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Abstract

In this study, we apply a recursive Bayesian state updater algorithm to assimilate meteorologi-
cal data with point-sensor measurements of methane concentrations to infer timeseries of methane
emission rates at three operating oil and gas facilities. These calculations are performed over a
timeframe with known numerous short (~ 30 minute) controlled releases, allowing for “ground
truth” data to compare our emission estimates against. The highly-varying and unknown op-
erational emissions pose challenges in analyzing quantification results when trying to determine
whether there is evidence in the emission estimates of a given controlled release. Ultimately, we
find that despite the non-ideal conditions at these sites (poor sensor placement and the presence of
large obstructions that the quantification model does not account for) that the site-level emission
estimates show evidence for 31 out of the 60 controlled releases and that the majority of nonde-
tections were due to the wind simply not pointing from the source to any sensor in the network
during a short release event.

1 Introduction

Methane has a shorter atmospheric lifetime, but significantly higher heat-trapping potential com-
pared to carbon dioxide (CO2). As a result, methane reduction actions taken today will have a more
significant short-term impact than CO2 reduction efforts. Human activities are responsible for ap-
proximately 60% of global methane, with the oil and gas, agriculture (including fermentation, manure
management, and rice cultivation), landfills, wastewater treatment, and coal mining industries as the
largest contributors to anthropogenic methane emissions [1].

In 2022, natural gas and petroleum systems were responsible for 28% of US methane emissions [1].
Tackling oil and gas methane emissions is considered as one of the most economically and technically
effective ways of lowering greenhouse gas (GHG) emissions in the near term [2]. In addition to its
climate impact, leaked and vented methane from the oil and gas sector results in substantial economic
losses in terms of lost sales and social costs [3].

Several studies using various emissions measurement techniques report that the existing emission
inventories underestimate actual methane emissions from the oil and gas sector [4-17] with significant
regional variability in the scale of discrepancies between inventories and measurement-based estimates.
A recent study reported that methane emission loss rates range from approximately 0.75% to 9.63%
of natural gas production in different geographical areas in the US [18]. The wide range of methane
emissions intensity in various geographical regions and among different facility categories and operators
indicates that the effectiveness of methane mitigation strategies relies on a comprehensive understand-
ing of emission events characteristics, including source, size (emission rates), duration, and frequency
of emission events, which can only be understood via direct measurement.

Direct methane emissions measurement can be done from space (using satellites), in the air (by
drones or piloted aircraft), or on the ground (by point sensor networks, laser-based scanning, or
imaging systems). Due to the limited revisit rate of space and aerial-based measurement technologies,
these platforms can identify emissions above the minimum detection limit for the specific method but
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offer little to no information regarding the frequency or duration of events. In principle, continuous
monitors can address the shortcomings associated with the limited observation frequency of space
and aerial-based measurements, however the detection, localization, and quantification algorithms for
these systems are highly dependent on gas dispersion models, which introduces significant uncertainty
in their emissions estimates. Additionally, these systems rely on the wind to “cooporate”, i.e., point
from emission sources towards sensors in the network with sufficient frequency to be able to make
reliable estimates.

Recent studies suggest that 72% of the continental US midstream and upstream oil and gas methane
emissions originate from facilities that emit less than 100 kg/hr, with 30% of total emissions coming
from facilities emitting less than 10 kg/hr [15]. With current satellite technology, the lower detec-
tion limit is at best around 100 kg/hr, but in many cases can be significantly higher [19]. These
measurements are impacted by atmospheric conditions (including cloud cover), solar geometry, and
surface characteristics [20]. As a result, relying solely on point-in-time satellite methane observations
results in an incomplete estimation of the emissions spectrum for both regional and site-level emissions
inventories.

Under ideal measurement conditions, aircraft methane measurement methods can detect emissions
below 100 kg/h, and in some cases, below 10 kg/h [21]. These methods are highly weather-dependent
and due to the snapshot nature of these methods, there is no practical way to determine emission
event start and end times. When attempting to calculate regional emissions inventories, these methods
rely on statistical methods to estimate event duration and frequency using large sample sizes, which
introduces significant uncertainty that depends highly on the specific revisit frequency and detection
limit of the deployed technology. In addition, down-scaling basin-level estimates that use large-scale
sample sizes to determine site-level emissions measurements is challenging [22, 23]. Recent studies
recommend using operational data and continuous monitoring as two useful methods to complement
snapshot methods in estimating emission event duration and frequency [23, 24].

Continuous monitoring systems (CMS) have been rapidly evolving since the inception of the U.S.
Department of Energy (DOE) ARPA-E MONITOR program. Since these systems provide real-time
or near-real-time monitoring of facility emissions at a far higher frequency compared to intermittent
methods, they have the potential to address temporal variability and offer better insight into emissions
event frequency and duration. It should be noted that other variables such as wind variability, stability
class of the atmosphere, and facility complexity may impact the performance of CMS in detecting,
localizing, and quantifying emission events. With sufficient sensor density and placement, proper mea-
surement sensitivity, and advanced data assimilation algorithms, CMS have proven to be an effective
technology in detecting, localizing, and quantifying emission events.

Recent studies suggest that employing multiple types of measurements is likely to improve the
accuracy of emissions estimates. This approach is known as multi-scale measurement, where in the
case of developing measurement-based site-level inventories, a CMS is used for validation of specific
snapshot measurements and determining how snapshot measurements relate to the temporal emission
profile of a given site [25, 26]. This approach requires independent testing of various technologies to
comprehensively understand the applications and limitations of each emission measurement method
and validate the quality of event detections and emissions estimates.

