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Abstract

Methane (CH4) emissions into the atmosphere from the oil and natural gas (O&G) sector are a
significant source of greenhouse gas emissions, but the magnitude and location of these emissions remain
highly uncertain for a number of production regions. This is especially relevant for Romania, which has
one of the highest reported annual emissions of CH4 from the energy sector in Europe and, therefore, plays
an important role in reaching the CH4 emission reduction targets of the European Union. In this study,
CH4 emissions from O&G production sites in the southern, mainly oil-producing part of Romania were
investigated on a component and facility level using a combination of various ground-based measurement
techniques. On the component scale, an Optical Gas Imaging camera for the detection of individual
leaking components and a Hi-Flow Sampler device for the quantification of the emissions were used. On
the facility scale, four methods were used to measure CH4 emissions, namely Gaussian Plume Modelling
(GPM), Other Test Method (OTM-33A), Tracer Dispersion Method (TDM) and Mass Balance Method
(MBA) using Unmanned Aerial Vehicle (UAV)- based measurements. Emissions derived from measured
concentrations ranged from 0.0006 kg CH4 h–1 to 73 kg CH4 h–1 for individual oil wells. Derived emissions
were characterised by heavily skewed distributions, with 10% of sites accounting for more than 85% of total
emissions. Combining the results from all site-level quantification approaches, we derive a mean emission
factor of 8.3 kg h–1 of CH4 (3.8 - 19, 95% confidence interval). Comparing our estimated emission factor
to those from other O&G production regions in North America, we find that Romania presents one of the
highest emission factors and levels of skewness. When our estimated emission factor for the subset of oil
wells only is used to scale up to the national scale, the estimate of 2019 total emissions from oil wells is
240 ktons CH4 yr–1 (min = 110 ktons yr–1 and max = 555 ktons yr–1), approximately 3 times higher than
the total 2020 upstream O&G sector reported emissions. A subset of sites was screened with an infrared
(IR) camera and the analysis of recorded IR videos suggests that roughly half of surveyed sites had
identified emissions, and more than three quarters of the detected emissions from oil wells are vented by
facility design. This is in agreement with no reported gas production for the majority of these wells. Our
results suggest that previously reported reductions of O&G related CH4 emissions in Romania, derived
from a reduction in production, were over-optimistic. On the other hand, the present O&G production
infrastructure in Romania holds a massive mitigation potential. Specifically, implementing regulations
for unreported vented emissions serve as key mitigation opportunities for reducing CH4 emissions in the
EU.

Keywords: Methane emissions; Oil and gas sector; Emissions distributions; Ground-based measure-
ments; Romania;
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1 Introduction

1.1 The role of methane on climate change

Climate change is a major threat to our world and one of the most important topics of public debate [1].
Anthropogenic emissions of greenhouse gasses to the atmosphere are the main cause of global warming.
Reducing these emissions is therefore crucial in order to minimise the negative impacts of climate change
on people and the environment. To address this issue, a legally binding international treaty, called the
Paris Agreement, was adopted by 196 Parties in 2015 [2]. The goal of this agreement is to drastically cut
global greenhouse gas emissions to limit global temperature rise to 2 C◦, preferably to 1.5 C◦, compared
to pre-industrial levels [2]. The most recent Intergovernmental Panel on Climate Change (IPCC) report
has stressed the importance of rapidly reducing methane (CH4) emissions in the atmosphere in addition
to reducing carbon dioxide (CO2). They have estimated that a 50% reduction in anthropogenic CH4

emissions over the next 30 years would lead to a reduction in warming of about 0.20 C◦ globally, increasing
the feasibility of achieving the Paris Agreement goal [1]. However, CH4 emissions have more than doubled
since the pre-industrial era and its concentration continues to rise rapidly mostly due to human-related
activities [1].

Methane is the second most abundant and significant greenhouse gas after CO2, accounting for at
least 25% of current global warming [1]. Even though CH4 has a shorter lifetime in the atmosphere of
around 9.1 ∓ 0.9 years, compared with centuries for CO2, CH4 is more effective at trapping radiation
than CO2 [1]. CH4 has a Global Warming Potential (GWP) of around 30 times greater compared to
CO2 over a 100-year time horizon and more than 80 over a 20-year time horizon. Additionally, CH4

contributes to the formation of tropospheric ozone, a potent regional air pollutant that worsens local
air quality and causes serious health problems and damage on agricultural yields [3]. Due to its short
lifetime, the strong global warming potential and the local negative impacts, reducing CH4 would lead
to substantial climate benefits in the near- and long-term future.

1.2 Oil and gas sector

CH4 is emitted from a variety of anthropogenic and natural sources. The largest natural sources are
from wetlands, wildfires, freshwater and geological processes, while the largest anthropogenic emissions,
accounting for 50-65% of total CH4 emissions, include fossil fuel exploitation, agricultural activities,
landfills and wastewater treatment [4]. Approximately one third of global anthropogenic CH4 emissions
come from the fossil fuel-based energy sector, which includes emissions from coal, oil and natural gas
extraction and transport, and use of natural gas [5]. Therefore, even though it is crucial to tackle
all sources of CH4 emissions related to human activity, the oil and gas (O&G) sector offers the most
cost-effective potential for methane abatement. Considering the current high natural gas prices, the
International Energy Agency (IEA) estimates that 75% of emissions reductions from the energy sector
can be achieved at no net monetary cost and could even result in economic savings, given that CH4 is
the main component of natural gas and has commercial value [6]. Reducing CH4 emissions from O&G
operations is one of the most substantial, easily accessible, and affordable mitigation actions governments
can take to address the climate change issue [5].
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CH4 can be emitted from a variety of sources along the entire O&G supply chain. Emissions are
often divided into three categories: vented emissions (i.e. “intended” or “operational” emissions), fugitive
emissions (i.e. "leaks" or “unintended” emissions) and incomplete combustion emissions related to gas
flaring. Venting is the intentional release of CH4 into the atmosphere and can occur as part of rou-
tine equipment maintenance or normal operations of certain equipment such as gas driven pneumatic
controllers. Flaring is the process of burning associated gases released during normal operations or un-
planned processes. Both venting and flaring are two commonly used methods for disposal of unwanted
or without value gases which are produced during exploration of fields, production of oil and gas, and oil
transport and refining. Leaks and other irregular or unplanned releases of gases can occur in the O&G
infrastructure from flanges, valves and other malfunctioning equipment [7]. Reducing both fugitive and
vented emissions offers a great opportunity for mitigation of total anthropogenic CH4 emissions to the
atmosphere. Depending on the different characteristics and processes related to the site type (oil or gas),
different possibilities may exist. However, the total magnitude and location of both fugitive and vented
emissions is uncertain, thus, reduction strategies cannot be effectively implemented. Therefore, improving
our understanding of CH4 emissions from the O&G sector requires accurate emissions quantification and
a combination of approaches.

1.3 Bottom up - top down approaches

O&G CH4 emissions can be quantified by using approaches based on ambient CH4 concentration
measurements and models (top-down method) and approaches based on direct measurement of emissions
from individual sources or standard emission factors (bottom-up method). Top-down approach relies on
measurements from aircrafts, tall towers, weather stations or satellites, and models to determine the total
CH4 flux rate from a specific region with multiple sites and sources. It uses a combination of atmospheric
observations of CH4 concentrations and modeling, and infer fluxes by accounting for atmospheric trans-
port. The greatest challenge associated with this method is attributing observed CH4 concentrations to
specific sources (both anthropogenic and natural) and accurately representing atmospheric transport [8].
The bottom-up approach relies on measurements taken directly from leaking components and equipment
or at a site level. Then, the measurements are extrapolated to a larger scale, for example national, by
multiplying emission factors (emissions per component or per site per unit time) by activity factors (total
number of components or sites). The goal in this approach is to measure emissions from a statistically
representative sample of sources, in order to capture the entire emissions distribution. In most cases
emissions distributions from the O&G infrastructure have non Gaussian distributions with a small frac-
tion of the total population of the sources responsible for a disproportionately large share of emissions
(right-skewed or "fat tailed") [9, 10, 11, 12]. These sites have often been referred to as super-emitters
[9]. Their locations are difficult to predict and their occurrence can be stochastic. Additionally, some
of these high emission facilities may have ongoing emissions, while others may have sporadic episodes of
major releases [13].

