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Abstract 
Continuous monitoring of oil and gas infrastructure is of interest for improving emissions and 
safety by enabling rapid identification and repair of emission sources, especially large sources 
that are responsible for the bulk of total emissions.  We have previously demonstrated dual 
frequency comb spectroscopy coupled with atmospheric modeling and inversion techniques (the 
DCS Observing System) as a viable and accurate approach for detection, attribution and 
quantification of methane emissions at distances of more than 1 km under controlled, steady 
emissions scenarios. Here, we present the results of validation testing designed to mimic the 
complexity of operational well pad emissions from oil and gas production, and the first field 
measurements at an active oil and gas facility. The validation tests are performed single-blind 
(the measurement and data analysis team are not given information about the emissions) at the 
METEC test facility. They consist of a series of scenarios ranging from a single, steady-rate 
emission point to multiple emission points that include intermittent releases (the METEC “R2” 
tests). Additionally, we present field measurements at an active natural gas facility demonstrating 
that the system can remotely and autonomously monitor methane emissions in a true industrial 
setting. This field verification is in a configuration designed for continuous and long-term 
characterization of operational and fugitive emissions. These demonstrations confirm that the 
DCS Observing System can provide high-confidence continuous monitoring of emissions from 
complex, operational facilities among natural gas infrastructure. 
 
Introduction 
Methane is a potent greenhouse gas with a 20-year global warming potential (GWP) 
approximately 85 times greater than CO2, and anthropogenic sources of methane contribute up to 
65% of total global emissions [1]. Recent studies suggest that emissions from oil and gas 
production are higher than previously estimated, and demonstrate a “fat tail” distribution in 
which a relatively small number of large emitters contribute most of the overall methane loss to 
the atmosphere [2–5]. However, the variability of emissions in time is not well understood, 
which poses a challenge for both accurately assessing total emissions and understanding their 
associated safety and health risks. Emissions variability also introduces a challenge for 
differentiating process emissions (vents) and fugitive events (leaks), complicating efforts to find 
and fix large leaks efficiently. These gaps in our understanding and capabilities are due, in part, 
to limitations inherent to current detection technologies and approaches, which provide snapshot-
in-time data, often on an infrequent basis. For example, current leak detection and repair 



(LDAR) work practice involves costly site visits with handheld devices  [6].  Truck-, aircraft- or 
drone-mounted sensors [7–13] can offer a faster alternative, but still cannot cost-effectively 
provide, continuous monitoring of infrastructure. Continuous monitoring would enable rapid find 
and fix capabilities for the largest emitters and is critical for accurate characterization of sector-
wide emissions, given observed intermittency, unpredictability, and even seeming stochasticity 
in large emitters  [14–16]. Fixed ground-based sensors hold the capability to enable continuous 
observations which would fill this critical information gap  [17–26]. 
 
Dual frequency comb spectroscopy (DCS) in conjunction with atmospheric modeling and 
inversion methods (the DCS Observing System) provide accurate and continuous detection, 
attribution and quantification of methane emissions from oil and gas equipment [24–26], offering 
a promising solution to this problem. This spectrometer consists of a single, centralized DCS that 
samples the surrounding region via an optical transceiver that sends laser light over long, open 
atmospheric paths to an array of strategically positioned retroreflectors. This approach can 
provide continuous measurements of specific emissions sources across areas of 10 m2 to 10 km2 
with a single instrument. The system operates autonomously, and due to its use of an active laser 
source, is capable of operation day and night in all temperatures and in all ground and sky cover 
conditions, except for dense falling snow, rain or fog. In addition, the large range of coverage 
offers the possibility for cost-effective deployment, since a single unit can observe many sites 
within a region. These characteristics together make for cost-effective continuous monitoring and 
rapid identification of emissions in operational scenarios and enable characterization of the time 
variability of emissions in fundamental studies. 
 
Previous testing of the DCS Observing System at the Methane Emissions Technology Evaluation 
Test Center (METEC) demonstrated high-accuracy steady emission detection and 
characterization [25]. In a series of 18 single steady-leak tests (emission rates ranged from 0 to 
10.7 g min-1 [0-34.7 scfh]), the DCS Observing System successfully identified all emissions and 
quantified emission rates to within 27% on average. However, limitations of that study for 
applicability of the system to “real-world” emission scenarios included the use of: 1) steady 
emission rates, whereas intermittent or episodic emissions are observed in oil and gas operational 
environments (e.g., liquid unloading events [27]), and 2) single point source emissions at a time, 
whereas at real oil and gas facilities many components have the potential to emit simultaneously. 
Here we validate the DCS Observing System’s performance under time-varying and multi-point 
source emissions scenarios and demonstrate autonomous emission retrievals in a true industrial 
setting.  
 
Validation was accomplished through a set of blind tests of complex “operational” emission 
scenarios. The validation tests were again conducted at the METEC facility using their “R2” 
protocol, which included emissions that vary with time and simultaneous emissions from 
multiple source locations. Additionally, the site and equipment being monitored during the tests 
were configured to more closely match modern upstream oil and natural gas facility layouts, in 
terms of the size of the monitored area, and the count and spacing of emission sources. We also 
present data collected at an operational natural gas storage facility during a transient emission 
event. These measurements represent the first set of results from a long-term study of this facility 
and demonstrate the capability and utility of the DCS Observing System in providing time-
resolved emission measurements over extended periods of time. 



 
Methods 
Frequency combs are laser sources that emit a large number of discrete, evenly spaced, 
wavelengths (comb teeth), which can be used to measure the concentration of gases in the 
atmosphere.  This is done by transmitting comb light across an open path and detecting the 
wavelength-dependent absorption fingerprints of the molecules present in the path. We use dual 
frequency comb spectroscopy (DCS), a technique in which two carefully prepared frequency 
combs are interfered on a single photodiode allowing for broadband, high-resolution 
spectroscopy with a simple detection scheme [28,29]. In the implementation here, the frequency 
combs are mode-locked erbium fiber lasers that are spectrally broadened and then optically 
filtered to 40 nm [~4.5 THz ] to match the methane absorption fingerprint at 1.65 µm. The combs 
provide > 22 000 distinct spectral elements in this band at a very close 1.8 pm spacing. This 
enables trace gas spectroscopy over long pathlengths with high precision and stability [30,31]. 
The DCS used for this work has been engineered to support stable operation in field 
deployment [24,32]. 
 
To observe the surrounding environment, DCS light is fiber coupled to an optical telescope 
transceiver that launches the laser light over long atmospheric paths (typically several hundred 
meters to multiple kilometers) to a retroreflector, which returns the laser light back to the 
transceiver, where it is coupled onto a 150 MHz InGaAs photodetector. The transceiver is 
mounted on a gimbal that cycles the beam over multiple paths across a region, enabling the 
measurement of path-integrated methane concentrations over multiple-square-kilometer regions. 
The DCS observing system is configured such that each beam path is queried autonomously 
during active measurement periods. A more detailed description of the fielded DCS observing 
system can be found in [24,25].  
 
To quantify emission sources the path-integrated methane concentration measurements are 
incorporated into an atmospheric model and inversion algorithm allowing determination of 
emission location and rate. The inversion model also incorporates local wind measurements 
collected by a 3D sonic anemometer as well as geospatial information including retroflector 
locations, the DCS location, and locations of potential sources. A gaussian plume model is used 
to create source-receptor relationships which are then fit to the measured methane concentrations 
using a least-squares-based inversion approach providing the emission location and rate. Further 
detail can be found in [26]. 
 
Blind validation testing under “operational” conditions 
At the time of testing, the Methane Emissions Technology Evaluation Center (METEC), located 
in Fort Collins, CO (https://energy.colostate.edu/metec/), had recently upgraded their testing 
profile for more complex emissions meant to more accurately simulate realistic oil and gas 
operational conditions. This evaluation followed the “R2” testing procedure and consisted of 15 
single-blind emission scenarios administered by METEC (each lasting ~4 hours resulting in 2 
tests/day) in three “difficulty” categories:  

Difficulty A: Single steady emission (6 tests) 
Difficulty B: Multiple steady emissions (6 tests) 
Difficulty C: Multiple emissions that may be steady or intermittent, i.e. the rate is variable in 
time (3 tests) 



All emission points for these tests originate from a 50 m ´ 60 m mock production pad containing 
three equipment batteries (a battery of 5 wellheads, a battery of 4 separators, and a battery of 3 
tanks – where “battery” is defined here as an equipment grouping of the same type). Figure 1 
shows an overhead view of the emission test site relative to the DCS location > 1 km away at the 
Colorado State University Foothills campus (panel a) and a more detailed view of the METEC 
site contained within the inset.  
 

 
Figure 1: Overview of the METEC test site and the DCS sampling location (panel a) and a 
photo of the DCS transceiver (panel b). Panel a) the red star indicates the position of the DCS at 
the foothills campus of Colorado State University, which is ~1.1 km away from the METEC site. 
The inset includes a closer view of METEC, with the red squares highlighting the different 
potential source regions: 1) a battery of 5 wellheads; 2) a battery of 4 separators; and 3) a battery 
of 3 tanks. Panel b) contains a picture of the DCS transceiver with the METEC site noted in the 
background. The larger red square in the inset corresponds with the region shown in figure S1. 
panel a. 
 
In the results presented here, we distinguish between the values measured by the DCS system in 
single-blind testing as “measured” and the values controlled by METEC as “true”. For each test, 
we describe our success in emissions characterization in terms of detection, attribution and 
quantification. First, we report our success in estimating the presence and absence of emissions 
at each battery (detection). Second, we report our success in attributing detected emissions to the 
battery level (and not, for example, to individual pieces of equipment). For inversion results 
where > 1 emission point is detected at a given battery, the rates are summed and the average 
location is reported (noted in figure 2 with the cross symbol). To aid in comparison of measured 
with true results, we treat true results in the same way (i.e., the locations for multiple emissions 
from a single battery are summed and noted in figure 2 with an asterisk symbol). Finally, we 
report our success in estimating the emission rate for each battery (quantification), following the 
steps above in cases of multiple emissions. For intermittent emission profiles, the true average 
emission rate is calculated following Eq. 1. 
 

𝑅𝑎𝑡𝑒%&' = 𝑅𝑎𝑡𝑒)%* ∗ (
-./
-0.012

)       (Eq. 1) 



 
Where Ratecal is the flow rate as measured by METEC operators during a calibration period 
conducted prior to each test, ton is the total time the emission is active, and ttotal is the total test 
duration. 
 
Figure 2 is a graphical table overview of the testing results with respect to detection and 
attribution. In all, the system successfully detects 22 of the 25 individual emission events (dark 
green) from a distance > 1 km with 3 missed emissions (orange) and 6 false positives (red) - all 
of which were below 1.65 g min-1 (5 standard cubic feet per hour [scfh]). In this figure, 
emissions are grouped by battery along the y-axis and in increasing emission strength (from any 
battery for each test) along the x-axis. Additionally, the black dots indicate a test/battery 
combination that did not have any emissions and was correctly identified as such. A more 
detailed overview of the results from one of the tests (Test ID #10 from figure 2) is presented in 
the supplementary information. 
 

 
Figure 2: Overview of the METEC testing results. Each test is represented by a column in the 
figure and differentiated by a “Test ID” (ordered by the emission rate of the largest emission). 
Each row represents emissions at the battery level for a particular test. The shading of each 
marker represents different outcomes where: 1) dark green represents a successfully detected 



emission point(s); 2) black indicates successful exclusion of a non-emitting source; 3) light red 
indicates a reported emission when none was present (false positive); and 4) light orange 
indicates an undetected true emission point. The size of the marker corresponds to the size of the 
true emission rate for each test; except for the false positive scenarios where the size corresponds 
to the DCS measured rate. Additionally, tests that included intermittent emission profiles are 
distinguished with a gray box around the marker. 
 
Figure 3 shows a comparison between the measured and true emission rates (quantification), 
grouped at the battery level, for all detected emissions. Accurate quantification of emissions to 
within 1.65 g min-1 (5 scfh) is achieved in 82% of tests, and 91% of the emissions are accurately 
quantified to within 2.3 g min-1 (10 scfh). Of the four tests that do not achieve 1.65 g min-1 
quantification, three include intermittent emission profiles. It should also be noted that the largest 
of the tested emission profiles reaches just over 7 g min-1, which is far lower than the individual 
emission rates that are estimated to account for the majority of total emissions based on past field 
studies [3]. To understand why the intermittent emission tests are not quantified as well as the 
other tests, we perform a series of synthetic tests (see supplemental information), and find that 
monitoring for longer periods of time (~10-12 hours compared to the 4-hour duration of each test 
here) would likely have resulted in accurate quantification of these emissions. The need for 
longer monitoring times to accurately quantify intermittent emissions arises because the duration 
of some intermittent bursts tested by METEC was below our system averaging time. It is worth 
noting that many intermittent emissions described in the literature are longer in duration and 
would not pose this need [27,33]. Even with the potential offset between the timing of 
intermittent emissions and the system samples, the ability to provide some level of quantification 
is retained due to the continuous monitoring capability of the system. 
 
Figure 4 summarizes differences in the measured versus true emission locations for the 22 
detected battery-level emission events – this is calculated as the two-dimensional difference (in 
the ground plane or footprint), excluding heights. 60% of the emissions are attributed to within 4 
m of the true location, which roughly corresponds to attribution of the emission point to one half 
of the equipment battery. All emissions locations are correctly estimated to within 7 m of the true 
emission point (equipment battery level). The level of granularity in localization from this 
system is correlated with the number and placement of individual beam paths; in this scenario, 
the level of attribution is achieved with only a single set of beam paths parsing each battery. As 
shown in [25], higher levels of detail can be attained for attribution through the use of more 
beams. Additionally, if a large enough number of unique wind vectors are sampled, attribution 
between multiple potential sources within a particular beam pair becomes possible due to more 
robust model fits in the inversion algorithm. The number of unique wind vectors can, but does 
not necessarily, increase with increasing measurement time on a single beam pair.  
 
The single-blind tests presented here highlight the viability of the dual comb system as a robust 
emission monitoring method for real-world emission scenarios. The emission profiles were 
specifically designed by METEC personnel to be representative of those observed at operational 
facilities. These results demonstrate several key strengths and limitations of the dual comb 
system. For example, whereas extremely precise detection, attribution, and quantification of very 
small emissions (< 2 g min-1) can be achieved under operational conditions from a long distance, 
a limitation of the system is that accurate quantification of intermittent emissions requires longer 



duration of monitoring. As we describe in the following section, real-world monitoring with the 
DCS system can leverage monitoring durations that are continuous for days to weeks or longer, 
and therefore reduces issues of quantification under short-duration tests. 
 

 
Figure 3: Scatter plot of the measured emission rate vs the true emission rate at the battery level 
for each detected emission. Data points are grouped by test difficulty (see main text): A – red 
circles; B – blue squares; and C – purple triangles. Further, the C level emissions which included 
intermittent emission profiles are denoted with a black outline around the marker. The shaded 
region around the 1:1 line shows +/- 1.65 g min-1 (5 scfh). 
 



 
Figure 4: Cumulative histogram of the distance offset between the reported and true emission 
locations. For each distance (x-axis), the y-axis denotes the cumulative percentage of tests which 
were at or below each distance bin. This demonstrates that 100% of the tests were located to 
within 7 m of the true emission locations. 
 
Natural Gas Storage Site Deployment 
 Currently, four DCS systems are deployed with industrial partners in the production and storage 
sectors. All deployments are planned to be “long-term” (6-18 months) in order to observe daily, 
monthly, and seasonal variability in emissions; future publications will cover in detail the 
deployments, measurements, and results. Here, we focus on the demonstration of the DCS 
Observing System for one of the natural gas storage sites as an example of how this system can 
be employed in a real industrial site as well as an example of the system’s ability to operate 
autonomously and handle large changes in background methane level common at oil and gas 
sites. 
 
The natural gas storage site is a moderate-size facility with several different potential sources of 
emissions (figure 5). Additional details about the storage site are omitted to maintain anonymity 
of the partner. The DCS measurements are configured to provide monitoring coverage for 
injection/withdrawal wells and a large natural gas-handling platform located on the facility.  
 
The DCS is housed in a trailer located on the site with the gas-handling platform (GHP). This 
location is chosen to meet the goal of isolating and understanding emissions from the GHP and 
the two co-located banks of injection/withdrawal wells from the rest of the facility. A total of 8 



beam paths are configured around the GHP - four paths per side (east/west) (figure 5). Three 
additional beam paths (not shown in figure 5) monitor three satellite wells that are within 800 m 
of the DCS system. Sampling times for each of the beam paths vary between 120-180 s 
depending on conditions and system performance (e.g., precipitation, condensation, etc.). The 
optical transceiver for the system is placed on a short (1.2 m) platform located on top of the 
trailer. The transceiver gimbaling system is a commercially available astronomical telescope 
mount. The system runs autonomously with periodic (~once per day), brief remote check-ins 
from Boulder, CO. 
 
Figure 5 shows a series of DCS system measurements over a ~19 hr time frame that spans a 
period of variable emissions. Significant enhancements of CH4 along beam paths downwind of 
the GHP are consistent under multiple changing wind directions (for example the 180º shift that 
occurs at ~15:30). The time-resolved emission rate is retrieved through the inversion process 
utilizing 3-hr measurement periods (chosen to match the time frame of the DCS Observing 
System validation tests at METEC). The system is capable of realizing other (higher or lower) 
temporal resolutions by incorporating more or fewer individual measurement samples in the 
inversion, generally trading higher uncertainty for higher time resolution, as discussed later. 
Additionally, it should be noted that the relationship between concentration enhancements and 
the resulting emission rate is non-linear due to atmospheric dispersion and advection of the 
plumes; i.e., similar concentration enhancement values can be attributed to different emission 
rates depending on atmospheric stability and wind characteristics.  The inversion algorithm 
accounts for these meteorological characteristics when determining the emission rate. 
 
The wind conditions and beam pattern are such that full characterization of the facility area is 
achieved through a majority of the day. During most 3-hour periods, emissions remain relatively 
steady at approximately 10 kg hr-1. Between 09:00 - 12:00, the emission rate increases to 20 - 40 
kg hr-1 and remains higher for ~9 hrs, until returning to a lower rate between 15:00 – 18:00. 
Several individual, highly elevated concentration measurements reaching up to 6 – 8 ppm (path-
averaged) are noted through the measurement period. These measurements can be caused by 
rapid, short increases in the emission rate, or by variations in atmospheric mixing. A rapid 
increase in emissions is most likely the cause of three of the elevated measurements given the 
stability of the winds during and around the time of these particular measurements. Wind speeds 
are low and variable around the time of the fourth elevated concentration, which may lead to 
variability in localized methane mixing/pooling.  If these effects are not captured by the gas 
transport model in the inversion, there is more uncertainty in whether rapid changes in the 
concentration during these types of wind conditions are due to emissions changes or variability 
in atmospheric mixing. Thus, due to variability in emissions, atmospheric mixing and 
meteorological conditions, using a limited number of observations collected during a short 
period in the inversion may not accurately reflect the actual time average of emissions. 
Therefore, continuous observations over extended time frames, such as those shown here, offer 
the capability of determining a more representative average emission rate for a particular 
monitoring time period.  
 
The timeseries of atmospheric observations in figure 5shows that the background methane 
concentration can vary by up to several parts per million (ppm) throughout the day. A highly 
variable background signal was also observed in METEC testing. These fluctuations are likely 



due to atmospheric transport of near-field and far-field emission sources that are outside the 
monitoring domain. Rapid background changes can present issues for monitoring approaches 
that have lower temporal resolution or do not account for this type of rapid background 
fluctuation. 
 
Attribution of emission sources to different locations/equipment (the GHP, wells and tanks, 
figure 5 (a)) varies throughout the monitoring period with the largest emissions (between 10:30 
and 13:30) coming from the southeast side of the GHP. However, further attribution of emissions 
to a single bank of equipment under this measurement configuration is hindered by the layout at 
this site, in which many pieces of equipment are tightly grouped. A more thorough analysis of 
long-term emissions will be presented in a follow-up publication (Alden et al., in prep). 
 

 
Figure 5: Data sample from the DCS system deployed at an active natural gas storage facility. 
Panel (a) shows a schematic of the site configuration with the beam paths overlaid – the beam 
path colors correspond to their respective traces on the time series plot. Panel (b) shows the 
methane mole fraction measurements for individual beam paths, the calculated emission rate 
(error bars represent the standard deviation of the results from the bootstrapped inversion method 
as per [26]), and the wind barbs (upper axis, arrows point towards the direction from which the 
wind was blowing and the number of barbs indicate wind speed). 
 
Conclusions 
We present the successful implementation and validation of a dual-frequency comb spectrometer 
coupled to an atmospheric inversion system (DCS Observing System) for the monitoring of 
methane emissions under real oil and gas emissions scenarios. We validate the DCS Observing 
System in a series of blinded, controlled emissions tests at the METEC test facility designed to 
represent operational emissions from natural gas systems. We further demonstrate successful 
implementation of the system at an active natural gas storage facility, where the system provides 
continuous emissions monitoring. The results of the two rounds of controlled testing at the 
METEC facility (this study and  [25]) and experience gained from operating the DCS system at 
active natural gas handling facilities collectively validate this method and technique as a viable 
option for monitoring and characterization of methane emissions at temporal and spatial scales 
which are under-represented in currently utilized methods. 
  



The single-blind testing conducted at the METEC facility affords the opportunity to 
quantitatively assess the system in a controlled setting in which complex and realistic emission 
scenarios are simulated. The results show that the DCS system is capable of characterizing a 
variety of complex emissions – including distinguishing simultaneous emissions originating from 
different pieces of equipment in close proximity and in some cases identifying when an emission 
is intermittent. Throughout the testing, 6 false positives are reported and 3 emissions go 
undetected – in all of these cases the emission rates are below 1.65 g min-1 (5 scfh). This finding 
suggests a detection threshold for the system of roughly 1.65 g min-1 from a distance of 1 km 
under complex monitoring conditions (i.e., multiple intermittent potential sources both inside and 
outside the immediate monitoring region). This threshold is very small in comparison to the 
distribution of emissions rates observed in past studies of the oil and gas production sector. For 
example, a previous device-level study around active oil and gas facilities showed that 90% of 
total emissions come from devices with emissions > 42 g min-1 (134 scfh) (e.g. [3]). 
 
For the single-blind tests, all emissions are correctly attributed to within 7 m of the true emission 
location, which enables differentiation between the different batteries of equipment and often 
between different components of a single battery with the laser beam configuration used here. Of 
the reported battery-level emission rates, 84% are quantified to within 1.65 g min-1 (5 scfh), with 
the largest discrepancy (5.3 g min-1 [16 scfh]) occurring during a test of exclusively intermittent 
emission profiles (Test #13, further discussed in Appendix A). Further testing suggests that for 
emissions exhibiting an intermittent profile, the time required to achieve accurate quantification 
can be greater than that for steady emissions. 
 
This first demonstration of a DCS Observing System deployed at an active natural gas facility is 
intended to show the ability to provide long-term continuous monitoring of methane emissions 
and variability with the overarching goal of improving our understanding of process-level 
emissions, their variability through time, and how the system can be used as a methane emission 
mitigation tool. Even with the limited data presented here, several key features are clearly 
demonstrated from the concentration and emission time series; 1) in areas with dense natural gas 
operations the background level of methane can vary significantly (several ppm in these 
measurements) and rapidly (variations shown in this data are >2 ppm hr-1 at some points); and 2) 
emission rates can also change dramatically (factor of 3 in this data) and on short time scales 
(hours) (figure 5). These events are not necessarily correlated (i.e., changes in background 
concentrations do not necessarily indicate the presence of a local emission source) and 
monitoring systems must be capable of distinguishing between them.     
 