In 2016, the DOE sponsored the creation of a facility at Colorado State University (CSU), operated
by the Energy Institute’s Methane Emissions Technology Evaluation Center (METEC), to simulate
the equipment configurations on oil and natural gas production sites with controlled release capabil-
ities. The METEC facility is frequently used to evaluate the performance of methane measurement
technologies for emissions event detection, localization, and quantification. While testing at METEC
is valuable in assessing the performance of various technologies, it represents something of a best-
case-scenario: the facility is small relative to operational sites, there is very little terrain variation
or obstructive features (buildings, large tank batteries, numerous compressors), and solutions often
deploy a higher number of sensors than they would in the field. As such, when considering published
results from studies such as [27], one should consider them to be the most optimistic assessment of
each solution’s capabilities, and take care in extrapolating this performance to the field.

A team affiliated with METEC performed an extensive study, [28], in which they took a mobile
controlled-release rig to 11 operational facilities equipped with methane point-sensor networks from
several companies, performed controlled release tests with varying locations and rates, analyzed the
data from the associated dashboards, and attempted to characterize the probability of detection (PoD)
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and quantification accuracy of the solutions. They dubbed these “challenge releases” as they are
not performed in a controlled environment, and the presence of significant background makes them
challenging to detect. We will henceforth adopt this nomenclature for the releases from this study.
The primary focus of their analysis was on solutions that provided site-level emissions estimates. At
the time of this study, Project Canary (henceforth, PC) did not have quantification enabled in their
dashboard at these sites, and as such, were excluded from the bulk of the analysis and discussion from
this study, which focused on assessing each solutions’ PoD and quantification accuracy.

Controlled release experiments at operational facilities are incredibly important to fully understand
the performance of point-sensor networks and associated algorithms in a field setting: the majority of
controlled-release studies are performed in relatively sterile environments (e.g., METEC), and do not
fully replicate the complexity of emissions and the logistics of deploying point sensors at operational
sites. Testing the accuracy of these solutions in conditions that more closely mimic an operational
environment is paramount to understanding their performance when deployed. Such testing, how-
ever, poses additional challenges: because solutions are distributed across many sites (rather than all
deployed at one central testing location like METEC), it takes a significant amount of time and person-
power to conduct an appreciable number of these studies across different sites and associated solutions.
As such, it is impractical to perform the same number of releases to build up robust statistics (such as
the ADED campaigns, where they typically employ ~ 500 unique releases, which are seen by all of the
participating solutions). Another major challenge is the presence of unknown operational emissions
that may fluctuate on timescales comparable to the duration of controlled release experiments. These
unknown emissions make it difficult to disentangle a signal associated with a controlled release from
the background, and extra care must be taken in exactly how this background subtraction is per-
formed. In contrast, at a facility like METEC, there are no interfering nearby sources with significant
impact on the background methane levels, so any methane concentration enhancement or associated
emissions estimate can be directly attributed to the controlled releases, naturally giving rise to an
evaluation framework in which one can distinguish true event detections from false alarms and missed
event detections.

In [28], they define two distinct frameworks for defining whether a given solution detected a con-
trolled release. The first step in both processes is to estimate a static background level (BL) of the
site-level emissions. This is accomplished by taking a period of time (excluding times with controlled
releases), that varies from 1-6 weeks depending on the availability of data from a given solution, and
computing the mean of the solution’s estimate of site-level emissions over this timeframe. In their PoD
analysis, if a solution’s estimate exceeds the baseline (which turns out to be 0 for many of the solutions
deployed during this study) during the time that a controlled release occurs, then this is considered
a detection of the release. In another framework they use for generating a classification matrix and
calculating the associated x? to determine whether the data rules out a relationship between emissions
estimates and controlled releases, they define the detection threshold to be one standard deviation
above the baseline value (where the standard deviation is computed over the same timeframe as the
mean baseline).

As noted before, PC was not evaluated as one of the solutions in [28] that provided quantification
estimates. We aim to run a similar post-facto analysis by applying PC’s current quantification algo-
rithms to historical data over the time period that these studies were performed and evaluate whether
PC’s emission estimates show evidence for upticks in site-level emissions that are consistent with the
controlled releases.

2 Historical Quantification Estimates at Controlled Release
Sites

PC had sensors deployed at 3 of the 11 sites studied in [28] numbered 9, 10, and 11. Figures 1-3
show the relative positioning of site equipment, color coded by equipment type, with circles, PC’s
sensors with black x’s; and the challenge release locations with red triangles. The associated wind
roses computed from the months of January and February (the months when these challenge releases
took place) are shown in the right panels. A visual inspection of the sensor location with respect to the
dominant wind directions at these sites suggests non-ideal placement. For example, considering Site
10 (Figure 2), the dominant wind directions are from the southwest/west, yet no sensors are deployed
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Figure 1: (left) Schematic of site equipment (colored dots), sensor positions (black x’s) and challenge
release locations (red triangles) and associated wind rose (right) of Site 9.
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Figure 2: (left) Schematic of site equipment (colored dots), sensor positions (black x’s) and challenge
release locations (red triangles) and associated wind rose (right) of Site 10.

on the east side of the facility, while two are placed along the western fenceline.

