the synthetic plume maintains a spatial resolution of 30 m. The CH4 emission 260 

flux rate is set at a constant value of 2000 kg/h. Subsequently, this ΔXCH4 map is transformed into 261 

a transmittance distribution using the MODTRAN model. These transmittances are then convolved 262 

with background radiance spectra obtained from an emission-free GF5B scene on September 18th, 263 

2022 to derive the simulated at-sensor radiance spectra. Figures 5 (a) and (b) illustrate the 264 

background radiance values and simulated plume utilized in end-to-end simulation. 265 

 266 



 267 

Figure 5. Samples of background radiance and input plume. (a) GF5B-received radiance at 2300 268 

nm for an emission-free scene on September 18th, 2022. (b) Synthetic plume derived by WRF-269 

LES as input for end-to-end simulation. White box indicates the 100×100-pixel subregion selected 270 

for analysis in this study.  271 

 272 

Considering ΔXCH4 values in subregion in Figure 5, the performance of the algorithm is 273 

evaluated by comparing the retrieved values with corresponding references. The results are 274 

exhibited in Figure 6. The proportional fitted line slope of KMF is 0.94, which is around 34.3% 275 

larger than widely-used SAMF (slope of 0.70) method. This reveals that KMF enables to correct the 276 

underestimation caused by SAMF method, especially for high ΔXCH4 values. Contrary to the 277 

SAMF result, the WAMF result exhibits a slope exceeding 1 for linear fitting, indicating an 278 

overestimation. For root mean square error (RMSE, relative to input ΔXCH4 values), the KMF 279 

method (RMSE of 32.87 ppb) enables a decrease about 25.5% compared with SAMF results (RMSE 280 

of 41.26 ppb). SWMF is the only method with a RMSE of 24.02 ppb smaller than that of KMF, but 281 

this is mainly attributed to the weaker noise in SWMF results (observable in the retrieval map) and 282 

a more concentrated distribution of background pixels. However, the notably smaller slope (slope 283 

of 0.49) in the regression line for SWMF suggests attenuation of the plume signal, introducing less 284 

retrieval accuracy. Taking all these factors into account, it can be deduced that KMF indicates the 285 

best performance on ΔXCH4 retrieval among four approaches.  286 

 287 



 288 

Figure 6. Comparisons of input and retrieved ΔXCH4 values derived from different methods. First 289 

row, ΔXCH4 maps retrieved by different methods and plume-contained subregions (white boxes) 290 

selected for analysis. Second row, scatter plots between ΔXCH4 inversions and input values. Black 291 

dashed lines represent for 1:1 reference, while red solid lines for proportional regressions. 292 

 293 

3.2 Validation with ground-based emission rate measurements 294 

We further validate the KMF method using ground-based measurements from the Stanford 295 

controlled-releasing experiment held in 2021 and 2022. Radiance data collected in 9 observations 296 

from four satellites (3 scenes for 2021 experiment and 6 for 2022 experiment) are employed for CH4 297 

emission flux rate retrieval. With the exception of one PRISMA scene (overpassing through the 298 

emitter on Oct 27th, 2022), all datasets exhibit detected plume signals. The results for 2022 and 2021 299 

experiments are depicted in Figure 7 and Figure S1, respectively. To avoid extra errors stemming 300 

from manual masking, we employ the strategy proposed by Roger et al. (2023). Specifically, pixels 301 

in KMF outputs surpassing the scene mean plus one spatial standard deviation (STD, σ) are 302 

identified as anomalously enhanced and attributed to the plume region. Median filter is added to 303 

eliminate artifacts near the mask boundaries. Masks for all detected plumes are illustrated in the 304 

fifth column of Figure 7. Note that the plume mask for PRISMA on Nov 7th, 2022 is not significant. 305 

This is due to the low CH4 emission flux rate in the experiment (around 400 kg/h) resulting in small 306 

ΔXCH4 values within the plume and making it challenging to distinguish from the background. For 307 