The results shown here demonstrate the system’s ability to fill a critical spatial and temporal 
monitoring gap in methane observation technology. The DCS system described, validated, and 
field-deployed here provides continuous information on a regional scale. Full characterization 
(i.e., identifying emitting batteries and quantifying emissions rates) of multiple sources across a 
region (or facility) over extended time periods will aid in enhancing our understanding of 
methane sources from this important sector of global methane emissions. 
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ABSTRACT: Temporal variability contributes to uncertainty in
inventories of methane emissions from the natural gas supply chain.
Extrapolation of instantaneous, “snapshot-in-time” measurements,
for example, can miss temporal intermittency and confound
bottom-up/top-down comparisons. Importantly, no continuous
long-term datasets record emission variability from underground
natural gas storage facilities despite substantial contributions to
sector-wide emissions. We present 11 months of continuous
observations on a section of a storage site using dual-frequency
comb spectroscopy (DCS observing system) and aircraft measure-
ments. We find high emission variability and a skewed distribution
in which the 10% highest 3 h emission periods observed by the
continuous DCS observing system comprise 41% of the total
observed 3-hourly emissions. Monthly emission rates differ by
>12×, and 3-hourly rates vary by 17× in 24 h. We find links to the operating phase of the facilityemission rates, including as a
percentage of the total gas flow rate, are significantly higher during periods of injection compared to those of withdrawal. We find
that if a high frequency of aircraft flights can occur, then the ground- and aircraft-based approaches show excellent agreement in
emission distributions. A better understanding of emission variability at underground natural gas storage sites will improve
inventories and models of methane emissions and clarify pathways toward mitigation.

1. INTRODUCTION

Natural gas is an important energy source in the United States,
comprising 28.6% of the total U.S. energy use in 2017.1

Recently, increased scientific, regulatory, societal, and industry
attention has focused on emissions of methane along the
natural gas supply chain, which threaten to undermine the
benefits of natural gas as a relatively lower carbon-to-energy
fuel source (compared with coal)2,3 and which can negatively
impact regional air quality.4,5 The reduction of methane
emissions from oil and gas represents a relatively achievable
short-term mitigation goal in comparison with longer-term
control of emissions from other industries.6 Independent
assessments of emissions have revealed mismatches between
bottom-up (e.g., inventory-based) and top-down (e.g.,
atmospheric measurement-based) estimates across the natural
gas sector, from production wells to urban distribution
systems.7,8 Several new studies suggest that temporal variability
in emissions as well as a fat-tailed distribution of high-emitting
fugitive events can contribute to disagreements in emission
estimates and that accounting for these sources of spatial and
temporal variability can help to reconcile flux estimates.9−13

Better understanding of temporal variability in methane
emissions from oil and gas infrastructure has been identified as

an important area for improvement in the Environmental
Protection Agency (EPA) Greenhouse Gas Inventory
(GHGI).14 Yet, high levels of uncertainty remain in our
understanding of temporal characteristics of emissions.
Continuous monitoring, in particular, has been identified as
a critical tool for a better understanding of the temporal profile
of emissions at natural gas facilities.15 New state-level
regulations in Colorado go so far as to mandate continuous
monitoring of oil and gas facilities.16

While variability in emissions from the production and
processing sector of the natural gas supply chain has been
increasingly confirmed,17 emissions from underground natural
gas storage facilities have not been studied as extensively.
Though there are relatively few storage facilities (∼400 in the
United States18), the transmission and storage sector is
estimated to contribute a substantial proportion of value-
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chain emissions (20%1) and has garnered attention because of
the recent high-profile Aliso Canyon extreme emission
event.19,20 Storage of natural gas in underground reservoirs
has been practiced in the United States for over 100 years to
supplement pipeline delivery during periods of variable supply
and demand.21 Storage reservoirs are primarily porous rock
reservoirs (e.g., depleted oil and gas fields or aquifers) and salt
caverns18 into which gas is injected or from which it is
withdrawn to level supply/demand, such as during cold
snaps.21 Gas storage is increasingly also used to meet higher-
frequency changes in electricity generation, supplementing
other energy sources with more variable supply (e.g.,
renewables).22

Detailed examination of emissions from specific equipment
at underground storage facilities has been limited in time and
has focused primarily on compressor stations.23,24 Repeated
flyover measurements of emissions from underground natural
gas storage sites do, however, suggest the possibility of high
emission variability.25 For example, one recent study
demonstrated emission rates that differed by up to 6× on
contiguous days at the same site.25,26

In this study, we perform the first continuous monitoring of
emissions from a portion of an underground natural gas
storage facility using local atmospheric trace gas concentration
measurements and inversions with a ground-based dual-
frequency comb spectrometry (DCS) observing system
(hereafter DCS observing system). We also perform
concurrent, repeat aircraft mass balance flights for cross-
validation of methods. Finally, we compare the resulting time
series of estimated emissions with operations data collected by
the storage site managers.

2. EXPERIMENTAL METHODS

To assess emissions and variability at an underground natural
gas storage site, we deployed two sensor systems for a period of
11 months, from October 2017 through August 2018. The first
is a ground-based sensor system that continuously and
autonomously monitors emissions (DCS observing system,
Section 2.2) and the second is an aircraft-based trace gas
sensor flown for mass balance “snapshot-in-time” emission
estimation (Section 2.3). The ground-based sensor is a long-
range, open-path DCS. The DCS data are coupled with
atmospheric inversions to determine emission source locations
and rates.27−29 The aircraft-based sampling approach relies on
methods developed and tested at similar sites.19,25,30 Both are
described in greater detail below.

2.1. Underground Natural Gas Storage Site Layout.
The study site is an underground natural gas storage facility
located in the U.S. Energy Information Administration (EIA)
Pacific Region. The site is in the top quartile of all storage sites
in the United States in terms of both base gas storage (the
“permanent” inventory used to maintain the storage reservoir
pressure) and total field capacity (the maximum reservoir
storage capacity).18 Continuous DCS observing system
measurements and repeat aircraft mass balance flights focused
on an isolated section of infrastructure on the site, which
allowed for a clear constraint of signals against background
emissions from neighboring sites (Figure 1). The portion of
the storage site studied houses well heads and gas conditioning
equipment (Figure 1 and Supporting Information Section 1 for
more details regarding on-site equipment). The nearest
compressors are >500 m away in a different area of the site.
The study area contains just over 40% of the total well heads
on the whole site and just over 20% of the filter separators, and
the spatial extent of the study area covers roughly 10% of the

Figure 1. Time series of atmospheric observations of CH4 concentrations along the DCS laser beam paths. The beam path and site layout are
shown in a map-view inset at the upper right, including three gray areas with well heads (left box), gas conditioning equipment (middle box), and
well heads (right box). Black triangles show the locations of retroreflectors and the yellow diamond shows the location of an anemometer. The inset
in the upper left shows a wind rose of meteorological conditions during the observation period. The legend shows the laser beam colors and marker
sizes as they relate to the site layout and concentration data.
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full extent of the underground formation. Equipment heights in
the study area range from roughly ground-height to roughly 13
m above the ground.
2.2. Ground-Based DCS Observing System Measure-

ments and Data Reduction. The DCS observing system
collects continuous, high-frequency atmospheric concentration
measurements and atmospheric inversions yield emission rates
and locations with a 3 h resolution.
A single DCS laser housed in a small trailer was placed on

the north edge of a section of the above-ground infrastructure
associated with the storage site (Section 2.1, Figure 1). A laser
light pitch and catch system was positioned on a small
retractable tower. A set of 10 retroreflective mirrors was fixed
to the existing infrastructure on the site, enabling 10 integrated
open paths or “beams” that extended between the laser head
and each retroreflector (Figure 1). After 11 months, minor
degradation of return power was observed from dust
accumulation on the retroreflectors, with no impact on
measurement precision or reliability. Infrequent, heavy rain
occluded the line-of-sight to the retroreflectors, and morning
dew occasionally and temporarily blocked the telescope
window until evaporation took place. Observations were
taken along one beam path at a time in sequence, and
measurements were averaged for 120−180 s. Beam heights
varied between 1 and 3 m above the ground level. An RM
Young 81000 3D sonic anemometer was stationed at a 10 m
standoff distance from the DCS to collect meteorological
observations for use in the inversion (Figure 1).
DCS is a spectroscopic method that measures extremely

high-resolution (0.0018 nm or 200 MHz) absorption spectra,
which can be used to determine accurate and precise
information about concentrations of molecular trace gases
along the beam path.31 The laser light is eye-safe and invisible.
The precision of the concentration measurements during this
campaign was on the order of 5−30 ppb. Critically, instrument
calibration is not needed for DCS in this application because
we are measuring differential enhancements among laser
beams (overcoming small absolute biases of the spectroscopic
model used for concentration retrieval) and because the DCS
wavelength, phase noise, and return power are all continuously
monitored and controlled to eliminate drift or distortion of the
measured spectrum.32 The atmospheric data (which consist of
both methane and water vapor concentrations) are processed
to provide dry-air path-averaged mole fractions (concen-
trations) of methane using spectroscopic fits to the HITRAN
2008 database. The broad wavelength range afforded by DCS
(178.8−185.5 THz or 1625−1675 nm), combined with the
extremely high resolution (200 MHz), allows for the
simultaneous fitting of approximately 3240 individual H2O
(133), CH4 (625), and CO2 (2482) absorption features. This
allows for a precise intercomparison of observations made on
different instruments and across different time periods.32,33

The concentration information generated in this way is used in
an atmospheric inversion algorithm, which solves for the
locations and rates of emissions in the monitored area.
Background or baseline concentrations are removed, yielding
CH4 enhancements that are then fitted using a Gaussian plume
model to parameterize atmospheric transport.27 Potential
emission sources are parsed from the areas in the gray boxes
in Figure 1 into groupings of equipment, with heights assigned
accordingly. The use of this system for emission quantification
in blinded validation tests and at oil and gas sites has been
described in several recent publications.29,34

We solve for emissions with 3-hourly resolution to balance
data density (maximizing the number of measurements
available for inversion, given the high number of beams
sampled to cover a large facility) with a temporal resolution
that allows for analysis of subdaily emission variability; a higher
or a lower temporal resolution is possible via the balance of
these two trade-offs.
Data analysis for the DCS observing system involves several

steps. First, atmospheric inversions with a range of parameter
choices are performed to estimate the error bounds of the
emission calculation. Specifically, an ensemble of five
atmospheric inversions is used, following recently published
work using the DCS observing system27−29,34 (full details in
Supporting Information Section 3). Second, an analysis of site
coverage is performed to guide the interpretation of the results.
Changing wind conditions can result in a greater or lesser
sensitivity of line-integrated measurements to emission sources
at various locations on the storage site because of the geometry
of the site layout. That is, the “fetch” of the area surveyed with
each measurement changes based on the meteorological
conditions of each measurement. Indeed, this phenomenon
is a factor common to all atmospheric concentration-based
observing systems and one that is particularly important for
point sensor arrays that cannot offer integrated path-averaged
coverage. For example, when the prevailing wind direction is
from the north, plumes from some areas are less likely to cross
any laser beam measurement paths (“beam”) such that not all
areas in the gray boxes in Figure 1 would be covered. In this
case, the extent of the site coverage is expected to be lower
compared with the opposite case (winds from the south) when
plumes from most areas of the site are very likely to cross a
laser beam measurement path, and all areas in the gray boxes
shown in Figure 1 would be covered. A relationship may
therefore exist between the percent of site coverage and the
emission rate wherein spuriously low emissions are estimated
under a lower observational coverage.
To ensure that variability in the emission rate we estimate is

due to changing emission rates and not the changing site
coverage, we perform an initial processing step to remove low-
coverage time periods from our analysis (Supporting
Information Section 4). We find that samples with <30% site
coverage are likely affected by a low bias because of insufficient
site coverage but that samples with >30% site coverage are
likely not. To be sure that 30% is not too low a threshold for
site coverage, we additionally test a range of cutoff values
(Supporting Information Section 4) and report emission rates
calculated for a nominally higher value of >70% site coverage.

2.3. Aircraft-Based Mass Balance Measurements.
Aircraft mass balance flights occurred at regular intervals
during the measurement campaign. The mass balance flights
use a stacked, closed-loop methodology whereby a virtual
cylinder is traced by the airplane around the potential source
area. The flux normal to the cylinder is calculated using
instantaneous winds35 and observed in situ methane
concentrations. The path integral is then calculated for each
loop to yield the average flux divergence of methane gas at the
altitude of each loop according to Gauss’ Theorem.30 Most
flights in this study involved 15−25 loops flown from ∼70 m
above ground level to a height above which no methane
plumes were detected. Finally, the vertical integral of the flux
divergences is calculated to yield a total emission rate for the
area within the circle.
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An update to previous methods30,35 is developed here, in
which the slope in the lowest available 100 m altitude bin is
extrapolated to the ground rather than assuming a constant
value. The standard deviation of an individual loop flux within
each 100 m bin is multiplied by the bin thickness (100 m) to
obtain an error estimate for that bin. An error term for the total
flux emission is then calculated by combining each bin’s error
term in a standard error propagation.36

During the measurement period of October 2017 through
August 2018, 11 aircraft mass balance flights were performed.
The average duration of airborne sampling measurements was
23 min.

3. RESULTS AND DISCUSSION
3.1. Atmospheric Concentration Measurements.

Atmospheric concentration measurements are made along
open beam paths as shown in the site layout in Figure 1. The
line-integrated concentrations are divided by the path length of
the laser to yield path-averaged concentrations. Concentration
measurements span a large range, from values near the global
mean (the marine boundary layer global annual mean CH4
dry-air mole fractions were 1849.65 ppb in 2017 and 1857.30
ppb in 201837) to isolated peaks of up to ∼42,000 ppb. The
mean and standard deviation of all concentration measure-

ments is 3281 ± 2413 ppb and the median value is 2449 ppb.
Several data gaps, evident in Figure 1, are due to two factors.
First, this deployment was the first sustained, remote,
autonomous field deployment of the DCS observing system.
As such, multiple system upgrades were implemented during
the 11-month field deployment, associated with lessons learned
on the ground, including improved electrical power condition-
ing, better climate control of the laser system, and deterrents
for wasps and birds in the telescope. Second, major on-site
operations resulted in temporary blocking of some retrore-
flectors, a factor that has led to alternate beam path
configurations in subsequent industrial deployments.

3.2. Study Site Emission Estimates. We examine 3-
hourly mean emissions (i.e., the average emission rate over 3 h
in kg h−1) at the study site (all areas shown in Figure 1) and
aircraft-based estimates of emissions from the study site as well
as from the entire facility. The time series of estimated
emissions at the study site based on the DCS observing system
and aircraft mass balance flights is shown in Figure 2.
Substantial temporal variability and spread are evident in
both the aircraft and DCS observing system estimates. The
DCS observing system emission estimates shown in Figure 2
are shaded according to percent site coverage (Section 2.2).

Figure 2. 3-hourly emission estimates (blue dots) of the ground-based DCS observing system and aircraft-based mass balance emission estimate
(red diamonds) on a log scale. Gradation of color for the ground-based DCS observing system emission estimates represents the percent of
equipment on site covered by observations in each 3 h period (color bar). Uncertainty bars are 1σ.

Figure 3. Empirical (solid step lines) and fitted (dotted curves) cumulative distribution functions (left panel) for the ground-based rates for the
study site (blue), aircraft-based rates for the study site (yellow), and aircraft-based rates for the entire facility (teal). Box and whisker plots showing
range, variability, and outliers for the estimated emission rates (right panel) for ground-based rates for the study site (blue, left box), aircraft-based
rates for the study site (yellow, middle box), and aircraft-based rates for the entire facility (teal, right box).
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3.3. Long-Term Emission Rates and Variability. The
study site emission rates estimated by both the ground- and
aircraft-based approaches are highly skewed. Figure 3 shows
cumulative distributions of the emission rates. For the 3 h-
average ground-based data, the maximum emission rate
observed is 2.4 times the 95% fractile of the distribution.
Finding that emission rates follow a lognormal distribution, we
report the geometric mean for all emission time series. The
emissions during all time periods (October 2017 through
August 2018) are lognormally distributed (the mean and
standard deviation of the log of the distribution are μ = 3.0 and
σ = 1.3) with a geometric mean rate of 20 [−2, +3] kg h−1 (n =
560) [95% confidence interval (CI)]. (For all lognormally
distributed results, we report the geometric mean and 95% CI
of the distribution.) Using a >70% site coverage threshold, the
geometric mean emission rate is the same (20 [−3, +3] kg
h−1) and the lognormal distribution parameters are μ = 3.0 and
σ = 1.5.
During the same time period, the aircraft-based emission

rates also follow a lognormal distribution with parameters of
the log of the distribution of the data of μ = 3.0 and σ = 1.4.
The geometric mean of the aircraft-based estimated emission
rates is 19.9 [−12.3, +32.0] kg h−1 (n = 11) (95% CI),
indicating close agreement between the ground- and aircraft-
based approaches.
The presence of more high outliers and a higher upper

adjacent value in the continuous ground-based data, compared
with the aircraft-based data, while the median and 25th and
75th percentile ranges and distributions are very similar,
suggests that the increase in data density afforded by
continuous monitoring allows for a fuller representation of
the emission distribution (Figure 3). Indeed, the aircraft data
only capture one outlier event, without which the distribution
changes substantially with a geometric mean emission rate of
only 15.3 [−8.8, +20.9] kg h−1. We find that these outlier time
periods comprise a critical proportion of overall emissions. The
10% highest 3 h emission periods observed by the continuous
DCS observing system (outliers in Figure 3) comprise 41% of

the total observed 3-hourly emissions. This suggests that
intermittent monitoring is very unlikely to accurately capture
total emissions, compared with continuous monitoring.
Additional aircraft flights occurred before and after the DCS

observing system campaign. The geometric mean of the
estimated emission rates from all aircraft mass balance flights
that occurred between October 2017 and June 2019 is 26.5
[−13.1, +26.0] kg h−1 (n = 17) (95% CI), with a lognormal
distribution with log transform parameters μ = 3.3 and σ = 1.3.
Two-sample Kolmogorov−Smirnov testing of all three
combinations of data (long-term and short-term aircraft,
long-term aircraft and ground, and short-term aircraft and
ground) confirms that they are from the same distribution. The
agreement in distributions suggests that the time period of
observation was sufficient to accurately capture the true
distribution of emissions from the study area.
The emission rates demonstrate substantial variability

through time, not only on shorter (day-to-day) but also on
longer (month-to-month) time scales. Monthly geometric
mean emission rates from the DCS observing system vary from
a minimum of 6 [−2, +2] kg h−1 in February 2018 to a
maximum of 85 [−22, +30] kg h−1 in April 2018 (Supporting
Information Section 5). The aircraft-based emission estimates
show an even wider range, although with a low number of
monthly samples.
To better understand day-to-day and subdaily variability, we

focus on several multiday periods in which favorable winds
allowed for continuous observation of emissions from >30% of
the site area. We examine three relatively low-variability time
periods and three relatively high-variability time periods,
including one time period during which a transient but large
spike in emissions occurs. Figure 4a−c shows periods of
relatively low variability in emissions and low mean emission
rates overall. The geometric mean and full range of observed
emission rates are 10 (6−23) , 6 (3−23), and 6 (2−12) kg h−1
for a−c, respectively. Figure 4d−f shows relatively higher and
more variable emission rates. The geometric mean and range
of observed emission rates are 9 (4−158), 66 (14−320), and

Figure 4. Ground-based DCS observing system emission estimates (bars) and aircraft-based mass balance emission estimates (black diamonds) for
six time periods. (a−c) Time periods during which the variability in 3 h estimated emission rates is low compared with time periods shown in (d−
f). Note the change in the y-axis from (a−c) to (d−f). Uncertainty bars are 1σ, and the width of each bar is 3 h. Dashed vertical gray lines
distinguish day (6:00−18:00, labeled “D”) from night.
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46 (17−204) kg h−1 for d−f, respectively. The majority of the
time period in Figure 4d shows emission rates below 10 kg h−1;
however, one 3 h period demonstrates a much higher emission
rate of 158 ± 25 kg h−1 (1σ).
We examine the concentration data that are used to estimate

the emission profiles in Figure 4d,e. One transient increase in
emissions (Figure 4d) is associated with a spike in
concentration measurements of roughly 30 ppm that is only
45 min in duration (Supporting Information Figure S3),
indicating that even 3 h is too long a time period to fully
capture the temporal variability in emissions at the site. The
mean emission rate during the 3 h in which this event occurs is
more than 17× the 24 h mean emission rate.
The high emission rate variability in Figure 4e is also

accompanied by highly variable concentration measurements.
Throughout the days of May 8−10, emission rates and
atmospheric concentrations are both relatively high and
variable, with a mean of 3.36 ppm and a range of 1.18−
44.47 ppm (Supporting Information Figure S3). Beginning
May 11, however, emission rates and atmospheric concen-
trations both return to lower values that vary less through time.
Aircraft measurements made during the same 4-day period
show a consistent signature of higher emissions during May 8−
10 and lower emissions on May 11. Clustered aircraft flights
during different time periods show similar variability; for
example, three aircraft flights within a span of 7 days in
November 2017 exhibit a nearly 17-fold difference (Figure 2).
These examples highlight the uncertainties inherent in
“snapshot” sampling of highly variable emission sources, as
seen here, and underscore the importance of continuous
monitoring for an accurate understanding of total emissions
and for rapid identification of emission events in case they are
driven, for example, by malfunctioning equipment that would
benefit from rapid repair. Conversely, snapshots in time can
capture large emissions that are not persistent and therefore
overestimate total emissions through time. A snapshot, drive-
by or fly-by emission estimate on the afternoon of May 10, for
example, would have recorded an emission rate at least 8×
higher than an estimation made the following day.
3.4. Comparison of the DCS Observing System and

Aircraft Mass Balance. Periods of overlap between the

aircraft and DCS observing system sampling offer an
opportunity to examine potential differences between the
two methods. We reanalyze the DCS observing system data by
examining emissions in 3 h windows centered on the time that
each aircraft mass balance flight took place. In one instance,
individual ensemble members have fewer than three downwind
data points, so a 6 h window is used.
All concurrent aircraft and DCS observing system estimates

agree to within 2σ uncertainty; however, some uncertainties
are large for both methods, masking discrepancies. The overall
root mean squared error between the estimated emission rates
is 42 kg h−1. A Bland−Altman analysis highlights differences
between the methods based on the mean of both methods as a
best estimate of the “true” value. No consistent bias is observed
between methods, and all values fall within the 95% level of
agreement (Supporting Information Section 9).
A recent study shows similar or greater magnitudes of

discrepancy on same-day, same-facility flights using different
aircraft emission estimation methods.26 A possible source of
the mismatch observed in our analysis is a difficulty in
obtaining truly temporally concurrent estimates. Aircraft mass
balance flights last only 23 min on average, compared with
ground-based observation windows of several hours. Given the
very short-term variability in the emission rates we observe
(e.g., Figure 4), it may be expected that emission rates vary on
shorter timescales than 3 h. While discrepancies are evident
between some concurrent aircraft and DCS observing system
estimates, the distributions of the long-term datasets are
nonetheless very similar for the two methods (Figure 3). A
future study using large eddy simulations of these data will
yield further insights into potential drivers of the observed
offsets of individual flight days.