One anticipated effect of poor sensor placement is that the system will be less likely to detect a
given emission event. This impact is pronounced if release events are short, as the wind does not have
as much time to vary and point from the release source to any sensor in the network. As such, for a
set of short releases at these sites (such as those in this study), many may be missed simply due to
the wind never blowing towards one of the sensors. It should be noted, however, that if releases are
longer (such as a persistent leak at a site), then the system is much more likely to detect the event.
To illustrate this, imagine a system that, given its sensor placement and wind direction statistics,
has a probability p every minute of detecting an enhancement from a given source on the site (for
argumentative purposes, let’s assume that this probability encapsulates both the wind blowing from
source to sensor and the sensor’s response informed by its detection limit). The probability that this
system detects evidence of a m-minute long release is simply 1—(1—p)™. For a system with poor sensor
positioning, p will be quite small, as the probability that the wind blows from source to sensor is low.
Let us consider a system with p = 0.01. The probability of such a system detecting a 30 minute long
release is 26 percent (a fairly low detection probability). If the release represents a persistent problem
that is not mitigated until it is physically addressed, then the probability of detecting it within a day
is almost guaranteed: plugging in 60 x 24 for m (the number of minutes in a day), the probability of
detecting the emissions event is 99.9999 percent. While this is a simplistic argument and does not fully
represent the response of a quantification system to input concentration and wind data, it highlights
the effect of release length on detection probability.
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Figure 3: (left) Schematic of site equipment (colored dots), sensor positions (black x’s) and challenge
release locations (red triangles) and associated wind rose (right) of Site 11.

In general, PC does not recommend performing quantification on sites that contain a significant
amount of complex infrastructure (such as the several large compressor stations at Site 9 or the large
tank battery at Site 10), due to the limited capability of computationally-tractable (i.e., ones that
can run in real-time) physical dispersion models to account for these obstructions. Furthermore, the
sensor placement at these sites was dubious, with many sensors being deployed upwind of sources when
considering the statistically dominant wind directions. For these reasons, a sub-optimal quantification
performance was expected at these sites. Nevertheless, we thought it would be illuminating to analyze
the results of running PC’s quantification algorithm against these challenge releases. Figure 4 shows
the output of PC’s quantification algorithm applied to each site over a 3-week time-span centered on
the challenge release dates for that specific site. This timeframe was selected to be representative of
what [28] used to estimate the background level and standard deviation in site level emissions that are
employed to calculate the detection threshold.

Figure 4 depicts the mean of the site-level quantification estimate over each timeframe (excluding
controlled release times) with an orange dashed line, and the mean plus one standard deviation with a
dashed red line. These correspond to the detection criteria defined in [28] using these 3 weeks of data
to estimate the background. A visual inspection of these plots leads to some immediate and important
observations: (i) these sites have substantial variation in their operational emissions and
the characteristic scale of these variations can be larger than controlled release rates, (ii)
if the controlled releases happen during a period of relatively low operational emissions
when compared to the time period that the baseline was computed over, the previously-
described detection algorithm will always yield non-detections because the baseline is
artificially high. For example, in sub panels (a) and (c) of Figure 4 the mean baseline (orange
line) over the 3-week timeframe is substantially higher than the site-level emissions right before the
controlled releases start. This is entirely due to the fact that the timespan over which the baselines
were computed included some high-rate emissions events that are not present during the time of the
controlled releases. As such, the baseline for these two sites is overestimated by a factor of about 5 when
considering the timeframe associated with the controlled release experiments, which will invariably
result in the detection methodology described in [28] erroneously determining that the solution did
not detect controlled releases, even if there was clear evidence of increased rates during challenge
release times.

3 Alternative Baseline Calculation and Definition of Detection

We propose an alternative to computing the baseline over several weeks: use the emissions estimate
associated with the timestep immediately prior to the beginning of a series of challenge releases. The
challenge releases performed in this study tend to be clustered together, often occurring back-to-back,
with little to no time gap in between consecutive short releases. For this reason, when estimating the
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Figure 4: Site-level emissions estimate (black line) over 3-week timespan centered on controlled release
experiments for Sites 9 (a) 10 (b) and 11 (¢). The mean emission rate (excluding the controlled
release time window) over this timespan is depicted with a dashed orange line and the mean plus one
standard deviation is shown with a dashed red line. Significant variation in operational emissions result
in computed baselines that are highly dependent on the choice of time window and do not necessarily
reflect the actual operational background during the time of controlled release experiments.
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background level, we first apply a temporal clustering algorithm to identify groups of releases that are
closely spaced in time. We then identify the timestep immediately prior to this grouping and use the
emissions estimate at that time as the estimated background value for following group of challenge
releases. In this way, the baseline represents the site-level emissions at a time relevant to the controlled
release experiment, rather than aggregated over a large timeframe with varying emissions and potential
events (e.g., blowdowns, leaks, and fugitives) that may drive up the baseline values in a way that is
inconsistent with the actual baseline during the time period of interest.

Rather than calculating the standard deviation of the baseline emissions and defining a threshold
based on the mean baseline and standard deviation (which may be highly affected by a few large
emissions events outside of the timeframe of interest), we propose tying the detection threshold directly
to the controlled release rate. A release is considered “detected” if the quantification estimate exceeds
the baseline by 256% of the controlled release rate at any point during the release. In this way, the
detection threshold is defined by a more temporally-relevant baseline value (taken right before the
controlled release start) and tied to the physical release rate.

4 Release Detection Results

Figures 5-7 show the results of applying the alternative detection scheme described in Section 3 to
the quantification estimates from PC. In these figures, the black line depicts PC’s site-level emissions
estimate and the shaded regions highlight controlled releases, with orange corresponding to controlled
releases that were not detected (i.e., the black line showed no evidence of an uptick beyond the
background values, which are depicted with orange dots), and green corresponding to controlled releases
that were detected (i.e., the black line showed evidence of an uptick over the background value by at
least 25% of the controlled release rate). The controlled release rate is depicted with blue dashes.

There is substantial variation in the background at Site 9 (Figure 5), making it particularly chal-
lenging to identify evidence of short releases. Nevertheless, there appears to be evidence of increased
emissions during half of the releases. We note that the significant variation in the unknown background
on short timescales may trigger positive detections that are not actually associated with a challenge
release, or result in missed detections if the background decreases during a challenge release. This is
an unavoidable challenge of these setups, but may be addressed via a statistical analysis of a much
larger sample of releases, performing studies with longer releases, or ideally knowing the background
perfectly in a more sophisticated controlled release experiment that includes controlled time-varying
emissions to mimic an operational site.

