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Quantifying CH4 concentration spikes above baseline and attributing CH4 
sources to hydraulic fracturing activities by continuous monitoring at an 
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H I G H L I G H T S  

� An off-site tower measured CH4 concentrations pre-drilling through fracking. 
� A baseline ANN model was developed and extrapolated through fracking phases. 
� CH4 concentration spikes were identified by comparing measurements to the model. 
� CH4 concentration spikes were largest in vertical drilling and fracking phases. 
� Stable isotopes confirmed that CH4 spikes were due to natural gas emissions.  
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A B S T R A C T   

Hydraulic fracturing (hydrofracking) for natural gas has increased rapidly in the area of the Marcellus Shale in 
the last thirty years and estimates of CH4 emissions from hydrofracking operations are still uncertain. Previous 
studies on CH4 emissions at hydrofracking operations have used bottom-up approaches collected at discrete 
timepoints or discrete aerial surveys covering a wide spatial area, constraining the temporal scale of inference 
regarding these emissions. This project monitored atmospheric CH4 concentrations and stable carbon isotopes at 
a half-hourly temporal resolution from a 20-m tower downwind of a hydrofracking well pad in West Virginia for 
eighteen months. We collected four months of baseline observations prior to onsite well development to 
construct an empirical artificial neural-network model of baseline CH4 concentrations. We compared measured 
CH4 concentrations against the ANN-modeled CH4 baseline to identify CH4 concentration spikes that coincided 
with different stages of onsite well development, from the baseline period through fracking. CH4 concentration 
spikes were significantly more frequent than baseline conditions during the vertical drilling and fracking phases 
of operations. We found that the median magnitude of CH4 concentration spikes during the vertical drilling phase 
was 316% larger than that of the baseline phase, and the median magnitude of CH4 concentration spikes was 
509% larger in the hydraulic stimulation (fracking) stage compared to the baseline phase. We also partitioned 
the sources of measured CH4 concentrations to biogenic ruminant and geologic shale gas isotopic signatures by 
measuring 13CH4 gas at high temporal resolution and using a source-partitioning 13CH4 model. The measured 
median value of half-hourly CH4 concentration spikes attributed to a geologic shale gas isotopic origin was 27% 
larger than the median CH4 concentration spikes attributed to ruminants, and the maximum half-hourly CH4 
concentration spike attributed to shale gas was up to 179% higher than maximum CH4 concentration spike for 
ruminant-dominated half-hours. This study developed a framework for off-site, single tower measurements to 
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identify CH4 concentration spikes associated with the phases of unconventional natural gas well development in 
a complex CH4 emissions airshed.   

1. Introduction 

Methane (CH4) is one of the most important greenhouse gases 
contributing to climate change. The radiative forcing potential of CH4 is 
around 26–29 times greater than that of carbon dioxide on a 100-year 
time scale and methane emissions have a considerable impact on short 
term climate warming (Intergovernmental Panel on Climate Change, 
2014; Prather et al., 2012). Hydraulic fracturing is a method for natural 
gas extraction that became widespread within the U.S. in the 1990s and 
has since become common worldwide. The economic value of a single 
unconventional well pad (i.e., a well pad where hydraulic fracturing 
occurs) is typically maximized by first drilling vertically, and then 
horizontally through the shale, allowing natural gas to be extracted from 
a larger spatial area of the deposit. Natural gas is often considered a 
cleaner energy source than coal because natural gas drilling is poten-
tially less environmentally destructive and produces less waste (Cathles 
et al., 2012). Natural gas production also emits fewer greenhouse gases 
per unit energy produced than does coal, as long as CH4 emissions 
during fossil fuel extraction and production do not exceed 3.2% of the 
total natural gas produced (Alvarez et al., 2012). 

There have been increasing efforts to identify changes in CH4 and 
carbon dioxide (CO2) emissions during the construction of unconven-
tional wells and implementation of hydraulic fracturing, and estimates 
have increased in magnitude during the past decade (Alvarez et al., 
2018; Goetz et al., 2017; Omara et al., 2016). Some estimates of methane 
emissions from unconventional well infrastructure exceed the 3.2% 
threshold presented by Alvarez et al. (2012), at which the life-cycle 
carbon footprint of fracked natural gas may exceed that of coal for 
electricity production. Fugitive CH4 emissions during shale gas extrac-
tion can be reduced by implementing green technology solutions during 
construction and drilling (Cathles et al., 2012; Reay et al., 2018). There 
is recent evidence to suggest that regulations on CH4 emissions during 
the completion-venting step of hydraulic fracturing have reduced 
regional CH4 emissions (Ren et al., 2019). Knowing which stages of 
unconventional well development emit the most methane could help 
engineers and policy makers to target and enforce key management 
practices to reduce fugitive CH4 emissions. 