GF5B, ZY1F, and EnMAP, all methods are capable of identifying plume signals. The PRISMA data 308 

on Nov 7th and Nov 30th, 2022, however, fails to recognize plumes in either WA or SA channels. 309 

One type of plume missing is unclear signal distinction from background noises (e.g., WAMF values 310 

for PRISMA on Nov 7th and 30th, 2022; SAMF result for PRISMA on Nov 7th, 2022). The other is 311 

non-significant concentration enhancement signal (e.g., SAMF values for PRISMA on Nov 30th, 312 

2022). Despite these variations, the KMF method proves effective in identifying plume signals for 313 



all four satellite sensors when compared to single-band retrieval results. It emphasizes the potential 314 

pitfalls of relying solely on single-band inversion for plume detection, which may result in 315 

omissions. 316 

 317 

 318 

Figure 7. Maps of retrieved ΔXCH4 from all six observations of four satellites for the 2022 319 

experiment. Plumes from ground-level experimental emissions utilized by different methods and 320 

corresponding masks are listed in different columns. Panels enclosed in red borders indicate 321 

scenes where plume signals confuse with background noises. Retrievals of ΔXCH4 and sensor-322 

received radiance at 2300 nm are displayed separately for the PRISMA non-detected scene. Red 323 

cross symbols pinpoint the location of the emitter. 324 



 

We then estimate the CH4 emission flux rates from retrieved ΔXCH4 maps using integrated 

mass enhancement (IME; Varon et al., 2018). Wind data is derived from Goddard Earth Observing 

System-Forward Processing (GEOS-FP; Molod et al., 2012). Metered-measurement of emission rate 

at the satellite overpassing time is represented using five-minute mean value. Figure 8 presents 

scatter plots illustrating the relationship between retrieved CH4 emission flux rates and ground-

based metered measurements. Notably, in the case of KMF, the slope of the fitted line for emission 

estimates is closest to 1 (0.95 for KMF), accompanied by the highest R-square (0.99 for KMF), the 

smallest RMSE (0.18 t/h for KMF, relative to metered measurements) and mean absolute error 

(MAE, 0.13 t/h for KMF, relative to metered measurements) values. The retrieval accuracy 

(inversely proportional to absolute difference between linear regression slope and 1:1 reference) for 

KMF is 13.1% higher than widely-used the SAMF method. Moreover, Figure 8 exhibits a more 

clustered distribution for KMF-based retrievals. Comparing with the SAMF method, R2 increases 

1.0%, while RMSE and MAE decrease 61.7% and 62.9%, respectively, for the KMF retrievals. This 

indicates the superior robustness on emission rate estimation when KMF is applied on different 

sensors. The linear regression slope of WAMF exceeds 1 (1.49 for WAMF), implying its trend for 

overestimation in emission rates. The WAMF method also exhibits the highest inversion uncertainty. 

Note that the WAMF-based emission rate estimations for data on October 21st and 27th, 2021 has a 

value of 6.7 and 5.9 t/h, which exceed the chart range, relative to metered-measurement of only 4.5 

and 3.4 t/h. On the contrary, SAMF inversions demonstrate obvious underestimations for five 

PRISMA scenes due to missing plume signals. It results in a lower slope in the fitted line and more 

scattered distribution. For SWMF, the smaller STD value and slope suggest that its inversions are 

concentrated at levels below the true values. This distribution reflects a systematic underestimation 

of emission rates by the SWMF method. Compared to these single-channel retrieval methods, KMF 

exhibits higher accuracy and better multi-sensor stability.  

 



 

Figure 8. Estimated emission rates with GEOS-FP wind data versus metered measurement for 

WAMF, SAMF, SWMF, and KMF methods. Grey dashed lines represent 1:1 reference. Red lines 

represent the proportional fitting results obtained through the least squares method. Bars in x and y 

directions represent for uncertainty in metered-observing emission rates and retrieved emission rates, 

respectively. Uncertainties are too small to be visible except for GF5B, which passing time is one 

minute after the cessation of ground emission. 