3.5. Facility-Wide Emissions. In addition to aircraft mass
balance flights that isolated emissions from the primary study
site, a series of 19 flights characterizing the entire underground
natural gas storage facility were performed between October
2017 and June 2019 (see Supporting Information Sections 1
and 7 and Figure S2 for details of the full facility and time
series of emissions). Very high variability and skewness in
emissions are recorded by the facility-wide mass balance flights
(Figure 3). The geometric mean emission rate for the entire

Figure 5. Time series of emissions (blue bars with a width of 3 h) with injection (green dot) and withdrawal (yellow dot) rates. Gaps in time series
have been removed; the first day of each month is labeled on the x-axis.
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time period is 164.6 [−51.8, +75.5] kg h−1 (95% CI), and the
mean and standard deviation of the distribution of the log of
emissions are μ = 5.1 and σ = 0.8. Despite the non-normal
distribution of emissions, we examine the arithmetic mean
facility-wide emission rate for comparison with past studies.25

The arithmetic mean of the facility-wide emission rate is 222.1
± 24.2 kg h−1 (2σ uncertainty) or roughly 4× the rate
observed at the smaller section of the site. Two outliers drive
the mean value higher (Figure 3 and Supporting Information
Figure S2); removal of these outliers yields a mean rate of
165.3 kg h−1. Both the arithmetic mean and the arithmetic
mean with outliers removed are within the range of reported
emission rates observed at other storage sites.25,26 The drastic
difference in the mean emission rate when outliers are and are
not considered underscores the importance of either
continuous or high-frequency, repeat measurement of storage
facilities to allow for accurate capture of the true distribution of
emission rates.
3.6. Comparison with Operations Data. To better

understand potential sources of variability in the methane
emission rate from the study site, we examine time series of
operations data, including injection and withdrawal rates and
leak detection and repair schedules. We find a statistically
significant difference in emission rates during periods of
injection (geometric mean rate of 56 [−7, +9] kg h−1)
compared with periods of withdrawal (8 [−1, +1] kg h−1)
(Figure 5 and Supporting Information Section 6). Similarly,
CH4 emissions as a percentage of the total gas flow rate
(injection or withdrawal) are consistently higher during the
injection phase compared with the withdrawal phase
(Supporting Information Figure S1).
A statistically significant difference between emission rates

estimated by the aircraft mass balance is not found; however,
this is likely due to the significantly lower number of samples in
the study period. For example, only two flights occurred during
periods of withdrawal. While injection and withdrawal rates
appear to be correlated with emission rates, relatively high
emissions also occur at the beginning and end of the time
series: periods during which neither injection nor withdrawal is
occurring at the study site.
Higher emissions might be expected from some equipment,

such as compressors, during injection and withdrawal because
of the known methane slip associated with compression.38

However, with no compressors on the study site (and the
presence of gas conditioning equipment, which is used during
withdrawal), it will remain the subject of future continuous
monitoring studies with a higher spatial attribution to
determine the source of higher emissions during injection.
Analysis confirms that interference from compressor emissions
did not skew our findings (Supporting Information Section 2).
We therefore posit that the higher system pressures present
during the injection phase could be driving pressure-based
emission behavior.
Available work logs detailing locations and dates of leak

detections and repair activities offer an opportunity for
comparison with emissions. We find that a series of operations
notes logged on 1/18/2018 coincide with the anomalous
emission event shown in Figure 4d. The notes suggest the
detection and logging of an issue with a series of well heads
that the operator found to be below internal standards. We
further find that the cessation of a nearly 3-day-long period of
withdrawal at this section of the site coincides with the timing
of the event shown in Figure 4 d. The site operator suggests

the possibility of maintenance or blowdown activity, although a
detailed record of maintenance corresponding with the
emission event is not available. We find that a series of notes
on recommended repairs also coincide with other periods of
transient, higher-emission rates from this section of the site.
The finding that higher emissions are associated with repairs is
confirmed by the site operator who reports that, typically,
maintenance on well heads requires blowdown of the well head
and the associated piping.
Finally, we find some evidence that daytime emissions differ

from nighttime emissions depending upon the operating phase,
but results are uncertain and require further investigation with
additional data before conclusions can be drawn (Supporting
Information Section 11).

3.7. Greenhouse Gas Inventory Relevant Numbers.
This study produces, for the first time, long-term observations
of variability in emissions from an underground natural gas
storage facility. Nearly a full year of regular measurements
allow for estimation of the full range of variability at the site
measured. We find that a minimum of roughly monthly aircraft
flights is necessary to adequately capture the distribution of
emissions observed with continuous monitoring. If, for
example, the aircraft flights had commenced just weeks later,
missing the only outlier event captured by the aircraft, the
distribution would have changed significantly (mean and
standard deviation of the log of μ = 2.7 and σ = 1.2 compared
with the aircraft−ground agreed on values of μ = 3.1 and σ =
1.3). This finding further underscores the importance of
continuous or quasicontinuous (high frequency) monitoring
for accurate capture of emission distributions from natural gas
systems, including underground natural gas storage infra-
structure.
We further compare available emission inventory numbers

for the facility with our emission data. There is no inventory
number for the smaller subsection of the site studied, only for
the entire site. However, the 19 aircraft mass balance
measurements of the entire underground natural gas storage
facility (Section 3.5) are directly comparable to the facility-
wide inventory estimate. We find good agreement between the
inventory value of 1997 metric tons yr−1 and the aircraft-based
estimated facility-wide mean and standard deviation of 1937 ±
1765 metric tons yr−1. We report arithmetic mean and
standard deviation for direct comparison with inventories and
past studies.25

3.8. Implications and Opportunities for Future
Mitigation Efforts. The findings of this work suggest that
emissions from underground natural gas storage can vary
substantially through time, with monthly geometric mean
emission rates differing by more than 12× and 3-hourly mean
emission rates varying by more than 17× in a 24 h period. We
find a significant difference between emission rates during
different operating phases of the facility (injection or
withdrawal) and some evidence of higher emissions during
logged work at the facility. These findings highlight the need
for high-frequency or continuous monitoring for accurate
emission quantification and characterization of emission
distributions at underground natural gas storage facilities, as
has been found for other sectors of the natural gas supply
chain. In particular, this study supports the importance of
Colorado’s SB 19-181 legislation requiring that oil and gas
operators (including in the storage segment) install continuous
methane emissions monitors at facilities with large emissions
potential.16 The inclusion of quantified indicators of variability
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in inventories will help end-users and stakeholders to
appropriately contextualize temporally limited versus tempo-
rally continuous measurement campaigns. Finally, these
findings offer insights into potential areas of focus for future
emission mitigation activities.
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ABSTRACT: A new method is tested in a single-blind study
for detection, attribution, and quantification of methane
emissions from the natural gas supply chain, which contribute
substantially to annual U.S. emissions. The monitoring
approach couples atmospheric methane concentration meas-
urements from an open-path dual frequency comb laser
spectrometer with meteorological data in an inversion to
characterize emissions. During single-blind testing, the
spectrometer is placed >1 km from decommissioned natural
gas equipment configured with intentional leaks of control-
lable rate. Single, steady emissions ranging from 0 to 10.7 g
min−1 (0−34.7 scfh) are detected, located, and quantified at three gas pads of varying size and complexity. The system detects
100% of leaks, including leaks as small as 0.96 g min−1 (3.1 scfh). It attributes leaks to the correct pad or equipment group (tank
battery, separator battery, wellhead battery) 100% of the time and to the correct equipment (specific separator, tank, or
wellhead) 67% of the time. All leaks are quantified to within 3.7 g min−1 (12 scfh); 94% are quantified to within 2.8 g min−1 (9
scfh). These tests are an important initial demonstration of the methodology’s viability for continuous monitoring of large
regions, with extension to other trace gases and industries.

1. INTRODUCTION

A number of scientific and industrial fields require more
accurate, rapid, and/or continuous monitoring of airborne
constituents with environmental, chemical, biological, and
health-and-safety impacts. For example, recent increases in
natural gas production in the United States1 have led to a
parallel increase in attention from researchers, policymakers,
and industry on methane and volatile organic compound
emissions from this sector and the efficacy of current
mitigation activities.2,3 Past measurements of methane
emissions from the oil and gas sector suggest a so-called “fat-
tailed” distribution: a few large, and possibly intermittent,
sources account for a large proportion of total emissions.4,5

Approaches to monitoring that are continuous in time and
regional in coverage are therefore critically important for
detection and mitigation of the biggest emitters.3 Current leak
detection and repair (LDAR) practices, however, consist of
“snapshots” in time of emissions using an infrared camera: a
practice that is known to have high levels of uncertainty,6 is not
amenable to continuous monitoring, and cannot itself yield
estimates of leak rates. These findings have led to efforts to
create new technologies, particularly with continuous monitor-

ing capabilities, for detection and mitigation of emissions from
oil and gas production, distribution, and storage.7

This study examines the technical effectiveness of dual
frequency comb spectroscopy (DCS) with atmospheric
inversions for continuous monitoring (including detection,
attribution, and quantification) of trace gas emissions, such as
those from natural gas production and storage. We use a DCS
observing system,8−10 which emits and detects light in the
near-infrared, to monitor methane emissions from a distance of
more than 1 km. Measurements made with the DCS
instrument are ingested into an atmospheric inverse model
that estimates the presence or absence of a leak, the leak
location, and the leak rate.10,11 Deployment of the system for
the monitoring of real oil and gas production equipment and
facilities would leverage the ability to monitor many pads and
equipment groups/batteries within the laser beam radius
(Figure 1). The approach to methane monitoring shown here
would not only solve problems of temporal and spatial
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Figure 1. Schematic showing idealized deployment of dual frequency comb spectrometer (teal star) for monitoring of real oil and gas facilities
(green circles) within a 2-km radius. Cyan lines demonstrate how rotation of the telescope head allows for querying of different beam paths within
the monitoring area, and shorter beam paths allow characterization of near-field sites. Boxes demonstrate flow of data collection and analysis. The
map shows oil and gas facilities in the Denver Julesburg basin of Colorado. The inset photo shows the laser terminal head and telescope operating
in the field. Map data: Google.

Figure 2. (a) Aerial view of METEC site and Mobile Lab with dual-comb spectrometer (DCS) > 1 km away to the SW. (b) Detailed aerial view of
METEC site and pads 1, 2, and 3, as well as batteries 3A, 3B, and 3C. The blue star in panel (b) shows the location of the sonic anemometer. (c)
View from the center of the METEC test site to the west-southwest, toward the Mobile Lab with DCS. Pad 4, visible in panel (c),was not used in
single-blind testing. Map data: Google.
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coverage, but it is also viable for practical LDAR use because of
its potential to offer reduced cost and increased efficiency of
leak determination, given its regional scale.
We test the observing system and inversion in a single-blind

pilot study at the Methane Emissions Technology Evaluation
Center (METEC)12 at Colorado State University in Fort
Collins, Colorado, over the course of 3 weeks in August and
September 2017. We examine the system’s capabilities for pad-
level or battery-level (i.e., smaller natural gas pads or separate
batteries of equipment on larger natural gas pads) as well as
equipment-level (i.e., wellhead, separator, or tank on a single
gas pad) emissions monitoring. In this paper, battery refers to a
group of like equipment placed close together. We discuss how
these single-blind tests offer a first step in validating the
capabilities of the system in the context of monitoring needs
along the oil and gas supply chain. The technology and
methodologies presented here are readily adaptable to other
types of monitoring needs.

2. MATERIALS AND METHODS
We combine atmospheric measurements of methane with
inverse methods to estimate emissions from the locations of
interest, which range from equipment-scale to pad-scale. We
employ a dual frequency comb spectrometer as our measure-
ment platform, which allows for high-precision8−10 (ppb·km)
measurements of methane gas over long (>1 km) open paths
through the atmosphere. Beam paths are sampled between the
DCS location and retroreflective mirrors stationed on tripods
in the field of monitored facilities, enabling the determination
of path-integrated atmospheric methane concentrations. The
DCS transceiver (beam pitch/catch optics) is located on a
rotating and tilting gimbal, so that multiple different beam
paths were measured in sequence with a single instrument.
At the METEC test facility, the DCS system was located 1.1

km southwest of the test site (Figure 2a), and laser beams
extended to retroreflectors placed on the METEC site (Figure
2b). While it would have been possible to station the DCS
closer to the METEC test site, which could have enhanced the
observed signals and enable greater certainty in leak detection,
we chose instead to situate the DCS far from the site; situating
the DCS further away allowed these tests to more closely
mimic the deployment scenario in which many sites can be
monitored across a region with a single instrument (e.g., Figure
1). In that scenario, emissions characterization is best suited
for scales of equipment batteries or pads.
2.1. Dual Frequency Comb Spectrometer as a

Measurement Platform. Dual frequency comb spectroscopy
is a unique form of laser-based trace gas sensing that combines
high spectral resolution and broad spectral coverage.13 These
capabilities enable precise and calibration-free measurements
of multiple species simultaneously, which in turn reduces the
influence of absorption and dilution interference among
species and leads to high stability.8,9,11,13,14 Here, for example,
atmospheric water vapor is measured simultaneously with
methane to enable interference-free, true dry-air mole fractions
that correct for changes in water vapor dilution over time.11 By
fitting the hundreds of absorption features from the multiple
species that contribute to the broad, high resolution absorption
spectrum, it has been shown that stability and excellent
agreement (below 0.5% across multiple trace gases) are
possible without calibration across multiple DCS instruments.8

Here, the measured spectra were centered at 1640 nm (7000
cm−1) and spanned a bandwidth of 70 nm (∼270 cm−1) with a

point spacing of <2 × 10−3 nm (0.0067 cm−1).9 The
acquisition rate of a single spectrum was 625 Hz, and the
spectra were coherently averaged to yield one high signal-to-
noise spectrum every 2 min. The sensitivity to methane gas is
on the order of several ppb over 2 min for a ∼1-km-long, one-
way path (2-km roundtrip), and the beam is eye-safe.

2.2. METEC Test Site and Protocols. We performed the
single-blind tests at the Methane Emissions Technology
Evaluation Center (METEC) at Colorado State University in
Fort Collins, Colorado.15 The METEC facility has three pads
built to simulate those found in natural gas production (Figure
2). Pads 1 and 2 are 10 m × 10 m with a wellhead, separator,
and storage tank located on each. Pad 3 is 60 m × 10 m, and
has a 10 m × 10 m wellhead battery on the north end with
three wellheads, a 10 m × 10 m separator battery in the middle
with two separators, and a 10 × 10 m tank battery on the south
end with two storage tanks. All equipment is decommissioned,
and each piece is plumbed to allow testers to remotely activate
natural gas leaks, at known flow rates, at a variety of points on
the equipment.16

Prior to testing, we were informed by METEC that methane
leak rates could vary from 0 to any value. In the single-blind
tests, actual emission values ranged from 0 to 10.7 g min−1 (0−
34.7 standard cubic feet per hour, or scfh) of methane gas. The
composition of gas emitted was that of natural gas (see
Supporting Information), and we reported rates of methane
emissions. Emission rates were continuous throughout the
course of each test. The upper limit and range of emission rates
chosen by METEC reflected two target goals. First, the
METEC testers intended to assign leak rates to components
that reflect measured emission rates from like components at
operational oil and gas sites.17−21 Second, the testers chose a
maximum limit for emissions that is equal to 5× the target
emission rate (6 scfh) established by the ARPA-E MONITOR
program,7,21 which funds the test site and the development of
this technology.7

Here, we refer to the true controlled emission rates and
locations engineered by METEC as the “true” locations and
rates (acknowledging that the true rates are not perfectly
known and have associated uncertainties). We refer to the
values that we estimate using our observing system as the
“estimated” locations and rates. Uncertainties in the “true”
methane flow rates, as reported to us by METEC, include
uncertainty in the mean flow rate and meter reading,
uncertainty in corrections that relate calibration of emitted
gas to a reference gas, and uncertainty in methane
concentration as calculated from repeat gas composition
analyses.
The test protocols for the METEC site are for a single-blind

study, in which the locations and rates of the true methane
emissions are only known by the testers at the Colorado State
University Energy Institute, and not by our team of researchers
deploying the DCS system and performing the atmospheric
inversion modeling. We undertook a total of 18 single-blind
tests (6 tests on each pad). Tests were numbered 1−6 at Pad
1, 7−12 at Pad 2, and 13−18 at Pad 3.
In order to retrieve more information about our ability to

detect, attribute, and quantify emissions, six additional tests
were run in nonblind mode. The METEC facility offers visiting
technologies the opportunity to request any rates or locations
of emissions, for purposes of gathering additional trial runs of
the observing system in this close-to-real-world setting.
Because we designed and requested these trials, the DCS
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team had knowledge of the leak rate and location. However, to
ensure that the nonblind trials offer meaningful feedback on
our observing system capabilities, the data were analyzed
following the same inversion protocol applied to the single-
blind tests. That is, the six nonblind tests, of which three are
from Pad 2 and three are from Pad 3, were treated as if nothing
was known a priori about the location or rate of the leak, and
the single-blind inversion approach was applied. The results of
these additional tests are labeled nonblind (NB) tests 1−6.
In all tests, the beginning and end times of the emissions

were known, and the pad (Pad 1, 2 or 3) was also known. The
test durations ranged from 3.5 to 4.25 h at Pad 1, from 3.5 to
5.5 h at Pad 2, and from 1.5 to 2 h at Pad 3. We conveyed our
results to the METEC testers by means of gridded pad layouts
to report leak locations, and tables to report leak rates. The
reporting grids were provided to us by METEC. The size of
each grid box is 1 foot, in the x, y, and z directions (see
Supporting Information for images of the test reporting grid
for each pad).
2.3. Data Collection and Data Reduction. To orient the

test reporting grids, we determined the locations of potential
sources relative to the DCS by using a combination of GPS of
the retroreflector locations and pad extents, together with
knowledge of the layout of each pad (for example, from freely
available satellite imagery). Leak attribution was performed
using the known locations of equipment infrastructure (as
gathered following the above methods) to generate a map of
possible sources, which were then allowed as possible leak
locations in the inversion.
The metrics and protocols of testing for Pads 1 and 2 were

different for that of Pad 3: at Pads 1 and 2, our goal during
each test was to detect, attribute, and quantify emissions at the
equipment-level (i.e., identify the specific wellhead, separator
or tank that is leaking) on the pad. At Pad 3, our goal during
each test was to detect, attribute, and quantify emissions at the
pad- or battery-scale (that is, to differentiate the leak location
by pad or by equipment group: the wellhead battery, separator
battery, or tank battery). The goal for future emissions
monitoring in real oil and gas production is most closely
mimicked by the tests at Pad 3, although even those tests
demonstrated a density of equipment batteries that is high
compared with, for example, pad layouts in the Denver
Julesburg basin (Figure 1).
The number of beams used in each test scales with the

number of areas to be measured, m, where the number of
beams is equal to m + 1 (see Supporting Information for beam
placements). The DCS transceiver rotates to sample each
beam path in sequence. For Pads 1 and 2, for example, we
sought to attribute the leak to the correct piece of equipment.
On those pads, there are three pieces of equipment (one tank,
one separator, and one wellhead), so four beams were used.
On Pad 3, there are three distinct batteries that were
monitored, such that the number of beams, m + 1, is equal
to 4. Two additional beams were used in tests at Pad 1,
although the use of these additional beams was not necessary
(see Supporting Information).
In some Pad 3 tests, we also sampled extra beams

monitoring Pads 1 and 2 (so that the number of beams used
is equal to 6), to simulate a scenario in which multiple pads
and batteries are being simultaneously monitored. Continuous
monitoring of multiple pads at one time more realistically
mimics deployment in areas of oil and gas production (Figure
1). In all tests, sampling occurred in a repeating, sequential

pattern (east-to-west), and we set the DCS to query each beam
path for 2 min at a time.
The atmospheric methane background, or ambient concen-

tration measured during testing at METEC, is highly variable
and similar to that observed in active oil and gas regions.
Because emission signals are superimposed upon the back-
ground concentration of methane, it was necessary to estimate
and subtract an estimate of that value from each measurement
to isolate enhancements due to leaks alone. We used the
“downwind−upwind” background estimation procedure de-
scribed in refs 9 and 11, in which beams that are upwind of the
potential source location of interest, in a given set of wind
conditions, are used to estimate the background methane
concentrations for beams downwind.
We measured meteorological conditions using a sonic

anemometer placed 2 m above ground level near the southeast
corner of the METEC site (Figure 2). We used information
about the scalar wind direction and wind speed and stability
conditions in a plume model to estimate influence functions
describing the relationship between prior leak locations and
beam-averaged methane concentrations. Standard practice for
filtering of measurements taken during quiescent wind
conditions (<1 m s−1) was followed.22

We fit emission rates to enhancements of methane above
background concentrations for each test to determine leak
location and size. Inversions and atmospheric dispersion
modeling were performed as described in refs 9 and 11.
Dispersion modeling used a Gaussian plume model for a point
source, and inversions relied on a least-squares approach.10,11

The confidence in the leak rate was determined using the
bootstrap approach described in ref 11, in which resampling
from the residuals of the fit to the data allows for estimation of
confidence bounds. For detection of leaks, we used a 95%
confidence interval to report the presence or absence of a
nonzero emission point (or leak). That is, the reporting of a
“positive” emission event was triggered if an emission rate was
estimated to be more than 2 standard deviations (of the
uncertainty as determined from the bootstrap approach) above
zero for a potential source location. Conversely, if the
estimated emission rate for a given pad, equipment battery,
or piece of equipment was not statistically distinguishable from
0 g min−1 at the 95% confidence level, then we classified the
detection as negative (no leak).
For tests at Pad 3, an additional step was necessary to first

identify the battery that was leaking (wellhead battery,
separator battery, or tank battery). In this step, the relative
concentrations on each beam were analyzed to determine the
likelihood of a leak at each pad. While the goal of leak
detection and attribution at Pad 3 was by battery, an
equipment-level analysis, as described above, was performed
in order to quantify the leak rate.
Quantification of emissions for all tests was performed for

the single-blind tests as described here and found in refs 9 and
11. Subsequent to testing, several updates were made to the
inversion codes, including correction of an indexing error and
treatment of low wind speeds to fit recommendations in the
micrometeorological literature (see Supporting Information).
The final results shown here were calculated using the code
updates. Description of these updates as well as the initially
reported (single-blind) quantification results are shown in the
Supporting Information.
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3. RESULTS AND DISCUSSION

We analyzed the results of the METEC tests using three
performance criteria: detection, attribution, and quantification.
The first tier of monitoring was detection, or the ability of our
monitoring system to identify that a leak was present. Of equal
importance for purposes of efficiency in leak detection and
repair practices was the ability to identify that a leak was not
present (that is, to avoid false-positive leak detection). The
second tier was attribution, or our ability to determine the
location of any leaks detected. Third, we sought to quantify the
emission rate of any identified leaks.
3.1. Leak Detection. Of the 18 tests, the controlled

emissions for 17 of the tests included a leak rate >0. The no-
leak case tests our system’s ability to differentiate fluctuations
in the ambient atmospheric methane concentrations at the site
from the local variability that would arise from a leak. That is,
the no-leak test assesses whether our leak detection protocol is
robust to instrument noise and atmospheric variability such
that an LDAR team would not be dispatched to repair a false
emission detection.
Our DCS system was successful in identifying 17 of 17 true

leaks, and 1 of 1 no-leak scenarios, resulting in a 100% success
rate in leak detection for single-blind leaks that were as small as
0.96 g min−1 (3.1 scfh). Additionally, we were successful in
detecting the leak in 6 of 6 of the nonblind tests. For reference,
it is estimated that 90% of emissions from measured device-
level leaks in the oil and gas sector arise from devices with
emissions greater than ∼41.7 g min−1 (∼135 scfh).4 This
disproportionate contribution of emissions is due to the
skewed, heavy-tailed distribution of emissions measured in all
source categories.4 Device-level measurements suggest the
fraction total emissions arising from leaks emitting in the range
of the controlled release rates tested here (0−10.7 g min−1 (0−
34.7 scfh) is roughly 0−5%.4 That is, emissions below and up
to the maximum rate tested here are considered small in the oil

and gas sector and represent a small fraction of total
emissions.23

The DCS monitoring system successfully detected the
single-blind and nonblind leaks against a background ambient
methane concentration that varied substantially during testing.
For example, during the no-leak test, which in the absence of
controlled emissions was equivalent to 4 h of measuring
ambient methane conditions, the standard deviation of
measurements was 33 ppb, and the measured values ranged
from 1946 to 2057 ppb (Figure 3). This range of values was
observed without a significant change in the wind direction; in
some tests, changing wind directions carried air masses from
different source regions, which can lead to additional, rapid
shifts in the ambient (background) concentration of methane.
The results show that leak detection was successful even

given short test durations (one to 6 h) and consequently low
measurement density (average number of 2 min samples, n, of
35, with as few as 6 and as many as 92). Overall, we consider
all tests to be short in duration compared with anticipated
monitoring of real oil and gas operations (because the system
is designed to operate continuously and autonomously,
monitoring can proceed for periods of days to months or
longer). Certain tests contained very low numbers of samples
for three reasons: short duration of testing, data loss due to
filtering for low wind speeds, and larger number of beams
sampled (which reduced the beam revisit rate for a given
period of monitoring). For example, nonblind test 6 extended
for only 2 h and 46 min, and a series of 7 beams were sampled
to simulate the monitoring of 6 individual areas (including
equipment batteries and smaller pads). Following filtering for
wind conditions for that test, n was only 6, yet leak detection
was successful, though with slightly higher uncertainty.