At Site 10 (Figure 6), PC’s quantification estimates show evidence for 8 out of the 12 unique
releases. The first set of contiguous releases are missed entirely, due to poor sensor placement and the
wind never pointing to any of the sensors during the ~ 4 hour period (see Section 5 for an analysis
of wind direction with respect to nondetections). The background variation at this site is much less
significant than at Site 9 (the standard deviation in the emissions estimate is less than the controlled
release rates), making it fairly obvious to see why the algorithm determined that 8 out of the 12 releases
were detected: during the first set of releases, the background is estimated to be at about 5.5 grams per
second (g/s), and the site-level emission estimate stays within 0.1 g/s of this value during the entirety
of the challenge release experiments on this day. In the second set of challenge releases, however, the
background is estimated to be around 4.5 g/s. As soon as the first release begins, there is an obvious
uptick in the emissions estimate by about 4 g/s. The emissions estimate remains elevated above the
background during the entirety of the challenge releases and declines shortly thereafter. Note that the
quantification estimates for these challenge releases are significantly lower than the release rates: the
uptick above the background for these releases ranges from 1-4 g/s, while the controlled release rates
are between 2 and 7.5 g/s. As we will elaborate on in Section 6, this is likely due the presence of the
large tank battery, a significant obstruction, the effects of which are not currently accounted for in this
version of PC’s quantification algorithm.

Considering Site 11 (Figure 6), there are three windows of contiguous releases during which the
emission rate varies a total of 20 times. Of these 20 releases, PC’s quantification estimates show
evidence for 9 of them. During the first grouping of contiguous releases (from roughly hours 15 to 22
on February 8th), the wind never points towards any of PC’s sensors, and as such, there is no evidence
of any emissions on site. During the following two release groupings that occur on the same day, and
hence are assigned the same background level, PC’s quantification estimate clearly show evidence for
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upticks in the emission rate. On this day, the first release is missed. This is likely due to a combination
of two factors: the first has to do with the statistical variance of the wind direction and the likelihood
that it is pointing from the source to a sensor at any given time: it is not surprising that there may be
a delay in the uptick of site-level emissions with respect to the start of the challenge release window,
as the wind is not guaranteed to immediately blow the enhanced emissions towards one of the sensors.
The second potential reason for a slight delay in the detection is that PC employs a recursive Bayesian
estimator that effectively performs a weighted average of the last known state of the system (here, the
state of the system is a vector of source rates), and the best state estimate from the new information.
As such, it can take a couple recursions for rate changes to fully manifest in the state estimate. For
the detected releases, the rate estimates at this site are quite comparable to the calculated upticks; the
blue dashes (controlled release rates) look fairly well correlated to the black line (emissions estimate)
during the green shaded regions (positive detections).

Site 9: 14/28 unique releases detected
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Figure 5: Missed (orange) and detected (green) controlled releases at Site 9.
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Site 10: 8/12 unique releases detected
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Figure 6: Missed (orange) and detected (green) controlled releases at Site 10.
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Figure 7: Missed (orange) and detected (green) controlled releases at Site 11.

5 Nondetections and Wind Direction Analysis

In order to determine the precise reason for the nondetection of some of the controlled releases, we
examine the statistics of the wind direction with respect to controlled release location and sensor
locations. At each minute during every challenge release, we compute the minimum angular separation
between the wind direction and the source-sensor angle to every sensor on the site. By performing
this calculation on every minute of data during a challenge release and then taking an average, we
obtain 0,,;,, a statistic that describes the mean angular offset between the downwind direction from
the source and the nearest (in angle) sensor. Smaller values of O pmin, during a challenge release indicate
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that the wind was frequently pointing towards the vicinity of a sensor, while a large value indicates
that the wind tended not to point towards any sensors. For the purposes of this analysis, we define any
challenge release experiment with ,,,;, < 30 degrees as a “detectable” experiment, meaning that the
wind direction was close enough to being along a source-sensor axis that our system should, in theory,
be able to detect the source. If this statistic is greater than 30 degrees, then we deem the release
“undetectable” due to the large angular offset between the wind direction and nearest source-sensor
axis.

We show a plot of 0,,;,, versus the detection binary (0 for nondetection, 1 for detection) for all of the
challenge releases, colored by site number in Figure 8. For Sites 10 and 11, PC’s system detects every
“detectable” release (releases with 6,,;, < 30). For Site 9, however, there are several nondetections
below this threshold. This could be due to a couple factors: first, the rapidly fluctuating background
at this site may cause issues with the background estimations and associated detection framework.
For example, if there is an active source with a decreasing emission rate during a challenge release,
then the site-integrated emissions estimate may not show evidence for a challenge release because it is
counteracted by the (unknown) operational emissions decreasing. Another potential reason why Site
9 may show more nondetections at low 6,,;, is the presence of several large obstructive compressor
stations at the facility. As previously mentioned, due to the large obstructions at this facility, applying
PC’s existing quantification models to the data collected from this site is not generally recommended.
Setting aside the detection statistics from Site 9 for the reasons mentioned above, we turn our focus
to analyzing the detections from Sites 10 and 11. It is encouraging to see that all of the nondetections
from these sites can be attributed to the wind simply not pointing towards sensors. This has two
key implications: first, if the sensor placement were better at these sites (such that the characteristic
Opmin values were smaller), PC’s system may have detected substantially more of the challenge releases.
Second, this system is clearly capable of detecting the challenge releases at Sites 10 and 11, provided
that the wind points towards sensors in the network at some point during the release. This suggests
that if the challenge releases were longer, that PC’s system may detect a larger fraction of them.
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Figure 8: Detection binary (vertical axis) as a function of f,,;, and best-fit logistic regression applied
to detection data from Sites 10 and 11.