 

Further comparisons utilizing ground-based 10 m wind speeds are exhibited in Figure 9. It 

reveals that linear regression slopes for WAMF, SAMF, and KMF methods show an increase, with 

an elevated values falling in [0.07, 0.21]. The effective wind speed for the IME method is calculated 

by averaging the measured ground wind speeds 30 seconds before and after the satellite overpass. 

The standard deviation of the one-minute wind speed time series is used to compute the inversion 

uncertainty. For the five datasets employed in this study, the ground-based 10 m wind speed is on 

average increased by 0.86 m/s compared to the GEOS-FP reanalysis product, which also results in 

the elevation of the slope for all methods. Compared with using GEOS-FP wind data, the retrieval 

accuracy of SAMF increases 16.7%. The KMF method has an accuracy similar with SAMF, while 

RMSE and MAE decrease 71.4% and 70% compared to SAMF method at the same situation, 

respectively. Moreover, the wind speed STD constitutes a significant portion of the overall 

uncertainty in emission estimates (Gorroño et al., 2023). Thus, the low STD in metered wind speed 

measurements result in the reduction on CH4 emission rate retrieval uncertainties for all methods, 

as shown in Figure 8. In addition, R2 values for all methods increase when compared with GEOS-



FP-based results. The distributions of scatters are more centered around best fitted lines. This is due 

to lower relative σ of effective wind speed (defined as Duren et al., 2019) used for IME method on 

ground-based wind data (about 72.1% less). From Figure 8 and Figure 9, it is evident that the 

emission estimates from KMF still demonstrate superiority in accuracy when utilizing both 

reanalysis and ground-based wind speed data.  

Furthermore, retrievals from both reanalysis and ground-measured wind data indicate that the 

measurements from GF5B and ZY1F closely align with the reference values for all methods. In 

contrast, the measurements from PRISMA and EnMAP are significantly influenced by the inversion 

methods. The KMF method has the capability to decrease the inversion bias in results of these two 

satellite instruments. Moreover, KMF also shows a better accuracy on retrieving emissions with low 

flux rates. 

 

 

Figure 9. Estimated emission rates with locally measured wind data versus metered measurements 

for WAMF, SAMF, SWMF, and KMF, respectively. Bars in x and y directions represent for 

uncertainty in metered-observing emission rates and retrieved emission rates. 

 

3.3 Emission-free scenario test for different sensors 

In emission-free scenarios, noise typically adheres to a normal distribution. Therefore, the σ 

values of the statistical background distribution can serve as a measure of the magnitude of inversion 

precision (Irakulis-Loitxate et al., 2021). A smaller σ value indicates a higher retrieval precision. 



For background analysis, we selected one scene of overpassing data on emission-free days for each 

satellite. 100×100-pixel subregions centered at the emitter of ground-controlling experiment are 

chosen to statistically fit the distribution of background ΔXCH4 values, and σ values are then 

calculated. The results are illustrated in Figure 10. The retrieval precision (i.e., the σ value in the 

figure) for KMF method is 7.0-38.9 ppb lower than the SAMF results for different sensors, 

corresponding to 18.3-42.2% improvement. Note that the SWMF results exhibit lower σ values 

compared to the KMF results. As mentioned in Sec 3.1, this is attributed to the systematically lower 

values of ΔXCH4 obtained by the SWMF method for background. This characteristic leads to a 

more tightly clustered distribution of pixel values.  

In addition, Figure 10 also reveals the performance of different sensors. For the SAMF method, 

ZY1F exhibits the lowest inversion precision of 104.09 ppb, while GF5B demonstrates the highest. 

Similarly, for the KMF method, GF5B also shows the highest inversion performance, followed by 

EnMAP, ZY1F, and PRISMA. In addition, the KMF method demonstrates the most noticeable 

improvement in inversion precision on PRISMA data as outlined in Sec. 3.2. It is noteworthy that, 

for all four methods, the mean of fitted normal distribution for PRISMA background values exhibits 

a significant deviation from zero. This suggests the potentially systematic errors on ΔXCH4 retrieval 

for the sensor of PRISMA. Such error may stem from drift between the actual spectral parameters 

of PRISMA and their nominal values. The impact of this systematic bias on ΔXCH4 inversion has 

been discussed in Guanter et al. (2021). 

