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A B S T R A C T   

Methane emissions from natural gas production are of increasing importance as they threaten efforts to mitigate 
climate change. Current inventory estimates carry high uncertainties due to difficulties in measuring emission 
sources across large regions. Satellite measurements of atmospheric methane could provide new understanding 
of emissions. This paper provides insight into the effectiveness of using satellite data to inform and improve 
methane inventories for natural gas activities. TROPOMI data are used to quantify methane emissions from 
natural gas within the Montney basin region of Canada and results are compared with existing inventories. 
Emissions estimated using TROPOMI data were 2.6 ± 2.2 kt/day which is 7.4 ± 6.4 times the inventory esti
mates. Pixels (7 by 7 km) that contained gas facilities had on average 11 ppb more methane than the background. 
7.4% of pixels containing gas sites displayed consistently high methane levels that were not reflected in the 
inventory. The satellite data were not sufficiently granular to correlate with inventories on a facility scale. This 
illustrates the spatial limitations of using satellite data to corroborate bottom-up inventories.   

1. Introduction 

Methane is the second most important radiative forcing greenhouse 
gas (GHG) after CO2 (Forster et al., 2007) and whilst total emissions are 
far smaller in comparison, its far higher global warming potential (GWP) 
means it is responsible for 25% of global warming today (Myhre et al., 
2013). Natural gas is important to study due to its growing presence as a 
transition fuel displacing coal (Wilson and Staffell, 2018), and as flexible 
support for intermittent renewables (Aguilera and Aguilera, 2020). 
However, methane is emitted via venting, incomplete combustion and 
fugitives across the gas supply chain (Balcombe et al., 2018). As these 
emissions can be widely distributed throughout gas infrastructure, they 
are difficult to monitor. Developing a robust and cost-effective method 
to measure emissions is therefore crucial to avoid unintended climate 
impacts. Ever improving satellite technology could provide this crucial 
data, but their standalone effectiveness and accuracy requires refining 
(Olczak et al., 2020). Notwithstanding this, the EU has recently pro
moted satellites as a central pillar of its methane strategy, particularly 
around verification and identification of large emissions (EU, 2020). 

Methane emissions from natural gas have been widely measured 
over many decades. Recent studies in Canada have shown inventories to 
be under-reporting emissions (Zavala-araiza et al., 2018; Chan et al., 
2020; MacKay et al., 2021). The discrepancies in calculated emissions 
between different estimation methodologies of natural gas emissions 
means the true emission rate remains uncertain, which may result in 
substantial inaccuracies within the national inventories. 

TROPOspheric Monitoring Instrument (TROPOMI) was launched in 
2017, on board the Sentinel-5P satellite. It orbits the globe every 90 min, 
giving worldwide daily coverage, returning to its original orbital posi
tion every 16 days (ESA, 2019). It measures the methane column density 
in 7 by 7 km pixels (upgraded to 5.5 × 7 km since 2019 at nadir). The 
advantages of using TROPOMI for tracking methane emissions are that 
the data are free, available within less than a week, and can give global 
coverage, showing data for countries that may not allow access to fa
cilities. (Hasekamp et al., 2019). Such a use is suggested in the creation 
of the international methane emissions observatory planned by the EU 
(EU, 2020). 

The majority of previous studies tracking methane emissions using 
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satellites (Frankenberg et al. (2006); Bergamaschi et al. (2007); Wecht 
et al. (2014); Turner et al. (2016)) have explored long time scales and 
large areas with little to no emphasis on specific natural gas facilities. 
Zhang et al. (2020) recently used TROPOMI to estimate methane 
emissions in the Permian basin, but utilised prior estimates of emissions 
and resolved their estimates on a coarser grid (0.25◦ × 0.3125◦, approx. 
28 × 30 km) than the original satellite data. Schneising et al. (2020) also 
used TROPOMI to quantify emissions from several basins, but this was 
not compared to inventory estimates at the facility level. We aim to 
locate high emitting facilities over individual days with no prior in
ventory estimates, and thus will be able to independently compare in
ventory estimates to satellite data. This is beneficial as it could allow 
institutions to corroborate or challenge inventories created, without 
access to the sites, nor being guided by prior estimates that may be 
incorrect. While some studies have used short time scales with higher 
resolution satellites (Varon et al., 2019), the data sources used are not 
freely available to the public, nor do they provide worldwide daily 
coverage. 