The goal of this study was to develop a monitoring approach that can 
identify the increased occurrence of fugitive CH4 emissions during 
different stages of drilling, hydrofracturing and production of at a nat-
ural gas well pad. We sought an approach that could be appropriate for a 
third-party off-site monitoring system, to be used in cases when direct 
access to the well site is limited or not available. Our approach is based 
on observing the changes in CH4 concentration spikes before and during 
unconventional well development. We hypothesized that at a given 
location, the concentration of CH4 from natural sources can be explained 
by natural forcing, such as wind speed and direction, and air tempera-
ture, which control either the upwind location of potential natural 
sources or the rate of methane production by natural processes. This 
hypothesis can be framed as a baseline model of methane concentration 
as a function of environmental drivers at a given location. A direct 
prediction from this hypothesis is that, given a long enough observation 
period for model calibration and in the lack of any new or anthropogenic 
sources, the distribution of spikes above the baseline model prediction is 
constant. Any added CH4 sources that were not present during the 
observation period used to develop the baseline model could be detected 
through a significant increase in the frequency and intensity of above- 
model-prediction spikes. In the current project, after measuring and 
developing a baseline CH4-concentration model, we used model pre-
dictions to identify CH4-concentration spikes during the phases of un-
conventional well development. We verified that these concentration 

spikes were a result of geologic emissions by measuring continuous 
isotopic 13CH4 values simultaneously with CH4 concentrations. 

Previous research has quantified CH4 emissions from fracking sites 
using a bottom-up approach, usually by measuring single point sources 
of emissions from hydraulic fracturing infrastructure at a single point in 
time and using those values to model emissions across the entire process 
(Allen et al., 2013; Kang et al., 2016; Townsend-Small et al., 2016a,b, 
2015). A top-down approach observes total atmospheric methane over a 
longer time period by co-locating continuous measurements and the 
potential sources around an unconventional well pad. Previous 
top-down studies of methane emissions at unconventional well sites 
have used aerial surveys lasting a few hours during the day, flying 
through plumes of methane downwind of well pads and creating a map 
with flight path data showing elevated methane concentrations in a 
plume originating around the fracking pad (Caulton et al., 2014; Karion 
et al., 2013; Mitchell et al., 2015; Peischl et al., 2016; P�etron et al., 2014, 
2012). Estimates of fugitive emissions derived from top-down mea-
surements were typically higher than those derived from bottom-up 
measurements, due to the spatiotemporal mismatch in the data collec-
tion between these methods (Vaughn et al., 2018). 

This study built on the top-down observation approach by observing 
long-term methane concentrations at a single measurement tower, 
sacrificing spatial resolution for enhanced temporal resolution and a 
spatially wide concentration-source footprint. We measured quasi- 
continuous CH4 concentrations in the boundary layer at a 20 m tower 
using an in-situ gas analyzer along with high temporal resolution 13CH4 
isotope concentrations to partition CH4 sources as biogenic or geologic 
in origin. Observations began at the tower four months prior to onsite 
well development, which allowed us to optimize a baseline CH4 con-
centration model using an artificial neural network driven by meteo-
rological and surface flux observations (Baldocchi et al., 2001). 
Instruments were continuously operated through the phases of hydraulic 
fracturing, including a baseline pre-drilling period, vertical drilling, 
horizontal drilling, and fracking (also called hydraulic stimulation). 

This study aimed to 1) monitor continuous atmospheric CH4 con-
centrations downwind of an unconventional well site during a baseline 
period and through fracking, 2) identify CH4 concentration spikes dur-
ing the phases of unconventional well development by comparing 
measured CH4 concentrations with an artificial neural network model 
trained on the baseline period, and 3) verify that identified CH4 con-
centration spikes were of geological shale gas origin using direct, 
continuous isotopic 13CH4 measurements with a source partitioning 
model. 

2. Methods 

2.1. Site description 

We constructed a 20 m tall eddy covariance tower (39� 40043 N, 80�

9052 W) in a grassy meadow (~300 m � 400 m) on a flat hilltop sur-
rounded by deciduous forest in Jakes Run, West Virginia that was 
approximately 2.5 km northeast of an active well pad site (Fig. 1). The 
larger area around the tower included deciduous forest, un-grazed 
grassland, grazed grassland, and a nearby stream. Data collection at 
the tower began in July 2017, which coincided with the beginning of 
construction of the well pad site during the baseline period, and moni-
toring extended through January 2019. Drilling activity at the fracking 
pad site started late November 2017. Natural gas extraction by hydro-
fracking first requires vertical drilling into the shale formation followed 
by horizontal drilling in several lateral directions outward from the 
central vertical axis. This is followed by fracking (hydraulic stimulation) 
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where liquid is flushed through the system to extract the natural gas. We 
sectioned our data into five periods of hydraulic fracturing activity to 
assess potential differences in CH4 concentrations: baseline (7/1/ 
17–11/17/17), vertical drilling (11/17/17–2/4/18), pause 1 (2/5/ 
18–4/14/19), horizontal drilling (4/15/18–8/8/18), pause 2 (8/9/ 
18–9/12/19), and fracking (hydraulic stimulation; 9/13/18–12/17/ 
18). 

A nearby livestock farm and a stream represented the primary po-
tential sources of biogenic methane emissions at this site. Our isotopic 
partitioning framework accounted for CH4 concentrations originating 
from livestock, but did not account for other biogenic emissions such as 
microbes from soils or streams. To check whether nearby soils or the 
stream were significant sources of CH4 within our tower footprint, we 
measured surface-atmosphere CH4 chamber flux in June–September 
2018 in four ecosystem types: forest floor, grazed pasture, un-grazed 
field, and stream, with nine replicates per ecosystem type collected in 
each month. We used a standard chamber construction (as in Villa et al., 
Under Review) and we measured the accumulation of CH4 within the 
chamber with a mobile gas concentration analyzer (Picarro G4301, 
Picarro, Santa Clara, CA). These measurements revealed that the sur-
rounding stream and soil were not significant sources of biogenic 
methane emissions (Supplementary Table S1), so we considered rumi-
nant animals to be the major biogenic source of CH4 within our tower 
footprint. 

