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Abstract
Through the wide deployment of air quality monitoring technology, we can better address greenhouse gas 
emissions from the oil and gas industry. There is considerable public pressure, industry engagement, and 
government regulation surrounding the push for more sophisticated and transparent monitoring. While 
much focus has been given to the technological development of monitoring devices and the use of airplane 
and LDAR resources, less focus has been given to the data acquisition, management, and analysis from these 
monitoring technologies. This paper presents an exploratory analysis of continuous monitoring data from 
two oil and gas sites in Colorado. Specifically, we highlight initial results from ongoing research into three 
areas: trend isolation for better use of continuous monitoring data in predictive models, anonymized metrics 
for presentation in a public facing dashboard, and source localization using meteorological data. The paper 
demonstrates some of the capabilities (as well as the challenges) of using continuous monitoring data in 
addressing greenhouse gas emissions and provides areas for further research.
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1 Introduction

The growing concern over greenhouse gas (GHG) emissions is spurring change in the oil and gas (O&G) industry.
Regulators are focusing on the environmental e˙ects and the health and safety of oilfield operations [1–3]. NGOs
are concentrating on ways to better understand the impact of methane and other GHGs on climate change [4].
ESG investors are requiring the energy industry to demonstrate their commitment to carbon-neutral plans and
strategies [1].

Many larger operators are working to rebalance their portfolios toward low-carbon projects as they seek to
become the broad-based energy companies of the future [5–7]. At the same time, the industry is looking for ways
to produce more oil and gas (and increasingly power) to respond to forecasted energy demand, while also being
carbon conscious. These companies will need to operate a range of assets, develop novel technologies, and enter
new markets. The need for better monitoring is becoming apparent if natural gas is to fill its role as a bridge fuel
for this upcoming energy transition.

Emissions monitoring can be performed using an array of platforms: groundbased “fenceline” sensors, drones
andaircraft, andsatellite. [8]. Satellite data has long been used as a means of monitoring column-averaged methane
concentrationson a global scale, but su˙ers from a coarse spatial resolution [9–11]. Drones and aircraft provide
a more targeted top-down emission estimate, and much work has been done to develop and perform monitoring
campaigns [12–19]. Finally, LDAR and in situ monitoring can be used to estimate emissions from specific pieces
of equiptment at various timescales but is hard to deploy across an entire basin [20–28]. Each approach in this
"digital canopy" will have its pros and cons, and a hybrid of solutions will likely be needed [29]. Project Canary (a
certified B Corporation)seeks to address this need for better monitoring, specifically the ground-basedcontinuous
monitoring layer of the digital canopy, by providing a continuoussystem for detecting volatile organic compounds
(VOCs) and methane [30].

When placed around an O&G site, these units provide operators with real time data and emission alerts.
By placing units on multiple sites, operators can monitor their basin wide impact. With the cooperation of
both Project Canary and their industry partners, continuous monitoring data from dozens of O&G sites across
Colorado are being sent to the Payne Institute for Public Policy in real time. Therefore, the Payne Institute (a
research institute aÿliated with the Colorado School of Mines) can serve as a neutral third party to both hold
these data and interface with regulators or government agencies in the future. In addition to acting as a neutral
repository, the Payne Institute has undertaken an exploratory analysis of the Canary data.

Figure 1: Canary unit (Model S).

This paper seeks to demonstrate a selection of features from these contin-
uous monitoring data and highlight future areas of study. Note that while this
paper focuses on the Project Canary data, these methodscan be applied to any
system that provides near continuousobservations of atmospheric pollutants
or meteorological fields. Also note that a description of the data repository,
data transfer, anddata security measures thatthe Payne Institutehas developed
is planned for a separate paper.

2 Canary Continuous Monitoring System

Lunar Outpost, a Project Canary partner, has developed a solar powered air
quality and meteorological monitoring system (Figure 1) [31]. Measurements
are made every second, and minute averages are sent to the Project Canary
cloud platform using cellular communication.