Comparing the TROPOMI derived emission estimates directly to a 
point source emission inventory is vitally important as it allows for 
potential limitations in both satellites and inventories to be explored. It 
also allows for greater understanding in how the two methods could aid 
each other in future inventory corroboration and emissions reporting. 
Moreover, a direct comparison to the inventory places any estimates of 
emission rates into context and provides evidence for the potential 
under or over reporting of emissions in any area. 

This study aims to be the first to use satellite data and transport 
modelling, independent of prior inventory estimates, to compare emis
sion estimates directly with inventory estimates of methane emissions 
from natural gas facilities. This is achieved by quantifying methane 
emissions over 24-h periods from within the Montney basin region in 
Canada, a region characterised by substantial oil and gas production. 
This allows for the assessment of how satellite methane monitoring 
could contribute towards detailed inventories of methane emissions. In 
turn this will help to understand where the best opportunities for 
emission reductions lie. To achieve this, this study’s objectives are to:  

• Assess the ability of TROPOMI to independently quantify methane 
emissions from natural gas in the Montney Basin.  

• Compare the TROPOMI data to the Canadian methane inventory to 
assess any differences.  

• Determine the best use of TROPOMI in the given conditions of the 
study area. 

To demonstrate the capabilities of using satellites, no onsite mea
surements were used to calculate background methane, but a novel 
approach using satellite data was implemented. To directly compare the 
inventory to the satellite data this paper makes all estimates indepen
dent of a priori inventory data on emission sources. This allows for 
possible shortcomings in annual inventories to be explored, and the 
exploration of how satellites can aid in inventory compilation. Finally, 
using the lessons learnt in this paper we suggest improvements to 
expand the use of satellites in tracking methane emissions from natural 
gas worldwide. 

2. Materials and methods 

2.1. Data selection 

We examined the Montney gas field located in the Alberta/British 
Columbia (BC) border in Canada, latitude 55 to 57 and longitude −115 
to −121◦. Canada’s methane inventory is highly detailed, citing the 
location and quantity of each emitting facility, and this area was chosen 
because the majority of its anthropogenic methane emissions (88%) are 
from natural gas facilities (Environment and climate change canada, 
2020a). 

All days between May 1, 2018 to 31st December 2018 were screened, 
excluding the month of November when no data were available. In total 
20 days were chosen out of 215 due to sufficient data coverage, defined 
as over 10% coverage (Figure S3). Additional screening was in place for 
the quantification of emissions which reduced the number of days 
available to 11 (Section 2.5.2). We used the TROPOMI bias-corrected 
data set which applies corrections to account for albedo, topography, 
and cloud coverage. Any pixels that had a surface albedo <0.02 were 
removed as in Plant et al. (2022). This increases the probability the 
methane detected in the pixel are not artifacts but are actual enhance
ments. The data are given in the form of column-averaged mixing ratio 
of methane in ppb (parts per billion). The overpass time was 13:30 local 
time. 

2.2. Inventory data 

Canada produces a detailed point source GHG emissions inventory, 
reporting emissions for facilities emitting over 10 kt CO2 equivalent 
(CO2e) a year. This inventory is updated annually and documents 
emissions from 2 years prior. The inventory is compiled using emission 
factors derived from bottom-up estimates, assuming average conditions, 
mass balance and stoichiometry (Environment and climate change 
canada, 2020b). In the region studied, 88% of emissions from the in
ventory were from the gas sector, with the majority of the remaining 
12% originating from chemical pulp mills (Environment and climate 
change canada, 2020a). 

Biogenic methane sources are not included in the Canadian in
ventory. To estimate the biogenic sources, an average value was taken 
from WetCHARTS’ gridded simulations (Bloom et al., 2017). EDGAR 
data were used to estimate emissions from enteric fermentation and 
manure management, two other main sources not included in the in
ventory (EDGAR, 2021; Crippa et al., 2019; DOI, 2021). However, the 
most recent WetCHARTS and EDGAR data at the time of writing is for 
2015. 