3.2. Leak Attribution. 3.2.1. Attribution to Batteries of
Equipment and Smaller Pads. At the battery level (Pad 3),
our goal was to identify whether the leak originated at the
wellhead battery, the separator battery, or the tank battery. For
these equipment battery attribution tests, the correct pad or

Figure 3. Measured dry-air CH4 mole fraction (left axis) and wind direction (right axis) during Test 4, during which no controlled emissions were
present. In the absence of emissions, the data collected over this 4-h period measured ambient “background” concentrations of methane at the
METEC site. Uncertainty bars show the 1-sigma measurement uncertainty.
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battery was successfully identified in all cases (Table 1). Of the
three battery-level nonblind tests (NB4, NB5 and NB6), we
also successfully attributed each leak to the correct battery on
Pad 3 (separator battery, tank battery, and wellhead battery,
respectively). As for smaller pads (for the tests at Pads 1 and
2), the pad from which the emission point would originate was
communicated to testers beforehand, such that leak attribution
was binary: either a leak was present or no leak was present
(which was successful in all cases, as described in Section 3.1).
The results of these tests indicate that attribution of

emissions at the battery level can be done with high
confidence, given the number of samples, sampling time, and
meteorological conditions experienced during testing.
3.2.2. Attribution to Specific Pieces of Equipment. We

sought to attribute leaks at the equipment level (discerning
whether the leak was from the wellhead, separator, or tank on a
single pad) for the tests conducted at Pads 1 and 2. Leak
attribution to the correct piece of equipment was successful in
all tests at Pad 2 (Table 1). In the three nonblind tests
conducted at Pad 2 (NB1, NB2, and NB3), we were also
successful 100% of the time at attributing the leak to the
correct piece of equipment (tank, wellhead, and separator,
respectively).
We attributed the leak to the correct piece of equipment in

two cases at Pad 1 (Table 1). In tests 1 and 2, the wellhead and
separator, respectively, were accurately determined as the
source locations. However, in test 3, the leak was attributed to
the wellhead, whereas the true leak location was the separator

and in tests 5 and 6, the leak was attributed to the separator,
whereas the true leak location was the tank. In test 4, no leak
was present (no attribution was therefore necessary).
Attribution of emissions at the equipment-level may be

dependent upon the orientation of the equipment on the pad
with respect to the DCS. A favorable orientation (in which
line-of-sight from the DCS between different pieces of
equipment is possible) can lead to a high success rate (100%
at Pad 2) of leak attribution. If this condition is not in place,
however, then leak attribution at the equipment-level appears
to be less consistent, at least under the conditions of these
tests. This condition is not an issue at the battery- or pad-
scales. Longer testing times and/or different wind conditions
could improve attribution in the case of Pad 1.

3.3. Leak Quantification. Leak quantification was defined
as the estimation of the flow rate of the leak or emission. While
emission rates were randomly assigned by the METEC testers,
the target range of emission rates, described in Section 2.2, was
set to the original goals of the Department of Energy Advanced
Research Projects Agency Energy (DOE ARPA-E) MON-
ITOR program. The goal is emissions quantification for leaks
as small as 1.9 g min−1 (6 scfh),7 which is on the order of
magnitude expected from “normal” natural gas operations (that
is, emissions well below the so-called “super-emitter”
level).17−21 For comparison (and as stated previously),
device-level measurements of leaks across the natural gas
supply chain suggest that most emissions (90%) come from

Table 1. Attribution of Emissions at the Equipment Level (Tests 1−12) or Battery Level (Tests 13−18 and NB 1−6) with
Locations That Are Estimated Correctly (Incorrectly) Colored Blue (Yellow)
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devices with emissions that are in excess of ∼41.7 g min−1

(∼135 scfh).4

The majority (10 of 18 tests) of leak rates in the single-blind
tests were below 3.1 g min−1 (10 scfh or 3.1 g min−1). Of those
tests, 4 were below 1.9 g min−1 (6 scfh), which is roughly the
average literature-reported emission rate from pneumatic
controllers found on well pads.5,20 The largest true leak rate
during single-blind testing was an emission of 10.7 g min−1

(34.7 scfh) from the separator on Pad 1, although several larger
emissions were assessed during nonblind testing (up to 12.4 g
min−1 or 40 scfh).
We correctly estimated all leaks to within 3.7 g min−1 (12

scfh), including the 17 single-blind tests (and one test in which
we successfully identified the leak rate as not distinguishable
from 0 g min−1) and all of the six nonblind tests (Figure 4). Of

the 24 total tests, 17 were quantified to within 1.9 g min−1 (6
scfh) or less, and 12 were quantified to within 0.9 g min−1 (3
scfh). In terms of percent deviation of the estimated emission
rates from the true emission rates, the mean absolute deviation
of all estimated emissions from the true emissions was 27%. All
estimated emissions (including nonblind) were quantified to
within 160%, 20 of the 24 tests were quantified to within 50%,
15 were quantified to within 25%, and half of all tests were
quantified to within 10% of the true emission rate. Histograms
showing the distribution of the deviations of our estimated
rates from the true rates are centered around zero, suggesting
that there is not a systematic bias in our quantification of
emissions (Figure 5).
The only test for which our quantification of emissions

differed by more than 2.8 g min−1 (9 scfh) from the true
emission rate was test 14, during which the true leak rate was
6.3 g min−1 (20.4 scfh) and the true leak location was the east
wellhead on Pad 3A. The mean wind direction during this test
was 154° (clockwise from the north). The retroreflector
downwind of Pad 3A during this test did not extend far enough
to intersect the entire plume (see Supporting Information),
which we hypothesize maximized potential transport errors
and led to increased difficulty in rate quantification.
No clear relationships are evident between deviations of

estimated from true leak rates and the following variables:
atmospheric stability class, variability in wind direction during
the test (as estimated by the circular standard deviation of
wind direction), time duration of test, or number of samples, n
(see Supporting Information). The duration of testing may
have been too short in the tests performed here, however, for
relationships between deviation from the true leak rate and
these variables to emerge.
The finding that our system can detect even very small

emissions from a distance of >1 km suggests that our approach
is promising for the purposes of both monitoring of emissions
and observing and estimating the profile of emissions across
the natural gas supply chain. In tests with small emissions,
small atmospheric enhancements must be identified, which
requires high measurement precision. For example, the true
emission rate for Test 10 at Pad 2 was 1.2 g min−1 (3.9 scfh),
resulting in path-average atmospheric enhancements of

Figure 4. Scatter plot showing the estimated emission rates with 2-
sigma uncertainties on the y-axis and the true emission rates with 2-
sigma uncertainties on the x-axis (nonblind tests rate uncertainties
were not reported to us by METEC and so are unknown). Red circles
with no border denote single-blind tests, and red circles with black
border denote nonblind tests.

Figure 5. Histograms showing deviation of the estimated emission rate from the true emission rate (estimated−true), in terms of percent (a) and
absolute value (b), for the 23 single-blind and nonblind tests for which emissions were nonzero. Solid black lines show normal density functions
fitted to each histogram; dark dashed lines show the mean (6.5% and 0.9 scfh, respectively) and light dashed lines show the standard deviation
(45.8% and 4.9 scfh, respectively) of each fit.
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methane of 3.1 ± 5.5 ppb above a variable background (Figure
6). Detection of such a small enhancement requires very high
instrument stability and precision; the mean 1-sigma DCS
measurement uncertainty during this test was 2.5 ppb. We find
that not only was leak detection for this test successful, but the
leak was also correctly attributed to the southwestern half of
the separator, and the leak was accurately quantified to 10% of
the true leak rate: we estimated an emission rate of 1.1 g min−1

(3.5 scfh) compared with the true leak rate of 1.2 g min−1 (3.9
scfh).
3.4. Scaling and Future Prospects. This study

demonstrates an important first step in demonstrating the
viability of dual frequency comb spectroscopy with atmos-
pheric inversions to reliably detect methane leaks in a quasi-
realistic simulation of emissions from oil and natural gas
production from a distance of 1 km. In these tests, we assessed
the system’s ability to detect, attribute, and quantify emissions.
We found that the observing system offers very high fidelity of
leak detection, with a 100% success rate in the 18 single-blind
and 6 nonblind tests performed at METEC. Leak attribution
was very consistent at the pad and battery level. Leak
attribution could also be consistently done at the equipment
level, provided more than two beams per pad were used, and
that the spatial orientation of the equipment on the pad was
favorable with respect to the orientation of the DCS. These
tests also demonstrate a high degree of fidelity in the
quantification of emissions across a variety of sizes, and
down to very small leak rates (less than 1.9 g min−1 or 6 scfh).
The size of the leaks tested at the METEC test site

demonstrates the viability of this method for two important
purposes. First, for purposes of mitigation of methane
emissions from oil and gas operations, these results
demonstrate that our methodology is adequate to address
the vast majority of emissions, including very small leaks.
Device-level measurements suggest that mitigation of leaks
larger than 41.2 g min−1 (135 scfh), or more than 43 times
larger than the smallest emissions quantified here (and more

than 3 times larger than the largest emissions quantified here),
would account for 90% of all emissions from oil and gas.9,11

Second, for purposes of emissions inventories and character-
izing the profile of emissions from oil and gas, the granularity
of information made available by this approach, combined with
its ability to monitor many facilities continuously through time,
is not currently available through other approaches. Critical to
both mitigation and sector-wide emissions estimation purposes
is the ability of the DCS system to provide long-term,
continuous, and regional data streams.
The current study represents an important first step in

single-blinded validation of the monitoring approach. In
addition to the strengths of the METEC tests, including the
use of real oil and gas equipment and the testing of small
emissions, several limitations apply to extension of the
conclusions drawn here to operational oil and gas settings.
First, the number of no-leak tests is one, a sample size that is
too low for establishing confidence in the ability of the system
to avoid false-positive detections. However, several recent
publications describe additional field tests with the same
system that demonstrate the viability of the system in terms of
false detection avoidance.10,11 A second limitation of the tests
described here is that the continuity of emissions is steady,
whereas some emissions from oil and gas operations are
observed to be intermittent.19,20 A second round of testing, in
which intermittent emissions were included, has been
performed at the METEC site, and those results (as well as
results from on-site measurements at active oil and gas
operations) will be published in a follow-on study.24 A third
limitation of the testing described here is that the start and end
times of the emissions were provided by METEC to the DCS
team (which would not occur in a real-world monitoring
scenario). We point to a series of additional, nonblinded field
tests of the monitoring system in which the start and stop
times were treated as unknown, and that were successful in
identifying the onset and end of emissions, as well as their
rates.9 A fourth potential limitation of the tests described here

Figure 6. Atmospheric measurements with 1-sigma uncertainty (a) and attribution results (b) for Test 10. Panel (a) shows dual frequency comb
measurements (red points) with estimate of background methane concentrations (black line). The grid sizes in panel (b) are 1 foot in the x, y, and
z dimensions. Image of test reporting grid adapted, with permission, from METEC.
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is that only one emission occured at one time, when in reality,
multiple emissions may arise from a single piece or grouping of
equipment. We address this caveat by pointing to a recent field
study in which multiple, simultaneous emissions were
successfully characterized,9 and to the second, follow-on
round of single-blind field tests at METEC that included
multiple emissions.24 A final limitation of these tests is that
they were of short duration compared with what would take
place in a real-world monitoring scenario. Because of this
limitation, only a narrow range of wind conditions occurred
during each test (see Supporting Information for wind
conditions during testing).
The system can be operated autonomously and at a low cost,

making this option an efficient and cost-effective solution to
emissions monitoring and characterization. For some current
regulations (for example, EPA), a technology (or alternative
work practice) is considered equivalent to currently accepted
LDAR techniques (or current work practice) if the emission
reduction attained is equal to or greater than current work
practice over a given period of time. For operations with
regulations requiring regular site visits to check for leaks, and
given the fat-tailed distribution of large and potentially
intermittent emissions,3−5 it is likely that continuous and
regional emissions monitoring can improve upon cost
effectiveness of current work practice for achieving equal or
greater emission reductions. Recent studies assessing the
effectiveness of the use of optical gas imaging technologies
make this potentiality particularly relevant.25,26 Furthermore, a
large proportion of sites have negligible emissions,4 such that
site visits to look for leaks following the current work practice
is neither resource nor cost efficient compared with what a
stand-off regional survey could provide. A more thorough
economic and cost comparison analysis will be undertaken in a
future study employing, for example, the FEAST model.27

We find that this technology is a promising, powerful tool
for emissions monitoring and quantification. These tests
suggest the system could fill critical temporal continuity and
regional coverage gaps in the current methane monitoring
infrastructure.3 The DCS technology and inversion framework
are highly adaptable to emissions of gases other than methane;
dual frequency comb spectroscopy is sensitive to any gases for
which distinct absorption features are evident within the
system wavelength range. Similarly, the inversion modeling
presented here can be adapted to other conserved or
nonconserved species. The monitoring approach offers more
than a binary detectorit offers the capability to identify leak
origins and rates across large areas (multiple square km), with
rapidness and efficiency. Further, this approach is configurable
to provide the different levels of granularity: from a binary,
yes−no leak detector, to a localization scheme that can
attribute emissions to pads or in certain circumstances,
individual pieces of equipment.
This study contributes an important initial single-blind

validation of a novel methane monitoring approach. These
tests pave the way for continued development of the observing
system, and lay the groundwork for higher complexity testing
(to resolve some of the noted limitations of the testing
described here), and, ultimately, for testing in operational
environments side-by-side with current work practice LDAR
teams. The tests described here are demonstrative of the
technology in a simple but realistic application and, as such, an
important first step toward real-world oil and gas monitoring.
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Identification and quantification of trace-gas sources is a major challenge for understanding and regulating air quality
and greenhouse gas emissions. Current approaches provide either continuous but localized monitoring, or quasi-
instantaneous “snapshot-in-time” regional monitoring. There is a need for emissions detection that provides both
continuous and regional coverage, because sources and sinks can be episodic and spatially variable. We field deploy
a dual frequency comb laser spectrometer for the first time, enabling an observing system that provides continuous
detection of trace-gas sources over multiple-square-kilometer regions. Field tests simulating methane emissions from
oil and gas production demonstrate detection and quantification of a 1.6 g min−1 source (less than the average emis-
sions from a small pneumatic controller) from a distance of 1 km, and the ability to discern two leaks among a field of
many potential sources. The technology achieves the goal of detecting, quantifying, and attributing emissions sources
continuously through time, over large areas, and at emissions rates ∼1000 × lower than current regional approaches.
It therefore provides a useful tool for monitoring and mitigating undesirable sources and closes a major information
gap in the atmospheric sciences. © 2018 Optical Society of America under the terms of the OSA Open Access Publishing
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1. INTRODUCTION

Emissions of greenhouse gases and pollutants pose serious risks for
global climate change and human health and safety. Regional
detection, quantification, and attribution of trace gas sources
and sinks is therefore a critical need for a variety of applications,
including quantification of emissions in urban or industrial
settings for monitoring, reporting, and verification; detection
of small amounts of hazardous gases; verification of sub-surface
sequestration efforts; and characterization of the exchange of trace
gases between the atmosphere and natural or managed ecosys-
tems. For many needs, strictly local and/or strictly time-invariant
observational capabilities do not suffice for complete characteri-
zation of fluxes. For example, the “snapshots-in-time” provided by
aircraft, satellite, or vehicle-mounted point sensor estimations
of emissions from oil and gas operations may miss the largest
fluxes, which are thought to be highly infrequent [1,2] or may
misrepresent fluxes by sampling during midday, when manually

triggered (operational) emissions are most frequent [3]. Similarly,
regional continuous monitoring can be achieved with networks of
point sensors, but the level of detail in the disaggregation of source
locations and sizes must necessarily scale with the number of
sensors deployed (e.g., [4]), increasing costs and complexity.

Here, we demonstrate a technology capable of continuous
monitoring of trace gas fluxes, with the ability to distinguish
between emissions sources at fine scales and across large areas
and to infer time evolution and variability of individual sources.
We present the first remote field deployment of dual frequency
comb technology [5,6], coupled with innovations in atmospheric
inversion modeling, to enable the continuous detection, location
and quantification of small trace gas sources over several square
kilometer regions using a single, autonomous instrument. The
system consists of the fielded dual frequency comb spectrometer,
located in a centralized mobile trailer, which emits a sparse array
of kilometer-scale beams strategically located throughout a region
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of potential emitters to sensitively measure trace gas concentra-
tions over time (see Fig. 1). The measurements are coupled with
an atmospheric transport model in a Bayesian inversion to iden-
tify sources and quantify the emission rate over time at each
source location with several-minute resolution. The laser beam
is invisible and eye-safe, and the system can operate continuously
day and night except during periods of total optical occlusion
(e.g., heavy precipitation). Trace gas sources do not need to be
imaged directly, which is important for cases in which line-of-
sight from the laser to the source location is blocked by terrain
or vegetation. Rather, the sensitivity of the spectrometer enables a
sparse beam array that only must intersect the plumes downwind
of the sources.

Two field test scenarios utilizing controlled methane emissions
are presented here to demonstrate the system’s capabilities with
respect to two key features for regional trace gas emission char-
acterization: 1) quantification of small, variable-rate gas sources
from long distance (>1 km); and 2) identification and quantifi-
cation of multiple sources within a field of many potential
sources. During the first test scenario, we quantify an emission
source varying from 1.6 to 8 gmin−1 over a 24 h period from
a distance of >1 km. As a point of reference, the average breath-
ing rate for an adult human can be estimated at ∼8 standard liters
per minute (slpm, air), compared with volumetric rates ranging
from 2.5 to 12 slpm (methane) used for the emission tests in this

study. The average reported emissions from pneumatic controllers
found on well pads also falls within this range [1,7]. During the
second test, we show that the system correctly identifies and
quantifies two simultaneous emission sources among an area with
up to five potential sources.

2. FIELD-DEPLOYED DUAL-COMB
SPECTROMETER

The frequency comb laser is based on Nobel-prize-winning
research [8,9] that has significantly impacted the field of molecu-
lar spectroscopy [10–12]. The femtosecond pulsed output of a
mode-locked frequency comb laser is composed of thousands
of perfectly spaced, discrete wavelength elements or “comb teeth,”
that act as a parallel set of continuous-wave lasers with known
frequencies. Dual frequency comb spectroscopy uses two combs
with slightly different tooth spacing, mixed on a photodiode after
transmission through a sample, to extract high resolution absorp-
tion information [13–17,11]. The result is an unprecedented
combination of spectral bandwidth (>100 nm, 12 THz) and
resolution (<2 × 10−3 nm, 200 MHz), providing precise and ac-
curate absorption spectra over long atmospheric paths [18,19].

Achieving field operation of the dual-comb spectrometer
(DCS) under harsh conditions required several technological
advancements over the laboratory-based proof-of-concept open-
path DCS [18]. The original ring-cavity frequency combs relied

Fig. 1. Regional source monitoring with a centralized DCS. (a) The DCS measures trace gas absorption over an array of long-distance beam paths.
(b) Time-resolved trace gas concentrations are determined from fits to the absorption spectra with ppb-km sensitivity and stability. (c) An atmospheric
transport model and inversion determines source location and time-resolved emission rate.
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on nonlinear polarization rotation mode locking and were
extremely sensitive to vibration and any environmental change
that manipulated the polarization state within the cavity. The
dual-comb spectrometer employed here utilizes a linear-cavity fre-
quency comb design with all polarization-maintaining fiber and
mode locking based on a semiconductor saturable absorber mirror
(SESAM) [5,20]. The new frequency comb design was shown to
be far more robust and capable of operation in a moving vehicle
[5]. Phase coherence between the two frequency combs, and full
stabilization of the frequency comb teeth in the original labora-
tory-based system, was achieved by phase locking the combs to
two fiber lasers that were locked to a temperature-stabilized cavity
under vacuum. This system was both expensive and sensitive to
vibration and environmental changes. Stabilization of the field-
able system demonstrated here is achieved by locking the carrier
offset frequency (f ceo) using f -to-2f locking, and phase locking
an individual tooth from each comb to a common 1 kHz line-
width continuous-wave (CW) commercial diode laser. The diode
laser is then stabilized against drift through a feedback loop to the
drive current or diode temperature using the repetition rate of one
of the combs [6]. A commercially available ovenized quartz oscil-
lator with high stability and low drift serves as the time base for all
electronic components. These measures allow the DCS system to
operate untethered from laboratory frequency references
required by the proof-of-concept instrument, while still maintain-
ing a level of stabilization that allows for the high-fidelity mea-
surements presented here.

The near-infrared (NIR) frequency comb oscillators used here
generate light around 1.55 μm over a ∼10 nm range. The light
from each oscillator is amplified and spectrally broadened (using
highly nonlinear fiber) to cover from 1.0 to 2.2 μm (for f -to-2f
locking). The light from the two combs is then combined and
spectrally filtered using a custom fiberized interference filter so
that only light in the 1.62–1.69 μm region is sent over the open
path (an optimal NIR wavelength range for measurement of
atmospheric CH4 and water vapor over long paths with high pre-
cision). The filtered light is then transmitted via 20 m of single-
mode fiber (SMF) to the telescope transceiver, which is located
either on top of the spectrometer trailer or on a standalone tower
nearby. The transceiver sends light to and receives light from the
retroreflectors, which are placed in the field, as demonstrated
here, or can be located on an unmanned aerial system as in [21].

A single 100-MHz-bandwidth InGaAs photodetector
mounted on the telescope transceiver is used for detection of
the dual-comb interference signal. The detector signal is transmit-
ted to the data collection system inside the mobile laboratory.
A bias tee separates the RF and DC components of the signal.
The DC portion is used to monitor the power reaching the de-
tector. The RF portion is passed to the data collection system and
digitized at 14 bits and 200 MHz (clocked at the repetition rate
of one of the combs). Prior to digitizing, the dual-comb signal is
amplified and attenuated in order to optimize linearity of the
detection system [19]. The digitizer is controlled by a custom ac-
quisition code that allows for real-time averaging of individual
interferograms as well as phase correction and additional averag-
ing of phase-corrected interferograms in order to reduce the final
data burden. For these tests, individual interferograms are
recorded at ∼630 Hz and averaged for 128 s with phase correc-
tions applied to the interferograms every 150 ms. An example
transmission spectrum from the DCS is shown in Fig. 2(a).

The spectra are fit with an absorption model (based on the
HITRAN database in this case) to simultaneously retrieve the
atmospheric concentration of all trace gases that absorb within
the bandwidth [Fig. 2(b)]. The combination of the dual-comb
instrument and fitting approach produces results that are undis-
torted by atmospheric turbulence, free from instrument-specific
lineshapes, robust against species interference, and require no
periodic calibration (the absorption model serves as the perma-
nent calibration for all instruments) [18,19]. Cross validations
between this DCS instrument and another using the same field-
able design show a long-term agreement of 0.35% (7 ppb) in
CH4 concentration [19]. Thus, the instruments can be net-
worked and the measurements linked (through an appropriate
absorption model) to international standards without periodic
calibration.

Figure 2(c) shows the instrument precision versus averaging
time (Allan deviation) for methane measurements with the fielded
DCS under windy well-mixed conditions. This gives an indica-
tion of the DCS performance and optimal averaging time under
ideal conditions. The measurements used for the Allan deviation
calculation were taken without a leak present, during a 6 h period
when the atmospheric variability in background methane was
very low, which is necessary to accurately decouple instrument
performance from natural atmospheric variations. The methane
measurement precision is compared with results from the original
laboratory-based system under similar conditions. The fielded
DCS system is shown to be more precise, reaching below
2 ppb · km sensitivity in 100 s. The improvement in precision
is mostly the result of improved transceiver throughput over
the laboratory-based setup (see Supplement 1 for further details).
This performance compares well with other work using a similar
DCS architecture [6,19,22].