Recent measurement-based studies, mostly in the United States and a few in Canada and Mexico,
have consistently shown that across years, scales, and methods, estimates of total as well as O&G CH4

emissions from top-down approaches exceed bottom-up estimates based on emission inventories [10, 14,
15, 16, 17]. Alvarez et al. (2018) determined CH4 emissions from the U.S. O&G 2015 supply chain by
using a combination of ground-based, site-level measurements and aircraft observations and found that
the annual national-scale estimate is approximately 60% higher than the U.S. Environmental Protection
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Agency (EPA) inventory estimate [15]. This percentage increases even more when considering only the
production sector, with estimates by Alvarez et al. (2018) being almost 2.2 times higher than the EPA
estimates [15]. One of the main possible reasons for these discrepancies is that published estimates are
primarily based on outdated emission factors from the 1990s which may not reflect current technologies
and practices. Measurements for generating emission factors are expensive, thus bottom-up estimates
often rely on standard emission factors. Second, counts and location of facilities and equipment used in
inventories are inaccurate, contradictory and incomplete. Lastly, sampling might be insufficient and not
representative of the population of sites, especially if emissions distributions are positively skewed [16].
It is, therefore, necessary to reconcile and verify top-down approaches and bottom-up estimates based on
emission inventories.

1.4 Romania and ROMEO campaign

Romania is one of the oldest O&G producers in Europe, dating back to 1857. According to BP’s
statistical Review of Energy Sector in 2021, Romania is the fourth largest oil producer and the fifth
largest natural gas producer in the EU, including the UK [18]. The emissions reported for the year 2020
to the United Nations Framework Convention on Climate Change (UNFCCC) show that Romania has
one of the highest annual emissions of CH4 from the energy sector in Europe [19]. These emissions are
especially relevant for the European Union’s goals to urgently tackle CH4 emissions across all sectors by
2030, under the EU Methane Strategy [20]. To achieve this, the strategy presents specific legal actions in
the energy sector, such as an obligation to improve measurement and reporting of CH4 emissions, improve
leak detection and repair in the O&G infrastructure and ban venting and flaring [20]. Therefore, limiting
these CH4 emissions from the O&G sector of Romania could play a key role in reaching the greenhouse gas
emission reduction targets of the European Union. However, there are concerns related to the accuracy
of the reported emissions since the emission rates are estimations derived using standard (not country
specific) emission factors and there are not enough atmospheric observations of CH4 emissions from the
O&G sector of Romania.

The Romanian Methane Emissions from Oil & Gas (ROMEO) measurement campaign aimed to
address this gap in knowledge and investigate CH4 emissions from O&G production in Romania [21].
ROMEO was initiated by the European H2020 project Methane goes Mobile - Measurements and Mod-
elling (MEMO2) and is part of the international Climate and Clean Air Coalition’s (CCAC’s) Methane
Science Studies [22]. From September 30th to October 20th, 2019, a three-week measurement campaign
took place in southern Romania with up to 70 participants from 14 research institutes. By using a variety
of measurement platforms and emission quantification methods, the goal of this project was to investi-
gate CH4 emissions at a component, facility and basin scale, thus providing a combined bottom-up and
top-down quantification of CH4 emissions related to O&G exploration, natural gas distribution and gas
use from Romania [21].

1.5 Research objectives

In this paper we synthesize and analyse the ground-based measurements of CH4 emissions collected
during the ROMEO campaign and offers insights into the CH4 emission patterns from the onshore O&G
sector in Romania. The aim is to bring together several critical aspects of CH4 emissions on a component

Page 7|46



MSc Thesis Foteini Stavropoulou Utrecht University

and facility scale and to, ultimately, help reduce the uncertainties in the emission estimates and improve
national inventories. We provide a comprehensive overview of the aggregated ground-based CH4 emissions
data and we answer the following research questions:

1. What are the major equipment sources of detected emissions across the O&G production sector?

2. How can we effectively characterize the emissions distributions and what are the differences between
the quantification methods?

3. What are the estimated emission factors derived from the ground-based measurements, and how
do these results compare to CH4 emissions from production sites across other regions?

4. What can we learn about emission patterns so that CH4 emissions can be reduced?

The paper is organized as follows. Section 2 consists of an overview of the sampling area, the mea-
surement techniques used for the quantification of CH4 emissions, and the methodology used for deriving
emissions distributions and emission factors. Section 3 describes the results of our analysis with all the
relevant figures divided into two separate sections, one for the component scale and one for the facility
scale. Section 4 closes the paper with a discussion of the results and draws together the study’s conclu-
sions. Finally, the Supplementary material provides additional information and figures about the analysis
and the results.
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2 Material and methods

2.1 Investigated area

The main campaign covered the southern part of the country around the cities Bucharest, Ploesti,
Pitesti, Targoviste and Craiova. The majority of the country’s oil reservoirs are located in this area
making it a mainly oil production region. Using information about the location of the sites provided by
the O&G operator of the production sites, the investigated area was divided into regions and clusters.
Fig. 1 shows a map of Romania, with target regions and clusters. The assigned regions correspond to
areas with a high or low location density and magnitude of O&G production of gas and oil wells [23].
Due to their high density of O&G production sites, regions 2, 4, 5A, 6, 7 and 8 were selected as the
main research areas. Each region was divided into smaller clusters of sites, each covering areas between
2 and 120 km2 and consisting of a different number of sites (between 10 and 583 oil and gas related sites
such as oil wells, gas wells, gas compressor stations and oil parks) (Korben et al., 2022, in preparation).
Clusters were defined in order to obtain flying authorisations for the aerial measurements, coordinate the
ground-based measurements and aircraft measurements and facilitate the comparison between the results
from the top-down and bottom-up approaches. In general, each measurement team focused on different
regions and clusters in order to visit as many O&G production sites as possible and to avoid a spatial
sampling bias or duplicate measurements by different teams [23].

A few sites outside these regions and clusters were also measured. A few of these measured sites
did not have a match within the full data set containing information about the total population of sites
from Romania provided by the operators. In these cases, the site type on those sites either could not be
confirmed, or a site type was assigned based on visual inspection. Fig. S1 shows a map of the location
of quantified oil wells by each method, including a table providing the number of the surveyed sites and
the total population of sites per region. In our analysis we combine the quantifications regardless the
region. Finally, as will be further discussed later on, due to the nature of the region, the majority of the
measurements during the ROMEO campaign was from oil wells, and thus, the rest of the analysis will
focus on this specific subset.
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Fig. 1. Map of investigated regions and clusters in Romania during ROMEO campaign. Regions are
indicated with the purple and red colored areas. Clusters are illustrated as yellow outlined areas
inside each region. The values correspond to the region number.

To assess how representative the measured sites were in comparison to the characteristics of the total
population of sites in Romania and to determine possible differences between the characteristics of sites
measured with different quantification methods, age, oil and gas production were compared. For the gas
production, the majority of visited oil wells report zero gas production or had no gas production in 2019.
We calculate the average gas production per site for the rest of the oil wells which report a non-zero value
for their production. For the average well age, which is defined as the number of years in production, we
use the reported spud dates from the operators. We perform this analysis for both the component and
the facility scale measurements.

2.2 Measurement methods

A number of independent and complementary techniques were applied to measure CH4 emissions on
a component and facility scale. On the component scale, the combination of an Optical Gas Imaging
(OGI) camera for the detection of potential leak sources and a Hi-Flow Sampler (HFS) device for the
quantification of the emissions was implemented. On the facility scale, four methods were used to measure
CH4 emissions, namely Gaussian Plume Modelling (GPM), Other Test Method (OTM-33A), Tracer
Dispersion Method (TDM) and Mass Balance Method (MBA) using Unmanned Aerial Vehicle (UAV)-
based measurements. The following section offers a brief introduction of the methods used.