In order to test the hypothesis that improved sensor location may yield better detection probability,
PC employed their “siting tool”, an algorithm that simulates methane emission from every potential
source at a site and uses historical atmospheric time series data to produce time-varying concentration
field predictions. The algorithm selects sensor locations that maximize the amount of information the
sensor network receives from the simulated plumes while minimizing the fractional “blind time” (the
fraction of 12 hour periods that every source on a site is not observed by the sensor network a sufficient
number of times to generate a reliable quantification estimate). We note that the deployment of sensors
at the sites in this study predated PC’s development of this tool. Figure 9 depicts the locations of the
deployed sensor network at the time of the controlled releases with blue dots and the output of the
siting tool with red dots. The potential emission source locations that are used as an input to the siting
tool is shown with black dots. Site 9 (left panel) shows a relatively small difference between deployed
and optimal sensor locations: this site had reasonably good sensor coverage to begin with, so only
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minor changes are evident when comparing the deployed versus optimal positions. At Sites 10 and 11
(middle and right panels), we see a starker contrast between the deployed and optimal locations, and
indeed these were the sites that we suspected sensor placement may be more dubious when comparing
the wind roses to the deployed sensor locations in Figures 2 and 3. At Site 10, one of the sensors along
the western fenceline is effectively moved over to the eastern side to capture emissions when the wind
is coming from the west, which is one of the statistically dominant directions, as shown in Figure 2.
At Site 11, the most salient difference in sensor location is that the eastmost sensor is moved to the
north so that it is positioned directly east from the large groups of equipment present at the site. This
also makes logical sense when considering the wind rose in Figure 3, which shows that the statistically
dominant wind direction at this site comes from the west, and no sensors were deployed directly east
of any of the equipment.
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i ° o © ® i ® Optimal Locations
[ . . ' N ® ° ° ® Deployed Locations
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Figure 9: Deployed (blue) and optimal (red) sensor locations with respect to site equipment (black).

To analyze what effect these improved sensor locations may have had on the controlled release
study, we compute the 6,,;, parameter for each of the controlled releases for both the deployed and
optimal sensor locations, and compare what fraction of the releases fell into the “detectable” regime
(Omin < 30 degrees) when the sensor placement is optimized using PC’s new siting practices. Figure 10
shows histograms of 6,,;, for all of the controlled release experiments for the sensor positions deployed
in this study (top row) and for the optimized sensor positions using PC’s siting tool (bottom row).
There are a few key conclusions to draw from this figure: the detectable fraction of controlled releases
for the deployed sensor locations closely mimics the actual fraction of releases detected in this study. At
Site 9, the detectable fraction of releases based on the 6,,;, analysis is 0.57, and 15/30 (fraction of 0.5)
of the releases were actually detected. Similarly, the detectable fraction of releases at Site 10 was 0.67,
and PC’s network detected 8/12 (fraction of 0.66) of the releases. Finally, at Site 11, the detectable
fraction of releases with the deployed sensor locations was 0.3, and PC’s system detected 8/20 (0.4)
of the releases. The obvious correspondence between the “detectable” metric of Opmin < 30 degrees
and the fraction of releases PC actually detected at these sites suggests that this system is capable of
detecting releases of these magnitudes, and whether a given release is actually detected simply depends
on the wind direction.

We now turn to analyzing the improvement that may be recognized if sensor placement were better
optimized in future studies. The bottom panel of Figure 10 shows analogous histograms of each
controlled release’s O,y if the sensors had been positioned according to PC’s most up-to-date siting
practices (the locations of which are shown with red dots in Figure 9). We clearly see an improvement
in the fraction of detectable releases across all sites, but especially at Sites 10 and 11, where we
had originally pointed out that the deployed sensor positioning was poor. Site 9 shows a marginal
improvement in the detectable fraction, going from 0.57 for the deployed system to 0.71 for the optimal
system. Sites 10 and 11 show more significant improvements: with the detectable fraction of releases
going from 0.67 to 1 for Site 10, and from 0.3 to 1 for Site 11.

These results highlight the critical importance of sensor positioning to improving probability of
detection metrics for these systems and also suggest that, had PC employed better sensor positioning
at the time of this study, that a higher fraction of the controlled releases would have been detected.
Future blind studies that employ PC’s new siting tool to optimize sensor locations at operational
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Figure 10: Histograms of 6,,;, for the controlled releases at each site for the deployed sensor locations
(top row) versus optimal sensor locations (bottom row).

facilities will confirm whether this is indeed the case, however we consider this analysis to be strong
evidence for the argument that PC’s hardware is sensitive enough to detect releases of the magnitudes
used in this controlled release study, and that the data assimilation and quantification algorithms
are sophisticated enough to process those raw measurements into quantification estimates that show
evidence for releases, provided that the wind direction is close to a source-sensor axis, on average.

6 Quantification Accuracy

Due to the unknown background, making robust claims about the quantification accuracy of PC’s sys-
tem from the present study is challenging. Nevertheless, we present a brief analysis of PC’s quantified
site-level emissions for the controlled releases that were positively detected. We show in Figure 11 a
scatter plot of the controlled release rate versus the detected uptick (computed as the maximum rate
estimate during a controlled release minus the estimated background). We see that there is significant
scatter about the parity relation (depicted with a dashed black line). This is likely due to a combi-
nation of many factors: i) the quantification estimate is inaccurate due to uncertainties inherent in
the state estimation calculation, ii) the background is not perfectly estimated, iii) there were fluctu-
ations in the operational emissions during the challenge release that result in the site-level emissions
estimate changing due to both the challenge release and the non static background, thereby breaking
the expected 1-to-1 relationship between uptick and release rate, and finally iv) PC’s quantification
algorithm requires the potential emission source locations as an input. If any of the challenge release
locations were not exactly collocated with existing site infrastructure, then the release location may
not be reflected in the list of sources used for the quantification calculation, leading to erroneous
attribution of source fluxes and error in the site-integrated emissions rate.