The units are capable of measuring concentrations of the following air
quality indicators:

• Volatile organic compounds(VOCs)
• Particulate matter with diameter of 10 `m and smaller (PM_10)
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• Particulate matter with diameter of 2.5 `m and smaller (PM_2.5)
• Particulate matter with diameter of 1 `m and smaller (PM_1)
• Methane (CH4)

However, not all units currently have the required sensor to measure methane. In addition, the units measure
the following meteorological fields:

• Wind speed and direction
• Air pressure
• Temperature
• Humidity

Typically, three to four units are placed on the fenceline of each O&G site (around 100 feet from the O&G
equipment). The units are placed so that they surround the facility, therefore maximizing coverage and making
leak detection more likely. In this paper, we focus our analysis on VOC and PM measurements, as the methane
sensors are not yet widely distributed to the Canary units in Colorado.

3 Demonstration of Continuous Monitoring Data

In this section, we will show two data samples with the intentionof highlighting the "raw" data producedby these
types of continuous monitoring systems as well as the challenges in their interpretation. Both samples are taken
from an O&G facility in Colorado referred to as "Site A" to protect operator anonymity.

Figure 2 shows the geometry of Site A, with locations of the Canary units marked with X’ s. The first sample
will highlight a "standard" day, or a day where no anomalous VOC or PM concentrations were recorded. The
second sample will highlight an abnormal spike in both VOC and PM.

Figure 2: Geometry of Site A. Locations of the four
Canary units are marked with X’ s. The northwest
unit is the only unit on site that measures wind.

It is important to note that at this point in our analysis,
we do not attempt to attribute an abnormal spike in VOCs
or PM to any potential source. The VOC and PM events
highlighted in this papercould have been caused by a planned
operationalevent, a fugitive emission, or a source completely
unaÿliated with the O&G facility. Attributing a particular
spike in the data to a specific aspect of O&G operations
(or otherwise) is an ongoing research topic, and our initial
progress is discussed further in Section 4.

3.1 Typical Day

One of the benefits of continuous monitoring is the rapid
detection of emissions. However, before highlighting an
abnormal VOC and PM_2.5 event, we believe that there is
value in first understanding the signals from a "typical" day
in which no abnormal events occur. One such day is shown
in Figure 3.

The bottomtwo plots show the PM_2.5 and VOC signal
over the course of the day (August 1, 2020). The data we
have chosen to present starts and ends at midnight, and the
four signals are from the four Canary units on the site. The
day has been divided into four sections, and the wind speed
and directionhave been aggregated over each section and are
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Figure 3: Canary data on a typical day. From top to bottom: 6 hour wind aggregations over the course of the day,
PM_2.5 signal from each Canary unit on site, and VOC signal from each Canary unit on site.

shown above the two signals as rose plots. The angle of each wedge in the rose plots indicates the direction from
which the wind originates, and the length of the wedge indicates the relative amount of time that the wind came
from that direction. The color of the wedges corresponds to the speed of the wind, with the sizes of each color
representing the relative time at each speed.

The VOC signal fluctuates throughoutthe day, but never by more than about 0.3 ppm (i.e. 9:00 to 12:00 and
15:00 to 18:00). Fluctuations of this magnitude are quite common in the VOC signal, and could be caused by
any number of natural or anthropogenic sources. There also appears to be a diurnal cycle present in the VOC
signal, with higher concentrations at night and lower concentrations during the day. This makes sense, as most
VOCs react with sunlight to form other compounds. We have done some initial work in generalizing this diurnal
cycle as well as a longer term trend in the VOC signal, which we discuss further in Section 4. Additionally, we
can see that the southeast unit reads slightly higher VOC concentrations than the other three, primarily at night.
Again, this could be due to a number of natural or anthropogenic sources. For instance, the O&G equipment in
the southeast corner might be a consistent source of low volume VOCs. Alternatively, the surroundingfarmland
might produce more VOCs near the southeast sensor than the other three. This feature could also be due to the
amountof sunlight each unit receives.

Unlike the VOC signal, the PM signal does does display a clear diurnal cycle. This is likely because PM
concentrationsare not closely tied to sunlight, as is the case with VOCs. The PM signal is much noisier than the
VOC signal, likely due to sensitivity di˙erences between the two sensors. The wind data reveals that there was
no predominantwind direction over the course of the day. Since there were no major VOC or PM events during
this day, there is not much to compare the wind data against. We have begun initial work into comparing wind
direction to VOC events, which is discussed further in Section 4. Note that the wind data comes from only one
unit per site, in this case the northwest unit.
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Figure 4: Canary data during an abnormal VOC and PM event. From top to bottom: 10 minutewind aggregations
over the course of the event, PM_2.5 signal from each Canary unit on site, and VOC signal from each Canary unit
on site.