2.2.1 Component scale

To investigate the origin of the emissions at the component scale, the first step was to screen the
facilities using an Optical Gas Imaging (OGI) camera to locate CH4 sources. The most frequently used
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OGI technology for the detection, location and visualisation of CH4 emissions involves the use of infrared
imaging. An infrared camera visualizes a narrow range of the infrared spectrum where CH4 and other
hydrocarbons actively absorb radiation (between 3.3 - 3.4 μm). These cameras allow users to screen
non-accessible components from a distance, quickly locate gas leaks from a variety of equipment and
visualise emission plumes that are invisible to the naked eye [24]. A total number of 181 sites were
visited and screened with a FLIR GasFindIR infrared camera. A total of 234 IR videos of the leaking
components were recorded to document detected emissions. These videos were reviewed to verify the
number of emission points and identify the type of emitting equipment.

While infrared cameras have been useful in detecting leaks, their use in quantifying leaks is still being
studied, and is an area of ongoing research. Therefore, after the detection and location of potential leak
sources with OGI, a secondary measurement device is needed for accurate quantification. Thus, once a
site was scanned with the infrared camera, CH4 emission concentrations from accessible identified leaks
were measured with a Hi-Flow Sampler (HFS). The HFS is a portable, battery-operated instrument used
to determine the rate of gas leakage from a variety of different components in the O&G infrastructure [25].
A component’s leak rate is determined by sampling at a high flow rate to collect all the gas emitted from
the component as well as a certain amount of surrounding air. The gas leak rate can then be calculated
using the flow rate of the sampling stream and the gas concentration within that stream. In some cases,
especially when the leaking component is located on top of a tank or it is abnormally shaped, access and
safety restrictions prevent the use of the HFS. As a consequence, CH4 emission concentrations might not
be quantified from the total number of emitting sources from a single site, resulting in an underestimation
of site-level emissions.

2.2.2 Facility scale

Facility scale measurements were carried out with multiple vehicles and drones equipped with methane
analysers, and were divided into two phases: screening and quantification. During the screening phase,
the vehicles drove from site to site, circling the target site if possible and recording CH4 atmospheric
concentrations. Screenings were performed in order to identify potential sources at the site, measure
CH4 concentrations above background, check site accessibility and determine whether off-site sources
could interfere with subsequent emission quantification, thereby ensuring the proper implementation of
the measurement methods. Also, once CH4 atmospheric concentrations were collected via screenings, a
Gaussian plume algorithm was applied to locate the sources and determine normalized CH4 enhancements.
The algorithm uses a radius of 100 m to look for any sites close to the maximum CH4 concentration
observed and then this emission is attributed to this particular site. Peaks are additionally scaled to 1
m width by keeping the peak area constant and considering the shape of the plume as Gaussian. This
was done because sites were screened from a variety of distances and the maximum signal might not be
representative of the actual emissions. Therefore, scaling the peaks allowed to compare all plumes easily.
The final results of this algorithm determined normalized CH4 enhancements.

In our analysis, we also investigate how different parameters in the model for the Gaussian fit affect
the results. Specifically, we want to further explore what causes certain plumes, especially the ones in the
zero mode of the maximum CH4 distribution (Fig. 8 of the results section), to be rejected or accepted
for the Gaussian fit. The team, that developed this algorithm, performed a sensitivity analysis and found
two possible parameters, the first derivative of the concentration and the background level. The effect
of each parameter was evaluated by changing the values for one parameter and keeping the value of
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the other parameter constant. The analysis was carried out for two of the instruments used during the
screening phase. The analysis of only one of the instruments is reported here since both of them had
similar results. Results are shown in S3.

In this study, the results of the screening phase were used to integrate and verify the information
obtained through the different measurement methods. A total of 1043 sites were screened using five cars.
The majority of those sites, namely 85%, were oil production sites, 10% were gas production sites, and
the remaining 5% were facilities not included in the file provided by the O&G operators (Korben et al,
2022, in preparation). Methods deployed during the quantification phase are summarized in the following
sections.

2.2.2.1 Tracer Dispersion Method

The Tracer gas Dispersion Method (TDM) or tracer release method is a ground-based remote sensing
technique developed in the 1990s to quantify CH4 emissions from a variety of natural gas systems and
since then has widely been used in the O&G sector [26]. TDM involves the release of tracer compounds
at a controlled, constant rate, at locations as close as possible to a suspected emission point at a site.
Atmospheric concentrations of both the gas with unknown emission rate, in this case CH4, and the tracer
gas can then be measured downwind. The underlying concept of this method is that the tracer gas
disperses in a manner equivalent to the CH4 in the atmosphere, so they undergo the same atmospheric
transport processes. Therefore, even when the plume dilutes, the ratios of their emission rates will be the
same as their concentration ratios. When there was no site access, the tracer was released from the side
of the fence protecting the wells, so that the distance between the expected source of methane emissions
and the tracer gas would affect the quality of the measurements as little as possible. This method also
requires the use of long-lived atmospheric tracer gases in order to maintain a steady concentration ratio
between CH4 and tracer gases during atmospheric dispersion. In this study, acetylene (C2H2) and nitrous
oxide (N2O) were used as tracer gases to measure CH4 emissions.

If the concentrations of CH4 was the same within the analytical uncertainty upwind and downwind of
a certain site, then the emission rates in these sites were defined as being Below Detection Limit (BDL).
Upper estimates for emission rates were assigned to these sites based on the lowest measurable emission
rate that would have been detectable with the mobile equipment.

On several days of the ROMEO campaign, the TDM could not be applied due to technical mainte-
nance required for the gas analyzer detecting the tracer gas. During these days, the GPM was applied.
Additionally, because of site accessibility and appropriate wind conditions constrains, some emitting sites
could not be successfully quantified by using the TDM. In these cases, the emission rates were calculated
by applying the Gaussian plume method (GPM), using the peak CH4 concentration recorded a few meters
downwind of the site. This approach mostly uses only one concentration record, and not a proper GPM
measurement and, emission rates from this approach are referred to as “Estimate”. Based on the results
of a statistical model developed by the TDM team, emission rates quantified using GPM or estimates
were corrected by a factor of 2 or more. Specifically, by applying all three methods at 41 O&G sites, they
found that for the majority of those sites the estimated CH4 emission rates from GPM and estimate were
lower than the emission rates quantified using TDM.

In summary, three types of emission rate assessment were used by the TDM team to investigate the
sites: quantification by either TDM or GPM, estimation, and assessing whether the emission rate was
BDL. Table S2 of Supplementary material provides a detailed overview of the investigated sites from the
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TDM team in terms of type of site and type of evaluation. In total, 200 sites were sampled, including
the sites defined as BDL. Overall, estimates accounted for 35% of the quantifications, tracer release
experiments for 26%, GPM for 11.5% and the rest 27.5% were sites with emissions below the detection
limit. More information about the TDM and its application during the ROMEO campaign can be found
in the paper of Antonio et al. 2022 [23].

2.2.2.2 Gaussian Plume Method

The Gaussian plume method (GPM) uses an idealized calculation for the average local-scale CH4

dispersion assuming constant meteorological conditions in time and space over a flat region to derive
emission rate estimates from plume observations [27]. When a gas is released from an emission point, it
is entrained in the prevailing ambient air flow in (defined as the x direction) and the dispersion from the
emission point creates an idealized cone while it disperses in the y and z direction over time. Assuming
the gas to be well mixed within the volume of the cone, the mixing ratio of the gas at any point, and
eventually the emission rate, can be calculated by using information about the height of the source, wind
speed and wind dispersion parameters [28] and applying Eq. 1 (Korben et al., 2022, in preparation).

