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Abstract

This work introduces the results of an intensive 15-day surface observation campaign of methane (CH4) and adapts a new
analytical method to compute and attribute CH4 emissions. The selected area has a high atmospheric concentration of CH4
(campaign-wide minimum/mean/standard deviation/max observations: 2.0, 2.9, 1.3, and 16 ppm) due to a rapid increase in
the mining, production, and use of coal over the past decade. Observations made in concentric circles at 1km, 3km, and 5km
around a high production high gas coal mine were used with the mass conserving model free emissions estimation approach
adapted to CH4, yielding emissions of 0.73, 0.28, and 0.15 ppm/min respectively. Attribution used a 2-box mass conserving
model to identify the known mine’s emissions from 0.042-5.3 ppm/min, and a previously unidentified mine’s emission from
0.22-7.9 ppm/min. These results demonstrate the importance of quantifying the spatial distribution of methane in terms of

control of regional-scale CH4 emissions.
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Abstract This work introduces the results of an intensive 15-day surface observation campaign of
methane (CH4) and adapts a new analytical method to compute and attribute CH,4 emissions. The
selected area has a high atmospheric concentration of CH, (campaign-wide minimum/mean/standard
deviation/max observations: 2.0, 2.9, 1.3, and 16 ppm) due to a rapid increase in the mining,
production, and use of coal over the past decade. Observations made in concentric circles at 1km, 3km,
and Skm around a high production high gas coal mine were used with the mass conserving model free
emissions estimation approach adapted to CHy, yielding emissions of 0.73, 0.28, and 0.15 ppm/min
respectively. Attribution used a 2-box mass conserving model to identify the known mine’s emissions
from 0.042-5.3 ppm/min, and a previously unidentified mine’s emission from 0.22-7.9 ppm/min. These
results demonstrate the importance of quantifying the spatial distribution of methane in terms of control

of regional-scale CH4 emissions.

Key Points
1.) Campaign-wide CH, observations show a mean concentration of 2.9 ppm and a maximum of
16 ppm, indicating very high coal mine emissions.
2.) Computed CH, emissions decreased away from the mine, from 0.73 ppm/min at 1km to 0.15
ppm/min at Skm, indicating wide spatial impact.
3.) Emissions attributed to known mine (0.042-5.3 ppm/min) and unknown mine (0.22-7.9

ppm/min), allowing better regional emissions control.

Plain Language Summary The study measures methane levels around a high production and
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high gas coal mine and finds very high concentrations, averaging 2.9 ppm and reaching 16 ppm
compared to the global background of 1.8-1.9 ppm. Emissions were estimated using a new model free
mass conserving approach at different distances from the mine, and found to decrease from 0.73
ppm/min 1 km away from the mine to 0.15 ppm/min 5 km away from the mine. Attribution however
identified two separate sources, with the known mine having a range of emissions from (0.042-5.3
ppm/min) and a second previously unknown mine with a range of emissions from (0.22-7.9 ppm/min).
This work shows the importance of measuring methane at both high temporal frequency and
simultaneously over a well-sampled set of spatial coordinates across the area of interest, quantify
emissions from different sources. It is hoped that this approach can better identify and quantify

methane leakage from coal mining, and allow for more precise control.

Key Words: CH,,; Top-down emissions; Mass-conserving Model; Attribution; Mining
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1. Introduction

Emissions of Methane [CH4] contribute the second most to direct anthropogenic longwave radiative
forcing (Etminan et al., 2016; Li et al., 2022). Since CH, has a lifetime from 9.5 to 12.5 years (Li et al.,
2022; Prather et al., 2012), controlling methane emissions can provide an opportunity to mitigate peak
loading and slow the rate of net global warming (Nature, 2021).

Fossil fuel CHy is one of the largest sources of anthropogenic methane emissions (Kirschke et al.,
2013; Saunois et al., 2020a). Since China is the world’s largest producer and consumer of coal
(Bournazian, 2016), CH,4 emitted fro coal mines [CMM] possibly contributes up to 33%-40% of
China’s total CH4 emissions (Janssens-Maenhout et al., 2017; Miller et al., 2019; Peng et al., 2016).
Although China enacted CMM regulations in 2010 (Kerr and Yang, 2009), CMM continues grow
(Miller et al., 2019).