2.2. Data collection and quality assurance 

Data collection at the tower began in July 2017 about four months 
before drilling activity began at the well pad site in order to measure pre- 
drilling baseline CH4 concentrations and associated meteorological 
variables. We deployed an ultrasonic anemometer (CSAT3, Campbell 
Scientific, Logan, UT) to measure 3-D atmospheric turbulence, an open- 
path infrared gas analyzer to measure methane concentration (LI-7700, 
LI-COR Biosciences, Lincoln, NE), and an open-path infrared gas 
analyzer to measure CO2 and water vapor concentrations (EC-150, 
Campbell Scientific, Logan, UT). The ultrasonic anemometer and 
infrared gas analyzers collected data at 10 Hz temporal resolution. The 
tower also included a net radiometer (NR-Lite, Kipp & Zonnen, Delft, 
Netherlands) and a temperature and humidity sensor (HMP45g, Vaisala, 
Vantaa, Finland). Data were logged on a micrologger (CR3000, 

Campbell Scientific, Logan UT), transmitted to a nearby computer via 
FM radio, and uploaded to the data cloud via a local Wi-Fi connection. 
Net radiation, temperature, and humidity data were collected at 1-min 
resolution were transformed into half-hourly averages. 

Surface-atmosphere fluxes of CO2, H2O, and sensible heat were 
calculated using the eddy-covariance technique following best practices 
(Lee et al., 2006; Burba and Anderson, 2010) using code written in 
Matlab R2017b. For full details regarding the flux processing approach, 
see (Morin et al., 2014b). Briefly, we removed any data value flagged by 
the internal quality control indicators of the corresponding measure-
ment sensors. For all 10 Hz variables, we identified observation outliers 
using a threshold of 6 standard deviations within a 2-min moving win-
dow and an absolute high and low range of acceptable data. Outliers in 
the raw 10 Hz data were removed and replaced by NaN. Any half-hour 
period that was missing more than 50% of the raw observations was 
treated as missing (replaced with NaN). Major causes of missing data 
were power loss to the tower, communication failure between the tower 
and computer, and snow, ice or heavy precipitation that obscured the 
sensor mirrors or blocked the sensor observation path. Overall, 67% of 
the CH4 concentration data from the LI-7700 were filtered out or 
missing. 

We also stationed a cavity ring-down spectrometer on the tower to 
measure δ13CH4 (Picarro G2201-i Analyzer for Isotopic CO2/CH4; Pre-
cision <0.16‰; Measurement frequency 5 s). In subsequent analysis we 
used a 30-s rolling average of CH4 concentration and the δ13CH4 stable 
isotope ratio collected by this instrument. We filtered out raw mea-
surements of δ13CH4 that fell outside the � 10‰ to � 70‰ range, which 
are theoretically unrealistic and comprised 4.8% of total observations. 
An additional 36% of the half-hours were missing due to an equipment 
malfunction, primarily due to power loss at the tower. After filtering, we 
calculated the half-hourly mean value of CH4 concentration and the 
δ13CH4 stable isotope ratio. All the data collected at the tower site is 
available through Ameriflux, site ID US-JRn https://ameriflux.lbl.gov/si 
tes/siteinfo/US-JRn. 

2.3. Artificial neural network baseline CH4 concentration model 

We used the artificial neural network (ANN) approach to model the 
baseline CH4 concentrations using data from the baseline period from 
July 2017 through October 2017. We assumed that observations during 

Fig. 1. West Virginia tower site. A 20 m tall tower 
(marked “Tower”, near the Hellyer yard) to measure 
surface-atmosphere exchange was constructed about 
2.5 km from the natural gas well pad site (locations 
3H, 11H, 7H). An additional producing well is to the 
north (and typically downwind) of the tower. Previ-
ous horizontal drill lines are marked red. Horizontal 
drill lines that were drilled during the study period 
are marked yellow. Active, abandoned and plugged 
wells within 2 km of the tower are marked by location 
pins. (For interpretation of the references to colour in 
this figure legend, the reader is referred to the Web 
version of this article.)   
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this period represented the baseline concentrations dynamics for this 
area without the influence of nearby drilling and fracking activities. 
Large deviations between observed CH4 concentration values and the 
upper 95% confidence interval of modeled values were identified as 
concentration spikes. We analyzed the isotopic composition of the spikes 
to determine their sources, and analyzed the strength and occurrence 
frequency of spikes during different fracking activity periods. We 
focused on concentration spikes and not spikes in flux rates because the 
sporadic and spatially heterogeneous nature of fugitive methane emis-
sions associated with natural gas extraction activities are not compliant 
with the requirements of eddy-covariance flux measurements. Further-
more, the flux footprint area and distance are much smaller than the 
concentration footprint (Vesala et al., 2008). Therefore, given the dis-
tance between the tower and the drill-pad site, it is most likely that 
fluxes emitted at the drill-pad where not within the flux footprint area of 
the eddy-covariance flux measurement but were within the footprint 
area of the concentration source observations. 