Q = 2π · σy · σz · U · C (1)

Where σy and σz are the horizontal and vertical dispersion coefficients, U is the horizontal mean wind
speed, and C is the maximum CH4 concentration from the Gaussian fit algorithm. This method can
be used on public roads without site access and offers an important advantage in terms of the limited
need for equipment and time. However, GPM modeling can introduce systematic errors that are difficult
to quantify and can give errors on emission magnitudes of at least a factor of three, if not more [29].
During the ROMEO campaign, multiple transects were carried out downwind from the source at locations
marked as suitable for GPM. Then, based on the comparison between the results of the actual measured
concentrations and the results of the GPM, the emission rate for each location was estimated. A total of
20 measurements were performed at a variety of sites using GPM.

Compared to the GPM measurements conducted by the TDM team, no scaling or correction was
performed for these measurements. Since one of the objectives of this study is to evaluate and integrate
the results from each different measurement method, and because of the small sample size of this GPM
dataset, we decide to combine all quantifications performed with the GPM and the estimates into one
dataset. Therefore, we decide to use the raw data of the GPM and the "Estimates" from the TDM
team before the correction was performed. Hereafter, when we mention GPM, we will refer to this
combined dataset. Similarly, when we mention TDM, we refer to the sites evaluated by actual tracer
release experiments (column TDM from Table S2).

2.2.2.3 Other Test Method 33A

Other Test Method (OTM) 33A is one of the Geospatial Measurement of Air Pollution Remote Emis-
sion Quantification (GMAP-REQ) approaches developed by the United States Environmental Protection
Agency (EPA) [30]. This test method refers to the use of ground-based vehicles to detect and assess
emissions from a variety of sources located near-field and at ground level, and to estimate emissions in
using a “Direct Assessment” approach. The idea is based on stationary observations of the concentra-
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tion of trace gases in relation to the direction of the wind. OTM-33A involves detection of emissions
by driving downwind of possible emission sources in order to transect an emissions plume and measure
the ambient background CH4 mixing ratio. If enhancements of CH4 are detected, then the vehicle is
safely parked downwind of the emission location, in the plume, and source emissions are evaluated in a
short measurement time (approximately 20 minutes). However, one major restriction of this approach
is that the emissions must come from a single point and no surrounding trees or other obstacles should
be between the measurement point and the source [31]. Therefore, when the OTM-33A could not be
applied, either because the topographic conditions were not suitable or because the wind conditions were
not appropriate, the GPM was applied. A total of 77 quantifications were performed at different sites
using OTM-33A.

2.2.2.4 Mass Balance Approach

The Mass Balance Approach (MBA) has been applied widely to aircraft-based measurements of CH4

and other trace gas fluxes from the facility scale up to the basin scale. This method considers the
conservation of the mass of CH4 within a system (or volume), which is typically represented as a box. It
involves flying downwind and/or around a region containing a possible source at a single vertical height
or multiple heights and measuring what goes into and out of a volume of air. Emission rates are then
estimated by taking the difference of the measurements as the net surface flux within that volume [31].

An emerging approach for deriving CH4 emission fluxes from industrial regions using the MBA involves
deploying integrated unmanned-aerial-vehicle (UAV) (typically known as drone) systems. Compared to
air-crafts, UAVs are affordable, simple to use, much easier to deploy and have been used to quantify
CH4 emission fluxes from a wide range of emission sources such as landfills [32], dairy farms [33] and
natural gas compressor stations [34]. They also allow transecting the plume over its entire vertical and
horizontal extent compared to ground-based measurements that typically capture a certain portion of
the plume [35]. During the ROMEO campaign, two teams performed quantifications using drones as
their measurement tool. By combining these two UAV-based datasets, a total of 45 quantifications were
carried out.

2.3 Determination of emissions distributions and emission factors

2.3.1 Log-normal distributions

A number of studies of CH4 emissions from O&G sites have found that different types of O&G
sites have highly positively skewed emission distributions with -as mentioned before- a small fraction of
sites (“super-emitters”) accounting for a large fraction of the total emissions. These distributions often
become symmetric and normal when plotted as the logarithm of emissions. To account for this behaviour,
log-normal distributions have been widely used in the literature [10, 12, 15, 16].

We first examined if our datasets are likely to have been derived from the log-normal distribution
by using two statistical tests. To carry out these tests, we first log-transform the measured site-level
emissions. The Shapiro-Wilk [36] and Lilliefors tests [37] for normality are then used to determine if the
log-transformed data are normally distributed. These two tests are appropriate in a situation where the
parameters (μ and σ) of the null distribution are unknown. Previous studies have found that the Shapiro-
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Wilk test is the most powerful normality test and the performance of Lilliefors test is quite comparable
with Shapiro-Wilk test [38]. We perform the tests for the complete datasets as well as for the subset of
oil wells including measurements above the detection limit of each method. The null hypothesis for the
tests is that the log transformed emissions data comes from a normal distribution, with critical P-value
of 0.05. The statistical tests were performed in Python using the scientific computation libraries SciPy
[39] and statsmodels [40].

Table 1 shows the results from both statistical tests for each tested dataset. For the subset of oil wells,
the null hypothesis of lognormality is accepted by both the Shapiro-Wilk and Lilliefors test for all four
measurement methods. Therefore, we conclude that for oil wells, the assumption that the distribution
of site-level emissions rates above the detection limit follows a log-normal distribution is valid. For the
complete datasets, including every measurement for every type of site, the null hypothesis is accepted by
the Lilliefors test for every method applied apart from the TDM, whereas the hypothesis is accepted by
the Shapiro-Wilk test for every method applied apart from the MBA. We did not apply the statistical
test to any other subset or different type of site because the sample sizes were too small.

For the screenings, we run the statistical tests only for the subset of oil wells. The null hypothesis
of lognormality cannot be rejected by both tests only for two out of the five screening datasets, whereas
for the other three datasets and the dataset combining all measurements, the hypothesis is rejected. We
decide to apply the statistical estimator for the subset of oil wells to qualitatively compare the results
between the quantifications and the screenings. However, we acknowledge that the log-normal distribution
might not characterize the distribution from the screenings accurately.

Tab. 1. Results from the Shapiro-Wilk test and the Lilliefors test of lognormality for each tested dataset.

Shapiro - Wilk test Lilliefors test
Grouping

P-value Result P-value Result

OTM-33A

Complete dataset 0.824 Pass 0.970 Pass

Oil wells 0.723 Pass 0.229 Pass

GPM

Complete dataset 0.098 Pass 0.627 Pass

Oil wells 0.177 Pass 0.504 Pass

TDM

Complete dataset 0.093 Pass 0.045 Fail

Oil wells 0.100 Pass 0.096 Pass

MBA

Complete dataset <0.0001 Fail 0.289 Pass

Oil wells 0.494 Pass 0.682 Pass

Screenings - oil wells

Vehicle 1 0.018 Fail 0.001 Fail

Vehicle 2 0.940 Pass 0.573 Pass

Vehicle 3 0.377 Pass 0.722 Pass

Vehicle 4 0.036 Fail 0.015 Fail

Vehicle 5 0.002 Fail 0.013 Fail

Combined vehicles 0.002 Fail 0.050 Pass
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2.3.2 Statistical estimator

In this study, we use the statistical estimator developed by Zavala-Araiza et al. (2015) to estimate
emissions probability density functions (pdfs) that follow a log-normal distribution [16]. These pdfs are
then used to derive representative site-level emission factors. As a result, we obtain pdfs and emis-
sion factors that consider the effect of the low probability but high-emission sites that describe skewed
distributions.

As a prerequisite (see above), for the subset of oil wells which passed the log-normality statistical tests,
we assume that the emission rate distributions follow a log-normal distribution. Let x be the natural
logarithm of CH4 emissions (in kg h–1) measured at a site. Since x is normally distributed, the pdf of
observing a single data point x, is given by:

p(x|μ,σ) =
1
σ
√

2π
e
–
(x – μ)2

2σ2 (2)

Where μ and σ denote the mean and the standard deviation of the log-transformed data. We define
Φ(x) as the cumulative standard normal:

Φ(x) =
∫ x

–∞

1√
2π

e
–
ϑ2

2 dϑ (3)

And: ∫ x

–∞
p(ϑ|μ,σ)dϑ = Φ

(x – μ
σ

)
(4)

The natural logarithm of the likelihood function, or log-likelihood function is:

l(μ,σ) = SolnΦ
(

DL – μ
σ

)
– Srlnσ –

Sr∑
i=1

(xi – μ)2

2σ2
(5)

Where DL is the Detection Limit, or the lowest detectable emission rate, of each quantification method,
So is the number of measurements at or below the detection limit and Sr is the number of measurements
above the detection limit.