Methane emission estimates are highly uncertain (Brandt et al., 2014; Saunois et al., 2020b) in both
space and time. They also generally have a fat tail distribution, wherein a small number of samples
have extremely large emissions that overwhelm emissions under average conditions (Duren et al.,
2019; Plant et al., 2022). For these reasons, new approaches to quantify, reduce uncertainty, and
attribute CH,4 emissions can provide support for policies aiming to control and mitigate CMM (Cao,
2017).

Bottom-up (BU) quantification of emissions requires a priori knowledge of source locations and
diversity, which tends to not represent real-world conditions. Top-down (TD) approaches analyze
concentration data with improving accuracy (Allen, 2014; Rigby et al., 2019; Varon et al., 2018;
Vaughn et al., 2018), specifically combining surface (Heerah et al., 2021; Katzenstein et al., 2003; Shi
et al., 2023), aircraft (Karion et al., 2013; Shi et al., 2022; Tong et al., 2023; Vinkovi¢ et al., 2022),
and/or satellite (Wecht et al., 2014) CH,4 observations with atmospheric models. Some TD approaches
use physically realistic but complex chemical transport models (Bloom et al., 2017), others use plume
models (Goldsmith et al., 2012), and others still use data driven approaches (Buchwitz et al., 2017).
Uncertainties are rarely assessed holistically or in detail (Cohen and Prinn, 2011; Cohen and Wang,
2014).

Airborne remote sensing is a highly technical and costly approach to record CH, fluxes from
landfills, coal basins, and oil and gas production (Krautwurst et al., 2021; Krautwurst et al., 2017,

Kuhlmann et al., 2023), which suffers from not being able to monitor CH, emissions over long periods
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of time or in regions where the source is not well constrained (Brandt et al., 2014; Gorchov Negron et
al., 2020; Hiller et al., 2014; Mehrotra et al., 2017; Molina et al., 2010). Satellite remote sensing can
measure CH, under specific orbits where the source is known and identified (Jacob et al., 2016; Jacob
et al., 2022; Plant et al., 2022; Varon et al., 2018; Zhang et al., 2020), but only after being calibrated by
upward looking remotely sensed measurements (Tu et al., 2022), and only when the atmosphere is rain,
cloud and aerosol free (Cohen and Prinn, 2011; Reuter et al., 2019; Sadavarte et al., 2021). TROPOMI
and GOSAT have both been shown to be data-rich at times (Butz et al., 2012; Hu et al., 2018; Jacob et
al., 2016), but severely limited at other times (Butz et al., 2012; Kuze et al., 2009). Even when these
satellites have sufficient data to compute emissions from other species, frequently CH, cannot be
computed (Li et al., 2023; Qin et al., 2023b) due to insufficient signal strength, and uncertainties which
are both non-understood and mis-constrained (Povey and Grainger, 2015).

Ground-based remote sensing provides higher accuracy versus satellite observations (Heerah et al.,
2021; Luther et al., 2022; Tu et al.,, 2022). EM27/SUN measurements have approximated CH,
emissions in Poland (Luther et al., 2019; Luther et al., 2022). However, these instruments are
expensive, require calibration, and have limited data collection due to solar signal strength.

This work employs a high-frequency surface-based observation platform of CH,; concentration
which is portable, economical, and unaffected by most environmental factors. The observations are
combined with a new mass-conserving methodology based on temporal transformation of the spatially
derived mass-conserving framework successfully applied to NO, (Li et al., 2023; Qin et al., 2023b).
This work focuses on Shanxi, one of the densest coal mining regions in the world, accounting for
approximately 10% of total global coal production (Lin and Liu, 2010; Qin et al., 2023a). Continuous
observations were made around known coal mines, unknown sources, and of background conditions.
High-frequency emissions calculated using these data were used to drive a 2-box model to attribute
emissions to the known mine and a second low production mine previously thought insignificant. The
results provide insights into the spatial distribution of CH, emissions, demonstrate rapid adoption of
practical methods globally, and enable source attribution.