The ANN model included an input layer followed by a hyperbolic 
tangent (tansig) function that produced a hidden layer of 12 nodes. 
These nodes were then entered into another tansig function that pro-
duced a hidden layer of 5 nodes. A final tansig function produced an 
output layer. While the number of nodes in each layer is arbitrary, this 
ANN model structure has been successfully used in previous studies for 
modeling natural methane fluxes (Morin et al., 2014a; Rey-Sanchez 
et al., 2018), which were likely similar to the baseline CH4 concentra-
tions at our site. The ANN was trained with a randomly selected 50% of 
baseline period data. We used the ensemble average of the best 100 
networks out of 1000 as the final baseline model. A different 25% of the 
baseline data was used for evaluation to determine the best 10% of the 
ensemble of 1000 ANN models. The final 25% of baseline data was used 
for validation of the performance of the resulting ensemble average. 

Wind direction, wind speed, water vapor pressure (humidity), air 
temperature, friction velocity (U*), latent heat flux, sensible heat flux, 
net ecosystem exchange (NEE) and gross primary production (GPP) 
were used to train the first layer of the ANN model as environmental 
drivers of observed CH4 concentration. We chose these variables either 
because they are directly related to the observation footprint, for 
example where the concentration that we observed originated from 
(wind speed, wind direction), or because they are directly related to 
natural methane production (temperature), or directly related to at-
mospheric conditions (sensible heat flux, humidity, U*). Finally, we 
added variables that are strongly correlated with ecosystem function 
and land cover type (NEE, GPP, latent heat flux) as these may co-vary 
with natural methane production as well as be indicative of the source 
footprint. The distribution of ANN-predicted CH4 concentrations from 
the 100-member ANN ensemble was used to determine the 95% confi-
dence bounds for each predicted half-hourly CH4 concentration. We 
used gap-filled values of the environmental drivers to provide a 
continuous time series of input data to the ANN. However, there were no 
instances where CH4 concentration observations were available but 
meteorological drivers were missing, and therefore gap-filling the 
drivers did not affect the training of the baseline methane concentration 
model since it was only using data when CH4 concentration observations 
were available. The ANN model was then used to simulate the back-
ground CH4 concentration representing baseline conditions for each 
half-hour during the entire observation period from July 2017 through 
January 2019. We then compared the ANN-modeled baseline CH4 con-
centrations to the observed CH4 concentrations. We used this compari-
son to identify observed CH4 concentration spikes that departed from 
baseline modeled CH4 concentrations, where we defined a spike as an 
observed CH4 concentration that fell outside of the upper 95% confi-
dence interval of the ANN-modeled baseline CH4 concentration. Across 
all of the fracking phases, we tested whether there were significantly 
more CH4 concentration spikes than expected from the ANN-modeled 
baseline conditions using a Pearson’s chi-squared test. 

2.4. Miller-Tans isotopic methane source analysis 

We used the isotopic δ13CH4 measurements along with information 
about background values to partition measured CH4 into biogenic and 
geologic sources. We used the method developed in Miller and Tans 
(2003) (modified from Keeling, 1958; reviewed by Pataki et al., 2003) to 
partition 5-min resolution δ13CH4 measurements into their dominant 
δ13CH4 source value for each half hour interval. This method represents 
the relationship between an isotopic source and background values as:  

δTotCTot - δBgCBg ¼ δS(CTot - CBg)                                                     (1) 

where CTot and CBg represent the total and background CH4 concentra-
tions, and δTot, δBg, and δS represent the δ13C isotopic ratio of the total, 
background, and emission source CH4. To use this equation, the back-
ground atmospheric δ13C value (δBg) and the background concentration 
of the gas of interest (CBg) must be provided (Miller and Tans, 2003). We 
used this method to partition sources of CH4 using the simultaneously 
measured 5-min CH4 concentrations and δ13CH4 values from the Picarro 
G2201-i analyzer. 

Several assumptions must be met for Miller-Tans method to be valid: 
1) there must be only two possible sources of the gas of interest, which in 
this study are biogenic ruminant animals and geologic sources related to 
the production of natural gas, 2) there must be a monotonic increase in 
the gas of interest during the period used in the analysis, and 3) back-
ground atmospheric and source stable isotope ratios are constant 
throughout the time period (Vardag et al., 2016). We met the last two 
assumptions by applying the filter criteria outlined in Vardag et al. 
(2016) to the results of the Miller-Tans plot analysis. To ensure that we 
analyzed only half-hours where methane had a monotonic increase in 
concentration, we filtered out half-hours where the range in measured 
methane concentration was less than 0.1 ppm. We also filtered out 
half-hours where the standard error of the δ13CH4 Miller-Tans intercept 
was more than 2‰, which could have indicated a shift in conditions that 
changed the emission source isotopic signature during the half-hour 
window. For all the CH4 concentration and δ13CH4 data collected, 
13% of half-hours were filtered out according to the Miller-Tans filtering 
criteria outlined in Vardag et al. (2016). 