The current spectrometer is capable of detecting a range of
near-infrared absorbing molecules such as CH4, H2O, CO2,

Fig. 2. (a) Raw transmission spectrum. (b) Result of fit with absorb-
ance model including CH4, CO2, and H2O. The fit residual is largest
near water vapor features in the spectrum. (a) and (b) share horizontal
axes. (c) Allan deviation for methane mole fraction data collected during
well-mixed atmospheric conditions and without nearby leak sources. Also
included in (c) is an Allan deviation trace from open-path DCS measure-
ments using the original laboratory-based system [13].
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and isotopologues. With modifications, it would be capable of
detecting O2, SO2, NH3, and CO. More complex comb spec-
trometers operating further into the mid-infrared will expand
the list of detectable molecules in the future [23].

3. TIME-RESOLVED INVERSION OF THE DCS
DATA TO LOCATE AND SIZE TRACE-GAS
SOURCES

New inversion techniques are needed to provide time-resolved
location and quantification of sources with the sparse array of
line-of-sight integrated open-path measurements provided by
the DCS. For this, we implement an inversion that identifies
sources and quantifies emissions at multiple possible source loca-
tions, given a time series of observations and related covariance, a
transport model to relate the sources and open-path measure-
ments, and estimates of temporal and spatial emission and
background covariance [24].

Specifically, we use a Bayesian inversion to solve for time-
resolved fluxes. The technique allows for the identification of
the onset and end of potentially intermittent emissions, and
has not previously been employed for this type of application.
We achieve time resolution that varies from several minutes to
tens of minutes, depending upon the number of retroreflectors
queried and measurement frequency. Following [24], the stan-
dard formulation for the mass emission rate estimate, or flux
estimate, ŝ, is

ŝ � sp �QHT �HQHT � R�−1�z −Hsp�: (1)

The m × 1 posterior flux vector is ŝ. sp is the m × 1 state vector
of prior source estimates, z is the n × 1 vector of observations, R is
the n × nmatrix of observation covariance,Q is the m × m matrix
of prior flux covariance, and H is the n × m matrix of source–
receptor functions. The dimension n is equal to the number
of observations. The dimension m is equal to the number of mass
emission rates to be estimated, which is equal to the number of
time steps evaluated multiplied by the number of potential source
locations to be monitored.

The inversion uses spectrometer measurements as the prior
estimate for background concentrations, thereby removing poten-
tially confounding signals from nearby emissions and obviating
the need for additional sensors to constrain background condi-
tions. A unique aspect of our approach is that background
concentrations are optimized in the inversion to limit aliasing
of background uncertainty onto flux estimation. Any atmospheric
transport model can be used to determine the source–receptor
functions. Here, we use the Gaussian plume model as a
steady-state solution to atmospheric transport, such that the num-
ber of time steps of flux estimation is equal to the number of
atmospheric observations, n. Assumptions of steady-state atmos-
pheric transport, based on mean meteorological conditions during
a 2 min measurement window, are an appropriate choice because
the travel time (approximated using mean wind speed) from a
given source location to its assigned downwind beam is compa-
rable to measurement averaging times. Further, our use of a
simplified model of atmospheric transport serves as a baseline as-
sessment of the viability of the methodology; more advanced
models can be employed in the future, which could reasonably
be expected to reduce the error in the posterior leak estimate.
A more detailed description of the components of the inversion
can be found in Supplement 1. Additionally, there is potential to

explore other numerical methods for decreasing uncertainty in
derived emission rates using open-path DCS data [25].

4. RESULTS

In the initial deployment described here, we choose the important
case of methane emission detection and quantification from oil
and gas operations to demonstrate the capability of the system.
To this end, controlled methane sources are dispersed across a
field site to simulate emissions from natural gas production sites.
The fielded DCS is located at the Table Mountain Field Site,
∼10 km north of Boulder, Colorado (Fig. 3). A trailer houses
the DCS, but the volume of the DCS and supporting equipment
is 0.6 × 0.9 × 0.7 m and thus amenable to smaller platforms. The
launch/receive optics and pointing gimbal are mounted on the
trailer roof or an adjacent tower. Both the frequency combs
and transceiver optics have been subjected to four seasons of
weather over a 12 month operational period including drastic
temperature variations (∼18°C daily), significant wind loading
(>30 ms−1), and precipitation (rain, snow). Retroreflectors are
placed at distances of up to 1.1 km from the spectrometer.
Targeted sequentially, each retroreflector reflects laser light back
to the photodetector co-located with the launch optics. The ret-
roreflectors are placed among the potential sources (lateral offset
between source and beam path is 15–60 m) for measurement of
upwind and downwind integrated trace-gas concentrations along
sets of laser beams, enabling the estimation of background con-
centrations for each potential emission site and for each time step.
This configuration holds potential for identification of even very
small sources in regions with a high density of oil and gas oper-
ations, where ambient concentrations of methane can have high
spatial and rapid temporal variability.

First, we demonstrate the identification and quantification of a
very small, variable-rate emission at a distance of 1 km (Fig. 4).
Atmospheric measurements begin at 09:00 local time, and con-
tinue until 07:00 the following day. At 14:05, the controlled
release of 7.7 g min−1 begins. At 18:00 the rate changes to
4.6 g min−1, at 22:00 the rate drops again to 3.1 g min−1, and
at 00:00 drops to 1.6 g min−1, before stopping completely at
04:55 (Fig. 4). Atmospheric CH4 measurements downwind of
the leak show clear enhancements when the controlled release be-
gins, and the inversion successfully predicts that no leak is present
before this time (the posterior flux is within 1 − σ of zero). The
posterior emission estimate becomes significantly greater than
zero within minutes of the true leak start, demonstrating that
the system can rapidly identify the onset of emissions, a particu-
larly important feature for intermittent sources. The posterior
emission estimate remains significant for the entire leak duration,
becoming indistinguishable from zero only when the controlled
release is shut off at 04:55 the next day. The posterior emission
rate is variable, particularly during periods of low wind speed and
shifting wind directions, such as occurred between 16:00 and
20:00 (see Figs. 4 and S1), and at night, when parameterization
of atmospheric stability is difficult. Use of more sophisticated
transport models and parameterizations may be expected to
increase the fidelity of the representation of atmospheric flow,
and may therefore lead to reductions in flux estimation errors.
Over the measurement period, the root-mean squared (RMS)
deviation between the measured and true leak rate is 2.9 g min−1.
For comparison, this value is smaller than the mean emissions
from functioning pneumatic controllers on a well site [1,7].
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During the period identified by the inversion as having non-
zero emissions, the overall average posterior emission rate is
5.2� 1.6 g min−1, which is within 1 − σ of the true average emis-
sion rate of 4.9 g min−1 (Fig. 4). The rapid variability in the back-
ground methane concentration is immediately apparent in the
data. Rapid increases and decreases in the overall methane con-
centration, e.g., at 12:00, 17:00, and 03:00, correspond with
abrupt changes in the wind direction, which carries air masses
from different urban, mountain, and nearby oil and gas produc-
tion environments across the test site (see Fig. S1).

A second set of field tests assesses the ability of the observing
system to locate and quantify simultaneous emissions from multi-
ple sources. To simulate an accurate representation of the density
of oil and gas production in the United States, the inversion is
given prior knowledge of the spatial distribution of five well sites
similar to a randomly selected section of the nearby Denver–
Julesburg oil and gas basin. Controlled methane release points
are positioned at two of five well sites (Fig. 5). Eight retroreflec-
tors create an array of beams interspersed among the sites.
Measurements begin at 09:00, and controlled releases begin at
both emission points at 11:30 with equal rates of 3.1 g min−1,
increasing to 3.7 g min−1 at 13:10. Atmospheric measurements
continue until both controlled releases are turned off at 17:00.
The inversion identifies emissions at both sites beginning at
the correct time (Fig. 5). The RMS deviation between the
estimated and true leak strength is below 1.2 g min−1. Equally
important, the inversion also correctly identifies the three non-
leaking well sites as having emissions consistent with zero. The
sharp decrease in the overall methane occurring at 13:30 coincides
with a shift in the wind direction, which brings in an air mass with
lower background methane concentration (see Fig. S2).

These tests demonstrate that the system proved fully capable of
detecting and quantifying 1) a small, variable methane emissions

(1.6–8 gmin−1) from a distance of >1 km, and 2) two simulta-
neous methane emissions among a field of five potential sources.
Both of these capabilities are advantageous for systems that seek to
provide robust and sensitive monitoring for methane emissions in
the oil and natural gas production sector.

5. DISCUSSION

The production, transport, and storage of natural gas from the
more than 1 million active wells in the U.S. results in both inten-
tional and unintentional emissions of 6–12 million metric tons of
CH4 to the atmosphere annually [26,27]. These emissions re-
present lost revenue, pose risks to public safety, accelerate climate
change, and, through natural gas co-emissions, lead to decreased
air quality [28]. The economics of leak mitigation is complicated
by the wide spatial distribution and time variability of potential
leaks, making the task of locating leaks with traditional optical gas
imaging and handheld sensing technologies labor intensive,
costly, and unreliable [29]. Existing methane sensing technologies
offer high spatial but low temporal coverage or vice versa [30].
Satellite and aircraft mass balance approaches cover large regions
but at coarse spatial and temporal resolution. Additionally, these
methods are effective only under a subset of atmospheric condi-
tions (e.g., clear sky) and are limited to identification of leaks
greater than 1000–10; 000 gmin−1 [31–34]. Sensors mounted
on vehicles require operators and offer snapshots in time [35–38].
Fixed, continuous ground-based sensors do not acquire sufficient
information to locate specific sources from more than a few hun-
dreds of meters [29], and are currently too expensive for adequate
monitoring of oil and gas operations.

The dual-comb spectrometer and atmospheric inversion
approach demonstrated here offers the ability to continuously
and autonomously monitor many potential sources across multi-
ple square kilometer regions with emission rates down to

Fig. 3. Overview of the field site. (a) Table Mountain field site location. (b) Zoomed view of the site including mobile laboratory (yellow square) and
the area over which tests were conducted (black circle). (c) Field deployed DCS, (d) gimbal/telescope, and (e) retroreflector.
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1.6 g min−1. Achieving this level of sensitivity means that the
system is capable of detecting all sources relevant to oil and
gas infrastructure, from so-called “super-emitters,” or large point
sources that account for a substantial portion of annual renegade
emissions, to small sources <1 ton yr−1 (e.g., faulty pneumatic
controllers). Additionally, the ability to support continuous mon-
itoring increases the chances of detecting large (and small)
episodic emission sources, for which there is currently little to
no data describing the frequency of occurrence. Thus, in regions
of dense oil and gas operations, this approach could lead to
drastically reduced monitoring costs, enabling economically
viable leak mitigation.

Future applications of the observation and inversion frame-
work described here range from detection and quantification

of trace gas sources over large urban and rural regions to sensitive
early-warning systems for the presence of small amounts of air-
borne chemical constituents, to confirmation and monitoring
of underground storage or sequestration of gaseous materials.
The system bridges a critical gap in existing trace-gas monitoring
capabilities by providing highly sensitive, time-varying, continu-
ous, regional-scale coverage.

Funding. Advanced Research Projects Agency—Energy
(ARPA-E) (DE-AR0000539); Office of Fossil Energy (DE-
FE0029168); Defense Advanced Research Projects Agency
(DARPA); National Institute of Standards and Technology
(NIST).

Fig. 5. Detection of two sources from among multiple potential sources. Layout of (a) and (b) in this figure follow that of Fig. 4. (c) True emission rates
(sources 2 and 4, solid gray lines; sources 1, 3, and 5, dotted black lines) and retrieved emission rates (sources 1, gray squares; 2, red diamonds; 3, orange
diamonds; 4, purple hourglasses; 5, gold asterisks).

Fig. 4. Detection of a small, time-varying methane source from 1 km. (a) Map showing the site configuration including retroreflectors (blue diamonds)
and source (red circle). (b) Methane concentrations measured on beam paths shown in (a). The light blue line denotes the background measurement (the
upwind beam depends on wind direction). (c) Retrieved emission rate (blue line; error bars are 1 − σ posterior uncertainty), compared with true emission
rate (black dotted line). Also shown is the prior estimate of the emission (thin gray line at zero) used in the inversion and the average values for both the
true emission rate (maroon dashed line) and the posterior (thick gray line with mean uncertainty).
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Abstract. Advances in natural gas extraction technology
have led to increased activity in the production and trans-
port sectors in the United States and, as a consequence, an
increased need for reliable monitoring of methane leaks to
the atmosphere. We present a statistical methodology in com-
bination with an observing system for the detection and at-
tribution of fugitive emissions of methane from distributed
potential source location landscapes such as natural gas pro-
duction sites. We measure long (> 500 m), integrated open-
path concentrations of atmospheric methane using a dual fre-
quency comb spectrometer and combine measurements with
an atmospheric transport model to infer leak locations and
strengths using a novel statistical method, the non-zero min-
imum bootstrap (NZMB). The new statistical method allows
us to determine whether the empirical distribution of possi-
ble source strengths for a given location excludes zero. Using
this information, we identify leaking source locations (i.e.,
natural gas wells) through rejection of the null hypothesis
that the source is not leaking. The method is tested with a
series of synthetic data inversions with varying measurement
density and varying levels of model–data mismatch. It is also
tested with field observations of (1) a non-leaking source lo-
cation and (2) a source location where a controlled emis-
sion of 3.1× 10−5 kg s−1 of methane gas is released over a
period of several hours. This series of synthetic data tests
and outdoor field observations using a controlled methane
release demonstrates the viability of the approach for the
detection and sizing of very small leaks of methane across

large distances (4+ km2 in synthetic tests). The field tests
demonstrate the ability to attribute small atmospheric en-
hancements of 17 ppb to the emitting source location against
a background of combined atmospheric (e.g., background
methane variability) and measurement uncertainty of 5 ppb
(1σ ), when measurements are averaged over 2 min. The re-
sults of the synthetic and field data testing show that the new
observing system and statistical approach greatly decreases
the incidence of false alarms (that is, wrongly identifying a
well site to be leaking) compared with the same tests that do
not use the NZMB approach and therefore offers increased
leak detection and sizing capabilities.

1 Introduction

The combustion of natural gas in high-efficiency power cy-
cles is cleaner and produces less climate-warming carbon
dioxide gas than the combustion of coal (Environmental Pro-
tection Agency, 2015), which has led to interest in natural
gas as a cleaner alternative to coal for energy generation.
Advances in natural gas extraction technology have led to
a 35 % increase in total natural gas production between 2005
and 2013 in the United States (U.S. Energy Information Ad-
ministration, 2015). Production is expected to increase by
45 % above 2013 levels by the year 2040 (U.S. Energy In-
formation Administration, 2015). A caveat to the promise of
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natural gas as a lower climate impact energy source, how-
ever, is that leaks of methane during extraction and delivery
can result in climate warming. Methane gas has high global
warming potential (GWP): much higher, for example, than
carbon dioxide (CH4 has a GWP of 28 over 100 years, com-
pared with CO2, which has GWP of 1 by definition Myhre et
al., 2013). Above a low threshold (estimated to be≈ 3.2 % by
Alvarez et al., 2012) leak rate from well to power plant, the
near-term climate impacts of using natural gas for power gen-
eration become worse than coal (Alvarez et al., 2012; Hay-
hoe et al., 2002). Recent system-wide analysis suggests that
natural gas sector leak rates are likely higher than inventory
estimates (Brandt et al., 2014; Zavala-Araiza et al., 2015a).
To achieve the lower climate impacts and greater economic
benefits of domestic natural gas production, it is important to
find low-cost methods to detect and reduce methane leakage
(Alvarez et al., 2012).

The current industry practice for leak detection and repair
(LDAR) is to perform infrequent (annual or less for most
sites) “spot” checks for leaks, for example by visual inspec-
tion with an optical gas imaging (OGI) camera. However, re-
cent work has shown that methane concentrations measured
by OGI cameras can be drastically underestimated when con-
ditions are not ideal, for example under conditions of lower
temperature values or higher wind speeds, or when view-
ing distances are greater than 50 m (Ravikumar et al., 2016).
Furthermore, spot check monitoring is inadequate for detec-
tion of leaks, given strong evidence for intermittency of leaks
(Allen et al., 2013, 2015a; Mitchell et al., 2015; Subramanian
et al., 2015). It has been observed that a small number of fa-
cilities leaking at very high rates – so-called “super-emitters”
(Brandt et al., 2014; Frankenberg et al., 2016; Rella et al.,
2015; Zavala-Araiza et al., 2015b) – can account for a major-
ity of total emissions (Allen et al., 2013, 2015a, b; Brandt et
al., 2014). These characteristics underscore the importance of
continuous monitoring for leaks over large areas. Field cam-
paigns with sophisticated atmospheric sampling techniques
provide valuable snapshots of the state of natural gas devel-
opment facility leaks (e.g., Brantley et al., 2014; Karion et
al., 2013), but it would be too costly to employ such mea-
surement strategies for long-term continuous monitoring of
most natural gas sector facilities.

We present and test an atmospheric measurement system
coupled with a statistical inversion approach for detecting
and quantifying emissions of methane. The statistical ap-
proach is focused on limiting the occurrence of false-positive
leak detection. The measurement system used to test the sta-
tistical approach is composed of a long-range open-path laser
situated in the center of a field of well sites and a series
of retroreflectors around the perimeter of the field to direct
light back to a detector co-located with the laser. The con-
centration of trace gases along the open beam path (defined
as the path between the spectrometer–detector system and
a retroreflector) is determined from the species-specific ab-
sorption of light (Dobler et al., 2015; Flesch et al., 2004;

Groth et al., 2015; Hashmonay et al., 1999; Levine et al.,
2016). Many open-path absorption methods for determining
species concentration have been demonstrated (Akagi et al.,
2011; Dobler et al., 2015; Flesch et al., 2004; Jones et al.,
2011; Nikodem et al., 2015; Wagner and Plusquellic, 2016;
Wu et al., 2014). Here we use a dual frequency comb spec-
trometer (DCS): a unique broadband, high-resolution spec-
trometer that offers very high stability (low drift) and mea-
surement reproducibility of the trace gas measurement so
that concentrations can be compared across different condi-
tions and times (Coburn et al., 2018). It was recently demon-
strated that two separate dual frequency comb spectrome-
ters stationed side by side and measuring the same 1 km
outdoor path showed methane concentration agreement to
0.35 % over a 2-week period under ambient variations in tem-
perature, pressure, and stability (Waxman et al., 2017). In
principle, the range of conditions under which two separate
dual frequency comb spectrometers should be comparable is
much wider than ambient conditions, because the concentra-
tion retrieval is largely dependent on the quality of absorption
models (which are well-defined under most conditions expe-
rienced at Earth’s surface). Previous work also demonstrates
that this method of atmospheric trace gas measurement does
not require regular or traditional calibration (Coburn et al.,
n.d.; Rieker et al., 2014; Truong et al., 2016; Waxman et al.,
2017). Laboratory and initial field measurements made with
the dual frequency comb spectrometer indicate extremely
high measurement precision (3 ppb or lower) over long (1 km
one-way, or 2 km round trip) path lengths (Coburn et al.,
n.d.; Rieker et al., 2014; Truong et al., 2016; Waxman et al.,
2017). The combination of low uncertainty and high stability
enables new opportunities for detection and sizing of even
very small emissions of methane (Coburn et al., n.d.). Fur-
thermore, the demonstration of sensitive methane measure-
ments over kilometer-scale open paths allows for monitor-
ing methane concentrations over large areas such as natural
gas production, processing, and distribution sites. While fre-
quency comb measurements have previously been made in
laboratory settings, the recent work of Coburn et al. (n.d.)
and the new work shown here demonstrate the viability of
dual frequency comb spectroscopy in real-world conditions.

We use the dual frequency comb measurements in a se-
ries of synthetic data and field data tests to demonstrate
the utility of the observing system and a novel statistical
method for accurately locating one or more point sources of
methane within a large area (4+ km2) using distributed mea-
surements of methane concentrations and an atmospheric
transport model. Previous studies have used Gaussian plume
models with atmospheric measurements of wind conditions
and constituent concentrations to detect sources (e.g., Hirst
et al., 2004), and past studies have also shown the utility of
open-path lasers for measuring across-plume concentrations
for use in the detection of emissions (Flesch et al., 1995;
McBain and Desjardins, 2005). Here, we present a novel sta-
tistical technique applied to source detection and quantifi-
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cation – with the goal of minimizing false-positive source
identification. The source-attribution method used here is to
apply a non-negative least-squares (NNLS) fitting technique
to solve for methane flux at a series of potential source lo-
cations (e.g., pads, well heads or other components), given
a set of atmospheric observations and knowledge of atmo-
spheric transport (Leuning et al., 2008). The new statistical
approach, called the non-zero minimum bootstrap method
(NZMB), uses a bootstrapping of model uncertainties to pro-
duce an empirical distribution of source strength for a given
well site. Specifically, the empirical distribution is obtained
by performing multiple atmospheric inversions (or estimates
of surface fluxes using atmospheric data) using a set of re-
sampled atmospheric measurements. The NZMB method es-
tablishes a criterion by which well sites or facilities are iden-
tified as having non-zero methane emissions based on exam-
ination of the minimum value of an ensemble of inversions.
That is, a potential leak site is positively identified as a source
of methane to the atmosphere when the empirical cumula-
tive distribution of likely source strengths (determined with
a series of bootstrap operations) does not include a minimum
threshold flux such as zero. Similarly, a facility is identified
as not leaking when the empirical cumulative distribution of
likely source strengths does include the minimum threshold
flux (that is, the minimum value of all bootstrap operations
is, for example, zero). By defining a specific null value for
each potential leak, this approach reduces the incidence of
false-positive leak identification (the incorrect attribution of
a methane source to a non-leaking facility or well), compared
with the same tests that do not use the NZMB method (the
“non-bootstrap” approach). For comparison, we run the same
series of tests with the non-bootstrap approach, which ap-
proximates emissions using a single NNLS fit.

Synthetic data tests are performed that assess the effects of
increasing measurement density (4, 8, 16, 32, and 64 beams)
and the effects of increasing model–data mismatch (that is,
combined uncertainty in the ability to simulate observations
arising from measurement, transport, and other sources).
Field tests with atmospheric observation data are performed
in a 3 km× 2.5 km field site located in north-central Col-
orado over the course of 1 day in January 2017. The meteoro-
logical conditions (wind speed, wind direction, atmospheric
stability) on this day are typical of wintertime and annual
mean conditions measured near the field site (for example,
compared with conditions at nearby weather station KCO-
LONGM30). Field measurements are made along a series of
three beams extending from a spectrometer in the middle of
the domain.

We define leak identification success as maximizing the in-
cidences of leaks found, with a minimal occurrence of false-
positive source identification, enabling quick response to
leaks and avoiding costly mobilization of repair teams due to
false-positive leak identification. The ability to correctly as-
certain the absence of a leak is therefore of equal importance
to the ability to find leaks for regulatory compliance applica-

tions of this method. With the above tests, we therefore seek
to determine (1) whether methane point source emissions can
be detected and sized under conditions of observational un-
certainty (model–data mismatch) and background variation;
(2) whether the absence of a leak can be ascertained in an
outdoor field setting; (3) whether the NZMB method allows
for leaks to be positively identified under scenarios of greater
simulated model–data mismatch uncertainty, compared with
the non-bootstrap method; and (4) whether a higher number
of observations increases likelihood that the NZMB and non-
bootstrap methods can positively identify leaks. The success
of the synthetic and field data tests demonstrates the potential
of this observing system for continuous monitoring appli-
cations, such as for natural gas facilities, and for providing
emission source locations and their approximate strengths.
The experiments here also demonstrate the potential for this
technology to be used for other source estimation and moni-
toring applications, for example carbon sequestration.

2 Methods

2.1 Gaussian plume atmospheric transport model

In both the synthetic and real data tests, atmospheric trans-
port is simulated using a Gaussian plume model, using
Pasquill–Gifford parameterization of plume dispersion in the
lateral and vertical directions (Green et al., 1980; Griffiths,
1994; Hanna et al., 1982). Micrometeorology in the bound-
ary layer is a non-trivial source of uncertainty for char-
acterization of atmospheric flow, and the Gaussian plume
model represents a simplified representation of atmospheric
transport and dispersion. It is used to characterize the mean
state (or steady state) of source–receptor relationships with
a point source, as long as the transport time from source
to receptor is comparable to the data averaging time (Gif-
ford, 1976; Hirst et al., 2004). More sophisticated plume
(e.g., AERMOD) or stochastic Lagrangian dispersion mod-
els (e.g., WindTrax) and stability parameterizations would
be expected to provide more robust representations of the
wind shear and inhomogeneities in turbulence in the atmo-
spheric surface layer (Flesch et al., 1995; Perry et al., 1994;
Wilson and Sawford, 1996). We select the simplified and
low-computational-cost plume model for assessment of the
NZMB method as a baseline test rather than implement-
ing more advanced representations of transport. Future cam-
paigns aimed at quantification of true emissions will benefit
from an assessment of the drawbacks inherent in Gaussian
plume model characterization of atmospheric transport or use
of a more sophisticated model, particularly for measurements
made at short range.