2. Method and Data
2.1. Study Site and Campaign Design
Changzhi, Shanxi is located in a basin, with coal mines densely distributed throughout both flat

central regions and around the mountainous edges (Figure S1), many of which are classified as high
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CH,4 emitting mines. Due to this combination, province-wide background CH,4 concentrations are very
high and have large variation in time. One mine is classified as having high amounts of CH, per unit of
production and an annual coal production of 4 million tons [CM-A], and the other is unclassified for
CH, per unit of production and having an annual coal production of 3 million tons [CM-B] (Qin et al.,
2023a). Observations were positioned along concentric circles located 1km, 3km, and Skm from CM-
A, over an approximation of the four ordinal directions: east, west, south, north (Figurel). All locations
were planned to be far away from known anthropogenic sources, leading to a net total 12 measurement
points. As later discovered, CM-B is located approximately 1km southwest from the measurement
point located at Skm west.

2.2. Measuring CH, Concentration

CH, concentrations were observed daily at 1 Hz from 8:30 to 17:00 local time in August 2022 using
a portable greenhouse gas analyzer (LGR-915-0011, California, USA) 5m above the surface. Three
different locations were selected daily along a single ordinal direction from the mine center, allowing a
more consistent and precise calculation of the spatial gradient (Table S1). The CH, data was averaged
minute-by-minute to match observed wind data, and subsequently used to compute emissions. As show
in Figure S2, the CH,4 concentration data is highly correlated with rapid changes in both the wind speed
and direction.

Observations made in clean locations with a wind direction not from the mine are subsequently
considered for background sites. The lowest and least variable CH4 observations are found on August
23 in the south (2.08ppm=0.08) (Figure S2). It is important to note that although the minimum in this
work, these values are significantly higher than the global latitude-band background. Three other
locations and days were observed with relatively low mean and not significantly large variation:
August 19 in the east (2.63ppm=+0.35), August 22 in the east (2.65ppm=0.51), and August 22 in the
south (2.60ppm=0.55) (Figure S2). These results imply that the practice adopted by the community to
separate a plume from the global latitude band or climatological background state is not applicable in
the locations sampled in this paper (Buchwitz et al., 2017; Irakulis-Loitxate et al., 2021; Lauvaux et al.,
2022; Sadavarte et al., 2021). For this reason, a new quantitative approach is presented to understand
and quantify what is actually a source and what is not. This approach is applicable under conditions
both encountered globally as well as those under the uniquely high and variable conditions observed

herein.
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2.3. Meteorological Data

The wind speed and direction were obtained from local meteorological stations with a temporal
frequency of Imin. As show in Figures S3 and S4 the overall wind was dominated by a southerly
direction (38.0% of observations between 150° and 210°) and found to be moderately slow (69.9% of
observations were between 1 m/s and 4 m/s). The 10" and 90" percentiles of wind direction (54° and
312°) and wind speed (1 m/s and 5.1 m/s) respectively, indicate that high frequency sampling reveals a
small number of relatively large changes are observed, which are expected to lead to a “fat-tail” type of
distribution of subsequently computed emissions (Delkash et al., 2016).
2.4. Quantitative Estimation of CH, Emissions

A mass conserving approach was used to estimate the CH4 emissions in connection with the high
frequency observations of CH4 and meteorological data, hereafter called the Mass Conserving Model
of Measured Coal Methane [MCM?]. This approach is based on previous emissions estimates of total
atmospheric column observations of short-lived NO, (Li et al., 2023; Qin et al., 2023b), but has never
been applied to surface observations in general, or CH, in specific. Adopting this approach methane is
done starting with mass conservation (Equation 1), and reorganizing the individual terms (Equations 2,