We use Maximum Likelihood Estimation (MLE) [41] to derive the parameters μ and σ by performing
an optimisation routine which maximises Eq. 5. MLE is a popular method that allows us to use the
observed data to estimate the parameters of the probability distribution that generated this observed
sample. We also use a direct search algorithm to calculate 95% confidence intervals by inverting the
Likelihood Ratio Test, a statistical test used to compare the goodness of fit between two models [42]. We
can then use the maximum likelihood estimated parameters to derive a central, site-level emission factor
on the arithmetic scale, EF, defined as:

EF = e
μ+

1
2
σ
2

(6)

We can determine site-level emission factors by using the statistical estimator for sites that have
sufficiently large sample sizes. Previous studies have successfully applied this approach with sample sizes
equal or greater than 25 [15]. Zavala-Araiza et al. (2015) provide an extensive description of the statistical
estimator approach as well as additional variations or constrains of this method [16].
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2.3.3 "Non-detects" and Detection Limit

The implementation of the statistical estimator for the log-normal fits requires information about
the detection limit of each method and the number of sites emitting at an emission rate below this
detection limit, the so called "non-detects". However, even when using the same analytical platform to
measure emissions, the lowest detectable emission rate will be affected by the measuring distance and the
meteorological conditions for a given measurement [43]. Therefore, this parameter is specific to a given
site at a given measurement time and cannot be applied broadly across different sites. However, since the
detection limit is a necessary parameter for the log-normal fit and the calculation of the emission factors,
we estimate an average detection limit for each quantification approach based on information from the
datasets and the teams conducting the measurements. We do this for the subset of oil wells.

Korben et al. (2022, in preparation) used the screening data of two of the five screening vehicles
to estimate the number of sites below the detection limit for the OTM-33A method. By evaluating
the screening measurements from sites where CH4 enhancements could not be detected or the CH4

enhancement was below 200 ppb and, therefore, close to the background level, they determined that
the non-detects correspond to a mean fraction of 35% for the subset of oil wells. As will be discussed in
Section 3, we performed a similar independent evaluation of the screenings data and our results are in line
with Korben et al. (2022, in preparation) findings. Therefore, we use the fraction of 35% of non-detects
for our analysis. Brantley et al. (2014) determined the detection limit of OTM-33A method equal to
0.036 kg h–1 [44]. Robertson et al. (2020) performed a sensitivity analysis using different detection limits
but since no significant effect on the results was found, they also determined the detection limit as 0.036
kg h–1 [10]. However, Korben et al. (2022, in preparation) determined the detection limit as 0.11 kg h–1,
which is the lowest emission rate measured using OTM-33A in this study. Therefore, we also use this
value for our analysis.

For the UAV-based measurements, the detection limit is also set equal to the lowest quantified value,
which is the same as OTM-33A method, 0.11 kg h–1. Since these teams visited approximately the same
regions and their detection limit is the same, we determine the percentage of non-detects to be equal as
the one for OTM-33A method, meaning 35%. We follow a similar idea and we determine the same values
for GPM.

For the TDM measurements, we use the number of BDL values to determine an average detection
limit and the percentage of "non-detects". By taking the average of the assigned BDL emission rates
and calculating the fraction of these BDL values from the total number of measurements, we determine
the detection limit to be equal to 0.07 kg h–1 and the non-detects to be accounting for a fraction of
27% for oil wells. Roscioli et al. (2015) reported the detection limit of TDM equal to 0.02 kg h–1 [45].
However, because of unfavorable meteorological conditions during the three-week campaign in Romania,
we expected this value to be higher.

The effect on the log-normal fit and the final emission factors was further evaluated by testing sev-
eral different values for the detection limit and the fraction of "non-detectc" (see S2 of Supplementary
Material). We find that by decreasing the value of the detection limit or by increasing the fraction of
non-detects, the estimated emission factors increase, due to the widening of the distribution towards the
lower end.
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3 Results

Here, we present the results of the analysis described in Section 2. We divide the section into two
parts, one for the component scale and one for the facility scale. For both parts we provide a compre-
hensive overview of the ground-based CH4 emissions data and we assess the samples’ representativeness
in comparison to the total population of sites in the country. For the component scale, we review the
recorded videos of the leaking components, and we identify major equipment sources of detected emissions
across the O&G production sector. For the facility scale, we characterize the emissions distributions, and
we present the estimated emission factors derived from the different measurement methods. Additionally,
we present a brief overview and analysis of the screening data which are used to integrate the information
obtained through the ground based measurements.

3.1 Component Scale

3.1.1 Dataset overview

A total of 181 sites were screened with the infrared camera, corresponding to approximately 3% of
the total population of sites provided by the operator. Table 2 shows the different type of sites visited,
the number of sites with detected CH4 emissions, the number of identified and quantified individual leaks
from each site type and the range of quantified CH4 emission rates per individual component with the
HFS method. CH4 emissions were detected from approximately half (49%) of these sites. A total of 231
individual leaks were identified and the emission rates of 62 (27%) of them were measured using the HFS
method, whereas the rest 169 (73%) were assessed to be not accessible for quantification.

Tab. 2. Overview of screened sites with infrared camera and measured CH4 emission rates per individual
leaking component.

Site Description
# of
sites

visited

# of
emitting

sites

# of
identified

leaks

# of
quantified

leaks

Range of CH4
emission rates

[kg/h]

Oil wells 155 74 86 14 0.09 - 6.5

Gas wells 6 3 3 3 0.07 - 0.2

Oil parks 5 5 28 7 0.21 - 6.5

Gas compressor stations 2 2 85 33 0.02 - 1.6

Other facilities1 13 6 30 5 0.14 - 0.6

Total 181 89 231 62 0.07 - 6.5
1"Other facilities" include 4 oil production batteries, 2 disposal injection wells, 1 oil deposit, 1 random location and 5
sites mentioned as "other facilities" in the data provided by the O&G production operators.

Approximately 86% of sites visited were oil wells. At least one leak was detected at 74 out of the
155 screened oil wells with an average of 1.5 leaks detected per site. Only two gas compressor stations
were monitored with an OGI technology and both of them had a very high number of emission sources.
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One individual gas compressor station had 58 leaks and the other 27 leaks. After quick repairs at the
first station, approximately half of the identified leaks were repaired. We find that oil parks and other
facilities show a high number of leaks as well, with an average of 5.6 leaks and 5 leaks detected per site,
respectively.

A total emission rate of 88 kg h–1 was measured with the HFS method. These emissions were the
result of many small individual sources. The breakdown of these emissions among various types of sites
are shown in Fig. 2. Even though only 14 out of the 62 quantified individual leaks were from oil wells
compared to the 33 quantified leaks from the gas compressor stations, total emissions were strongly
dominated by oil wells. Specifically, these 14 emission points, with a range of emission rates between
0.09 kg h–1 and 6.5 kg h–1, accounted for more than 63% of total quantified emissions. Emissions from
the 7 quantified components from oil parks ranged between 0.21 kg h–1 to 6.5 kg h–1 and contributed
to approximately 18% of total emissions. The high number of leaking components from the two gas
compressor stations represented only 16% of the total emissions and showed a small range of emission
rates between 0.02 kg h–1 to 1.6 kg h–1.

Among the 181 investigated sites, there were 7 non-producing sites according to the operator (5 oil
wells and 2 disposal injection wells). A non-producing site is defined as a facility that was not producing or
operating at the time of measurement due to low reservoir pressure or technical problems [23]. Emissions
were detected from 2 of the 5 non-producing oil wells. The first location had one identified leak and the
second location had two identified and quantified leaks with emission rates equal to 0.2 kg h–1 and 0.1
kg h–1.