3.2 Abnormal VOC and PM Event

We now highlight an abnormal spike in both VOCs and PM. This data sample spans only 40 minutes to highlight
the details of the event (Figure 4).

At 6:07am there is a spike in both PM and VOC. While the PM spike is similar in magnitude to some of the
spikes shown in Figure 3, the VOC spike is much more significant. The median VOC concentration from this
site is on the order of 0.5 ppm (discussed more in Section 4). This event is a clear departure from the standard
concentrations. Again, at this point in our analysis, we make no conclusions as to the source of this event. Our
goal is rather to present the data as is, highlight notable features, and discuss the challenges in drawing causal
conclusions.

We can see that during the 10 minute section in which the spike occurs, the wind is blowing at moderate
intensity out of the northeast. Therefore, the spike could be attributed to the farmland to the northeast of the O&G
facility. Alternatively, it could be attributed to a fugitive (or operational) emission strong enough to reach the
northeast and southeast sensors, regardless of wind direction. Additionally, the spike might have resulted from
a vehicle driving past both the northeast and southeast sensors. Without more data, we are hesitant to make any
claims beyond simply stating that an event occurred. Note that we are currently working on an algorithm to not
only identify when a spike occurs, but to attribute the spike to a specific location on the site and include a measure
of uncertainty with this attribution (see Section 4).

4 Exploratory Analysis

We now present initial results from three research areas we are actively pursuing. We hope that this section
demonstrates some of the capabilities of continuous monitoring data in addressing green house gas emissions
from O&G sites.
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Figure 5: Left: raw VOC data from the four Canary units on Site A and our estimate of the long-term VOC trend.
Right: our estimates of the diurnal cycle in the VOC signal for each Canary unit, broken up by month.

4.1 Trend Isolation for Better use in Predictive Models

An interesting application of continuous monitoring data is its use in predictive models. In particular, there is
potential to predict future VOC (or methane) events using additional operation data, such as tank or separator
pressures. This would allow operators to potentially intervene before an emission event occurs.

However, when using time series data in predictive models, it is advantageous to isolate and remove both
long-term trends and cyclical patterns (this is related to the idea of stationarity). In this way, predictive models
are better able to detect the anomalous events of interest (i.e. fugitive emissions) rather than the natural trends in
the data, like the diurnal cycle in VOC concentrationscaused by sunlight.

We have attempted to isolate both a longer term trend and a daily cycle in the Canary VOC signal (Figure
5). The left-hand column shows the raw VOC signal from the four units on Site A. Note that these plots span
significantly more time than Figures 3 and 4, hence the apparent increase in VOC spikes. Plotted over the raw
signal is a smoothed curve produced via LOWESS (a non-parametric method that involves locally weighted
polynomial regression). Until we obtain multiple years of data, this smoothed curve will serve as our estimate
of the long-term trend in the VOC signal. It is quite likely that this curve is actually capturing part of a yearly
cycle, where VOC concentrationsare higher in winter and lower in summer (recall that sunlight destroys VOCs).
However, with less than a year of data, we are unable to better estimate this yearly cycle. To produce a detrended
VOC signal, we simply subtract these trends from the VOC data of the respective Canary units.

The right-hand column of Figure 5 shows our estimate of the previously mentioned diurnal cycle in VOC
concentrations. Each plot corresponds to one of the Canary units on Site A, and each curve represents our estimate
for a given month. The months proceed sequentially from June (blue) to November (gold). These curves were
producedusing the detrendeddata and are therefore centered aroundzero. Our procedurefor estimating this cycle
is as follows: 1) detrend the VOC signals, 2) using one month of detrended VOC data at a time, compute the
median VOC value at each minute, 3) smooth the curves produced by these median values.
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Figure 6: Number of VOC observations above a selection of thresholds. This is one example of a metric can that
be displayed in an O&G monitoring dashboard.