3) as follows:

aCH,
V(U X CH,) = CH, X U +U X 0CH, )
Jt at
aCH, au aCH,
T:ECHZL_C{X(CHII—XE—FUX 9t ) (3)

where CH, is methane concentration (ppm), t is time (min), Ecy,is CH4 emissions (ppm/min), a is a
conversion coefficient between distance and wind speed, and U is wind speed (m/s).
Uncertainty analysis was conducted before calculating the CH4 emissions to ensure only reliable data

was used, since observed variation of CH,4 over time is influenced not only by CH,4 emissions, but also

changes in wind speed and pressure. Specifically, CH, X Z—IZ represents the change in CH, influenced

ACH,
at

by pressure, while U X represents the change in CH, influenced by advection. Furthermore, since

there is uncertainty in the observations, this work takes a conservative approach, and only considers
data when the threshold given by equation (4) is observed to be considered influenced by emissions.

aCH,

u X
at

JV(U x CHy) >30% (4)

The remaining data (approximately 22%, Figure S5) is not processed in the emissions calculation as the
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signal is most likely due to a combination of observational uncertainty and white noise (Prinn et al.,

1987).
2.5. Attribution Analysis

A 2-box mass conserving model (based on equation 5) was used to attribute emissions from the more
than one suspected source of CH, in the west. The change in CH,4 over time t (min) at the observation
point C.pq1 mine (Ppm) is driven by Emissions from the upwind coal mine E_,4; mine (Pp1/min) and the
concentration gradient computed using the wind U (min™), and the background concentration
Chackgrouna (Ppm) as demonstrated in (Figure S6).

9Ccoal mine
at

= Ecoarmine T U X Cpackgrouna — U X Cooar mine (%)

All observed individual data points and computed emissions are used wind direction is capable of
transporting the CH, from either CM-A or CM-B towards the observation site, while the remaining
data is not used. A discretized version of Equation 5 is given in Equation 6 and solved using a first

order finite difference approach:

Ceoal mineyis, — Ceoal miney; = Ecoat miney; + Uri X Coackground,; — Uri X Ceoat miney; (6)

where 7; and 7;,, are the current and next time step, and the other terms are defined as in equation 5.
All possible sets of steady-state concentrations are computed using all possible combinations of
emissions and concentrations as boundary and initial conditions and running the equation forward to
equilibrium. The computed concentrations are analyzed probabilistically by comparing the modeled
CH, probability density function (PDF) with the observed CH4 PDF. Differences between the PDFs are
clearly associated with the different wind directions and hence geophysical locations of the sources can

be distinguished.
3. Results and Discussion
3.1. Observations and Analysis of CH; Concentration

Time series of CH, concentration, wind speed, and direction at 1km, 3km and Skm north of CM-A
are given in Figure 2. The wind direction blew from CM-A towards the observations (between 150°
and 210°) 59.2% of the time, with only one day observed at 1km north (August 15) with a significant
amount of wind from the west (between 240° and 300°). Consistent with CM-A being the major source
at 1km, when the wind blew from the south, the CH4 concentration (3.45+0.79) was both higher and
had a larger variation than when the wind blew from the west (2.40+0.17) which was similar to
background conditions. This is consistent with there being no known significant sources to the west

from this observation location, as shown in Figure 1. Similarly, under faster than average wind
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conditions from the direction of CM-A (On August 21 the mean wind was 5.70 m/s with 14.9% of
observations faster than 7 m/s), the observed concentrations were slightly lower, yet similarly variable
(3.17+0.82). All of these findings are consistent with transport dominating the concentrations at 1km
north, and that high frequency wind and concentration observations are required in tandem to compute
the required spatial gradients in the CH,4, otherwise there is no basis to objectively separate the effects
of the emitting region (CM-A) from the background.

A similar set of findings were observed at 3km north, while Skm north is generally similar to the
background. At 3km north, when the wind was from the south (59.3% of data), the concentration was
lower and more variable (3.16+1.48, with 78.7% of observations below 3.0ppm) than at 1km north,
consistent with advection from CM-A and a relatively stable atmosphere with a small contribution from
diffusion between the plume and the background. When the wind blew from other directions, the
distribution of concentrations broadened considerably, with a range from background (2.25ppm)
through extremely polluted (16.2ppm). One subset of this was observed on August 15 (observed over a
total of 61 mins of observations, 6.68% of the total observations at 3km north) when the wind was from
the west and slow, where the concentration was (5.44+2.82), as depicted in Figure 2. The data on this
day aligned with the presence of a major highway west of the observation site, which was observed in-
person to have heavy traffic consisting of vehicles carrying coal (which could still be outgassing) as
well as others powered by CNG. At Skm north the overall concentration (2.40+0.28) was generally
lower than at 3km and had much lower variability, consistent with background CHy.