 

 

Figure 10. Histograms of the retrieved ΔXCH4 inside selected 100×100-pixel subregions derived 

from different satellites and methods for emission-free scenarios. For each distribution, a Gaussian 

curve (black line) is fitted. 



 

3.4 Method applications 

In Figure 11, the application of the KMF method to analyze CH4 emissions in two distinct real-

world scenarios with varying surface conditions is presented. The results are compared with 

corresponding simulations from the WRF-LES model. Figures 11 (a) and 11 (b) depict emissions 

from oil and gas sources in the Delaware Basin, the United States, on February 9th, 2022. The 

surface condition is relatively flat for this scene. This emission is detected by the GF5B satellite. In 

Figures 11 (c) and 11 (d), CH4 emissions from coal mines observed by the Gaofen 05 (GF5) satellite 

in Shanxi, China, on November 1, are shown. The surface condition in this region is more intricate, 

featuring anisotropic characteristics. When comparing the plume structures and their corresponding 

simulation results in these two scenarios, it becomes apparent that the spatial organization of the 

plumes is remarkably similar, and the concentration distributions closely match. 

 

 

Figure 11. Retrieved ΔXCH4 (first column) versus simulated results (second column) for plumes in 

(a and b) Delaware Basin, the US and (c and d) Shanxi, China. Reanalysis 10 m wind and retrieved 

CH4 emission rates are presented for retrieval results. WRF-LES are run under an emission rate of 

1000 kg/h, and the results are magnified to the retrieved emission rates by multiplying scaling 

factors. Model output wind fields are shown in white arrows. Aera within contour lines represent 

for pixels with ΔXCH4 larger than 27 ppb (i.e., 1.5% of background concentration 1800 ppb).  

 



Furthermore, we employ the KMF method for plume retrieval and CH4 emission flux rate (Q 

in Figure 12) estimations using data from GF5 satellite series (GF5, GF5B, and GF5A). 16 CH4 

plumes emitted from energy industry in four regions around the world are identified, as illustrated 

in Figure 12. The analyzed plumes originate from the United States, Oman, Libya, and China, 

emitted by oil & gas facilities (in the US and Libya), power plants (in Oman), and coal mines (in 

China). The plumes are automatically extracted from background values using the mask strategy 

described in Sec. 3.2. For all selected cases, Q varies from 0.9 to 4.6 t CH4 per hour derived with 

the KMF method. The largest emission source is located in Delaware basin, with an uncertainty of 

±2.4 t/h in Q, while the smaller one in Libya with an uncertainty of ±0.3 t/h. Additionally, CH4 

plumes emitted from coal mines in the Shanxi region exhibit an aggregated pattern: six plumes are 

observed simultaneously within one scene. This clustering distribution of CH4 plumes in the Shanxi 

region is attributed to the aggregation of coal mine sources within this area (Sheng et al., 2019). 

 Figure 13 illustrates the analysis of 16 emission cases using the KMF method. The results 

indicate that, compared to the traditional SAMF method, the KMF method estimates CH4 emission 

flux rates with an average increase of 11.8%. This suggests that traditional MF methods may 

underestimate the mass of CH4 emitted from point sources. Additionally, the estimated emission 

rates from WAMF and SWMF methods are overestimated by 41.8% and underestimated by 20.2%, 

respectively, compared to the SAMF method. This aligns with the trends observed in the method 

evaluation using ground truth values in Sec. 3.2. 