As expected, the VOC concentrations are higher at night and lower during the day, as sunlight reacts with
VOCs to create other compounds. A close examinationof the individual curves will reveal subtle di˙erences from
monthto month,but these details are not discussed here. To remove this daily cycle from the VOC data, we again
simply subtract the curve for each monthfrom the already detrendedsignal.

The result of this detrending e˙or t is twofold. First, we are left with detrended, deseasonalized data that is
better suited for use in predictive models. This procedure can be easily applied to methane data once the methane
sensors are more widely distributed across the Colorado units. Second, the detrending process results in an
interesting byproduct: estimates for both the long-term trendand daily cycle in VOCs. Other detrendingmethods
(i.e. di˙erencing) do not produce such estimates, which have many potential scientific uses.

4.2 VOC Thresholds for Presentation of Basin-Wide Metrics

Another application of continuous monitoring data is a dashboard of metrics available to the O&G industry,
regulators, or the public. This dashboard could provide an avenue for O&G companies that are working hard
to reduce their emissions to showcase their e˙or ts. It could also be used by government regulators to provide
incentives to compliant companies.

Any number of metrics could be presented in this dashboard, and here we showcase an example. After
observing an abnormal VOC event (such as the one in Figure 4), one might be interested in the number of these
events over a given period of time. Figure 6 attempts to address this. On the horizontal axis we have created five
VOC thresholds. Note that these thresholds are much larger than the standardVOC readings. For a relative sense
of magnitude, the mean and median VOC value from each unit on Site A is listed above the bar plots. For each
threshold, we simply count the numberof VOC observations from each unit that are above this value. The vertical
axis can therefore be interpreted as either the numberof observations above each threshold, or alternatively as the
cumulative time above each threshold (since each observation is a minute average).

Note that this chart does not indicate the number of separate events that occurred above each threshold, but
rather the total numberof observations above each threshold. Therefore, the counts presented here could be from
a single large event that spent considerable time above the threshold or from multiple smaller events that each
spent very little time above the threshold. Being able to classify VOC spikes as separate events would require
more sophisticated algorithms. Also note that these counts do not estimate source volumes, but rather examine
the ambient VOC concentrationsat the units.

We can see that the northeast sensor, while reading the lowest VOC concentrations on average, consistently
observes more VOC spikes than the other three units across our five thresholds. Again, this disparity in VOC

7



spikes could be from a variety of sources. For instance, the northeast portion of the O&G facility might be a
more consistent emitter of VOCs. This unit might also be positioned closer to where transport vehicles typically
operate. Another possibility is that these spikes are a result of some source not aÿliated with the O&G facility.
Without additional data or information, it is hard to attribute these spikes to any particular source.

We hope that Figure 6 will serve as an example of the type of metrics that can be presented in a data dashboard.
Future work involving such a dashboard is discussed further in Section 5.

4.3 Source Localization using Wind Direction

A third application of continuous monitoring data is to inform operators not only when an abnormal VOC event
is occurring, but to provide an estimate of where the potential source is located. This would help Leak Detection
and Repair (LDAR) technicians more rapidly respond to potential emissions. Additionally, it could help discern
O&G related emissions from emission sources external to the O&G facility.

Figure 7: Geometry of Site B. The green rectangle
shows the location of four leaking thief hatches.

The basis for this source localization algorithm is com-
paring wind direction to observed VOC spikes. In this sec-
tionwe presentinitial findingsfromthis wind directionstudy.
Futurework onthe leak detectionalgorithmwill be discussed
in Section 5.

As a test case, we will highlight a known leak event from
a di˙erent O&G site in Colorado (Figure 7). This site will be
referred to as "Site B" to protect operator anonymity. Site B
has three Canary units and experienced a thief catch leak in
early October that spanned two days before being addressed.
The green rectangle in Figure 7 shows the location of the
leaking thief hatches.

We will use 12 hours of data from this event to highlight
ourwind directionstudy. Since we already know the location
of the emission source in this test case, we can highlight
periods in which the wind is blowing from the source to
each unit. Figure 8 shows the VOC signal from each Canary
unit. Highlighted with vertical lines are the times in which
the wind blew from the source to the unit. For instance,
when considering the north unit, the times highlighted in
purple indicate wind blowing from the southeast. When
considering the west unit, the times highlighted in orange
indicate wind blowing from the east-northeast. The times
highlighted in red indicate strong wind speed.