2.3. Background methane 

To quantify methane emissions from satellite data, the background 
methane concentration had to be quantified. Once quantified, any en
hancements over this could be treated as an emission. Typically this is 
done through on-site measurements (Atherton et al., 2017) or by 
quantifying the methane in an area upwind of the location of interest 
(Schneising et al., 2020). However, there were often no values retrieved 
by the satellite upwind. Therefore, we calculated the average methane 
enhancement in an area 3 degrees of latitude and longitude larger on 
each side of the area being examined (Figure S4). Here the average 
methane concentration was 1800 ppb with a standard deviation of 6.5 
ppb among days. This is similar to a method used in Plant et al. (2022) 
which was also necessary due to poor coverage in the upwind direction. 
Plant et al. (2022) also showed that the background threshold had 
minimal effect on the uncertainty in the final results. Moreover, the 
standard error of the mean in the background rate was low in this area 
(±0.07 ppb) meaning the variation in background should have a mini
mal effect on the results. 

2.4. HYSPLIT model 

We converted the column density of methane from TROPOMI into 
mass per 7 by 7 km pixel using ideal gas equations then inputted this 
information into in the HYSPLIT (Hybrid Single-Particle Lagrangian 
Integrated Trajectory) model (Further information is available in Sec
tion 1 in the Supporting Information (SI)). HYSPLIT was chosen over 
other models due to its global coverage, the ability to track backwards in 
time and pinpoint sources (Jacob et al., 2016), and its suitability to the 
short time periods used in this project. Many studies have demonstrated 
its utility in gas dispersion and trajectory (Escudero et al., 2011; Chen 
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et al., 2013) and it has recently been used to track methane emissions 
from gas pipelines (Sargent et al., 2021) and to locate ultra-emitters 
(Lauvaux et al., 2022). 

The HYSPLIT model can calculate the dispersion of a pollutant in two 
ways, either as a puff or a series of particles. These are expanded over 
time using a gaussian or top hat distribution (Roland et al., 2018). For all 
methods, the advection is calculated in the same way, from the average 
of the 3D velocity vectors for the initial-position P(t) and the first-guess 
position P′

(t+Δt) (Roland and Hess, 2017). 
The first guess position is 

P′

(t+Δt)=P(t) + V(P, t)Δt Eq. 1  

and the final position is 

P(t+Δt)=P(t) + 0.5[V(P, t)+V(P
′

, t+Δt)]Δt Eq. 2 

In this way the velocity vectors are linearly interpolated simulta
neously in space and time. For this project the 3D particle simulation 
was chosen due to its higher accuracy over shorter distances (Roland 
et al., 2018). Here the particles are given a random motion to simulate 
the turbulence they would experience in the atmosphere in combination 
with the advection calculations. These are then distributed according 
the meteorological data which forms a grid of (U, V, W) velocity values 
to inform the particles where they should be moving. In the 3D model, 
the parameters of methane molecules were added to increase accuracy 
and make the simulation as similar to real life as possible. These pa
rameters were gathered from literature (U. S. National library of medi
cine, 2019). 

2.5. Estimating emissions 

2.5.1. Spatial examination 
To spatially examine emissions, once any ppb enhancement above 3 

standard deviations, a value typically used in analytical chemistry 
(Armbruster and Pry, 2008), over the background rate (1820 ppb) has 
been detected. It is run through the HYSPLIT model at 5 levels in the 
boundary layer, due to the likelihood of the enhanced methane being at 
this low altitude (de Gouw et al., 2020). Using this method care must be 
taken when setting a threshold level of enhancement due to variations in 
upwind methane levels on each day. We set this level high to limit 
incorrectly attributing emissions. 

A constant emission rate was then assumed, and HYSPLIT run 
backwards to detect the location of the emission sources from the pre
ceding 24 h (time between overpasses). This does not quantify the total 
emissions in the area, rather it locates the sources under different po
tential emission profiles (when and how much is emitted over a period of 
time) allowing for comparison to the inventory. These gave the spatial 
distribution of all detected enhancements over the 20 days examined 
(Figs. 2b and 3a). Different emission profiles (emissions intermittently 
for an hour on 3-h intervals and emissions between 6 a.m. to 6 p.m.) 
were also assumed to see the effect of varying the underlying assump
tions and quantifying errors. 

2.5.2. Total emissions 
To calculate the total emissions for the area the background methane 

for each day was subtracted from each pixel’s column enhancement. 
Only days with over 50% of pixels containing data were used and any 
missing pixels were filled using the average days methane enhancement. 
Using the mass flux equation adapted from Jacob et al. (2016) the total 
methane flux across the area for each day could be calculated from Eq. 
(3). 