For the synthetic data tests, the choice of transport model
is largely trivial, given that the transport is considered “per-
fect”. Field data are collected with a constant methane source
to the atmosphere and a measurement averaging time that is
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comparable to the source-to-receptor travel time, such that
the Gaussian plume model is a simplified but appropriate
choice of transport model (Gifford, 1976; Hirst et al., 2004).
Because the purpose of this study is to confirm or reject
the basic methodology and not to investigate the impacts of
micrometeorological representation on flux estimation, we
find the plume model to be sufficient as a baseline test (see
Sect. 6).

Neglecting influence of background methane concentra-
tions, Eq. (1) shows the relationship between fluxes and at-
mospheric concentrations (e.g., Leuning et al., 2008):

c = x× (c/x)modeled, (1)

where the n× 1 vector c is the atmospheric concentration
of the constituent of interest, and n is the number of mea-
surements. The vector x is m× 1 sources of the constituent
(flux units), where the size of m is equal to the number of
potential source flux locations. Here, the vector of fluxes, x,
is the emission rate of methane from each potential source
location. In the synthetic tests and field tests described here,
multiple measurements are made on each beam, such that
n is always greater than m. The value (c/x)modeled is the
transport operator matrix describing the relationship between
the point source emission and concentrations at observation
points (spectrometer beams) under different meteorological
conditions, derived using the Gaussian plume model, and
commonly written as H (that convention will be followed
here; see Sect. 2.5.3 for details on scaling from point source,
to point concentration, to line-averaged concentration).

2.2 Dual frequency comb spectrometer for long-range
open-path methane detection

Dual frequency comb spectrometer measurements are made
by transmitting light from the spectrometer through open air
at a discrete set of wavelengths where methane absorbs light.
The light is transmitted in the direction of a retroreflector,
which can be placed 1+ km away (Coburn et al., n.d.; Rieker
et al., 2014; Truong et al., 2016; Waxman et al., 2017). The
retroreflector directs light back toward a detector co-located
with the spectrometer. The amount of light that is absorbed
by methane yields a direct measurement of the average con-
centration of methane along the open path from spectrometer
to retroreflector. The measurements presented here are part
of the first campaign to measure atmospheric concentrations
with a fielded dual frequency comb spectrometer (Coburn et
al., n.d.). The temporal resolution of measurements is related
to averaging time: as averaging time increases, measurement
precision increases, until such time that atmospheric CH4
variability begins to erode measurement repeatability (see
Sect. 4.1). The spatial resolution of the measurement depends
on beam length, which is easily adjusted by moving retrore-
flectors closer to or further away from the spectrometer, and
beam width, which scales with telescope diameter.

2.3 Flux estimation with non-negative least-squares
fitting solution

We use the NNLS algorithm in Fortran-90 to solve for a flux
rate (that is, the emission rate from each potential source lo-
cation), given atmospheric observations (synthetic or real)
and atmospheric transport influence functions (Lawson and
Hanson, 1995). This algorithm iteratively solves for the best-
fit m× 1 vector of fluxes, x (see Sect. 2.1 for a description
of x), given an n× 1 vector of data measurements, y, and
an n× m matrix of influence functions, H. Given H and y,
the NNLS algorithm computes a vector x (methane emission
rate at each well site) that solves the least squares problem:

Hx = y,subject to x >= 0. (2)

Uncertainties in x and y are not included in the NNLS fit;
model–data mismatch is used only in generation of the syn-
thetic observations and not as a control on the solution for x.
The NNLS algorithm returns the solution vector, x, and also
allows for the calculation of Hx, an n× 1 vector describing
the expected atmospheric concentration given H and the so-
lution for x.

2.4 Non-zero minimum bootstrap analysis

The non-zero minimum bootstrap analysis, or NZMB, is a
statistical test of the null hypothesis (Hypothesis0) that the
source strength at a given well site is equal to 0 kg s−1. It
is used here to estimate source strengths in both the syn-
thetic and field data tests. Whereas bootstrapping methods
and least-squares methods are not novel techniques and have
previously been applied to problems of source strength es-
timation, we develop the present methodology with the mo-
tivation to seek a solution for fluxes in which the incidence
of false-positive source attribution is limited (Efron, 1979;
Lawson and Hanson, 1995).

For each of m potential source locations, the null hypoth-
esis (Hypothesis0) is that there is no methane emission from
that potential source location, and the alternative hypothesis
(Hypothesis1) is that there is a (non-zero) emission from that
potential source location:

Hypothesis0 : xj = 0(j = 1, . . .,m), (3)
Hypothesis1 : xj > 0(j = 1, . . .,m). (4)

Given that model–data mismatch uncertainty is not zero (i.e.,
there is uncertainty in the exact relationship between atmo-
spheric observations and surface fluxes due to transport, mea-
surement, and other uncertainties), it is not expected that
the NNLS fit of Hx to y is exact, although the problem is
overdetermined (that is, n>m). We therefore use the mis-
match between Hx and y to create an empirical distribu-
tion function describing the confidence interval of the fit to
the data and to accept or reject the null hypothesis claim
that we have enough evidence to claim that a particular
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source is not leaking. That is, the empirical fit to the data is
used to quantify uncertainties associated with the model–data
mismatch (including, for example, instrument and measure-
ment uncertainties, transport uncertainties, and model uncer-
tainties) rather than relying on a “bottom-up” estimation of
those sources of uncertainty. We rely on the assumption that
model–data mismatch uncertainty has an un-biased Gaussian
distribution. Although biases in transport or other sources of
uncertainty can exist, we suggest that investigation of that
contingency is suited for future studies.

The method for employing the bootstrap analysis is as fol-
lows. We first solve for surface-to-atmosphere fluxes of CH4,
x, using NNLS, as described in Sect. 2.3. Second, for each
observation, yi (i = 1, . . . , n), we calculate the residual val-
ues from the fit to the NNLS solution:

ei = yi − ŷi, (5)

where ŷi (i = 1,. . . ,n) are the individual values in the vec-
tor Hx. The values of ŷi (i = 1,. . . , n) are the “predicted”
change in atmospheric methane given the NNLS solution for
x, or the change in atmospheric methane that is simulated by
convolving the source–receptor matrix, H, with x.

The next step in the NZMB method is, for each obser-
vation, yi (i = 1,. . . , n), to generate a new estimate of that
observation by using Eq. (3) to sample from the vector of
the residuals of the fit to the atmospheric data, e (with re-
placement, meaning a given value can be sampled more than
once), and adding that randomly selected ei value to the pre-
dicted observation value, ŷi , to create ybi (Efron, 1979). That
is, for each observation vector, y, we create a new vector, yb
(b denotes a bootstrapped value):

ybi = ŷi + ebi . (6)

We perform this step 1000 times, resulting in 1000 vec-
tors yb, or 1000 different sets of observations of the form
{ybi, . . .,ybn}, where ybi = ŷi + ebi .

For the field data, we apply a moving block boot-
strap (Künsch, 1989) because residuals of observations
made nearer together in time are more likely to be co-
representative, whereas residuals of observations made fur-
ther apart in time are likely to be less representative due to
changes in wind conditions and atmospheric stability. We
calculate the autocorrelation in time of the residuals result-
ing from a single non-negative least-squares fit and use for
the moving block window length a value 2 times the lag time
at which the autocorrelation falls below the 95 % confidence
level. As there is no time dimension in the synthetic data
case, we do not apply the moving block bootstrap to those
cases.

Next, we use NNLS to solve for x for each of the 1000
resampled sets of observations, yielding 1000 individual so-
lutions for x. The final step in the NZMB method is to ap-
ply the non-zero-minimum criterion to the 1000 bootstrap
solutions for each member of x. For each possible source lo-
cation, we find the minimum value from the 1000-member

bootstrap analysis. The non-zero-minimum criterion states
that if the minimum bootstrap value for a given well loca-
tion is 0 kg s−1, then the source location is classified as hav-
ing a leak rate of 0 kg s−1 (i.e., no leak). This criterion es-
tablishes, under the null hypothesis, whether or not 0 (< 0
is not possible since a non-negative least-squares fit is used)
is included in the domain of the empirical cumulative dis-
tribution function with non-zero mass, described by the 1000
solutions for each well site in x. If zero is included in this dis-
tribution, then the null hypothesis (x = 0) cannot be rejected.
Conversely, if 0 is not included in the empirical cumulative
distribution function for a given well site (xj ), then the null
hypothesis can be rejected and it can be assumed that the well
site is leaking. We use a large number of bootstrap members
(1000) to ensure that the law of large numbers (LLN) is met.
LLN justifies that when the number of bootstrap operations is
large, the bootstrapped leak mean approaches the estimated
leak from the sample (i.e., the bootstrapped leak mean is a
consistent estimator of the estimated leak), and the distribu-
tion of the bootstrapped leak approaches the probability dis-
tribution of the source strength. Thus, we can claim that the
bootstrapped estimator is a good candidate of the estimated
leak from the NNLS and that the empirical cumulative dis-
tribution function is an approximation of the true cumulative
distribution function.

After having identified which source locations are non-
zero sources to the atmosphere (leaking), the mean leak
strength is estimated as the mean of the 1000 bootstrap so-
lutions for that source location. Uncertainty in the strength
of the true leak is calculated as the standard deviation of the
1000 bootstrap solutions at the true leak location.

This method requires little additional computational cost
over the non-bootstrap NNLS approach, because additional
runs of the transport model are not required, only additional
NNLS fits using resampling of the observations. The NZMB
approach has the benefit of reducing false-positive solutions
while also gathering information regarding the parameters of
the assumed Gaussian distribution.

2.5 Synthetic data tests and results

2.5.1 “True” leak locations and strengths

To prepare synthetic data testing of the NZMB method, we
randomly distribute 20 possible leak source locations within
a theoretical 2 km× 2 km domain. This is a reasonable ap-
proximation of well density based on high-production re-
gions of the western United States (average well density
across the Marcellus and Haynesville shale gas plays is 3+
wells km−2). In the synthetic tests, therefore, m= 20. Of the
20 well sites in the domain, we simulate a scenario in which
two source locations are leaking. The “true” leak rate at well
site number 6 is 4.5× 10−5 kg s−1 and the “true” leak rate at
well site number 19 is 3.0× 10−5 kg s−1. The remaining 18
well sites are assigned “true” leak rates of 0 kg s−1 (Fig. 1).
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Figure 1. Synthetic test observation area: 2 km× 2 km domain with
20 source locations (black dots) at randomly distributed x and y
locations (position shown on x and y axes). Of 20 point sources,
well site 6 (x = 750, y = 750) and well site 19 (x = 650, y = 1750)
have non-zero source strengths (shown on the z axis).

The two non-zero leak strengths are very small: roughly half
the size of the smallest leaks found by Rella et al. (2015) in
a survey of oil and natural gas well pads. The height above
ground level of each leak is 1 m.

2.5.2 Idealized meteorological conditions for synthetic
data tests

The meteorological data used for synthetic data tests include
many wind directions and a variety of wind speeds during the
sampling of each beam in the domain, representing an ideal
scenario for the generation of as many independent mea-
surements of the leak strength as possible. Leak strengths
are constant through time, such that the time dimension of
the meteorology does not need to be considered. This ap-
proach assumes that enough time has passed for all meteo-
rological conditions to have occurred during the sampling of
each beam, a condition that eliminates complications in com-
paring synthetic cases with different beam orientations. The
idealized meteorological field applies 216 unique wind con-
ditions to all beams: three wind speeds (2, 3, and 6 m s−1)

from 72 directions (from 5 to 360◦, in 5◦ increments). The
conditions represent a situation in which, over a long period
of time, many different wind conditions yield a variety of dif-
ferent measurements downwind of emissions. Given the sim-
ple beam configuration presented here, which is independent
of potential source locations, increasing the number of mea-
surement conditions improves the conditioning of the prob-
lem (Crenna et al., 2008; Flesch et al., 2009).

Figure 2. Map view of synthetic tests, with 20 source locations
shown as black dots and 16 beams shown as gray lines that ex-
tend from the spectrometer (circle at x = 1000 m and y = 1000 m)
to retroreflectors (black triangles).

2.5.3 Measurement system configuration and synthetic
observations

The “synthetic” atmospheric measurements are simulated
based on the dual frequency comb spectrometer observing
system described in Sect. 2.2. The spectrometer is located
in the center of the domain, at x = 1000 m and y = 1000 m
(Fig. 2). Configurations of 4, 8, 16, 32, and 64 beams per
spectrometer–detector system are tested. In all beam con-
figurations, retroreflectors are placed at an equal distance
(1000 m) from the spectrometer and at equal distances from
neighboring retroreflectors (e.g., Fig. 2). The hub-and-spoke
beam configuration is a simple and repeatable pattern for
comparison of different numbers of beams. The height of
the spectrometer and retroreflectors is 3 m above ground
level (m a.g.l.). Figure 2 shows beams, beam end point lo-
cations (retroreflectors), and the spectrometer in a case with
16 beams.

The vector of “true” atmospheric methane concentrations,
c, is simulated by combining knowledge of atmospheric
transport with knowledge of “true” sources and measurement
(beam segment) locations with Eq. (1). The influence func-
tions describing the relationships between each element of x
and each segment of each beam path for each wind condition,
H, are created using the Gaussian plume model described in
Sect. 2.1, with neutral stability conditions (Pasquill category
D). In order to generate the synthetic measurement data, each
beam path is discretized into 100 segments. For each unique
wind condition, “true” source fluxes are multiplied by H to
calculate atmospheric enhancements at each of the 100 points
along the beam path. Enhancements due to leaks are calcu-
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lated independently for each segment of a beam and subse-
quently averaged for each beam and for each wind condition.
This value mimics the actual data output of the spectrometer,
which measures the average concentration along the beam
length.

The dimensions of n (e.g., the length of the atmospheric
concentration vector, c) in the synthetic tests vary along with
the number of beams per spectrometer–detector system and
the number of meteorological conditions. In the configura-
tion of four beams, for example, n= 216× 4, because each
distinct meteorological condition is applied to each beam. In
the 8-beam configuration n= 216× 8, in the 16-beam con-
figuration n= 216× 16, and so on.

2.5.4 Perturbation of observations with noise
equivalent to model–data mismatch uncertainty

Model–data mismatch is the difference between the true at-
mospheric CH4 concentration, c, and the simulated or mea-
surable atmospheric CH4 concentration. This difference is
expected to be non-zero due, for example, to measurement
uncertainty (sampling and instrumental error), transport un-
certainty (imperfect knowledge of air flow between source
and observation points), and representation error (for ex-
ample, the assumption that the measured segment of beam
appropriately characterizes the atmospheric concentration at
the time and space scales that it represents in the model). We
assume here that uncertainty due to the imperfectly known
background concentration is also part of model–data mis-
match uncertainty. We simulate progressively larger levels
of model–data mismatch in order to identify differences
in model capabilities to locate and size leaks between the
NZMB and non-bootstrap methods.

A range of model–data mismatch values are tested with
the expectation that both the NZMB and non-bootstrap mod-
els will be more likely to locate and source leaks when lower
model–data mismatch is added to the data. To simulate differ-
ent possible magnitudes of model–data mismatch, the simu-
lated true atmospheric concentrations, c, are perturbed with
random Gaussian noise with mean 0 ppb and standard devia-
tion equal to the following values: 0.1, 0.2, 0.3, 0.4, 0.5, 1.0,
1.5, 2.0, 2.5, 3.0, 3.5, 4.0, 4.5, 5, 6, 7, 8, 9, and 10 ppb, over
a 1 km path. Measurement statistical uncertainty alone is ex-
pected to be on the order of 3 ppb or lower for a 1 km path
(Rieker et al., 2014). As the results of field tests will show,
the range of model–data mismatch values tested are an ap-
propriate approximation of observed uncertainty (Sect. 4.4).
Model–data mismatch uncertainties are assumed to be uncor-
related, following convention and understanding of the dual
frequency comb measurement scheme. In Eq. (5), ε is a vec-
tor of model–data mismatch uncertainty corresponding to the
vector, c. Both vectors are of length n (i =1,. . . ,n), where n is
the number of observations, as described in Sect. 2.5.3. The
vector y contains the synthetic observations or the true atmo-

spheric concentrations perturbed with measurement noise.

yi = ci + εi (7)

2.6 Field data observations

2.6.1 Description of field-deployed dual comb setup

The first measurements from a field-deployed dual frequency
comb spectrometer are from the NOAA/ESRL Table Moun-
tain Test Facility, 10 km north of Boulder, Colorado (Fig. 3;
Coburn et al., n.d.). The spectrometer is located near the cen-
ter of a large (≈ 3× 2.5 km) flat-topped mesa that rises sev-
eral meters above the surrounding terrain (see Fig. 3). The
dual frequency comb is housed inside of a trailer, with tele-
scope transceiver affixed to a rotating gimbal on the trailer
roof (roughly 4 m a.g.l.). The actual dual frequency comb
spectrometer is contained in a 56× 56× 61 cm electronics
rack, and the large trailer provides a field deployment home
base. The beam transceiver system sends light between 1620
and 1680 nm, with discrete line spacing of 0.002 nm, through
a 2 in. telescope. Dual comb spectroscopy uses a large spec-
tral bandwidth and high spectral resolution, which allows for
the simultaneous fitting of the absorption pattern for each
gas, so that interference among gases is avoided. Background
infrared light does not affect the laser signal due to the
heterodyne nature of the detection – the detected beat sig-
nals between the comb teeth are of high frequency whereas
background signals (for example from solar radiation) are
of lower frequency. The system emits and senses approx-
imately 28 900 individual comb teeth (Coburn et al., n.d.;
Rieker et al., 2014). The wavelength “window” to which the
instrument at Table Mountain is tuned is ≈ 50 nm, span-
ning 625 individual CH4 features, 2482 CO2 features, and
133 H2O features. Intensity feedback, triggered data acqui-
sition, and onboard phase correction are quasi-autonomous,
enabling the system to operate continuously for any length of
time (Coburn et al., n.d.; Truong et al., 2016; Waxman et al.,
2017).

2.6.2 Leak location and strength

For the field experiments at Table Mountain, a cylinder of
compressed methane gas is placed roughly 528 m away from
the spectrometer (Fig. 3) with the gas outlet 1 m a.g.l. The
methane cylinder is outfitted with a regulator and an Ali-
cat mass flow controller (MC-20SLPM-D). The flow con-
troller is set to release methane in a controlled flow of
3.1× 10−5 kg s−1 at source location 1, between 10:08 and
16:30 on 26 January 2017. The flow rate at source location 2
is set to 0.0 kg s−1 through the duration of 26 January 2017.
The controlled methane release point is roughly 0.43 cm in
diameter, and the velocity of gas exiting the tubing is negli-
gible.
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Figure 3. Map view of observation test site at Table Mountain, Col-
orado (upper left inset shows geographic location of test site), with
two source locations (location 1, in red, between beams 1 and 2; lo-
cation 2, in green, between beams 2 and 3) and three beams shown
as white lines that extend from the spectrometer (blue square) to
retroreflectors (white triangles, labeled 1–3).

The field tests are arranged so as to approximate the syn-
thetic tests as closely as possible: to emulate the “perfect”
background condition of the synthetic tests, the background
methane concentration for each source location is measured
directly by an upwind beam (Crenna et al., 2008; Flesch et
al., 2009). Because the background is assumed to be unique
for each source location, each inversion includes only that
source location in its solution for fluxes. That is, one inver-
sion is performed for source location 1, and a separate in-
version is performed for fluxes at source location 2. The di-
mensions of m for each test are, therefore, equal to 1, and
the dimensions of n for each test are equal to the number of
measurements made downwind of the source location.

2.6.3 Retroreflector locations

Three corner-cube retroreflectors are located near source lo-
cations 1 and 2 at Table Mountain (see Fig. 3). At their near-
est points, the lateral distances between beams 1 and 2 and
source location 1 are 11 and 6 m, respectively. The minimum
lateral distances between leak location 2 and beams 2 and 3
are 12 and 8 m, respectively. The horizontal distance from the
spectrometer to each retroreflector is 584, 585, and 588 m,
respectively, for retroreflectors 1, 2, and 3. All retroreflectors
are positioned 1 m a.g.l.

2.6.4 Meteorology at Table Mountain

Wind speed and wind direction are measured directly
with a 3D Sonic Anemometer (RM Young 81000 Ultra-
sonic 3D Anemometer with manufacturer-specified accuracy

of± 0.05 m s−1) located mid-way between the spectrometer
and the retroreflectors. It is possible that local wind circula-
tion could lead to meteorological conditions that are not ho-
mogenous across the Table Mountain site, which could cause
the mean winds measured at the anemometer to not perfectly
represent those influencing the plume. Measurement of the
entire wind field is not practical, however, so the point mea-
surement is used to characterize meteorology across the site.
The suitability of the Gaussian plume model for short-range
simulations decreases under low speeds, so all data taken at
wind speeds below 0.8 m s−1 were removed from this anal-
ysis (the reliability of the Gaussian plume model erodes as
wind speeds decrease below ≈1 m s−1; e.g., De Visscher,
2013).

2.6.5 Measurements

We test the bootstrap methodology using measurements
taken over the course of 1 day in January 2017. We test
the ability of the bootstrap approach to both disprove the
null hypothesis (i.e., to correctly ascertain the presence of a
non-zero methane emission) and to prove the null hypothesis
(i.e., to correctly ascertain the absence of a leak) by gather-
ing measurements along beam paths that bound (1) source
location 1, where methane is released in a controlled flow
rate of 3.1× 10−5 kg s−1, and (2) source location 2, where no
methane is released. Quasi-continuous (626 Hz) data acqui-
sition occurs for 2 min on each beam. Time averaging over
2 min is performed to maximize gains in measurement preci-
sion as well as to average across shorter timescale eddy mix-
ing events. After a measurement is taken, less than 30 s elapse
while the gimbal moves to focus the beam on the next retrore-
flector (“retro”) in the measurement sequence. The measure-
ment sequence for the time period of study on 26 January
2017 is retro 1, retro 2, retro 1, retro 3, retro 1, retro 2, and so
on. A fourth retroreflector is included in the measurement se-
quence (leading to a small time delay between measurements
made on retro 3 and retro 2), but data from that beam are not
analyzed here for simplicity.

In the field tests, the dimensions of n vary along with the
number of measurements taken on the beams used in the fit
for the methane emission rate vector, x. For the fit to the
methane emission rate at source location 1, all data (that is,
all 2 min measurements) gathered on retroreflectors 1 and 2
are used. For the fit to the emission rate at source location 1,
all data gathered on retroreflectors 2 and 3 are used. Upwind
measurements are used to constrain background, and down-
wind measurements are used to determine source strength.
The dimensions of n are therefore equal to the number of
downwind measurements. For the test at source location 1,
n= 63, and for the test at source location 2, n= 30. The
value of n is smaller at source location 2 because of the sam-
pling pattern described above.
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2.6.6 Background CH4 estimation

To most closely approximate the synthetic data testing frame-
work in the field environment, we directly sample back-
ground CH4 concentrations upwind of the leak point. The
array of beams shown in Fig. 3 “sandwich” each source lo-
cation. This configuration means that under most wind con-
ditions (wind directions within ≈ 40◦ of orthogonal to the
beam array in either direction), one beam is situated up-
wind and one beam is situated downwind of each source lo-
cation. With this method, we attempt to remove the time-
varying CH4 concentration to which enhancements from dis-
crete near-field emissions are added. While the Table Moun-
tain site is relatively removed from expected anthropogenic
and biogenic methane sources, the presence of nearby small
livestock and oil and gas operations means that the back-
ground methane concentration does vary according to wind
direction and through time. The “beam sandwich” approach,
of placing beams on either side of each source location, rep-
resents a plausible solution to future regional-scale monitor-
ing of many potential emitters.