The north unit does not see any clear overlap between wind blowing from the source and observed VOC
spikes. This is likely because the unit is so close to the emission source. We hypothesize that if the source is
emitting VOCs, the north unit will pick it up, regardless of the wind direction. The west unit, on the other hand,
sees a clear overlap between wind blowing from the source and observed VOC spikes. In fact, every notable VOC
spike in this 12 hour time span is accompanied by wind blowing from the source to the unit. Finally, the south
unit does not detect any large VOC spikes, making a comparison to the wind direction impossible.

We believe that the result of this wind direction study will lay the groundwork for an emission location
algorithm, which is being actively pursued and is discussed further in Section 5. Considering just the wind
direction study, however, we can see that the VOC signal from each unit is highly dependent on the position of
the unit and the wind conditions. With further analysis, this can hopefully help inform sensor positioning in the
future.
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Figure 8: Site B Canary signals during a known leak event. Highlighted in color are times when the wind is
blowing from the emission source to the unit. Red lines indicate periods of strong wind.

5 Conclusions and Future Directions

The purpose of this documentis to present representative samples of O&G continuousmonitoring data, highlight
a selection of our exploratory analysis, and discuss future areas of research. In Section 3, we presented two data
samples: a typical day and an anomalous VOC event. We hope that these samples are able to familiarize the
reader with unprocessed continuous monitoring data. Some features to note in these samples are the relative
levels of noise between PM and VOCs, the magnitudeof the respective signals, and the use of wind data to further
elucidate our picture of the O&G facility. In Section 4, we highlight three results from our exploratory analysis of
these data. Notable results from this analysis include: detrended and de-seasonalized data prepped for predictive
models, a sample metric that could be anonymized and presented in a public dashboard, and a framework that can
potentially be used for emission source localization.

There is great potential for future research using continuousmonitoring data. Listed here are a few direction
that we are currently pursuing or are interested in pursuing.

• Comparison of Canary and satellite data. Satellite datahas great potentialformonitoring methaneemissions
from the O&G industry due to its global coverage. However, there are serious limitations of satellite data as
well (namely its coarse spatial and temporal resolution). Continuousmonitoring data provides a unique test
environment in which the satellite data can be compared to site-level local monitoring. This has potential
to inform what size emissions can be detected from space.

• Dashboard of metrics. As discussed throughout the text, we hope to create a dashboard of properly
anonymized metrics to present to industry, regulators, or the general public. We hope to work closely with
industry partners so that they are comfortable sharing abstractions or anonymizations of their data through
a public facing dashboard. This has implications for both creating and enforcing data driven regulations, as
well as highlighting companies who are ahead of the curve in their emission reduction e˙or ts. Conversely,
this could be used to point regulators to regions or O&G facilities that are non-compliant.
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• Leak localization algorithm. Using the wind direction study discussed in Section 4.3 as a framework, we
are exploring Monte Carlo methods for estimating source locations that are not known beforehand, like in
the test case discussed earlier. This could help operators rapidly address unwanted emissions and discern
when external air pollution sources are being picked up by continuousmonitoring units.

• Predictive models using operator SCADA data. With additional data related to the O&G facility (such as
tank pressures, separator pressures, tank temperatures, etc.) we could use the detrended data discussed in
Section 4.1 to train predictive models. These models could be used to warn operators ahead of time if an
emission event is likely based on certain facility conditions.
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Appendix A Methods

A.1 VOC Signal Decomposition

One way to better understand a signal (HC ) is to decompose it into trend ()C ), seasonal (�C ), and remainder ('C )
components. We have performed this technique on the Canary VOC data. We assume an additive decomposition,
namely

HC = )C + �C + 'C ,

as the magnitude of the variability captured by �C appears independent of time C. Note that this assumption is
based on a relatively small amountof data and might require reconsiderationas more data becomes available.

The seasonal component,�C , captures periodic variability in HC . We use this componentto isolate the diurnal
cycle present in the VOC data. The trendcomponent,)C , captures aperiodic variability of HC that is not accounted
for by �C . We use this term to capture the increase in VOC concentrationson a monthly timescale. Note that this
trend is likely part of a yearly cycle, with higher concentrations in winter and lower concentrations in summer.
However, with data spanning less than a full period, we are unable to properly quantify this yearly cycle. Once
more data becomes available, we can (more appropriately) treat this yearly variability as a second seasonal term,
�∗C , and leave )C to account for variability spanning multiple years.