Fig. 2. Breakdown of CH4 contributions to total measured emissions by type of site.

3.1.2 Oil wells

Fig. 3 shows the number of oil wells visited by the infrared camera per region and per cluster divided in
sites with identified leaks and sites without identified leaks. The majority, 74 %, of the measurements were
taken in region 6, indicating a very strong sampling bias towards this region (Fig. 2a). The percentage
of emitting sites versus the percentage of non-emitting sites was higher in regions 7 (60%) and 5A (67%)
compared to region 6 (43%). The sampling bias can also be seen in the visited clusters contained in
each region (Fig. 2b). Most screened sites were in cluster C6_03. One interesting finding is that in
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comparison to other clusters, in cluster C6_03, the percentage of non-emitting sites versus emitting sites
is much higher. However, because of the lack of measurements in other clusters, it is unclear whether
this distinction is robust.

Fig. 3. Number of screened oil wells per region and cluster divided by sites with identified leaks and sites
without identified leaks.

A summary of the characteristics from the screened oil wells and from the total population of oil
wells in Romania are shown in Table 3. No significant differences were found between emitting and
non-emitting sites. For the gas production, approximately 70% of emitting and 82% of non-emitting oil
wells visited report zero gas production or had no gas production in 2019. These percentages are higher
than the average percentage of the total population of oil wells in the country, equal to 52%, already
indicating a sampling bias towards low gas producing sites. Emitting oil wells had an average age of
36 years, average gas production of 9,500 scm per year and average oil production of 48 tons per year.
We find similar range of values for non-emitting oil wells with an average age of 37 years, average gas
production of 7,500 scm per year and average oil production of 52 tons per year. Country average values
for age, gas and oil production in 2019 based on information received from the operators were 37 years,
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27,400 scm and 32 tons per year, respectively. Doing this comparison, we find that the sites visited were
representative of the total population of sites in the country only in terms of age, with a slight focus on
newer sites. However, measurements leaned more towards the high oil but very low gas producing end of
the spectrum.

Tab. 3. Summary of characteristics (production and age) from screened oil wells and from the total
population of oil wells in Romania.

Characteristics Emitting oil
wells

Non-emitting oil
wells

Total
population

Age [years] 36 37 37

Gas production [103 scm per year] 9.5 7.5 27

Zero gas production [% of sites] 70 82 52

Oil production [tons per year] 48 52 32

3.1.3 Sources of observed emissions

From the manual inspection of the recorded infrared videos of the leaking components, 226 out of
231 detected emission sources could be attributed to specific major equipment types. Fig. 4 shows the
frequency of the identified leaking components per type of site. For oil wells, among the seven different
types of emitting equipment that could be identified, the most frequently detected sources were open-
ended lines, accounting for more than half (55%) of the detected components, followed by inaccessible
components located below the ground (25%) and other malfunctioning equipment such as flanges and
threaded connections (20%). For gas compressor stations, 34% of the leaking components were classified
as flanges, 20% as valves, 13% as threaded connections, 13% as compressor seals and the rest as open-
ended lines, pressure gauges and inaccessible components below the ground. We find that oil parks and
facilities share the same major source types, therefore we combine them into one category. The most
frequently detected sources are oil tanks accounting for 55%, followed by open-ended lines, containers
and a few other devices.

Page 21|46



MSc Thesis Foteini Stavropoulou Utrecht University

Fig. 4. Frequency of identified leaking components per type of site.

3.2 Facility-level quantifications

3.2.1 Dataset overview

A total of 342 sites were investigated by using one of the measurement methods outlined in Section
2, covering approximately 5.7% of the total population of sites in Romania. If we distinguish between
different types of production infrastructure, the vast majority of the measurements, namely 218 sites
including the sites assessed as BDL from the TDM team, were carried out at oil wells, which is the focus
of our analysis. Table 4 provides an overview of the number of sampled sites according to the type of site
for each measurement method used.

CH4 emissions were investigated at 77 O&G sites with the OTM-33A method, 45 O&G sites with the
MBA, 50 O&G sites with the TDM and 111 O&G sites with the GPM. CH4 emission rates ranged from
0.11 kg h–1 to 73 kg h–1 for the OTM-33A, 0.0006 to 139 kg h–1 for the GPM, 0.001 kg h–1 and 107 kg
h–1 for the TDM, and 0.0004 kg h–1 and 51 kg h–1 for the MBA for all type of sites. Among all the 342
investigated sites, emissions were still detected from 12 non-producing sites at the time of measurements.
Emission rates ranged between 0.006 kg h–1 and 19 kg h–1.
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Tab. 4. Overview of the number of sampled sites according to the site type for each
measurement method used.

Number of sites
Site Description

OTM-33A GPM1 TDM2 MBA

Oil wells 54 68 25 33

Gas wells 11 12 6 2

Other facilities3 6 30 19 8

Unknown 6 1 - 2

Total 77 111 50 45
1 This category includes both GPM and "Estimates" based on one concentration record.
2 BDL values estimated from the TDM team are not included in this table.
3"Other facilities" include oil parks, gas compressor stations, oil deposits, oil and gas
production batteries, disposal injection wells and sites mentioned as "other facilities" in
the data provided by the O&G production operators.

3.2.2 Oil wells

Table 5 provides basic statistics such as number of measurements, arithmetic mean, median, minimum,
and maximum values for all methods used for the subset of oil well sites. Fig. 5 illustrates the distributions
of the quantified emission rates from oil wells per method. CH4 emission rates ranged from 0.11 kg h–1 to
73 kg h–1 for the OTM-33A, 0.0006 to 46 kg h–1 for the GPM, 0.0012 to 27 kg h–1 for the TDM, and 0.0004
kg h–1 to 18 kg h–1 for the MBA. The difference between the arithmetic mean and median estimates
demonstrate that the emission rates were positively skewed for all methods, with a few measured wells
responsible for the majority of the emissions. The more positively skewed a distribution is, the greater
the mean estimates will be compared to the median estimates. We find that the GPM has the larger
difference between mean and median, with a mean value of 5.9 kg h–1 and a median value of 1.2 kg h–1,
whereas the MBA had the smallest difference, with a mean value of 2.3 kg h–1 and a median value of 1.5
kg h–1. OTM-33A and TDM had comparable estimates, with a mean value of 4.1 kg h–1 and a median
of 1.9 kg h–1, for OTM-33A and, a mean value of 3.5 kg h–1 and a median value of 0.6 kg h–1 for TDM.

Tab. 5. Descriptive statistics of measured CH4 emission rates by method.

Method
#

sampled
sites

Arithmetic
mean [kg

h–1]

Median
[kg h–1]

Min
[kg h–1]

Max
[kg
h–1]

OTM-33A 54 4.1 1.9 0.1100 73

GPM 70 5.9 1.2 0.0006 46

TDM 27 3.5 0.6 0.0012 27

MBA 33 2.3 1.5 0.0004 18
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Fig. 5. Boxplots with the distributions of quantified emission rates from oil wells per method. In each box the
red horizontal line signifies the median and the red square box shows the mean. The box extends to the 25th
and 75th percentiles. The whiskers extend from the minimum to the maximum value. The data points are
overlaid on top of the boxplots. Note the logarithmic y-axis.

A summary of the characteristics from the sampled oil wells and from the total population of oil wells
in Romania are shown in Table 6. The distribution for site age shows little variability across the different
methods. The mean age for the sites quantified by MBA is 30 years, only slightly higher than that for
sites measured by GPM at 29 years. TDM focused on older sites compared to the other methods, with
a mean age of 34 years, whereas OTM-33A measured younger sites with a mean age of 28 years.