 

 

Figure 12. Spatial distribution, sectoral classification, and ΔXCH4 maps of 16 casing plumes used 

in this study. Emitters locate in four regions of the world: the Delaware basin (U.S.), Libya, Oman, 

and Shanxi (China). Color and size of circles represent emitting sector and plume number, 

respectively. Retrieved plumes are superimposed on high-resolution true-color satellite images from 

the ESRI. Estimated Q values are presented for all plumes. White arrows show the directions of 10 

m wind. UTC time of each plume is marked in the panel. Additionally, the median of emission 



estimates obtained through the KMF algorithm closely aligns with that of SAMF while the former 

results exhibit a more median-concentrated distribution. 

 

 

Figure 13. Box chart of estimated CH4 emission rate retrieved from four methods of 16 plumes 

chosen for case study in Figure 11. Scatter plots illustrate estimated emission rates for 16 plume 

cases. Jitter has been applied along the x-axis to better show the data distribution. 

 

4 Discussions and Conclusions 

In this study, we developed a band fusion algorithm, KMF, to optimize the ΔXCH4 and CH4 

emission flux rate inversions. Applying the Kalman filtering strategy, we estimated the band-

dependent coefficients for each channel respectively and combined the inversion results linearly. An 

iteration process was added into the method to optimize the calculation of background radiance 

spectra. This algorithm integrates information from different CH4 absorption channels, enabling 

more accurate ΔXCH4 inversion and CH4 emission flux rate estimation. Moreover, it mitigates the 

occurrence of false negatives associated with traditional MF algorithms. Thereby, KMF method 

enhances the monitoring capability for CH4 point source leakage events. 

Three-stage validation on this method have been conducted. We initially tested the algorithm 

using end-to-end simulation (Figure 6). The results indicate that KMF-retrieved ΔXCH4 is about 

30% closer to true values, while the variation is 20% less, when compared with the result derived 

from commonly-used SA window. Additionally, we verified the performance on quantifying the 

CH4 emission flux rate of KMF using ground metered-measurements (Figure 7, 8, and 9). It 

substantiates an approximately 13% improvement on emission rate estimation accuracy for KMF 

method compared with SAMF method when using both reanalysis and ground-observed wind data. 

The robustness for multi-sensor retrieval revealed by our results also enables wider application for 

KMF method. Finally, emission-free scenarios from ground-controlling experiment are employed 

to test the method precision (Figure 10). An average enhancement of 21.9 ppb in ΔXCH4 retrieval 

precision is exhibited when utilizing the KMF method. These validations suggest that the KMF 



method can utilize spectral information from various channels to constrain and refine the inversion 

of ΔXCH4, leading to more accurate estimates on CH4 emission rates. Further application of KMF 

method on 16 CH4 plumes all over the world (Figure 12 and 13) indicate an approximately 12% 

underestimation on CH4 emission rates of traditional SAMF.  

This study is dedicated to the development of a multi-channel MF algorithm designed to 

improve the retrieval accuracy for ΔXCH4 and emission rate. The current algorithm presently 

decreases the interference from retrieval noises by the linear combination of multi-channel results. 

However, in real-world applications, some bias requires non-linear calibration (e.g., error induced 

by spectral nonuniformity; Guanter et al., 2009). This nonuniformity is determined by specific 

satellite sensors, which non-linearly influence the MF results across different spectral channels by 

affecting the actual spectral properties such as central wavelength and FWHM. Such deviations 

could lead to additional systematic bias for KMF method. Further work is needed to consider the 

non-linear calibration in the KMF algorithm, increasing the overall retrieval accuracy across 

numerous satellite platforms. 

In summary, the KMF method proposed in this study effectively addresses the issues of plume 

signal missing, and underestimation of CH4 emission flux rates encountered by traditional MF 

algorithms. Our results indicate that the KMF method holds significant potential for application in 

multi-satellite coordinated monitoring of CH4 point source emissions. It can provide more accurate 

CH4 column concentrations and emission flux estimates for emitting events, offering precise 

observational support for top-down CH4 accounting in key regions globally. 
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 Appendix 

 
Figure S1. Maps of retrieved ΔXCH4 from all three observations of PRISMA for 2021 

experiment. Plumes from ground-level experimental emissions utilized by different methods and 

corresponding masks are listed in different columns. 

 