Since we did not directly measure background δ13CH4 above the 
boundary layer at our tower, we tested three sources for background 
atmospheric δ13CH4 data for our partitioning analysis: 1) well-mixed 
atmospheric conditions at the tower in this study, and preliminary sur-
face flask δ13CH4 and concentration data from 2) the Mauna Loa Ob-
servatory and 3) Niwot Ridge (Dlugokencky et al., 2018; White et al., 
2018). To use background δ13CH4 data from our tower, we first tested 
for seasonal and diurnal trends in the δ13CH4 and CH4 concentration 
data and then identified well-mixed half-hours by using only the upper 
quartile half-hours with the fastest measured wind speeds. We averaged 
these well-mixed half-hours across the entire study period to obtain 
background methane concentration and δ13CH4 values. Preliminary 
flask δ13CH4 and CH4 concentrations data from the Mauna Loa Obser-
vatory and Niwot Ridge were used as alternate background values to 
measure the sensitivity of our results in response to the choice of 
background concentration data. There were no seasonal trends in 
background methane concentrations and δ13CH4 for well-mixed half--
hours at the West Virginia fracking site and from the preliminary surface 
flask data collected at Mauna Loa and Niwot Ridge (Supplementary 
Fig. S1A). Due to the low sensitivity of our results to background δ13CH4 
and CH4 values from well-mixed background values at the tower, Niwot 
Ridge, or Mauna Loa, in our final analysis we used the preliminary 
δ13CH4 and CH4 concentration data from Niwot Ridge (CBg ¼ 1.91 ppm, 
δBg ¼ � 47.43‰) as the background atmospheric δ13CH4 (δBg) and CH4 
concentrations (CBg) (Supplementary Fig. S1B). 

To calculate the source δ13CH4 for each half-hour of data collected at 
our tower, we used a geometric mean regression that related CTot - CBg 
(the x-axis) to δTotCTot - δBgCBg (the y-axis) from Equation (1). The 

S.J. Russell et al.                                                                                                                                                                                                                                



Atmospheric Environment 228 (2020) 117452

5

estimated slope (δS) of this regression line represented the source δ13CH4 
and we calculated the standard error of the slope to represent the un-
certainty in δS (as described in Miller and Kahn, 1962). 

2.5. Methane isotopic source partitioning 

We used a binomial regression model to categorize the dominant 
source of methane during each half-hour based on the δ13CH4 source 
signature identified by the Miller-Tans analysis. The binomial regression 
model was constructed with prior distributions of biogenic ruminant and 
geologic shale gas δ13CH4 source signatures from data reported in a 
review of global methane source signatures provided by the NOAA Earth 
System Research Lab (Sherwood et al., 2017). Since the livestock at our 
site were fed a mixture of C3 and C4 plants, we combined the distri-
butions of C3-fed and C4-fed ruminants (μC3 ¼ � 68.39‰, SDC3 ¼

�3.05‰; μC4 ¼ � 54.47, SDC4 ¼ �3.05) into a single normal distribution 
for the prior by averaging their means and adding their standard de-
viations to get a broad distribution that encompassed both of the orig-
inal distributions (μ ¼ � 61.43‰, SD ¼ �6.09‰). For geologic 
emissions, we used a prior distribution for shale gas produced in the 
United States (μ ¼ � 43.90‰, SD ¼ �5.90‰). 

Using this binomial regression model and the half-hourly δ13CH4 
source values from the Miller-Tans analysis, we calculated the proba-
bility of each half-hour’s methane emissions being geologically sourced. 
The half-hours with a less than 5% geologic source probability were 
considered to be biogenic livestock dominated and the half-hours with a 
geologic source probability greater than 95% were considered to be 
geologic shale gas dominated. 

3. Results 

3.1. Patterns in CH4 concentrations and isotopic δ13CH4 analysis 

Measured CH4 concentrations typically ranged from 1.9 to 4 ppm 
(Fig. 2A) and δ13CH4 typically ranged from � 50 to � 45‰ (Fig. 2B). 
There were no significant seasonal or diurnal trends in measured CH4 
and δ13CH4 concentrations. There were also no significant differences (p 
> 0.05) in the magnitude of the overall mean half-hourly CH4 concen-
trations nor the overall mean δ13CH4 isotopic values among each of the 
four periods of baseline, vertical drilling, horizontal drilling, and hy-
draulic stimulation (fracking). 

Our δ13CH4 isotopic source partitioning analysis attributed most 
half-hours to a geologic shale gas source across all measurement periods 
of this study including the baseline period and different stages of the 
fracking process, with a high density of source δ13CH4 centered around 
� 29‰ (Fig. 3). We used the binomial source-partitioning model to 
classify isotopic CH4 concentrations within half-hours from geologic 
(shale gas) or biogenic (ruminant) origin. The source partitioning model 
identified 70% of measured half-hours as being dominated by CH4 from 

a shale gas origin, 18% of half-hours dominated by CH4 of ruminant 
origin, and 12% of half-hours with CH4 from an unknown or mixed 
origin source. 

3.2. Comparison between ANN modeled CH4 concentrations and 
measurements 

The ANN model for CH4 concentrations was trained on baseline pre- 
drilling data and was used to project baseline conditions through the end 
of the study period (Fig. 4). The model fit the data relatively well with r2 

¼ 0.55 for the validation dataset (25% of half-hourly concentration 
observations during the baseline period that were not included in model 
parameterization). We compared measured half-hourly CH4 concentra-
tions to the half-hourly ANN baseline model, and we classified CH4 
concentration spikes as measured values that exceeded the upper 95% 
confidence bound of the ANN baseline model output. This criterion 
classified 25% of the half-hours during the study period as CH4 con-
centration spikes within the usable data. 