In terms of production characteristics, the diversity of the sampled oil wells is more prominent. Among
all measurement methods, TDM sites had the lowest average oil production of 43 tons per year, followed
closely by MBA with 47 tons per year. GPM had the highest production of 77 tons of oil per year,
more than double the country average value. OTM-33A also leaned towards high oil producing oil wells
with an average of 61 tons per year. For the gas production, around 50% of the sampled oil wells with
OTM-33A, GPM and MBA report zero gas production or had no gas production in 2019, whereas for
the TDM this value is equal to 60%. These percentages are comparable to the true percentage, 52%,
of the total population of oil wells in Romania. For the rest of the sites, which report a non-zero value
for their production, their average gas production exhibits a wide range of values, with the TDM sites
having the highest production of around 106,000 scm of natural gas per year and GPM having the lowest
gas production with an average value of 12,000 scm per year.

As mentioned previously, country average values for age, gas and oil production in 2019 were 37 years,
27,400 scm and 32 tons, respectively. Based on these values, we find that oil wells sampled with all three
measurement methods belong to the category of newer and high oil producing type of sites. In terms
of gas production, only OTM-33A measurements were more representative to the total population of oil
wells. TDM and MBA leaned towards the high, whereas GPM towards the low, gas producing end of the
spectrum.
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Tab. 6. Summary of characteristics (production and age) from sampled oil wells based on the measurement
method used, and from the total population of oil wells in Romania.

Characteristics OTM-33A GPM TDM MBA Total
population

Age [years] 28 29 34 30 37

Gas production [103 scm per year] 26 12 106 49 27

Zero gas production [% of sites] 49 51 60 53 52

Oil production [tons per year] 61 77 43 47 32

3.2.3 Emissions distributions and emission factors

Fig. 6 shows the pdfs generated from the results of the statistical estimator for each of the measure-
ment methods applied. Similarly, Table 7 summarizes some key parameters and emission factors derived
from the statistical estimator. The highest site-level emission factor estimated was 14 kg h–1 of CH4

(3.4 - 74, 95% confidence interval) for GPM, whereas the lowest one was 3.7 kg h–1 of CH4 (1.0 - 17,
95% confidence interval) for MBA. The pdf of GPM shows the widest distribution, and the estimated
emission factor shows the largest 95% confidence interval, due to the largest range of CH4 emission rates.
The opposite applies for MBA. We get an emission factor of 7.3 kg h–1 of CH4 per site (2.2 - 30, 95%
confidence interval) for OTM-33A, which is comparable to the site-level emission factor of 7.9 kg h–1 of
CH4 (1.2 - 85, 95% confidence interval) for TDM. Compared to the OTM-33A, the effect of the small
sample size to the estimations for the TDM is reflected in the large confidence interval. When we combine
all the quantifications we get a central estimate of mean site-level emission equal to 8.3 kg h–1 of CH4

(3.8 - 19, 95% confidence interval). Histograms and fitted pdfs under the statistical estimator for each
method used are shown in Fig. S4 of the Supplementary Material.

Tab. 7. Summary of parameters from the statistical estimator.

Method DL Sr
So [% of

non-
detects]

µ σ
EF [kg
h–1] 95% CI

OTM-33A 0.11 53 29 [35%] -0.85 2.4 7.3 2.2 - 30

GPM 0.11 57 31 [35%] -1.00 2.7 14 3.4 - 74

TDM 0.07 21 8 [27%] -0.97 2.5 7.9 1.2 - 85

MBA 0.11 31 17 [35%] -1.07 2.2 3.7 1.0 - 17

TOTAL - - - -0.98 2.5 8.3 3.8 - 19
DL is the detection limit of each measurement method, Sr is the number of measurements above the detection limit,
So is the number of measurements at or below the detection limit, CI is the confidence interval and EF is the emission
factor. TOTAL presents the results of the statistical estimator considering all four measurement methods.
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Fig. 6. Fitted pdfs under the statistical estimator for each measurement method.

The cumulative distribution functions and Lorenz curves from all measurement methods exhibit highly
skewed distributions (Fig. 7). For the total population of quantified oil wells, we find that the top 10%
of emitters had emissions greater than 10 kg h–1 and were responsible for over 85-90% of total emissions,
while 75% of oil wells with lower emissions (less than 1.2 kg h–1) only account for 5% of total emissions.
We get similar results for the OTM-33A and the TDM. MBA shows slightly lower percentages between
the methods, having 80% of cumulative CH4 emissions attributed to 10% of sites. GPM shows a more
skewed distribution with the 10% of sites with highest emissions contributing to 90-93% of total emissions.

Fig. 7. a) Cumulative distribution functions, b) Lorenz curve: percent of emissions as a function of percent of
sites
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3.2.4 Screenings

Table 8 shows the number of maximum CH4 concentrations detected, the number of normalized CH4

enhancements, and parameters μ and σ derived from the statistical estimator using the normalized CH4

enhancements from each vehicle performing the screenings and the combination of their datasets.
We run the statistical estimator for the screening datasets by assuming that their emissions distri-

bution is complete, meaning that there were no measurements below the detection limit. The estimated
values for the parameter μ range between 1.4 and 2.3 ppm in logarithmic scale, with an average value
of 1.9 ppm for the combined measurements. The estimated values for the width of the distributions, σ,
range between 1.8 and 2.3 ppm in logarithmic scale, with an average total value of 2.0 ppm. Based on
Eq. 1, the relationship between measured CH4 concentrations and emission rates is linear, therefore we
can qualitatively compare the results of the width of the distributions between the screenings and the
quantifications. For the quantifications, the values for the parameter σ range between 2.2 and 2.7 kg h–1

in logarithmic scale, with an average total value of 2.5 kg h–1. In contrast to what we were expecting, we
find that the screening datasets show narrower distributions compared to the quantifications. However,
the estimated parameters under the statistical estimator, may not accurately characterize the screening
distributions since not all screening datasets passed the statistical tests for lognormality. Another reason
for this discrepancy could be the effect of the fraction of non-detects to the width of the distribution.
As discussed in Section S2 of the Supplementary Material, depending on the choice of the fraction of
non-detects and the detection limit, the log-normal distribution fit might be widened.

Tab. 8. Overview of the number of maximum CH4 concentrations detected, the number of normalized
CH4 enhancements, and parameters μ and σ derived from the statistical estimator using the normalized
CH4 enhancements

Vehicle # of Maximum CH4
Concentrations

# of Normalized
CH4 Enhancements µ σ

1 317 181 2.0 1.8

2 138 26 2.3 1.9

3 384 177 2.1 2.3

4 345 169 1.9 1.8

5 171 119 1.4 2.2

Total 1355 672 1.9 2.0

As mentioned above, we assume that the emissions distributions of the screening datasets are complete.
As a consequence, we can use this dataset to obtain information about the sites below the detection limit
of our measurement methods. Approximately 217 oil wells had normalized CH4 enhancements lower than
2.2 ppm, accounting for 32% of the total number of screened oil wells. The value of 2.2 ppm is considered
as the limit for OTM-33A (Korben et al., 2022, in preparation). Therefore, this percentage of 32% can be
considered as the fraction of non-detects. Since we investigate measurements from a variety of different
quantification methods, we calculate this fraction of low enhancements using different background levels.
For a limit of 1.9 ppm, we get a fraction of 30%, whereas for a higher limit of 2.5 ppm, we get a fraction
of 35%. These percentages are comparable to the fraction of non-detects that we used for the derivation
of emission factors, equal to 35% (for OTM-33A, GPM and MBA), based on the results of Korben et al.,
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2022 (in preparation), and 27% (for TDM), based on the fraction of BDL values from the TDM team.
Slightly more than half of the maximum CH4 concentration peaks were rejected by the Gaussian

model algorithm. This can be seen in both Table 8 and Fig. 8 depicting the distribution of the log-
transformed maximum CH4 concentrations for the rejected and accepted peaks. We find that more than
half (55%) of these rejected peaks are very low values, specifically less than 2.7 ppm (or 1 in log-scale).
We refer to this part of the distribution as zero mode. Apart from these sites with low CH4 values, there
are a number of wells with high maximum CH4 concentration peaks which are rejected by the algorithm.
One reason for this pattern is that in some situations, high CH4 concentrations would be recorded in an
area with two wells situated close to each other. In these cases, maximum CH4 concentrations would be
assigned to both of them, but the model for the Gaussian fit will assign normalised CH4 concentration
to one of the wells.