Without a better understanding of the background emissions, it is impossible to completely dis-
entangle the factors that may cause the computed uptick to differ from the actual release rate and
directly assess the error of PC’s quantification system. We can, however, examine specific trends in
the quantified values and attempt to ascertain why they may be present. For instance, although there
is significant scatter both above and below the parity line, the mean “error” (i.e., uptick minus re-
lease rate) is -0.51 kg/hr. The fact that these upticks are systematically lower than the actual release
rates may be explainable by the fact that PC’s dispersion model does not account for the obstructions
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present at some of these sites. In general, obstructions will serve to increase the amount of dispersion
by inducing more turbulence and associated mixing. Because PC’s gas dispersion models that are em-
ployed at scale do not currently account for this effect, they will be underdispersive at the sites in
this study which results in higher concentration predictions, which in turn result in lower emissions
estimates than if they were appropriately capturing the effects of obstructions. As such, improving the
underlying physical models to account for these obstructions should result in improved quantification
accuracy and detection performance of challenge releases at more complex sites. Note that the site
that shows the most systematic underprediction of source rates is Site 10 (orange dots), which also
happens to be the site with the largest obstructions (battery of 15 tanks in the middle of a relatively
small site).
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Figure 11: Controlled release rate versus detected uptick (quantified value minus background).

6.1 Cumulative Emissions Comparison

In addition to analyzing the error associated with individual releases, we compute the cumulative
emissions over each day of challenge releases and compare the total mass emitted during that time
period to the time-integrated uptick. For the purposes of this analysis, we focus on Sites 10 and 11,
where the background is more stable than the highly-fluctuating unknown background present at Site
9. We show in Figures 12 and 13 the cumulative emission curves from the 2nd day of challenge releases
at Site 10 and 11, respectively. In these figures, blue shows the actual cumulative release of gas in total
kilograms over the course of the experiments on that day while orange depicts the integrated uptick
(IU) inferred by PC, computed simply as:

t'=t
IU(t) = (Ru — BL)At. (1)

t'=0
Here, t represents time, R; represents the quantified rate at time ¢, At is the recursion interval that
rates are computed over, and BL represents the background rate for that given day, taken as the the
quantified rate, R, immediately proceeding the set of releases (the orange dots in Figures 6 and 7). In
this way, the integrated uptick represents the portion of PC’s emission estimate from the facility that
are attributable to the controlled releases. Considering Figures 12 and 13, we see that, as expected,
the cumulative emissions at Site 10 are underestimated with respect to the actual release mass: the
releases over that 5-hour period totaled to about 77 kg, while the integrated uptick only estimated
30 kg of methane released over that time period above the baseline. In contrast, at Site 11, we see
very good agreement between the actual and estimated cumulative emissions over the ~ 6 hour period
over which releases were occurring: the actual total emitted mass during this time was 37 kg while
the system estimated 34 kg, corresponding to an error of 8 percent. We note that Site 11 is the most
representative of the three sites in this study of a facility that would be considered eligible to deploy
PC’s quantification system on. Sites with too much obstructive infrastructure (such as Sites 9 and 11)
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are explicitly not recommended to perform quantification on due to exactly the reason we demonstrate
here: the presence of large obstructions result in inaccurate quantified rates. PC is actively working
on computationally tractable parametrized dispersion models that will account for these effects in the
future, but for now, the quantification method that is deployed at scale does not account for these
obstacles.

To investigate whether the systematic under prediction of source rates is indeed due to the lack
of accounting for the large obstructions present at some of these sites, we employ three dimensional
computational fluid dynamics (CFD) simulations in the following section to understand the dispersion
of methane on Site 10.
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Figure 12: Cumulative emissions from the 2nd day of challenge releases at Site 10.
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Figure 13: Cumulative emissions from the 2nd day of challenge releases at Site 11.

6.2 Influence of Obstructions on Methane Transport

In this section, we present results from Large Eddy Simulations (LES) [29, 30] of pollutant dispersion
at Site 10. This facility has the most significant obstructions relative to its area and also shows the
most systematic signs of under predicted source rates: all of the detected upticks were lower than the
controlled release rates, whereas at the other two sites, there is some scatter both above and below the
known rates. At this site, there were two distinct sets of challenge releases that occurred on different
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Figure 14: Visualizing the digital elevation map of Site 10 after it is cast onto a 3D Cartesian grid
via the iso-surface of the local terrain height (y) in meters. The vertical axis is stretched to highlight
terrain undulations.

days (Febuary 6th and 7th). As we have demonstrated, the nondetections from the challenge releases on
Febuary 6th were due to the wind not pointing from the controlled release source towards a sensor. On
the 7th, however, the controlled release location was directly north of the tanks (the leftmost triangle
in Figure 2), and the wind blew predominantly south. As such, PC’s southernmost sensor detected
significant concentration enhancements during this time, and the magnitude of these enhancements is
likely affected by the large tank battery between the source and the sensor, making this time period
a good case study for understanding the effects of obstructions on measured concentrations and, in
turn, quantified rates. For these reasons, we simulate the period of time corresponding to the challenge
releases on February 7th.