Q=
MCH4

Ma

ΔXCH4UWp
g

Eq. 3  

Where Q is the flux, MCH4 is the molar mass of methane, Ma is the molar 

mass of air, ΔXCH4 is the average column enhancement of methane 
over the background, U is the average wind speed across the area, W is 
the length of the area which was aligned along the direction of the wind 
in columns such that the length would vary with the wind direction on 
each day. Wind speed was collected from the North American Regional 
Reanalysis (NARR) dataset (NOAA, 2021) and was taken as the average 
wind speed in the boundary layer. p is the average pressure, g is gravi
tational acceleration. These were then averaged to calculate the yearly 
emission rate. The wind velocities for each day are shown in figure S12 
in the SI. 

2.6. Gaussian smoothing of the inventory data 

The inventory data has a highly defined spatial granularity given that 
specific sites report their emissions (point sources), whereas the satellite 
data is less granular owing to the pixel size, stochastic motion of 
methane once it enters the atmosphere, and uncertainties in the weather 
data, methane measurements and the methodology. To explore the 
correlation between the two estimation methods at differing spatial 
scales we applied a gaussian smoothing algorithm to the inventory data. 
The standard deviation, σ, also known as the smoothing value, was 
measured in pixels and controlled the level of smoothing (i.e. σ = 1 
means a standard deviation of 1 pixel). A range of smoothing values 
were used and the effect this had on the R2 value and root mean square 
error (RMSE) were explored to determine an optimal smoothing value. 

Determining the optimal smoothing value is subjective and would 
change depending on how each person would decide to balance gran
ularity with correlation. This is similar to indifference curves and utility 
functions in economic theory; the indifference curves can move along a 
cost curve and decide the optimum distribution of costs or goods but are 
subjective and chosen by the individual (Allen, 1934). This is a suitable 
way to view the choosing of an optimum level of smoothing in this work. 
The optimal level of smoothing chosen is due to preference, rather than a 
strictly mathematical relationship. Super-emitters. 

2.7. Super-emitters 

Super-emitters are a known phenomenon of gas facilities: a select 
few equipment or facilities disproportionately contribute to total emis
sions. They can be defined as the top 5% of emitters contributing 50% of 
total emissions (Brandt et al., 2016; Balcombe et al., 2018). A study by 
Zimmerle et al. (2015) also estimates that 1 in 25 sites exhibit 
super-emitting emissions. Zavala-araiza et al. (2015) notes that these 
emissions are unlikely to be static throughout time. This highlights a 
complication in extrapolating a top-down study to an annual estimate, 
or a bottom-up study to a daily estimate as the variability of each day is 
lost. By searching for constantly high emitting pixels we examined the 
area for potential super-emitting characteristics and explore how satel
lites could aid in the inclusion of these into inventories. 

2.8. Error analysis 

There a several sources of uncertainty within our methodology, 
including from within the primary data (satellite, meteorological, 
bottom-up) and modelling. All uncertainties are listed given to the 95th 

percentile where possible (Table 1). 
The satellite data contains errors from the column concentration of 

methane, which are a combination of the random and systematic errors 
in the satellite equipment (Hasekamp et al., 2019). These were calcu
lated by changing the column density by the precision in the column. 
This was the dominant source of uncertainty in the method, due the 
relatively small methane enhancements over the background levels 
compared to the precision of the satellite. The bias correction factor was 
assumed to account for the majority of albedo issues documented in 
Lorente et al. (2021). Uncertainty was also present in the assumptions 
regarding the emission profiles input into HYSPLIT. To quantify these, 3 
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emission profiles were input, and the differences evaluated. This showed 
variation between the different emission profiles, in both the location of 
sources, and the quantity of emissions. The difference between the 
constant emission rate and the 3-h bursts/the 6am to 6pm profiles are 
shown in Figure S8. These gave uncertainties of 16 kg/km2 and 36 
kg/km2, respectively. 

Missing data due to cloud coverage also induces uncertainty. To 
quantify this (Shown as Missing data points in Table 1), we withheld 
varying quantities of data points in known areas and examined the effect 
this had on the final result. Bootstrapping this for 10,000 different 
combinations of data points for each day we calculated the uncertainty 
associated with different numbers of missing pixels. 

Where possible these uncertainties were combined using the 
quadratic propagation of errors equations (Robin, 2006). However, 
many of these errors were independent of each other such as the spatial 
uncertainty from meteorological data and the uncertainty from missing 
data and could not be combined but are included to demonstrate some 
hidden uncertainty that may be present in the method. The final un
certainties stated in this paper were calculated by combining the pre
cision of the satellite with the missing data points for the satellite. 
Additional information on the uncertainty analysis is available in the SI. 