The lowest proportion of measured half-hours classified as CH4 
concentration spikes occurred in the baseline period (24% of measured 
half-hours) and the highest proportion of CH4 concentration spikes 
occurred during the fracking period (35% of measured half-hours) 
(Fig. 5A). 29% of measured half-hours were classified as CH4 concen-
tration spikes in the vertical drilling phase and 26% of measured half- 
hours experienced CH4 concentration spikes in the horizontal drilling 
phase. We calculated the magnitude of the CH4 concentration spikes as 

Fig. 2. Measured CH4 concentration (A) and isotope 
δ13CH4 values (B) during the study period, where 
points represent the daily median value and lines 
represent the daily range. The dashed blue line rep-
resents the start of vertical drilling, the dashed red 
line indicates the start of horizontal drilling, and the 
dashed purple line marks the start of hydraulic stim-
ulation (fracking). There were no significant differ-
ences in half-hourly mean CH4 concentration nor 
δ13CH4 among the baseline, vertical drilling, hori-
zontal drilling, and fracking periods. (For interpreta-
tion of the references to colour in this figure legend, 
the reader is referred to the Web version of this 
article.)   

Fig. 3. We calculated δ13CH4 source values for each half-hour with the Miller- 
Tans method (solid black line). We then used these values in a logistic regres-
sion model to partition geologic and biogenic CH4 sources (black dotted line, 1 
¼ shale gas source, 0 ¼ ruminant source). We assigned half-hours to either a 
geologic source (red shaded area) or a ruminant source (blue shaded area) 
where the probability of that source was greater than 95%. (For interpretation 
of the references to colour in this figure legend, the reader is referred to the 
Web version of this article.) 
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the difference between the measured CH4 concentration and the ANN 
modeled CH4 concentration for each half-hour that was flagged as a 
spike (where the observed concentration was larger than the upper 95% 
confidence bound of the ANN prediction). We found that the magnitude 
of the concentration spikes significantly increased during the vertical 
drilling and fracking periods (Fig. 5B) compared to other periods 
(Pearson’s chi-squared test, χ2 ¼ 31.7, df ¼ 5, significance p < 0.001). 
Compared to the baseline period, the median half-hourly departure from 
the baseline ANN model was 316% larger during vertical drilling, 9.4% 
larger during horizontal drilling, and 506% larger during fracking. Both 
skewness and kurtosis of the CH4 concentration departure values 
increased during the vertical drilling and fracking periods compared to 
the baseline period, which indicated a general shift towards larger CH4 
concentration spikes during these time periods. 

3.3. Isotopic source attribution and CH4 concentration spikes 

We combined our results from the CH4 concentration spike identi-
fication that compared the difference between measured and ANN- 
modeled half-hourly CH4 concentrations with the isotopic source par-
titioning analysis to determine the extent to which CH4 concentration 

spikes were associated with ruminant and shale gas sources (Fig. 6). We 
found that the majority of CH4 concentration spikes (70% of all classi-
fied spikes) were from a shale gas source, with 18% of classified CH4 
concentration spikes from a ruminant source and the remaining 12% 
from a mixed or unknown source. In particular, nearly all of the CH4 
concentration spikes with the largest magnitude (i.e., a large measured 
departure from baseline) were classified as a shale gas origin (Fig. 6). 
The median size of CH4 concentration spikes in half-hours attributed to 
shale gas were 27% larger than the magnitude of CH4 concentration 
spikes from half-hours attributed to ruminants. The maximum CH4 
concentration spike in a half-hour dominated by a shale gas source was 
179% larger than the maximum CH4 concentration spike in a half-hour 
with a ruminant CH4 source. 

4. Discussion 

Accurately estimating changes in CH4 dynamics during unconven-
tional well development (i.e., hydrofracking for natural gas) has been 
challenging due to the complexity of measured CH4 emissions sources, 
their temporally intermittent nature, the typically small source loca-
tions, and due to the temporal and spatial scales required for monitoring. 
Other challenges stem from the fact that in most areas where hydro-
fracking occurs, some gas or oil extraction activity is already active in 
other sites nearby. Well operators are not required to monitor methane 
emissions, and in almost all cases, they will not allow such monitoring 

Fig. 4. We used an artificial neural network (ANN) model (light green lines) 
trained on the pre-drilling baseline period to identify measured half-hourly 
mean CH4 concentrations (black dots and crosses) that were larger than the 
upper 95% confidence interval of the ANN model. Crosses represent observed 
values that are larger than the 95% confidence interval of the ANN model re-
sults that were categorized as spikes. The dashed blue line represents the start 
of vertical drilling, the dashed red line indicates the start of horizontal drilling, 
and the dashed purple line marks the start of hydraulic stimulation (fracking). 
(For interpretation of the references to colour in this figure legend, the reader is 
referred to the Web version of this article.) 

Fig. 5. A) The proportion of measured half-hours that 
were classified as CH4 concentration spikes were 
significantly higher than baseline estimates during 
and immediately following the vertical drilling phase 
and during the fracking phase of operations. B) The 
magnitude of the CH4 concentration spikes signifi-
cantly increased during the vertical drilling and 
fracking periods compared to the pre-drilling baseline 
period. The horizontal drilling period was not statis-
tically different from the baseline period.   