In order to investigate the effects of surface obstructions on tracer dispersion at Site 10, we employ
two simulations: one that includes the obstructive infrastructure at this site, and another where the
surface is completely flat. These simulations are otherwise identical. The obstructions are incorporated
into our CFD framework using a digital surface model of the site, which was generated via drone-based
photogrammetry. Figure 14 depicts the digital surface model that is used in the LES simulations. The
effect of surface roughness on the overlying atmospheric boundary layer (ABL) is included in both
simulations by introducing a roughness lengthscale, zy. Visual inspection suggests that Site 10 and
its surroundings resemble an open terrain, which corresponds to zy ~ 0.03 meters. We mimic the
realistic flow conditions at this site by forcing the time-varying instantaneous surface layer towards a
wind velocity profile estimated using in-situ measurements by anemometers. A detailed description
of the numerical approach employed here to perform LES simulations accounting for measured wind
conditions and facility obstructions is deferred to a future publication, although we provide a brief
explanation of the LES framework in Appendix A.

Figure 15 shows the minute-averaged concentrations at the location of the southern sensor from the
simulations with and without obstructions in red and green, respectively. The actual measurements
from the southern sensor during this time period are shown in blue. Examining this figure, it is clear
that the concentration predictions from the simulation that includes the obstructions (green) are closer
to the field measurements (blue) than the concentration predictions from the simulation that does not
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Figure 15: Time traces of minute-averaged concentration levels C' at the southern sensor for the
field measurement (blue) and the LES simulations with and without obstructions (green and red,
respectively). The dashed horizontal lines at 2.49 parts per million (ppm), 1.53 ppm and 1.57 ppm
indicate the average concentration over the time period shown (C) for the LES without obstructions,
LES with obstructions and field measurements, respectively. The local time label of 120 minutes on

the horizontal axis corresponds to 3:00pm on Feb 7t".

account for the obstructions (red). The mean predicted concentration,

_ 1 [T
C:T/o Clas,t) dt,

at the position of the southern sensor during the continuous releases are shown in Figure 15 with dashed
horizontal lines. We see very good agreement between the C of the simulation with obstacles and the
field measurements (1.53 and 1.57 ppm, respectively), while C of the simulation without obstructions
is significantly higher, at 2.49 ppm.

These results are consistent with what one would expect: bluff bodies induce stronger and sharper
horizontal and vertical gradients in the wind velocity field, which in turn enhances the three dimensional
transport of methane away from regions of high concentration. In order to further demonstrate the
effect of obstructions at this site, we show instantaneous snapshots of the predicted concentration at the
receptor height (2 meters) from the two simulations in Figure 16. In this figure, the color scale depicts
the predicted methane enhancement due to the controlled release, with blue corresponding to high
concentrations and yellow corresponding to low concentrations. We show the positions of the sensors
in the network with black circles, and the position of the controlled release with an encircled magenta
marker. The red regions indicate computational cells associated with obstructions. Each row in this
figure corresponds to a different instance in time (shown in Figure 15 with black dashed vertical lines
and denoted t; and t3). The leftmost column corresponds to the simulation with no obstructions while
the rightmost column corresponds to the simulation with obstructions. By comparing the predicted
concentration fields between the unobstructed (left) and obstructed (right) plumes, we can immediately
see that concentrations downwind of the tank battery are significantly lower for the simulation that
includes the obstructions due to the increased dispersion in the wake of the tank battery.

PC’s quantification algorithm employed for this study did not account for the additional dispersion
that occurs when large obstructions are present at a facility. As demonstrated in this section, properly
accounting for the obstructions decreases the predicted concentration at sensors that are downwind of
an obstruction. Because the dispersion model used in the quantification algorithm did not account for
these effects, it tended to overpredict concentrations, which naturally leads to an underprediction
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Figure 16: Horizontal instantaneous snapshots of the concentration levels in ppm at the receptor
height. (a,c) Without obstructions; (d,e) with obstructions. (a,b) At time instant ¢; in Figure 15;
(c,d) at time instant ¢ in Figure 15. The positions of the five point sensors are highlighted using black
filled circles, the source location is identified by an encircled magenta marker and the obstructions
are represented via red regions. Methane release height during this challenge release was 4m. All
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in source rates, a trend that is clearly evident when comparing the quantified upticks to known release
rates at Site 10 (see Figure 11).

7 Discussion

In [28], the main conclusion is that point sensor networks and associated quantification algorithms
failed to detect and quantify the vast majority of the controlled releases at operational facilities. The
reasons for this are twofold: first, the quantification-enabled solutions that were a part of this study
were not giving reliable estimates, as the majority of rate estimates were 0, even at active facilities,
where there should obviously be a nonzero baseline emission rate. Second, even if the tested systems
had produced more nonzero rate estimates, analyses presented in Section 3 suggests that using multi-
week baselines to define detection thresholds for challenge releases lasting at most a couple hours results
in baseline values that are not representative of the actual operational emissions over the several hour
timespan that the challenge releases occur. Despite the poor performance of quantification systems in
the previous study, [28] points out that there seems to be evidence in the raw mixing ratio signals for
some of the controlled releases, and that improved quantification algorithms may be able to process
these into emissions estimates that show evidence of the releases. By applying PC’s most up-to-date
quantification algorithm to the mixing ratio data, applying a new background estimation technique, and
analyzing the results, we see that this is indeed the case: while detecting short releases is challenging
and PC’s system does not perfectly extract information about every individual release, we show that
the site-level emissions estimates display enhancements coincident with 31 out of short releases, with
the majority of nondetections being explainable by the wind direction simply not pointing towards a
sensor during these short release periods.

When interpreting these results in the context of what these systems are deployed to accomplish
(detecting persistent leaks and accurately quantifying facility emissions over long averaging times), we
should consider the timescales of these individual releases and ask whether they accurately represent
emission events of import. We are curious from an operators’ perspective: how important is it to
detect a 30 minute emission event? It seems probable that the emissions they most care about would
persist for an extended period of time (e.g., an unmitigated equipment failure or leak), and as such,
the analysis of these systems’ capabilities to detect individual 30-minute releases, although interesting,
may not be precisely relevant to the most important tasks that these systems are deployed to address.
Furthermore, such short duration emission events are not likely to significantly impact the cumulative
emissions computed over the 7 or 90 day timeframes associated with recent regulatory standards.