Time series of CH, measured at 1km, 3km and Skm west of CM-A and corresponding wind direction
and speed are given in Figure 2. Overall, the main wind direction is from the south 98.4% of the time at
1km, 74.5% of the time at 3km, and 70.2% of the time at S5km, and the wind speed was very high when
measuring CH, at 1km west, with an average value of 4.28+1.13m/s and a maximum of 7.4m/s. This
set of findings is consistent with clean upwind sources. Accordingly at 1km west, the observed CHy
was slightly higher than background and had similar variability to 1km and 3km north (2.71+0.94ppm
and 86.5% of the data below 3ppm). At 3km west, CH, was observed to be similar to the background
(2.32+0.09ppm). The only exception was found at 1km west between 9:00 am and 9:30 am on August
17, in which all of the observations were greater than 4ppm. Since the areas to the west from 1km west
contains mostly farmland, there was no expected strong source of CHy, as shown in Figure 1. This

indicates that during this special short time, the observed slow increase and rapid fall-off in CHy
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concentration must be due an unidentified source, or a change in the boundary layer and/or vertical
mixing structure.

Following this, it was anticipated that the Skm west site would exhibit background types of
conditions, however the observed data deviates significantly. Wind speed was low (1.63+0.54m/s,
maximum 3.0 m/s),CH4 was both very high and exhibited substantial temporal variability (5.83+2.99
ppm, 66.7% exceeding 4ppm, and peak of 15.3 ppm), and 70.2% of the observations were from the
south as demonstrated in (Figure 2). From Figure 1, it can be seen that there is another Coal mine
(hereafter CM-B) located about 1km away from the Skm west measurement point, to its southwest,
although CM-B has an annual production of about 3 million tons (smaller than CM-A) and not
considered to be high gas (like CM-A), and therefore was not previously considered important. The
overlap of high concentrations with low a priori emissions, suggests that formal attribution is essential
to quantitatively confirm whether CM-B is the source responsible for both typical conditions at Skm
west, as well as the long-range transport event at 1km west.

CH, concentrations and wind observations in all directions except to the west, and except for the
small number of special events documents above, exhibit PDFs that show there is a decrease in
concentration the further the distance from CM-A (Figures S7 and S8), indicating that CM-A is
consistent with the major sources in these regions. These decreases are observed in terms of the
median, mean, distribution width, and percentage over 4.0ppm all decreasing from 1km north to 3km
north and again from 3km north to Skm north.

The observed CH, concentration gradient as one moves westward from CM-A is inconsistent with
the other ordinal directions (Figure S7). While there was a small decrease in the mean and distribution
breadth from 1km west to 3km west, there was a large increase in the median, mean, distribution width,
percentatge over 4.0ppm from 3km west to Skm west. Furthermore, the data at Skm west was found to
be skewed differently than at the other sites, with approximately 70% of the data greater than 4.0ppm.
The data clearly indicates that the Skm west site behaves more like a source region than even the 1km
north site.

3.2. Quantification and Characteristics of CH,; Emissions

The emissions have been computed at each following Equations 3 and 4, with 25.7% of observations

yielding emissions results. The PDFs of the emissions (Figures 3 and S9) reveal that the three stations

in the north and the Skm west station all are relatively high and variable, while the remainder are
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relatively low and non-variable. Among all the CH4 emissions results, the highest median, mean,
maximum, and breadth of the distribution are all observed at Skm west. The 3km south location has the
lowest emissions of all points observed (by median), with a respective median, mean, maximum, and
percentage greater than 1.0ppm/min of (0.03ppm/min, 0.26ppm/min, 0.90ppm/min, 0%) (Figure S9),
and is subsequently considered representative of background emissions in this work. It is important to
note that there is no area within this region that has Oppm/min emissions and that the minimum
concentration on average is about 2.23ppm (Figure S8), both of which are considered very high or
polluted compared with most other current studies (Irakulis-Loitxate et al., 2021; Sadavarte et al.,
2021).