A.1.1 Isolation of Trend Component

We use LOWESS, a non-parametric local regression technique, to isolate the monthly trend in VOC data. This
methodcombines multiple linear regression and k-nearest-neighborsto producea smoothcurve. We provide more
details of this fitting procedure below.

Consider the data (G8 , H8) and assume the relationship

H8 = 6(G8) + n8 ,

where 6 is a smooth function and the n8 are random variables with mean zero and constant variance. LOWESS
creates an estimate, Ĥ8 , for each 6(G8).

Each Ĥ8 is based on a neighborhood of G8 , such that only G 9 in the neighborhood of G8 are used to estimate
Ĥ8 . Let 5 ∈ (0, 1] be the proportion of G 9 that influence Ĥ8 . Therefore, 5 controls the size of the neighborhood
aroundG8 . Larger values of 5 result in a smoothercollection of Ĥ8 , and vice versa. When estimating the long-term
trend in VOC concentrations, we use cross-validation to select the optimal value of 5 . Furthermore, G 9 in the
neighborhoodof G8 are given more weight if they are closer to G8 . Let , (G) be a weight function that determines
the relative influence of G 9 in determining Ĥ8 . This weight function must meet a number of conditions specified
in [32]. A typical choice (and what was used to detrend the Canary VOC data) is the tri-cube weight function
given by

F(G) = (1 − |3 |3)3,

where 3 is the distance between G8 and G 9 scaled to be on the range [0,1]. This weight function is applied to all G 9
in the neighborhoodof G8 .

Given 5 and , , each Ĥ8 is produced by weighted multiple linear regression using G 9 in the neighborhood
defined by 5 . An =th order polynomial is fit to these G 9 , where = is typically small (i.e. = = 1 or = = 2). We
implement this methodusing the lowess function from the stats package in R (available on CRAN). The lowess
function also uses an iterative method to create "robustness weights" that insulate the estimates Ĥ8 from outliers.
We will not discuss these additional weights here, but the interested reader can see [32] for reference.

To summarize, we estimate the trend component of the VOC signal by applying the LOWESS smoother
described here to the entire time span of the VOC data. We create a separate estimate for each Canary unit.
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A.1.2 Isolation of Seasonal Component

Recall that we are using the seasonal component,�C , to capture diurnal variability in the VOC signal. Namely,
we are interested in a smooth curve that represents the "average" or "typical" variation in VOCs over the course
of the day. We go a step further by creating separate estimates for each month. This allows us to check one of the
assumptions of the additive decomposition model described above (that the magnitude of the variability captured
by �C is independentof time C).

Before creating our estimates, we first subtract our estimated )C from the VOC signal. This leaves us with
only �C plus 'C (assuming that we have created a good estimate of )C ), which is centered around zero. We then
separate these detrendeddata by Canary unit and by month, since we want a separate �C estimate for each.

Having prepared the data, we can estimate �C . We begin by binning the detrended VOC data by minute and
taking the median of each bin. We use the median instead of the mean to better insulate our estimate from large
outliers in the signal (some of which are highlighted earlier in this document). Plotting these medians over time
gives a noisy estimate of the diurnal cycle for a given unit and month. We finally apply a LOWESS smoother to
the noisy estimate to create the curves shown in Figure 5.

Note that Figure 5 does not present confidence intervals of any kind. This was done for visual clarity. The
method for estimating �C described here does allow for some measure of uncertainty, however. It would be
straightforward to construct a percentile interval based on the sampling distribution of the median for each bin
using a technique called bootstrapping.

A.1.3 Isolation of Residual Component

With estimates for both )C and �C in hand, estimating the residual component 'C is fairly straightforward. We
subtract our estimate for both )C and �C from the original VOC signal HC . This leaves us with the residual
component. As discussed in Section 4.1, it is advantageous to use this residual component (as opposed to the
original signal HC ) when training predictive models. Doing this enables the models to better detect the anomalous
events of interest representedby the residual component(i.e. a VOC leak event), ratherthanthe naturally occurring
trends in the data.
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