3. Results 

3.1. Methane column enhancement 

For an initial overview, we compare atmospheric methane concen
trations in two categories: areas containing gas sites and those that do 
not. Higher levels of methane exist in pixels containing gas sites 
demonstrated by an average methane level of 1811 ± 0.66 ppb (±
represents the standard error of the mean) in pixels containing gas sites 
in the study region, compared to 1805 ± 0.18 ppb in pixels without gas 
sites, and 1800 ± 0.07 ppb in the total background region. this is shown 
with the background methane subtracted in Fig. 1a. However, there was 
no correlation found between these enhancements against the back
ground methane level and the magnitude of emissions estimated in the 
inventory. This is shown in Fig. 1b comparing concentration enhance
ments for gas sites versus the inventory emissions at each site. 

3.2. HYSPLIT analysis 

Fig. 2a shows the raw TROPOMI data, Fig. 2b shows the total 
emissions calculated over the 20 days after the HYSPLIT modelling, 
overlayed with key emitting sources in the region. This demonstrates 
once winds have been accounted for there are 3 main areas of emissions, 
all of which are in close proximity to natural gas sites or chemical pulp 
mills, which had very high emissions reported in the inventory. 

A spatial mapping of the bottom-up inventory estimates is shown in 
Fig. 3b, adjacent to the smoothed inventory data (Fig. 3c) and TROPOMI 
data post HYSPLIT (Fig. 3a) (scale capped at 104 kg/km2/year for ease of 
comparison). The smoothing level of Fig. 3c is justified in Fig. 4. As 
illustrated, the satellite emission estimates have significantly lower 
spatial granularity due to measurement and estimation uncertainties. 
Smoothing the inventory data enables a comparison with more similar 
spatial granularity and improves the correlation. Every pixel is plotted in 
Fig. 3d and e to show the level of correlation for the regular and 
smoothed inventory estimates. 

Smoothing the inventory data to a pixel size of 21 km increases the 
correlation with satellite estimates by almost a factor of 4, with an R2 

value of 0.325 compared to 0.084 for the unsmoothed inventory. This 
infers the spatial scale that satellite data may be effective for comparison 
for this region and timescale. Moreover, the RMSE is greatly reduced, 
however the mean bias is largely unchanged. Note also the best fit line 
indicates the satellite estimate may overestimate low emitting regions 
and underestimate higher emitters. 

Choosing an optimum level of smoothing is subjective and will 

Table 1 
Errors within the data and model.  

Source % Error of 
source 

Reference 

Canadian Inventory ±2 (Environment and climate change canada, 
2020b). 

Wetlands −49 to +4700 Bloom et al., (2017) 
Enteric 

fermentation 
±36 Solazzo et al., (2020) 

Manure 
management 

±36 Solazzo et al., (2020) 

Meteorological ±10 Pendergrass, (2017) 
Satellite dataa ±72 This paper 
HYSPLIT ±50 Chai et al., (2018) 
Emission profilea ±11 This paper 
Missing data 

pointsb 
±47 This paper  

a an average, varies by pixel. 
b when 35% of pixels are missing (the amount missing when quantifying the 

total emission rate across the area) this value will increase with more missing 
data points. 

Fig. 1. a) Methane column enhancement above background at gas sites and non gas sites. b) Scatter plot of methane enhancements above background against 
inventory estimates of emissions for gas sites. 
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change depending on the data set and conditions, balancing RMSE with 
resolution. This is shown by the dashed line in Fig. 4 illustrating the 
lowest RMSE and the regular line showing the σ = 3 smoothing. As can 
be seen, huge gains in resolution are traded for small losses in RMSE 
across these values. Therefore, a smoothing value of σ = 3, which cor
relates to a pixel length of 21 km, could be viewed as optimum by 
balancing granularity and correlation between satellite and inventory. 
Optimising σ will improve the satellite-inventory comparison and help 
to understand the level of resolution that is permitted for comparison 
and corroboration of the conditions in which the satellite is used. 

3.3. Total annual emissions 

Fig. 5 shows the satellite estimates for each day examined alongside 
associated uncertainties, the average rate and the inventory estimate. 
Satellite estimates are 2.6 ± 2.2 kt/day which is 7.4 ± 6.4 times the 
inventory. There was a large range in estimates for each day alongside 
high uncertainties. This may indicate the episodic and variable nature of 
emissions so any analysis should consider a representative sample of 
days. 