Fig. 6. The majority (70%) of the CH4 concentration spikes that were identified 
by comparison with the artificial neural network baseline model were classified 
as being of geologic (shale gas) origin from the isotope source-partitioning 
analysis. Large magnitude CH4 concentration spikes, in particular, were 
attributed to a shale gas isotopic source. 
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on their property for reasons of safety and liability. Spatially heteroge-
neous point sources of CH4, for example well pads, prohibit the use of 
eddy covariance theory for directly measuring CH4 flux in a tower 
footprint. As a result, most efforts to date used mobile measurements, 
downwind or near the fence-line of location where natural-gas extrac-
tion occurs, either from airborne platform covering large areas (Caulton 
et al., 2014; Karion et al., 2013; Mitchell et al., 2015; Peischl et al., 2016; 
P�etron et al., 2014, 2012), or from vehicles (e.g., Eapi et al., 2014; 
Williams et al., 2018). A recent mobile ship-based study quantified the 
spatially heterogeneous CH4 emissions from offshore oil and gas plat-
forms with isotopic 13CH4 measurements (Yacovitch et al., 2020). While 
mobile observations can cover large areas, they are intrinsically inter-
mittent and cover very small observational time periods. Combined with 
the intermittent nature of fugitive emissions, mobile observations can 
typically detect large emission sources, but cannot necessarily charac-
terize generally small difference in emission incidence between different 
activity periods. They may also miss large but short-termed events. 
Other land-based approaches used a large sampling grid (Swarthout 
et al., 2020) or large meta-analysis of multiple ground-based and 
airborne observations (Miller et al., 2013) to locate potential emission 
sources. However, these large observation arrays require extensive 
effort and are therefore very limited. 

This study developed a framework for continuous ground-based 
monitoring from a single observation tower of changes in CH4 concen-
tration dynamics that are indicative of increased rate and incidence of 
fugitive emissions using a tower 2.5 km downwind of an active well pad. 
Our approach is centered on comparison between the concentration 
dynamics during a baseline period, before the activity in the target up-
wind pad started (prior to well development) and through the phases of 
fracking operations. A primary goal in our project was to evaluate the 
ability of off-site measurements to identify changes in CH4 dynamics 
that were associated with changes in fracking activities at a locations 
where on-site, direct and continuous access to well pads was impossible. 
Previous studies have used single-tower, downwind observations of 
volatile compounds (VOC) related to natural gas extraction (Helmig 
et al., 2014) or the isotopic composition of methane (Tyler et al., 2007; 
R€ockmann et al., 2016). In these studies, they attributed the elevated 
presence of VOC or methane isotopes to the contribution from fracking 
activity but did not analyze the temporal patterns of the emissions. Our 
approach allows characterization of the temporal patterns of emission 
spikes and identification of the period where emissions were elevated 
relative to a baseline, but cannot directly evaluate the source emission 
rates. Atmospheric dispersion inversion models, based on plume as-
sumptions, or computational fluid dynamics (e.g. large eddy simula-
tions) could hypothetically infer the source emissions rate from our 
tower observations. However, such model-based inference comes at the 
cost of added uncertainty due to model error and uncertainty in forcing, 
initial conditions and domain description parameters at high enough 
resolution (Caulton et al., 2018). 

By developing a baseline model with our pre-drilling CH4 concen-
tration data, we identified CH4 concentration spikes that occurred dur-
ing the different phases of well-development operations. We found 
significantly larger CH4 concentration spikes during the vertical drilling 
and fracking phases of operations, but not during the horizontal drilling 
phase (Fig. 6). Interestingly, we found that there were larger CH4 con-
centration spikes in the time period following vertical drilling while no 
major activities were occurring (“Pause 1” in Fig. 6), which indicated a 
potential lag effect of vertical drilling that elevated concentration spikes 
even after drilling had stopped. We hypothesize that these spikes are 
related to fugitive emissions from the well, during the vertical drilling 
and shortly after. Likewise, we did not find elevated CH4 concentrations 
during the pause in operations following horizontal drilling, when CH4 
concentration spikes were similar to baseline conditions. Together, this 
suggested that CH4 concentration dynamics are potentially lagged at the 
timescale of weeks following the fracking phases that release CH4. With 
this CH4 concentration spike analysis, we paired an isotopic source 

partitioning analysis to test whether half-hourly CH4 concentration 
spikes were dominated by either ruminant animal or shale gas concen-
tration sources. 