3 Results of synthetic data tests

3.1 Synthetic source location with and without the
NZMB method

We calculate solutions for x using NNLS in a single solution
without a bootstrap approach for each set of beam config-
urations and for each model–data mismatch scenario in the
synthetic data case. Figure 4 summarizes the findings of each
test by categorizing the results into four outcomes: two true
leaks found with no false positives, one true leak found with
no false positives, zero true leaks found with no false pos-
itives, and one or more true leaks found with one or more
false positive. The top half of Fig. 4 (for the non-bootstrap
method) shows that, of the five different beam configurations
tested, all result in false-positive source locations under ev-
ery model–data mismatch scenario when a non-bootstrap ap-
proach is taken. That is, even with very low model–data mis-
match (0.1 ppb) and many beam measurement locations (64),
the non-bootstrap method fails to positively identify true leak
sources without also generating false-positive results. Non-
zero solutions are found for source locations where no “true”
leak exists.

The bottom half of Fig. 4 shows the results of the same
tests, using instead the NZMB method for locating leaks. The
results show that success in leak detection is much higher us-
ing NZMB compared with the non-bootstrap tests. Indeed,
none of the NZMB tests result in the occurrence of a false-
positive leak location, and only tests with low numbers of
beams relative to the number of source locations (four- and
eight-beam cases) fail to find both of the true leaks. The four-
beam case results in positive identification of both leaks up

Figure 4. Summary of synthetic data test results. Top 5 rows show
results of non-bootstrap inversions and bottom 5 rows show re-
sults of NZMB inversions for the 4, 8, 16, 32, and 64 beam cases.
Columns indicate results for different values of model–data mis-
match added as noise to the synthetic measurements. Color coding
of cells indicates summary of model success, as detailed by the leg-
end.

to a model–data mismatch threshold of 2 ppb, above which
one true leak is found. One leak is consistently found up to
a threshold of 5 ppb, and above 5 ppb model–data mismatch
no true leaks are identified (but no false positives are gener-
ated either). The eight-beam case results in accurate location
of both true leaks up to a model–data mismatch threshold of
3.5 ppb, above which 1 true leak is found (with no false pos-
itives). One leak is consistently found up to the maximum
testing point of 10 ppb. In order to reliably locate both true
leaks with no false-positive results under all model–data mis-
match scenarios, 16 or more beams are needed for the set of
cases that are tested here. Alternate configurations of “true”
leaks at well sites other than 6 and 9 are not tested; however,
given that meteorological conditions are simulated equally
from all directions, we would not expect a different set of
results from a different set of “true” leaks.

A subset of the results for the eight-beam NNLS with-
out bootstrap and the NNLS with NZMB cases are shown
in Figs. 5 and 6 (for conciseness; all results are shown in the
Supplement). It is evident from Fig. 5 that, even with very
low model–data mismatch noise (0.5 ppb), the non-bootstrap
model results in well sites other than the two true leak lo-
cations being erroneously identified as sources of methane.
It is evident from Fig. 5 that, as model–data mismatch in-
creases, the strength of incident false-positive results also in-
creases. By contrast, no false-positive leaks are identified in
the NZMB case shown in Fig. 6, at any level of model–data
mismatch noise. Above a model–data mismatch threshold of
4 ppb, only one of two true leaks is found in the eight-beam
case using NZMB. As Fig. 4 shows, 16 or more beams are
necessary to consistently find both true leaks at higher thresh-
olds of model–data mismatch uncertainty using the NZMB
method, given the hub-and-spoke beam placement scheme
tested here. More complex placement of beams (for example
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Figure 5. Top left panel shows well site numbers (x axis) and corresponding “true” leak rates (y axis), and remaining panels show resulting
leak rate (y axis) at each well site (x axis) from non-bootstrap least squares fit to synthetic observations perturbed with model–data mismatch
(MDM) noise shown, for the eight-beam case. Open circles show locations and strengths of all non-zero solutions.

Figure 6. Top left panel shows well site numbers (x axis) and corresponding “true” leak rates (y axis), and remaining panels show NZMB
results (y axis) for each well site location (x axis) with synthetic observations perturbed with model–data mismatch (MDM) noise shown, for
the eight-beam case. Light gray (black) open circles show locations and strengths of the maximum (minimum) of 1000 bootstrap operations.
Minimum values of zero are not plotted.

placing beams closer to known well sites) would likely result
in even better ability to locate leaks with fewer beams.

3.2 Synthetic source sizing using the NZMB method

Synthetic data tests of the new bootstrap methodology pre-
sented here show high success in leak location, with zero in-
cidence of false-positive leak detections. Figure 6 shows the

maximum and minimum values of 1000 bootstrap operations
for each model–data mismatch test case for the eight-beam
configuration. At low levels of model–data mismatch uncer-
tainty (0.1–0.5 ppb), the maximum and minimum solutions
bound a small range that is close to the true leak strength.
As higher levels of model–data mismatch noise are added
to observations, the maximum and minimum values diverge.
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Figure 7. Histograms of source strength, with mean ±1 standard
deviation shown with vertical lines for well site 6 (black) and
well site 19 (gray), for each beam configuration, and with 2 ppb
model–data mismatch uncertainty. Note that x axes are truncated at
2× 10−5 kg s−1 (lower bound) and 5× 10−5 kg s−1 (lower bound)
for scale.

However, even as the maximum and minimum solutions di-
verge, most cases include the true leak strength within the
maximum and minimum bounds.

Using the NZMB method, all beam cases (even the four-
beam case) correctly identify that both well sites 6 and 19
are emitting methane when model–data mismatch is 2 ppb or
lower (Fig. 4). At that level of model–data mismatch, higher
numbers of beams and observations tend to lead to lower
standard deviation around the mean estimated leak strength
and a more accurate estimate of true leak strength (Table 1).
An exception is at well site 19, where the eight-beam case did
not perform as well as the four-beam case. It may be that both
cases were inadequate for accurately sizing leaks, and that 16
beams are necessary in a dense field of wells such as is tested
here. The failure of the eight-beam case to accurately predict
the leak rate at well site 19 is also evident from histograms of
bootstrap operations, shown for each beam case with model–
data mismatch of 2 ppb in Fig. 7.

Histograms of the results for the 16, 32, and 64 beam cases
with 10 ppb model–data mismatch are shown in Fig. 8. It is
clear from Fig. 8 that, even with very high model–data mis-
match uncertainty, simple hub-and-spoke configurations of
between 16 and 64 beams are able to locate and estimate leak
flow rates to within reasonable bounds of uncertainty.

Figure 8. Histograms of source strength, with mean± 1 standard
deviation shown with vertical lines for well site 6 (black) and well
site 19 (gray), for 16, 32, and 64 beam configurations, and with
10 ppb model–data mismatch uncertainty.

4 Results of field data tests

4.1 Performance overview of field-deployed DCS

Atmospheric observations were made over the course of 1
day on 26 January 2017 at the Table Mountain site. A set
of three retroreflectors created long-range open-path beams
of ≈ 585 m (Fig 3). Spectrometer performance in the field
demonstrated no loss of precision or reliability compared
with laboratory performance, as demonstrated by Coburn et
al. (n.d.). Figure 9 shows a plot of Allan deviations for 26
January 2017, demonstrating measurement precision of 5–
6 ppb when measurements are averaged for 2 min. Precision
of field measurements is limited by repeatability of measure-
ments and atmospheric variability of CH4 because measure-
ments are time averaged; the latter is likely a dominant driver
of uncertainty in this case, as will be discussed in Sect. 4.3.
The Allan deviation in Fig. 9 shows improvement of preci-
sion with averaging time, to a minimum at ≈ 70 s, followed
by an increase that is likely due to atmospheric variability.

4.2 Atmospheric observations of CH4 at
Table Mountain

On 26 January 2017, measurements are made throughout the
day, including during a 6.5 h controlled release of methane at
source location 1. At adjacent source location 2, no methane
release is emitted. A series of three retroreflectors is ori-
ented such that each source region is monitored indepen-
dently from the other; one beam on either side of each source
location serves as a “background” measurement. We exam-
ine the results of two separate inversion tests: (1) a day-long
set of observations of source location 1 (with the controlled
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Table 1. NZMB solutions for leak strength of true leaks, given 2 ppb model–data mismatch uncertainty, for each beam configuration.

Number of Well site 6 Well site 6, 1 SD Well site 19 Well site 19, 1 SD
beams mean strength mean strength

4 4.2× 10−5 kg s−1 0.4× 10−5 kg s−1 2.5× 10−5 kg s−1 0.6× 10−5 kg s−1

8 4.5× 10−5 kg s−1 0.4× 10−6 kg s−1 2.0× 10−5 kg s−1 0.3× 10−5 kg s−1

16 4.5× 10−5 kg s−1 0.4× 10−6 kg s−1 2.8× 10−5 kg s−1 0.9× 10−6 kg s−1

32 4.4× 10−5 kg s−1 0.3× 10−6 kg s−1 3.0× 10−5 kg s−1 0.8× 10−6 kg s−1

64 4.5× 10−5 kg s−1 0.3× 10−6 kg s−1 3.0× 10−5 kg s−1 0.6× 10−6 kg s−1

True leak: 4.5× 10−5 kg s−1 True leak: 3.0× 10−5 kg s−1

Figure 9. Allan deviation plot showing changes in measurement
precision with averaging time from field data collected at Ta-
ble Mountain on 26 January 2017.

release) that is situated between retroreflectors 1 and 2 and
(2) a day-long set of observations of non-leaking source lo-
cation 2 that is situated between retroreflectors 2 and 3. These
tests are performed simultaneously, such that contamination
from source location 1 could result in background contami-
nation for monitoring of source location 2.

On 26 January 2017, mean wind speeds are 2.1 m s−1

and winds are primarily from the east and northeast, so that
retroreflector 1 is downwind of the controlled release and
retroreflector 2 is upwind of the controlled release. Simi-
larly, retroreflector 2 is downwind of non-leaking source lo-
cation 2 and retroreflector 3 is upwind of non-leaking source
2 (Fig. 3). Stability classes range from B (moderately unsta-
ble) to D (neutral) throughout the course of the day (see Sup-
plement for a time series of stability and detailed description
of its calculation). We use the Griffiths (1994) corrections to
the Briggs (1974) parameterizations to calculate σy and σz.

At source location 1 (Fig. 10a), during the period when
the controlled release is on (non-zero flow), the downwind
retroreflector (Retro 1) shows a clear enhancement above the
concentration measured on the upwind retroreflector (Retro
2), except during the middle of the day when the winds shift
briefly to the south (Fig. 10c). The mean of all CH4 mea-
surements along beam 1 during the period that the leak is
on is 2046 ppb; the mean CH4 measured along beam 2 dur-

ing the same period is 2025 ppb. Both retroreflectors demon-
strate changes in background CH4 concentrations over the
course of the day; the range in values measured on the up-
wind retroreflector is 65 ppb. There may be a relationship
between ambient CH4 concentration and wind direction, as
both retroreflectors show a drastic decrease in concentration
when the winds abruptly shift to the west at 16:30 (which
happens to coincide with the time the leak was turned off).

At source location 2, no leak is released during the period
of study, and throughout the course of the day, both retrore-
flectors 2 and 3 measure similar changes in atmospheric CH4
variability (Fig. 10b). The range of measured values over the
course of the entire day are 128 ppb on beam 2 and 124 ppb
on beam 3. The mean of all CH4 measurements (throughout
the course of the day) is 2016 ppb on beam 2 and 2019 ppb
on beam 3.

4.3 Background CH4 observations

The beams stationed upwind of each source location pro-
vide estimates of the background CH4 concentration inflow
for that location. After a linear interpolation to upwind mea-
surements has been applied, this background is subtracted
from measurements on the downwind beam to yield a mea-
sure of the CH4 enhancement due to fluxes at the source
location. Applying this method, the mean and standard de-
viation of the enhancement above background on retrore-
flector 1 – which is downwind of source location 1 (leak
rate of 3.1× 10−5 kg s−1) – is 17.4± 10.1 ppb. Applying this
method to source location 2, we find the mean and standard
deviation of the enhancement on retroreflector 2 – which is
downwind of source location 2 (leak rate of 0 kg s−1) – is
3.1± 7.3 ppb, a value within the range of variability expected
from combined measurement and background uncertainty.

4.4 Field-based estimates of model–data mismatch

We examine measurements at source location 2, where no
leak is present, in order to estimate model–data mismatch
in the field, for comparison with the model–data mismatch
values applied in the synthetic data tests. By examining the
difference between measurements made on different retrore-
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Figure 10. Line-integrated atmospheric CH4 concentrations mea-
sured on 26 January 2017 along beam paths to retroreflectors 1
and 2 (a) and to retroreflectors 2 and 3 (b), as well as wind speed
and wind direction (c). Gray and black points and left-hand axes
of panels (a) and (b) show CH4 concentration. The black line and
right-hand axis in panel (a) show the flow rate at source location 1
(bounded by retroreflectors 1 and 2) and the black line and right-
hand axis in panel (b) show the flow rate at source location 2
(bounded by retroreflectors 2 and 3). In panel (c), the black line
and left-hand axis show wind speed and the gray diamonds and
right-hand axis show wind direction (according to meteorological
convention, 0◦ is north, 90◦ is east, 180◦ is south, 270◦ is west, and
360◦ is north). All data reflects 2 min averaging time.

flectors (retroreflectors 2 and 3) at similar points in time
(within 5 min), we obtain an approximation of the combined
contributions to model–data mismatch arising from mea-
surement uncertainty, representation uncertainty, background
construction (the method of background estimation), and
background sampling (the method of sampling background
concentrations). We find a standard deviation of 5 ppb. This
value differs from the standard deviation of the enhancement
for the entire time series (reported above in Sect. 4.3) be-
cause it compares differences in upwind and downwind con-
centrations measured at approximately the same time. For
estimation of total model–data mismatch, we add (in quadra-
ture) an estimate of the transport uncertainty that includes
uncertainties in measurement of wind speed and wind direc-
tion, atmospheric stability parameterization, and placement
of the sonic anemometer relative to the leak location (see
Supplement for detail). Transport uncertainty estimation is
for a plume that interacts with any location along the beam

and therefore requires knowledge of the mean distance be-
tween the leak point and each segment of the beam. The esti-
mated transport uncertainty, calculated in this way, is 0.8 ppb.
If, for example, the wind direction is perfectly perpendicu-
lar to the beam for the entirety of the measurement period
(which does not occur on 26 January 2017), then the leak-
to-beam distance used in the calculation should collapse to
the minimum lateral distance between the leak and the beam.
Using that value instead, transport uncertainty is 12.2 ppb.
The overall value of model–data mismatch (reflecting com-
bined measurement, background, and transport uncertainty),
estimated in this way, is therefore 5.1 ppb with a maximum
range of 13.2 ppb, which suggests that the range of model–
data mismatch values tested in the synthetic data experiments
are appropriate. The Allan deviation in Fig. 9 shows a sim-
ilar level of measurement uncertainty, suggesting that most
of the uncertainty observed in our record is captured in this
estimate of model–data mismatch, which includes effects of
atmospheric variability. Precision could be improved by av-
eraging data over a shorter time span (70 s), but those gains
would be minimal (Fig. 9).

4.5 Results of inversions using Table Mountain
observations

Both the non-bootstrap and the NZMB approaches accu-
rately predict the presence of methane emissions at source
location 1 (Table 2). The average bootstrapped flux value is
within 2σ of the true flux value measured at the flow meter
at source location 1 (Fig. 11). At source location 2, the non-
bootstrap approach falsely predicts a positive emission rate
of 0.5× 10−5 kg s−1 (Table 2) where no leak is present. The
NZMB approach, by contrast, is able to accurately predict
that there is no leak present at source location 2, because the
minimum of the 1000 bootstrap solutions is zero (Fig. 11). As
the synthetic data tests also demonstrate, the NZMB method
is necessary to avoid false identification of leaking source
locations. The field data tests corroborate that the new boot-
strap approach enables higher confidence of accurate attri-
bution of emissions to source locations without generating
“false alarms”.

5 Discussion

The results of this study demonstrate success of the new ob-
serving system in finding one or more leaks of methane in a
field of wells, using synthetic and field data for confirmation.
The methods presented here for locating and sizing leaks of
methane in a field of natural gas production facilities suc-
ceeds not only in identifying the location of a leak, but it also
does so with no incidences of “false-positive” leak detection
in either the synthetic or field data tests.
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Table 2. Controlled methane release flow rates and 1 standard deviation for each field experiment, including local time that leak was turned
on and off.

Source location 1 Source location 2

Controlled leak time on: 10:08 n/a
Controlled leak time off: 16:30 n/a
Measured mean flow rate: 3.1× 10−5

± 0.01× 10−5 kg s−1 0.0± 0.0 kg s−1

Non-bootstrap solution: 2.4× 10−5 kg s−1 0.5× 10−5 kg s−1

NZMB solution: 2.6× 10−5
± 0.5× 10−5 kg s−1 0.0± 0.0 kg s−1

n/a: not applicable.

Figure 11. Histogram of NZMB estimated source strength at
source location 1, with dashed line showing the bootstrap mean
and thin dotted lines showing ±2 standard deviation. The thick
black line shows the true leak strength at source location 1
(3.1× 10−5 kg s−1).

5.1 Synthetic data tests

The results of the synthetic data tests demonstrate how the
observing system tested in the field for a single source loca-
tion can be expanded for simultaneous monitoring of many
source locations. We find that synthetic tests performed with-
out the NZMB methodology failed to identify the presence of
leaks as reliably as synthetic tests performed with the NZMB
method, demonstrating the improved robustness of this new
statistical method for leak detection. In the non-bootstrap
tests, all synthetic data cases resulted in false-positive solu-
tions (Fig. 4). By contrast, the NZMB method succeeds in
correctly identifying two leaks of strength 3.0× 10−5 and
4.5× 10−5 kg s−1 with four or more beams monitoring 20
wells in a 4 km2 area, with 2 ppb model–data mismatch un-
certainty (a condition that could conceivably also be met in
the field given low background uncertainty and high mea-
surement precision). The NZMB method also consistently
succeeds in finding both leaks with 16 or more beams with at
least 10 ppb model–data mismatch uncertainty. Notably, the
NZMB method locates and sizes both leaks with no false-

Figure 12. Histogram of NZMB estimated source strength at source
location 2, with dashed line showing the bootstrap mean and thin
dotted lines showing ±2 standard deviation. The thick black line
shows the true leak strength at source location 2 (0 kg s−1). The
presence of 0 kg s−1 in the histogram triggers acceptance of the null
hypothesis (that the emissions rate at this site is zero).

positive results. Determination of leak strength was suc-
cessful to within 25 % (and all but a few cases well below
10 %) for all cases with 16 or more beams, using the NZMB
method.

5.2 Field data tests

Field data testing of the NZMB method corroborates the syn-
thetic data findings: that the new atmospheric observing sys-
tem presented here results in high accuracy of leak detec-
tion without false-positive results. The ability of the dual
frequency comb spectrometer to identify a very small leak
(3.1× 10−5 kg s−1), relying on very small methane enhance-
ments (17 ppb) against a highly variable background (range
of 65 ppb), demonstrates the potential utility of this method
for methane leak detection over large areas.

An important caveat to the methodology presented here is
the short length of the measurement averaging time, which
presents a mismatch with the ideal application of most dis-
persion models (for which practice is generally to use av-
eraging times longer than 2 min). This requirement in our
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methodology is due to two factors: the first is that rapid scan-
ning for potential leaks is an important feature in areas where
many sites must be monitored and leaks can be intermittent.
The second factor is that background methane concentrations
can vary with high frequency (order minutes) in proximity
to areas of oil and natural gas production (Dlugokencky et
al., 1995). We attempt to mitigate uncertainties arising from
using dispersion parameters developed for longer timescale
modeling over a 2 min period in several ways. First, n 2 min
dispersion calculations gathered over longer timescales (n
is between 30 and 63 for field data tests shown here) are
aggregated for use in a single inversion, which is accepted
practice (Scire et al., 2000). Second, both sources and re-
ceptors are close to the surface, which may help to miti-
gate crosswind-integrated concentration fluctuation intensity
(Weil et al., 2012). Third, a sensitivity test in which we adjust
the horizontal dispersion coefficient, σy , for shorter time av-
eraging, using the methods of Gifford (1976), shows negligi-
ble changes in the results (Supplement). We find that the po-
tential value of a method for rapid detection of methane emis-
sions over large scales and against a highly variable back-
ground means that the uncertainties introduced from mod-
eled eddy diffusivity parameterization are a complicating but
not irreconcilable caveat.

6 Conclusions

The focus of this study is to show the powerful potential of
the combination of a new statistical method with dual fre-
quency comb spectroscopy for the location and sizing of
point source emissions. The synthetic and field tests pre-
sented here rely on near-perfect (in the synthetic data tests)
or well-constrained (in the field data tests) background con-
centration estimation. Future studies are needed to address
the potential complications of more complex background
conditions and meteorological conditions under which it is
not possible to obtain sequential “upwind” and “downwind”
samples. Similarly, the tests here rely on the assumption of
constant leak rates, which may not be a realistic assump-
tion that can be made for methane emissions from oil and
gas operations. Future work to address these complexities
will be necessary. Future studies are also needed to examine
the gains that can be made from optimization of beam con-
figurations for improved leak detection given variable wind
and background conditions. In particular, previous work has
shown the critical impact that sensor placement can have on
the conditioning of the source–receptor relationship matrix
(H) and suggests paths forward for optimization of sensor
placement (Crenna et al., 2008; Flesch et al., 2009). Specif-
ically, the placement of one beam or sensor between each
source to be apportioned would be expected to lead to a
lower condition number and therefore a more reliable result
(Crenna et al., 2008; Flesch et al., 2009). Work aimed at ad-

dressing these complications is underway, as are inversion
efforts to resolve issues of leak intermittency.

A notable aspect of the micrometeorological modeling
used here to demonstrate the NZMB methodology is the
simple representation of atmospheric transport (the Gaussian
plume model). The choice to use a simple model that is fa-
miliar to the broader scientific community is intentional, but
its use belies the complex nature of turbulent mixing and dis-
persion in the atmospheric surface layer. What is gained in
simplicity and in providing a baseline for the most basic per-
formance of the methodology in a field setting may come at
the cost of recommending a model that may not ultimately be
well-suited for such an endeavor. The Gaussian plume model
neglects important aspects of atmospheric mixing such as
wind shear and the height dependence of eddy diffusivity,
and better models exist for simulation of atmospheric flow at
this scale. It is assumed that more sophisticated models of at-
mospheric dispersion could, therefore, lead to better flux es-
timation. We suggest that future applications in field settings
of the methodology presented here consider their use. Im-
portantly, despite its drawbacks, the Gaussian plume model
proves sufficient in the tests here for the accurate identifi-
cation (and, importantly, avoidance of misidentification) of
controlled, field-based methane leaks. Future studies of the
best transport model for the application of DCS measure-
ments and the NZMB method for leak detection is warranted.