As previously mentioned, PC does not suggest using their quantification calculations on sites that
are as complex as many of those that were a part of the [28] study: the presence of large obstructions
(such as tank batteries or compressor stations) are not accounted for in the dispersion model PC
currently uses for quantification. This is reflected in the fact the detected upticks in emissions from PC’s
estimate tended to be less than the challenge release rates, indicating that the quantification algorithm
was systematically underestimating source rates, consistent with the expected effect of neglecting the
physics of obstructions. We corroborate these conclusions by performing CFD simulations of Site 10
and demonstrate the effect that including the obstructions has on the predicted concentrations. In
a future study, PC will describe in more detail the computational fluid dynamics tooling coupled to
a quantification inverse solver that is capable of more accurately inferring source rates at complex
facilities.

In addition to the challenges posed by these obstructions, the sensor placement at these sites was
non-ideal, with too many of the sensors being upwind from sources when considering the dominant
wind directions. In the past year, PC has improved their practices regarding sensor placement by
developing an automated “siting tool” that finds optimal sensor locations given the wind statistics and
potential source locations. We ran this tool against the three sites and found that it recommended
sensor locations that deviated substantially from what PC had deployed at the time. As such, we
suspect that if this study were to be repeated with sensor locations informed by PC’s most up-to-date
practices, that more of the releases would be detected.

Despite the challenges mentioned above, PC’s quantification estimates showed evidence for just
over half of the challenge releases from [28]. In order to ensure that future studies are as informa-
tive and useful as possible, we suggest using a background estimation technique that does not rely
on uncontrolled multi-week baselines, and also employing longer releases to more closely mimic the
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emissions events that these systems are deployed to detect.
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A Appendix: Background on the LES Setup

We employ a CFD utility that is specifically tailored for performing unsteady 3D simulations of pollu-
tant dispersion around complex industrial facilities. The inputs to this tool are a digital surface model
of the facility, a timeseries of wind speeds and directions, and a set of release locations and rates (which
may vary in time). The model is able to effectively reconstruct the full chaotic and rapidly-changing
3D flow field and associated tracer dispersion at a facility accounting for the obstructive effects and
undulating terrain informed by the digital surface model.

The flow solver makes use of the finite-difference framework to solve the incompressible Navier-
Stokes equation on a staggered Cartesian mesh using a predictor-corrector based approach. This
includes solving a Poisson equation to enforce the divergence-free condition on the velocity vector
field. The effect of thermal buoyancy is modeled via the Boussinesq Approximation [31] and physical
obstructions are mapped on the Cartesian grid by an immersed boundary method (IBM) [32]. The
code is parallelized using the Message-Passing Interface (MPI), and has been employed successfully
in the past to perform direct numerical simulations of both equilibrium and non-equilibrium turbu-
lent channels flows and boundary layers over explicitly resolved rough surfaces [33]. The pollutant
(methane) is treated as a passive tracer, which requires the solution of an advection-diffusion trans-
port equation in which the Schmidt number (ratio of momentum diffusivity to mass diffusivity) is fixed
at 0.7 [34]. The dynamic Smagorinsky model is selected for representing the subgrid-scale stresses and
closing the filtered momentum and scalar transport equations [35], whereas an equilibrium surface-
shear-stress based model is added to represent the wall effect [36]. Spatial derivatives in the momentum
and passive scalar equations are discretized via the Central Difference and the Quadratic Upstream
Interpolation for Convective Kinematics (QUICK) schemes, respectively, while time advancement is
accomplished via a Newton-Raphson based iterative method [37]. The overall numerical approach is
globally second-order accurate in both space and time.

The minute-averaged boundary layer is reconstructed by including a measurement-informed time-
varying forcing term on the right-hand side of the momentum equation. The measurements by
the on-site anemometer coupled with the surface heat flux estimates are utilized to reconstruct the
horizontally-averaged boundary layer profile, which in turn is employed to interpolate the horizontal
forcing term needed at each time step for the U and W components of the momentum equation.
Time traces of instantaneous and minute-averaged horizontal wind speed (Upag = VU? + W?2) and
wind direction (WD = 270° — tan~*(W/U)) at 2m height (i.e., the approximate height at which the
anemometer is installed) from the LES of Site 10 are compared with field measurements in Figure 17.

Periodic and Neumann boundary conditions are used on the vertical boundary planes for the wind
velocity and the tracer fields, respectively. As our focus is on near-surface pollutant dispersion, we do
not attempt to construct the entire boundary layer. The ceiling of the domain is capped at 100m and
a no-flux condition is imposed at this height. While a uniform horizontal mesh was selected for the
present study, the grid was stretched in the vertical direction to accommodate the ground-imposed
anisotropy. The grid spacing at the ground was 0.2m, which was gradually relaxed to 3m towards
the top boundary. A grid sensitivity analysis was performed by comparing the LES predictions at
different virtual sensor locations using three different horizontal grid resolutions: (¢) 5.0m x 5.0m, (%)
3.0m x 3.0m and (7i7) 1.5m x 1.5m. While there is an expected dependence of the minute-averaged
concentration levels on the horizontal spatial resolution, it is safe to suggest that this dependence
is relatively small. Notwithstanding these differences, the results discussed herein are from the LES
performed at the finest horizontal grid spacing, i.e. 1.5bm x 1.5m.
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Figure 17: Time traces of instantaneous LES, minute-averaged LES and field measurements at North
East sensor location for (a) wind speed Up,qq and (b) wind direction WD. The LES results plotted in
this figure include the effect of obstructions for Site 10 during the 285-minute long continuous release
interval of the challenge release on Feb 7",
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