In this study we did not find absolute differences in the overall half- 
hourly mean CH4 concentrations nor isotopic δ13CH4 values throughout 
the baseline, vertical drilling, horizontal drilling, and fracking periods of 
our study (Fig. 2). We found significantly more frequent CH4 concen-
tration spikes compared to the baseline period (14% of measured half- 
hours) in the vertical drilling phase (25% of measured half-hours), the 
pause in operations following vertical drilling (18% of measured half- 
hours), and the fracking phase (21% of measured half-hours) 
(Fig. 5A). Although CH4 concentration spikes were only 7–11% more 
frequent during the vertical drilling and fracking periods compared to 
the baseline period, the magnitude of the CH4 concentration spikes 
during the vertical drilling phase (316% larger median spike CH4 con-
centration) and fracking phase (506% larger median spike CH4 con-
centration) were significantly larger than the size of the CH4 spikes that 
occurred during the baseline phase. During the vertical drilling period, 
operators often encounter pockets of CH4 within the shallow shale for-
mation that must be released as they drill through the shallow con-
ventional shale depths to the deeper unconventional shale depths. These 
shallow pockets of gas must be vented and/or flared in order to continue 
drilling operations, and this could explain the larger magnitude of CH4 
concentration spikes during this period of activity. During the fracking 
(hydraulic stimulation) phase, fugitive CH4 might escape from opera-
tions as the rock is fractured to extract CH4 from the natural gas deposits. 
Repeated mobile measurements of CH4 emissions at oil and gas pads in 
Texas, Colorado, and Wyoming found similar temporal dynamics to 
those in our study, where CH4 emissions were low most of the time but 
had large episodic releases associated with venting (Brantley et al., 
2014). Other studies in the Marcellus Shale region also found higher 
rates of CH4 emission during the drilling phases of operations, likely due 
to the venting release of methane pockets (Goetz et al., 2015). An 
airborne regional study of CH4 emission rates from fracking well pads in 
the Marcellus Shale also found the highest rates of CH4 emissions during 
the drilling phase of operations, which accounted for 4–30% of total 
regional CH4 emissions (Caulton et al., 2014). In our study, we found 
that the distribution of the magnitude of CH4 concentration spikes 
during the vertical drilling and fracking phases increased in skewness 
and kurtosis, which demonstrated a significant shift of the median CH4 
concentration spike to the right with a longer tail to the distribution for 
particularly large spikes. These CH4 concentration spike characteristics 
(the changes in median, skewness, and kurtosis) could serve as helpful 
data-driven statistical markers of changes in CH4 sources identified by 
continuous CH4 concentration monitoring networks with off-site towers 
such as those in this study. 

Our isotopic source partitioning analysis confirmed that the large 
majority (70%) of measured CH4 concentration spikes were of shale gas 
isotopic origin (Fig. 6). Another study in the Colorado Front Range used 
carbon and hydrogen isotopes to separate biologic and geologic sources 
of CH4, but found that 13CH4 alone was unable to successfully identify 
geologic emissions likely due to the combined signatures of both oil and 
gas production in background samples (Townsend-Small et al., 2016a, 
b). Other work has shown that the 13CH4 isotopic value of natural gas 
shows a thermogenic origin in comparison to a biogenic microbial origin 
for oil, complicating the partitioning for their combined isotopic profile 
(Lopez et al., 2017). In contrast, it is likely that our study was able to 
separate geologic and biogenic sources with 13CH4 due to the relative 
isotopic uniformity of a single shale gas source and due to the long time 
series of quasi-continuous isotopic measurements. Our results high-
lighted the potential for a shale gas source to emit much larger amounts 
of CH4 to the atmosphere within the airshed of the tower compared to 
the smaller shift in CH4 concentrations that increased with biogenic 
ruminant activity. All of the largest measured CH4 concentration spikes 
in our data were of shale gas origin (Fig. 6), where the overall median 
size of a CH4 spike from a shale gas origin was 27% larger than that of a 

S.J. Russell et al.                                                                                                                                                                                                                                



Atmospheric Environment 228 (2020) 117452

8

ruminant origin. That said, there was a non-negligible source of rumi-
nant CH4 emissions in the study area, which this analysis classified 
through the paired CH4 concentration spike analysis and isotopic source 
partitioning model (Fig. 6). Our reliance on literature values for the 
isotopic source partitioning into ruminant or shale gas origin for the CH4 
concentration provided a conservative estimate, since the literature 
values capture the full measured variation in emissions. This highlights 
the potential for using this approach in areas where directly measuring 
point source emissions is impossible, even in tower airsheds with a 
complex set of point-source CH4 emitters, such as the ruminants and well 
pads in this study. 

5. Conclusions 

This study developed a framework for monitoring the increased 
occurrence of fugitive emissions from natural gas production activities 
by observing changes in CH4 concentration spikes during different 
phases of fracking operations at an off-site tower 2.5 km away from the 
well pad under development and compared these CH4 concentration 
spikes to a baseline-concentration model. The baseline concentration 
model was driven by meteorological conditions and surface heat, water 
vapor, and CO2, and was fitted during a season-long period before nat-
ural gas extraction started in the target location. Isotopic δ13CH4 mea-
surements and a source-partitioning model driven with literature values 
of δ13CH4 sources confirmed that the majority of CH4 concentration 
spikes were associated with shale gas sources rather than ruminant 
sources. We found that the majority of CH4 concentration spikes were of 
shale gas origin, and all of the very large magnitude spikes had a shale- 
gas δ13CH4 fingerprint. The airshed of this monitoring tower represents a 
complex set of point-source CH4 emission sources, both from cattle and 
the well pad. This approach of monitoring changes in CH4 concentration 
spikes relative to a baseline model could be useful as a passive method 
for continuous off-site monitoring, where direct access to natural gas 
well pads is restricted or impossible. While quantifying a complete 
budget of CH4 flux will require additional measurements and inversion 
models, which come with additional uncertainty, this framework could 
be useful in identifying statistical characteristics of changes associated 
with fugitive CH4 emissions during different periods of fracking 
operations. 
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