The initial work presented here demonstrates the promis-
ing potential of dual frequency comb spectroscopy for detec-
tion of leaks in the natural gas supply chain and the valuable
gains that can be provided by using the NZMB method over
the NNLS fitting technique alone.
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Increasing our understanding of regional greenhouse gas transport, sources, and sinks requires accurate,
precise, continuous measurements of small gas enhancements over long ranges. We demonstrate a coherent
dual frequency-comb spectroscopy technique capable of achieving these goals. Spectra are acquired span-
ning 5990 to 6260 cm−1 (1600–1670 nm) covering ∼700 absorption features from CO2, CH4,H2O, HDO,
and 13CO2, across a 2 km path. The spectra have sub-1-kHz frequency accuracy, no instrument lineshape,
and a 0.0033 cm−1 point spacing. They are fit with different absorption models to yield dry-air mole frac-
tions of greenhouse gases. These results are compared with a point sensor under well-mixed conditions to
evaluate the accuracy of models critical to global satellite-based trace gas monitoring. Under heterogeneous
conditions, time-resolved data demonstrate tracking of small variations in mole fractions, with a precision
<1 ppm for CO2 and <3 ppb for CH4 in 5 min. Portable systems could enable regional monitoring.
© 2014 Optical Society of America

OCIS codes: (300.6300) Spectroscopy, Fourier transforms; (280.1120) Air pollution monitoring; (010.0280) Remote sensing and sensors.
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1. INTRODUCTION

Absorption spectroscopy over open paths provides a means of
remotely sensing changes in greenhouse gas mole fractions—a
critical need for greenhouse gas transport, source, and sink
studies as well as future regulatory monitoring [1–3]. It is
implemented in satellite instruments, upward-looking Fourier
transform spectrometers (FTS), and ground-based FTS and
laser spectrometers [4–11]. Ideally, these systems should detect
the dry-air mole fractions (which correct for variable dilution
by water vapor) of multiple gases over long paths with high
precision and reproducibility to enable mapping of small gra-
dients in both space and time. However, absorption spectros-
copy faces two distinct challenges. First, spectral databases

required to convert absorption to concentrations cannot sup-
port the desired reproducibility between instruments of
0.1 ppm CO2 and 2 ppb CH4 for background greenhouse
gas monitoring [12], and less than 1 ppm CO2 for urban en-
hancement monitoring [13–15]. Second, there is a lack of
portable, long-path, multigas sensors with high reproducibility
to support regional monitoring. Portable FTS is limited to sub-
kilometer paths and ∼5%–10% uncertainty because of diver-
gent sources and broad instrument lineshapes [10,16].
Therefore, regional studies use flushed-cell point sensors cali-
brated via a reference gas [17,18]. In contrast, accurate open-
air path systems could provide continuous path-averaged mole
fractions that avoid representation errors associated with point
sensors [3,19].

2334-2536/14/050290-09$15/0$15.00 © 2014 Optical Society of America

Research Article Vol. 1, No. 5 / November 2014 / Optica 290

http://dx.doi.org/10.1364/OPTICA.1.000290


Dual frequency-comb spectroscopy (DCS) is a promising
solution to both challenges. DCS [20–31] has broadband
spectral coverage for multispecies detection, a bright
diffraction-limited source for high signal-to-noise ratio
(SNR) over multikilometer ranges, a rapid update rate for im-
munity to turbulence-induced optical intensity fluctuations,
and, importantly, can sample the transmission on a comb
tooth-by-tooth basis for high-accuracy spectra. Here, we show
that the full advantages of DCS can be applied to quantitative
outdoor sensing of greenhouse gases. Our measured spectra
span 80,000 comb teeth covering 5990 to 6260 cm−1

(1600 to 1670 nm) with absorbance noise below 5 × 10−4.
Data are acquired at the comb-tooth separation of
0.0033 cm−1 (100 MHz), with negligible instrument line-
shape since the comb teeth are essentially delta functions in
frequency. We demonstrate simultaneous retrieval of dry-air
mole fractions of CO2, CH4, H2O, HDO, and 13CO2 and
air temperature over a 2 km turbulent air path. During
well-mixed atmospheric conditions, these data enable high-
resolution evaluation of spectral absorption models and, when
combined with laboratory measurements, should lead to im-
proved spectral absorption models critical for open long-path
remote sensing [13,32].

Moreover, the advent of portable frequency combs [33]
should enable field-deployable DCS to support verification
and monitoring of emissions of distributed sources (e.g., car-
bon sequestration [11] and gas development sites [2,34]) and
larger-scale monitoring networks. As an initial demonstration,
time-resolved dry-air mole fractions were acquired continu-
ously over three days. The DCS data compare well with a
nearby point sensor for large-scale fluctuations with much
lower sensitivity to local concentration spikes. One-sigma sta-
bilities of <1 ppm (μ mol∕mol) for CO2 and <3 ppb (nmol/
mol) for CH4 are reached at 5 min averaging. Absolute agree-
ment is limited by the current spectral databases to ∼1%–2%
and by variability in sampled regions. Future optimized sys-
tems with higher power and extended spectral coverage
[29,35–40] could reach similar stabilities in seconds, over
10 km, while sensing additional species, isotopologues, and
oxygen [28]. Finally, the absence of instrument lineshapes
should enable direct cross comparison of retrievals between
systems, times, and locations.

2. OPEN-AIR DUAL-COMB SPECTROMETER

Figure 1 shows the experimental setup. In dual-comb spectros-
copy [20–30], two frequency combs are arranged to have offset
repetition rates (f r and f r � Δf r). When combined, the re-
sulting heterodyne signal is an rf frequency comb, where each
rf comb tooth is spaced by Δf r , and has a one-to-one relation-
ship with a specific pair of optical comb teeth [see Fig. 1(a)].
Therefore, this rf spectrum is simply scaled to reproduce the
optical spectrum.

Here, we implement DCS with two mutually coherent
erbium-doped fiber frequency combs (f r ∼ 100 MHz,
Δf r � 444 Hz) with relative ∼1 Hz comb linewidth and
with each comb tooth’s frequency known to better than
1 kHz [23] (see Supplement 1). The comb spectra are centered

within the atmospheric water-vapor window near 1.6 μm and
further shaped to cover both a portion of the CH4 tetradecad
and a CO2 combination band. The choice of Δf r � 444 Hz
allows an alias-free optical bandwidth of f 2

r ∕�2Δf r� �
375 cm−1, which covers both absorption bands simultaneously
[22]. The comb outputs are combined and transmitted over a
2 km folded open-air path on the NIST Boulder campus [see
Figs. 1(b) and 1(c)]. This 2 km path length exceeds previous
laboratory-based DCS using either multipass cells or resonant
cavities.

Figures 1(d) and 1(e) show the resulting high SNR trans-
mission spectrum acquired over ∼170 min under relatively
constant temperature and pressure across the measurement
path (see Supplement 1). The overall shape corresponds
to the spectrally filtered comb light. The stronger CO2,
H2O, and CH4 absorption lines appear as sharp dips of
up to 15% with many weaker CH4, CO2, and H2O,
HDO, and 13CO2 lines observed down to 10−3 absorbance.
There are ∼80; 000 comb-tooth pairs across the 267 cm−1

window. With the spectral shaping, about half of these,
or ∼40; 000 comb-tooth pairs, compose the measured spec-
trum. Each comb-tooth pair contributes a distinct data point
in the transmitted spectrum with kilohertz-level frequency
uncertainty (corresponding to a resolving power of 1011),
spaced at f r � 100 MHz (0.0033 cm−1), and with SNR
in the signal intensity exceeding 3000∶1 for these long time-
averaged data. Even higher SNR values would be possible
except that we aggressively limited the transmitted power
to avoid any lineshape distortions due to detector nonline-
arity [23,29]. These data were acquired with coherent
summing (see Supplement 1), but continuous time data
confirmed ∼Hz linewidth between the detected pairs of
frequency-comb teeth. The quality of these data is consistent
with previous ultrahigh-resolution laboratory DCS spectra
and demonstrates that the fundamental properties of coher-
ent DCS—namely high resolution, high accuracy, broad
bandwidth, and high SNR—can be directly translated to
field-based measurements.

Turbulence is a concern for high-resolution open-air path
spectroscopy as it can easily cause strong (100%) and fast
(>100 Hz) optical intensity modulation, potentially leading
to excess noise in the measured optical transmission spec-
trum. The power spectral density related to turbulence-
induced intensity noise falls off strongly as f −8∕3 beyond
the characteristic cutoff Fourier frequency, f c ≈ U∕

ffiffiffiffiffiffiffiffiffiffi

2πLλ
p

,
where U is the wind speed, λ is the optical wavelength, and
L is the path length [41]. Here, f c is tens of hertz. In com-
parison, the DCS effectively acquires a single spectrum
within 1∕Δf r � 1∕444 s. In other words, since f c < Δf r ,
the turbulence intensity noise is effectively frozen during a
single spectrum. Rain, light fog, or clipping of the beam at
the telescope will reduce the SNR if there is significant at-
tenuation, but should not distort the spectrum for similar
reasons. Of course, some turbulence-induced fluctuations
do occur on the timescale of a single interferogram, but
a more rigorous discussion (see Fig. 1 of Supplement 1)
shows they appear as multiplicative noise that is below
the overall noise floor. Turbulence can also cause optical
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wavefront distortions and phase noise on the comb lines
[41,42]. However, since both combs are copropagating,
these effects are common mode and ultimately negligible.
This relative immunity of DCS to turbulence is in strong
contrast to high-resolution FTS or conventional swept laser
spectroscopy, which have longer acquisition periods. Finally,
as a coherent system, DCS is unaffected by collected sun-
light because of the narrow heterodyne detection bandwidth.

3. MEASUREMENTS UNDER WELL-MIXED
ATMOSPHERIC CONDITIONS

The DCS spectra provide a direct means to validate current
and future spectral databases and absorption models since
the spectra are free from instrument distortions and the
DCS horizontal path avoids the atmospheric modeling that
is required with up-looking total column measurements
[7,14]. The transmission spectrum shown in Fig. 1(d) is

Fig. 1. Open-air path greenhouse gas sensing through dual-comb spectroscopy. (a) DCS concept: two combs with slightly different tooth spacing
interfere on a detector, giving a third rf comb with a one-to-one mapping to the optical comb teeth. (The actual experiment spans ∼105 comb teeth.)
(b) Experimental setup: two combs are amplified, pulse-compressed in large mode area (LMA) fiber, spectrally broadened in highly nonlinear fiber
(HNLF), and filtered to generate light covering the spectral bands of interest. Two fibers carry the comb light to the rooftop, where the light is combined
and launched in a ∼40 mm beam (1∕e2 diameter), and reflected from a 50 cm diameter plane mirror located 1 km distant. The return light is coupled to a
multimode fiber and detected. The transmitted light power was limited to 1.5 mW so that the maximum received power was always below a conservative
detector nonlinearity threshold of 50 μW average power (500 fJ pulse energy). (c) Location of the 2 km interrogation path (red line, ground projection
represented by black line), the tower with the point sensor intake (inset), and elevation of the beam path (bottom inset). (d) Example transmitted intensity
showing the smoothly varying comb intensity and abrupt dips due to absorption. (e) Expanded view of absorption features. The typical gas absorption
lines have ∼40 teeth across each ∼4 GHz wide line (top, several transitions from the 2ν3 level of the CH4 tetradecad; bottom, R20 transition of the
30013←00001 band of CO2).
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converted to absorbance by normalizing out the overall comb
spectrum and applying Beer’s law. Initially, we acquired a
reference spectrum without the air path, but this approach in-
troduced additional baseline etalons. Therefore, we instead
normalized out the smoothly varying comb spectrum through
piecewise baseline fitting (see Supplement 1), as is done for
FTIR spectra. The resulting absorbance spectrum, shown in
Fig. 2, can then be fit using different absorption models to

both assess those models and find the path-averaged dry-air
mole fractions of various greenhouse gas species.

We separately fit the lower (6050 to 6120 cm−1) and upper
(6180 to 6260 cm−1) spectral windows. Within a spectral win-
dow, we fit the entire absorption spectrum at once. The only
inputs to the fits are the measured atmospheric pressure (from
calibrated pressure gauges at each end of the path) and the
absorption models. The fitted parameters are the overall gas
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some weaker CO2 lines, while the right spectrum shows the 30013←00001 CO2 band, CO2 hot bands, andH2O, 13CO2, and HDO features. The data
(red line), fit with HITRAN 2008 (blue line, indistinguishable from the data), and residuals (upper blue line) are shown. There are ∼40; 000 data points,
or comb teeth, spaced at 100 MHz across the spectral windows. (b) Expanded view of a few representative lines along with residuals for fits to the
HITRAN 2008 model [44], the HITRAN 2012 model [43], the line-mixing and speed-dependent model of Ref. [14], and line-by-line Voigt fits
to each line. Also shown are the fit residuals for a 5 min time average, identical to those used in the time-resolved data of Fig. 3. The noise per comb
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and absorption models.
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concentrations of CO2, 13CO2, H2O, CH4, and HDO, and
temperature. The fit to the upper spectral window includes a
fit for temperature based on the band-wideCO2 absorption; in
this way the path-averaged temperature is extracted directly
instead of using colocated temperature sensors that can suffer
from solar loading. The CO2 and 13CO2 mole fractions were
extracted from the fit to the upper spectral region, while the
CH4, H2O, and HDO mole fractions were extracted from
the fit to the lower spectral region (although there are CO2

lines present as well). More than 300 spectral lines are included
in the lower spectral window and 400 in the upper spectral
window.

Absorption models for species in this region are evolving.
The models consist of a set of spectral parameters that describe
the temperature-, pressure-, and concentration-dependent
strength, location, and width of each absorption feature, along
with a lineshape profile model. Figure 2 shows the results of fits
using the High-Resolution Transmission Molecular Absorp-
tion Database (HITRAN) 2012 [43] and 2008 [44]. The stan-
dard deviation of the residuals is ∼2 × 10−3 absorbance units
for 5 min averages at the 100 MHz (0.0033 cm−1) point spac-
ing, dropping to <5 × 10−4 at 170 min. When scaled to the
same resolution, this SNR is comparable to high-resolution
solar, up-looking FTS spectra (but in a more compact, poten-
tially portable instrument package without long, moving inter-
ferometer arms). For the upper spectral region, fits using the
similar HITRAN 2012 [43] and 2008 [44] databases result in
peak residuals below 3 × 10−3, except for one errant line near
187.38 THz (coincident with a reported weak HDO line in
HITRAN 2008). For the lower spectral region, HITRAN
2012 has methane parameters quite different from HITRAN
2008, and this difference is strongly reflected in the residuals,
as well as the concentrations as discussed in Table 1.

The Voigt profile used with the HITRAN databases
[43,44] neglects, among other things, coupling between en-
ergy states of nearby transitions (line mixing) and the effect
of collisions on the Doppler contribution to the lineshape
(speed dependence). Therefore, concentrations extracted using
the Voigt profiles have been shown to lead to inaccurate atmos-
pheric retrievals [45]. Figure 2(b) also shows residuals to a fit
using a lineshape model and a corresponding spectral param-
eter database that includes line-mixing and speed-dependent
Voigt profiles and was developed to support accurate
satellite-based trace gas monitoring [14,46,47]. Residuals
remain, with quite different structures compared to the
other models; however, the fitted concentration using the

line-mixing and speed-dependent model should have the
highest accuracy.

Figure 2(b) also contains residuals resulting from a line-by-
line Voigt profile fit where the collisional linewidth, line
center, and line strength are finally allowed to vary on a
line-by-line basis. Though this fit overlooks the quantum-
mechanical basis of the previous spectral databases, the small
residual may indicate that the largest sources of error in absorp-
tion models are the spectral parameters (line strength, line
center, broadening coefficients, etc.) rather than deviations
from the Voigt lineshape model.

Table 1 compares the mole fractions extracted using the
different absorption models. There is a significant model-
dependent spread. For CO2, all four absorption models rely
on analysis of the same underlying laboratory FTS data, so this
spread emphasizes the consequences of different lineshape
models. As mentioned above, among the models considered
here the line-mixing, speed-dependent Voigt profile (LM/SD)
and corresponding spectral parameter database [14,46,47] is
expected to yield the most accurate results for CO2. Table 1
also reports the DCS systematic uncertainty excluding the
model-dependent effects. The uncertainty is based on the
root-mean-square of the sensitivities of the retrieved mole
fractions to several different factors: maximum pressure and
temperature path inhomogeneities (�500 Pa and 6 K, respec-
tively), uncertainty in path length (�20 cm) and air pressure
(�30 Pa), and baseline correction. Baseline correction is the
largest contributor (by a factor of 10 or more) in particular due
to an etalon ripple with absorbance amplitude 10−3 (see Sup-
plement 1). For CO2, the other factors contribute below
0.06 ppm uncertainty.

Table 1. Mole Fractions Retrieved from Fits of the Absorbance Spectrum of Fig. 2 with Four Absorption Models: HITRAN
2008 [44], HITRAN 2012 [43], Line-Mixing Speed-dependent Voigt (LM/SD) [14], and Toth et al. [48]a

Mole Fraction Retrieval (ppm) Systematic Unc. (ppm)

Hitran 08 Hitran 12 LM/SD Toth Excluding Spectral Model

CO2 408.7 407.7 404.7 406.2 0.8 0.21%
CH4 1.878 1.985 — — 0.009 0.45%
H2O 3223 3217 — — 22 0.73%
HDO 1.13 0.97 — — 0.13 11%
13CO2 4.5 4.4 — 4.2 1.7 37%
aThe final column reports the systematic (type B) uncertainty of the dual-comb spectrometer, excluding the model dependence captured in the first columns (see text).

Table 2. Comparison of the Mole Fractions Obtained with
the Dual-Comb Spectrometer and the Tower-Mounted
Point Sensor under the Well-Mixed, Stable Atmospheric
Conditions of Fig. 2a

Mole
Fraction
(ppm) DCS Tower Sensor Difference

CO2 404.7� 0.8 397.6� 0.06 7.1 1.78%
CH4 1.878� 0.009 1.874� 0.002 0.004 0.20%
H2O 3223� 22 3168� 95 55 1.74%
aFor the DCS, the dry-air mole fraction ofCO2 is retrieved from the LM/SD fit,

and the dry-air CH4 and H2O ratios are retrieved from the HITRAN 2008 fit.
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Table 2 compares the DCS to the tower-mounted point
sensor. For CO2, there is 1.8% offset with the LM/SD fits,
which increases to 2.8% for the HITRAN 2008 fits. Under
the windy, well-mixed atmospheric conditions for these data,
the DCS and tower-mounted point sensor should measure al-
most identical mole fractions. Given that the point sensor is
calibrated directly against the World Meteorological Organi-
zation (WMO) reference gas (see Supplement 1), we attribute
most of the offset to the DCS retrieval and specifically to the
line strengths of the absorption model. For CH4, the DCS
analyzed with the HITRAN 2008 database is in excellent
agreement with the tower sensor (although the fits to
HITRAN 2012 exhibit a 5.7% offset from the tower sensor).
For H2O, the two systems agree to within the uncertainty of
the tower sensor.

The main conclusion—that better absorption models are
needed to support accurate greenhouse gas monitoring—very
much echoes the significant body of work in support of satellite
measurements. Subpercent uncertainties in retrieved gas con-
centrations will require improvements in the spectral database,
possibly through laboratory frequency-comb or cavity ring-
down systems [23,29,49,50]. Finally, while DCS does rely
on accurate spectral databases (as with any open-air path
absorption technique), it should be straightforward to reana-
lyze DCS spectra as the databases are refined. In fact, this fea-
ture of the dual-comb spectra is important for accurate
greenhouse gas monitoring. Whereas extractive flushed-cell
sampling instruments rely on reference gas calibrations that
must be performed periodically to maintain accuracy and
cross-instrument comparability, the measured dual-comb

440

420

400C
O

2, 
dr

y
(p

pm
)

2.0

1.9C
H

4, 
dr

y
(p

pm
)

4

2

0

H
D

O
(p

pm
)

30

10

T
em

p.
(C

)

1.0

0.5

12:00
6/1/2013

12:00
6/2/2013

12:0000:4200:4200:42
6/3/2013

12:00

6/1/2013

12:00

6/2/2013

12:0024:00 24:00 24:00

6/3/2013

400

300

200

100

0

2

1

(a)

(b)

C
O

2 
dr

y 
(p

pm
)

C
H

4 d
ry

 (p
pm

)

CO2

CH4

H
2 O

 (%
)

H2O
1 day

1 day

Fig. 3. Time-resolved mole fractions. (a) Time dependence of the dry-air mole fraction for CO2 (green), CH4 (light blue), and water (dark blue)
retrieved from the DCS and the corresponding values from the tower-mounted point sensor (black line) at 5 min periods over three days. (b) Time
dependence of CO2 and CH4 with an expanded y axis. Also shown are the time dependence of HDO (pink) and the retrieved path-averaged temperature
(orange). All data are from the fit with the absorption model based on HITRAN 2008. The DCS CO2 mole fraction has been scaled to remove the 2.8%
offset between the DCS and the tower-mounted sensor over the initial ∼3 h period (shaded region) where the atmosphere was well-mixed and the
measurement path was upwind from the NIST central utility plant.

Research Article Vol. 1, No. 5 / November 2014 / Optica 295

http://www.opticsinfobase.org/optica/viewmedia.cfm?URI=optica-1-5-290&seq=1


spectra from multiple instruments can be compared directly
and indefinitely. Therefore, the retrieved mole fractions can
be similarly compared when the spectra are fit with an accu-
rate, bias-free absorption model. For example, as water-
broadening coefficients for CO2 and CH4 become available,
these effects can be included without the empirical corrections
needed with flushed-cell point sensors [18].

4. TIME-RESOLVED MEASUREMENTS OF THE
DRY-AIR MOLE FRACTIONS OVER A THREE-DAY
PERIOD

The data of Fig. 2 were acquired over a windy, well-mixed
period in which the mole fractions were quite stable. Nor-
mally, the mole fractions will vary significantly from nearby
sources and sinks, and as the planetary boundary-layer height
changes. We can analyze these time variations using the same
fitting procedures described above. Figure 3 shows the results
over a three-day period at 5 min averaging, analyzed with the
HITRAN 2008 spectral database. The path-averaged air
temperature is extracted directly from the fit to the

30013←00001 CO2 spectral band, placing even greater reli-
ance on accurate spectral parameters.

During periods of wind and daytime thermal turbulence,
the dry-air mole fractions reported by both the DCS and
the tower-mounted point sensor are relatively flat. During
low wind and nighttime boundary-layer settling, both show
strong variations in time. However, as expected, the point sen-
sor is much more susceptible to short spikes from local plumes.
(For comparison purposes, the tower-sensor data are averaged
to 5 min here; at shorter timescales the spikes are even more
pronounced.) Moreover, statistically significant offsets are
common between the point sensor and the path-averaged
DCS results, which is not surprising given the presence of
localized emissions from vehicles, the NIST central utility
plant (just south of the air path), and a nearby roadway.
The comparison emphasizes the quantitative differences that
can arise between a single point sensor and a path-averaged
system. One expects the path-averaged system to connect more
directly to kilometer-scale regional transport models. More-
over, with the addition of multiple reflectors the same DCS
system could interrogate multiple displaced paths [11], provid-
ing even greater utility to regional models.

The overall sensitivity, or precision, of the DCS is calcu-
lated directly as the Allan deviation over a period of relative
stability, as shown in Fig. 4. The optimal averaging time period
depends on the timescale of the atmospheric fluctuations; we
selected 5 min for Fig. 3, which also leads to a precision com-
parable to the systematic uncertainty (Table 2). However, op-
eration over longer distances, at the full eye-safe power level of
9.6 mW, or at longer wavelengths where the absorption is ten-
fold stronger, will all dramatically improve the precision. In
addition, stronger absorption lines will reduce the systematic
uncertainty that is dominated by baseline ripple (etalons).

5. CONCLUSION

We demonstrate that DCS is ideally suited to the challenges
associated with accurate sensing of atmospheric trace gases
across open-air paths; it combines broadband spectral coverage
for accurate multispecies detection with a diffraction-limited
laser output for high sensitivity over multikilometer air paths.
Equally important, its high acquisition speed achieves immun-
ity to turbulence-induced intensity noise, and its negligible in-
strument lineshape enables high accuracy and ultimately
accurate cross comparison of spectra (and therefore concentra-
tions) acquired with different systems, at different times and
locations. We demonstrate these capabilities over a 2 km open-
air path with an initial system that measures CO2, 13CO2,
CH4,H2O, HDO, and air temperature. Future broader band-
width systems will detect more species, while higher power
output will further improve the sensitivity. DCS data can sup-
port the development of accurate absorption models used in
global, satellite-based greenhouse gas monitoring. Moreover,
with the recent advancement of portable, high-performance
frequency combs [33], there is no technological barrier to
regional deployment of fielded DCS systems that have costs
comparable to high-performance point sensors and are capable
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of autonomous, eye-safe, around-the-clock monitoring of
multiple gas species over multiple optical paths.
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