4. Discussion 

4.1. Ability of TROPOMI to quantify emissions in the Montney Basin 

The true emission rate in the area is difficult to determine given the 
high uncertainties from the satellite data and the unknown uncertainties 
within the inventory data. However, emission estimates can be placed 
into context with contemporary measurements. A study carried out by 
Zavala-araiza et al. (2018) found emissions were 15 times higher than 
reported at natural gas facilities in Alberta. Another study found 
methane emissions in western Canada to be almost twice as high as 
inventory estimates (Chan et al., 2020). This finding was supported by 
MacKay et al. (2021) who estimated inventories across Canada to be 
underestimating emissions by a factor of 1.5. Tyner and Johnson (2021) 
also found emissions in British Columbia to be 1.8 times the inventory 
estimate. Thus, the emissions estimated in this report are high, but not 
out of line with contemporary measurements. 

High uncertainty means there is a far greater range of estimates given 
in the satellite estimates compared to the inventory, resulting in our 
estimate ranging from 1 to 14 times larger than the inventory. This 
demonstrates the need to measure as many days as possible to reduce the 
effects of outlying days as seen in the high estimates on the 21st and 25th 

May. The time of the overpass is also important. The overpass time of 
Sentinel-5P satellite was 13:30 local time, thus TROPOMI is likely to be 
measuring at the time of day with higher emissions, as suggested by 
Vaughn et al. (2018). 

Overall, TROPOMI has limited suitability for quantifying emissions 
over the 8-month period studied here due to high uncertainties and 
missing data points from a combination of weather constraints and 
topography. 

4.2. Comparison of satellite and inventory estimates 

It is clear TROPOMI detects emissions from gas sites in this region 
shown by the elevated methane in these pixels. However, the estimated 
emissions in each pixel do not correlate to the inventory (Figs. 1 and 3 
and S9) until the spatial granularity is reduced. There are several 
possible reasons for this:  

1. Intermittent emissions causing high temporal variability  
2. Sources of methane not reported in the inventory  
3. Uncertainties in satellite measurements  
4. Satellite estimation modelling uncertainties 

The first explanation for the discrepancy is that emissions are 
intermittent and variable throughout the year and there were insuffi
cient days of data to account for this. The annual emission rate reported 
in the inventory will not be representative of any specific day. Whilst 
this study scoured 8 months of satellite data for this region, only 20 days 
(<10% of total days) were suitable for analysis and these days may not 
be representative of annual emissions. For example, any satellite-based 
method is biased towards estimating emissions on sunnier days, as this is 
when data is available. Should there be a bias towards higher or lower 
emissions on these days, the total estimates will reflect that. 

Secondly, the inventory is limited in scope, covering only emissions 
above 10 kt CO2e a year so there is likely to be unreported sources of 
methane. This could have a large effect if these sources are clumped into 
certain pixels, thus detected by the satellite but not by the inventory. For 
example, emissions from wells, which are not included in the inventory 
may be variable and abandoned wells can have non-zero emissions 
(Lebel et al., 2020; Riddick et al., 2019). Moreover, Zavala-araiza et al. 
(2018) found 60% of sites in Alberta with 0 reported emissions had 
non-zero emissions when calculated by on-site measurements. This 
under/mis-reporting could contribute to the discrepancy seen between 
the satellite and inventory estimates. Therefore, the inventory may be 

Fig. 2. a) TROPOMI data at 7 × 7 km resolution averaged across 20 days with emitting facilities overlaid. b) Emission sources across the 20 days at 7 × 7 km 
resolution after HYSPLIT modelling with emitting facilities from the point source Canadian methane inventory overlaid. 
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Fig. 3. Comparison of inventory and satellite after modelling estimates of emission source locations. (a): Emission sources estimated by this paper extrapolated up to 
a year. (b): Inventory estimates of emissions, compiled from the point source Canadian methane inventory, EDGAR and WetCHARTS. (c): Inventory estimates of 
emissions, complied from the point source Canadian methane inventory, EDGAR and WetCHARTS smoothed with σ = 3. (d): Plot of each pixel’s methane emissions 
estimated by the inventory and satellite, no smoothing, blue line is logarithmic line of best. (e): Plot of each pixel’s methane emissions estimated by the inventory and 
satellite with smoothing of σ = 3, blue line is logarithmic line of best. RMSE is root mean squared error, MB is mean bias, NMB is normalised mean bias. (For 
interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.) 
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correctly estimating the emission sources it covers, but by definition it 
does not cover all emission sources which is where the satellite has an 
advantage. 