The spatial distribution of the CH,4 emissions is similar to that of the CH4 concentration observations
(Figure 3). First, there is a decrease as one moves northward along the axis away from CM-A, with the
median, mean, maximum, and percentage of emissions greater than 1.0ppm/min at lkm north
(0.73ppm/min, 1.18ppm/min, 5.67ppm/min, and 42%) all larger than at 3km north (0.28ppm/min,
0.72ppm/min, 3.41ppm/min, and 29%). The values at 3km north are also larger than those at Skm
north, which respectively are (0.11ppm/min, 0.18ppm/min, and 0.59ppm/min, and 0%). The subset of
emissions under low wind speed conditions exhibited a larger decline from 1km to 3km and from 3km
to Skm. The observations are further consistent with transport from a single dominant source located at
CM-A being the primary driving factor, and diffusion from other industrial sources in Changzhi city
center being a secondary factor.

Consistent with there being few to no sources impacting the 1km west and 3km west sites, except for
considerably less transport from CM-A the computed PDFs at these sites (Figure 3) demonstrate low
emissions and low variability, with the respective median, mean, maximum, and percentage of
emissions greater than 1.0ppm/min at 1km west being (0.28ppm/min, 0.55ppm/min, 3.03ppm/min, and
16%) and at 3km west being even lower (0.08ppm/min, 0.10ppm/min, 0.27ppm/min, and 0%).
However, the CH, emissions computed at Skm west were the highest and most variable of all results
computed in this work, with the respective statistics being (1.45ppm/min, 1.82ppm/min, 7.92ppm/min,
and 60%). Furthermore, the skewness of the distribution at Skm west (which has 30% of the CH,
emissions above 2.0ppm/min) is much larger than at 1km north (which only has 15% of emissions
above 2.0ppm/min). Combining these pieces of information, at first look it seems that the site at Skm

west is not related to the emissions from CM-A, or at best are a mixture of emissions from CM-A and
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those at another site, herein proposed to be CM-B. The remainder of this study focuses on
disentangling and attributing contributions from CM-A and CM-B at Skm west, with the observations
at the remaining sites ruled out in terms of having a contribution from CM-B.

3.3. Attribution of Emissions

This works applied the 2-box model at the Skm west site and quantified the contribution of both CM-
A and CM-B emissions to the observed CH, concentration distributions as given in Figure 3. First, the
results of the 2-box model produce PDFs which overlap with the overall observed CH, PDF, indicating
that the results are reasonable. Second, space of the emissions computed from the two different two
coal mines do not overlap, and cover two independent portions of the observed CH4 PDF. Specifically,
the observed CH, concentrations as a whole have a 30%, 50%, and 70% value of (3.68ppm, 5.18ppm,
and 6.86ppm) respectively. The emissions from CM-A yield a CH4 concentration less than 4ppm most
of the time, with a 30%, 50%, 70%, and maximum concentration of (2.96ppm, 3.15ppm, 3.31ppm, and
4.60ppm), while the emissions from CM-B yield a CH, concentration more than 5ppm most of the
time, with a minimum, 30%, 50%, 70%, and maximum concentration of (4.76ppm, 5.20ppm, 5.68ppm,
and 6.18ppm).

Overall, the emissions from CM-B cover well the observed concentration values from the range of
50% to 70%, with a single high value around the 90% value, while the emissions from CM-A cover
well the observed concentration values in the range from 10% to 30%. One weakness is that the length
of observations is not as comprehensive as at the other sites, and therefore it is possible that had more
observations been made, the contributions from CM-B would have filled more of the space between the
70% and 90% levels, and some combination of sources from CM-A and CM-B would have better filled
the space between the 30% and 50% levels. Overall, the results indicate to a high degree of certainty
that the emissions from the two respective coal mines are distinct, with CM-A the source of emissions
in the lower range of the concentration distribution and CM-B the source for emissions in the higher
concentration range, covering values in the middle and upper range. Improvements in modeling,
additional observations, considering possible contributions from additional missing sources, and
consideration of longer-range transport could add further improvement and better explore the
intermediate range of observed concentrations.