Next, the satellite measurements are subject to uncertainty which 
could further mask correlations with the bottom-up inventory. This 
precision uncertainty should reduce over repeated measurements, but 
some biases will remain across measurements. Finally, satellite esti
mates using this methodology are clearly less spatially defined than 
estimates from the inventory, potentially due to uncertainty in the 
transport of the emissions from the HYSPLIT modelling, which can 
misrepresent by over 100 km (Chai et al., 2018). This is a limiting factor 
when comparing emissions at the facility level, more accurate models 
for atmospheric dispersion would improve this. 

In summary, there is correlation between the satellite and the in
ventory emissions from a regional viewpoint, where regions with gas 
sites exhibit excess methane compared to other pixels in the area. 
However, correlation is limited when examining individual sites. This 
could be due to uncertainty in the satellite data and modelling, difficulty 
in comparing annual averages to daily estimates due to intermittent 
emissions, or incorrect estimates from the inventory. Future work in 
combining satellite data with onsite measurements, or examining an 

area with superior data coverage may shed some light on these dis
crepancies at the facility level. 

4.3. Optimal use of TROPOMI 

We checked the area for constantly high emitting pixels by setting 
the criteria that 80% of all recorded days for a pixel must have methane 
concentrations a certain ppb above the background rate, with a mini
mum of 5 days of successful measurement. 7.4% of pixels containing gas 
sites had enhancements of over 20 ppb, compared to 3.4% of non-gas 
sites (Fig. 6). Due to the consistent nature of their high emissions, it is 
unlikely the cause was uncertainty in the data, or factors outside the 
pixels. This indicates that detecting high emitting regions, containing 
potential super-emitters is a useful role for TROPOMI. 

These high emitting regions showed no correlation to the inventory 
indicating they are a potential blind spot in inventory creation. 
Including satellite data when corroborating inventories may allow for 
these areas of interest to be quickly located and facilities within these 
pixels then measured more accurately using on site methane quantifi
cation devices to locate emissions which can then be stopped. 

5. Conclusion 

This paper assessed the ability of the TROPOMI instrument, onboard 
the Sentinel-5P satellite, to measure methane emissions from gas sites 
within the Montney basin and compared it to national point source in
ventories. When examining the whole area, we found the satellite esti
mate is 2.6 ± 2.2 kt/day or 7.4 ± 6.4 times the reported inventory. The 
satellite estimates identified raised emission rates over the areas con
taining gas sites and regionally correlated with the inventory, but there 
was only a weak correlation between the satellite and inventory 
regarding the magnitude of emissions at each facility. Therefore, the 
reconciliation of the inventories and TROPOMI data was not possible 
given high uncertainties over the facility spatial scale. 

Several reasons for the lack of correlation were explored including 
uncertainty within the satellite data, intermittent emissions sources, and 
inaccurate inventory reporting. Further work to combine satellite data 
with on-site measurements could prove useful in examining these dif
ferences. However, when the inventory was smoothed its correlation to 
the satellite data improved, indicating that the optimal resolution for 
corroboration between TROPOMI and the inventory was at a pixel 
length of 21 km. Thus, TROPOMI may be more useful in verifying 

Fig. 4. Change in RMSE and linear R2 as the smoothing value increases. Dotted 
line is lowest RMSE, dashed line is potential optimum for use in this area. 

Fig. 5. Total emission rate for each day.  

Fig. 6. Percentage of high emitting pixels defined as having 80% of 5+ days 
with measurements at or above given ppb enhancements. 
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reporting at this more aggregated level. However, further studies to 
corroborate or challenge this optimal level is required to facilitate the 
optimal use of TROPOMI as stated in the EU methane strategy. 

7.4% of pixels containing gas sites were responsible for large, 
consistent emissions that were not captured by the inventory. These sites 
did not correlate to the inventory and their discovery highlights a po
tential role for TROPOMI in locating high emitting sites to then 
corroborate with targeted onsite measurements. Thus, TROPOMI is well 
suited to finding super-emitters which is particularly important as these 
were missed in the inventory. Therefore, the methods for creating in
ventories should be considered to see if there are ways to improve them 
via combining with satellites. 
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