4. Conclusions

This work demonstrates that high frequency surface observations of CHy4, in combination with high



333
334
335
336
337
338
339
340
341
342
343
344
345
346
347
348
349
350
351
352
353
354
355
356
357

358

359
360
361
362
363

frequency observations of wind can provide deep insights into emissions by accounting for high
frequency changes in space and time at the same time, which tend to be missing from models which
used more idealized approaches (such as average plume shapes and sizes, levels of coal production, and
interpreting gradients from a small number of fixed images). This work demonstrates that a significant
source of CH, emissions from a previously unknown or improperly classified mine may pose a vastly
different range of observed concentration as well as computed emissions than expected. The
importance of observations at both high frequency and regional spatial coverage are demonstrated, and
a set of practical methods that are freely open and can be adopted and modified rapidly are provided.
The approach to source attribution used herein can provide insights to policymakers to formulate
regional emission control policies and provide a check on or a priori assumption for the new generation
of advance satellite-based top-down emissions estimates, while demonstrating that spatial attribution is
a critical next-step for satellite approximations and methane control policies.
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Figure 1. Locations of four individual coal mines (Green filled houses), a power plant (Yellow outlined house), and
the 12 observation locations presented in this work (red double-outlined triangles). Distance from CM-A are given
as concentric circles at 1km (white), 3km (yellow), and Skm (blue).


https://doi.org/10.1016/j.scitotenv.2022.154898

North (2022/08/14)

North (2022/08/15)

=

M
uite
J!r- L g B

iwy

~

£ £
Q a
e e
c =
2 o 2
© o1 I
£ 35 g £ 10 |
= i £ |f
v 180 © o
¢ > 8 ‘,
S = S 8
S 3 s 8
- -
- - o4
S G 6 i
25
| 4
) | a Y 1 N
o b v VIR T P MR ol i s o i N S A A M P s R 0
I R I I I I
A LA LA PSP AP DS SPADS AS D LA LA PRSP DDA AS
L Gl R R g R ik S S G PTPPTPOYT PGP PIGTHIP
20 West (2022/08/17) : 16 West (2022/08/18)
—1km — 1km
il 3km o -~ 3kmJ360
—Skm 15 [ | —Skm
_ 16/ _ U A
= 1l "‘ £ 1 [ Iy
£ 14} ‘eh“ (Y | e (0 g
5 1'f] | s A1k :
= 12| | 510 (]
s A'J"ﬁﬂwk =
£ A L A 2
g 10 YW g sl
£ 2
8 4 ! g
z PR z6
6 | firy /
M 4
N
P PN WX rINRENCICTS N L H 0 PR — i L
S I O S O P S O LSOO S
DS LSS A S SO S AP SS S A LA LA LA S A NS APPS
562 DR e SN NG R S R LA R R R U

563 Figure 2. Time series of CHy4 concentration [ppm] (blue), wind speed [m/s] (yellow) and wind direction [°] (orange
564  lines) measured at 1km (solid), 3km (dashed) and 5km (dash-dot) located north (top) and west (bottom) of CM-A
565  on four different days (August 14 top left, August 15 top right, August 17 bottom left, and August 18 bottom right).
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567 Figure 3. Probability density functions [PDF] of computed CH, emissions located at 1km north (a), 3km north (b),
568  5km north (c), 1km west (d), 3km west (e), and 5km west (f) of CM-A, including median, mean, maximum, and
569 minimum statistics. The PDFs of CH, concentration measured at Skm west (blue) and simulated using the 2-Box
570 model under conditions when the source is CM-A (red), and when the sources is CM-B (orange), including
571 representative 30%, 50%, and 70% bounds are in (g).
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