Fig. 8. Emissions distribution of the log-transformed maximum CH4 concentrations for the rejected and
accepted peaks of the Gaussian algorithm.
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4 Discussion

On a component scale, the evaluation of the data sampled with the OGI and HFS methods demonstrate
that approximately half of the sites visited emit CH4. The number of emission points per type of site
varies widely. We find that the vast majority (83%) of individual oil wells present only 1 emission point,
with a few wells having no more than 2 emission points. On average, larger facilities such as oil parks
and especially gas compressor stations show multiple emission sources with up to 58 identified emission
points for one gas compressor station.

An important finding of the OGI dataset analysis is the difference of the percentage of non-emitting
sites versus emitting sites between cluster C6_03 and the rest of the visited clusters. Oil wells in cluster
C6_03 are associated with emissions of Hydrogen Sulfide (H2S) gas, a by-product that is formed in some
fossil fuel reservoirs through natural processes or due to some methods employed in the O&G upstream
production [46]. This chemical compound is a colourless, transparent gas with a characteristic of a
rotten-egg odour at low concentrations which can be highly toxic to humans and animals, causing serious
health problems even at low concentrations [47]. The difference between emitting and non-emitting wells
between clusters demonstrate that wells associated with the H2S component are better maintained to
avoid dangerous H2S emissions. This suggests that it is feasible to reduce emissions by improved practises
and better maintenance of facilities.

Considering the breakdown of CH4 sources by leaking component type, we find that more than three-
quarters of emissions from oil wells are from open-ended lines and components from somewhere below
the ground, which could be open outlets as well. These emissions are thus part of normal operational
practices and can be considered as venting. This finding can also be linked and supported by the fact
that approximately 70% of CH4 emitting oil wells visited with the infrared camera report zero gas
production, while this percentage varies between 49% and 60% for the site-level quantifications. In many
oil-producing regions, CH4 is considered a byproduct and is deemed uneconomical to collect and sell. As
a result, operators vent or flare CH4 instead of building infrastructure to capture the produced gas. Since
no flaring was observed during the three-week campaign, it is suggested that detected CH4 emissions
from the majority of sampled oil wells are vented emissions.

This is not the case for the other types of sites investigated. For gas compressor stations, more than
90% of the identified leaking components fall into the category of fugitive emissions from malfunctioning
equipment such as flanges, valves and compressor seals. Similarly, for oil parks and other larger type of
sites, more than 55% of the major sources are attributed to poorly maintained production storage tanks.
From the inspection of the recorded infrared videos of the leaking components, we find that the majority
of tanks exhibited signs of maintenance issues and aging such as corrosion and rust. Recent studies in
North America suggest tanks as one of the largest sources of emissions from production sites, contributing
to a very large share of emissions [13, 17, 48]. Due to safety and accessibility restrictions, in this study
emissions from tanks were not quantified with the HFS and therefore, we are unable to evaluate the scale
of these emissions.
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4.1 Comparison with CH4 emissions reported from other studies

The CH4 emissions from the O&G sector have recently been the focus of a number of studies. We
compare our findings with those from similar ground-based measurements in US and Canada O&G
production areas in the US and Canada. Since each of these studies estimated average emission factors
using a different approach, we use the reported datasets to derive the emission factors under the statistical
estimator used in this paper. In this way we can consistently compare the results between the different
regions. Table S3 provides an overview of the studies considered for this comparison and the derived
parameters and emission factors using the statistical estimator. Fig 9 shows the derived cumulative
distribution functions of each production region. All studies show heavy-tailed distributions; however,
Romania presents one of the highest levels of skewness indicating the disproportionate contribution of
high-emitting sites to the total emissions. Our results show that 10% of sites are responsible for more
than 85% of emissions. By identifying and mitigating these high-emitting sites or "super-emitters", a
large share of total emissions reduction can be achieved.

The CH4 emission factor estimated for this study was 8.3 kg h–1 site–1 (3.8 - 19, 95% confidence inter-
val) including all datasets from the four site-level quantification methods. CH4 emission factors estimated
for the studies used for our comparison range between 1.2 and 8.2 kg h–1 site–1 for O&G production sites,
with the majority of the emission factors being below 3 kg h–1 site–1. We find that Romania presents the
highest emission factor when compared to US O&G production regions (see Table S3). Specifically, our
estimated CH4 emission factor from Romania is slightly greater than the CH4 emission factor from the
Permian Basin, which is the largest oil-producing region in the US. The differences between production
characteristics, age of sites, geologic features and operational procedures in each region could have a sig-
nificant impact on the various levels of skewness and the emission factors. In Romania, we have identified
venting via open-ended lines as one of the main sources for the high emission factor.
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Fig. 9. Lorenz curve: cumulative percentage of emissions as a function of cumulative percentage of sites for
different North American production regions, including the results from this study. The black dashed line
shows the results of the statistical estimator for the ROMEO campaign, considering all four measurement
methods. It overlaps with the one from the Fayetteville basin.

4.2 Comparison with CH4 emissions reported from national inventories

In order to compare our results with the reported emissions from national inventories, we assume
that the measured oil wells in this study are representative of oil wells basin-wide and we scale up our
emissions to the country level by multiplying the estimated emission factor of 8.3 kg h–1 site–1 with the
total number of active oil producing wells reported by the local O&G operator (N=3301). Assuming that
these emissions continue year-round, this results in annual emission estimate of 240 ktons CH4 yr–1 (min
= 110 ktons yr–1 and max = 555 ktons yr–1). We find that the annual CH4 emissions derived from our
measurements are significantly larger than the current reported emissions in national inventories. The
total 2020 upstream O&G sector CH4 emissions in the UNFCCC inventory were reported to be 83 ktons
of CH4, which is approximately 3 times less than the 2019 CH4 emissions from oil wells estimated in
this study (Fig. 10) [49]. Total 2020 upstream O&G sector CH4 emissions estimated by the IEA were
even less, equal to 63 ktons of CH4. Even when comparing our lowest estimate of 110 ktons CH4 yr–1 to
published estimates, we still find an underestimation of total emissions.
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Fig. 10. Comparison of annual CH4 emissions estimated in our study for 2019 with estimates reported to
the UNFCCC and derived by the IEA for the total 2020 upstream O&G sector. Error bar extends from the
minimum value of 110 ktons yr–1 to the maximum value of 555 ktons yr–1 (not shown in the figure) based on
the 95% confidence interval.

Our 250 ktons of CH4 yr–1 estimate is likely to be conservative since it only includes oil wells, in
particular a fraction of the total population of oil wells in Romania, and emissions from other types of
sites (e.g., oil parks with our documented emissions from leaking tanks, and the entire gas production
infrastructure) were not included. Non-producing oil wells were also neglected from the derivation of
country-level annual emissions. However, we find that emissions were still detected from 9 oil wells that
were characterised as non-operating at the time of measurement in the data provided by the operators.
Therefore, the actual total CH4 emissions from upstream O&G sector are likely more than a factor of 3
higher than the current inventory emissions reported.

Discrepancies between available inventory estimates and direct measured CH4 emissions have been
indicated by numerous studies in other areas [10, 14, 15, 16, 17, 50], and we now confirm this for the
Romanian oil production basin. As mentioned in the introduction of this study, one main reason for
these discrepancies is the use of outdated and highly uncertain emission factors for the derivation of
inventory estimates. This is especially relevant for Romania since their published estimates are based on
a tiered methodological approach following the IPCC 2006 guidelines [51]. Specifically, Romania uses the
basic Tier 1 method which relies on multiplying default emission factors applicable for all countries by
country-specific activity data. Thus, these reported emissions do not consider the characteristics of the
actual O&G infrastructure of Romania, such as its age and state of maintenance, or current operational
practises. For example, while gas flaring is almost eliminated as a practise in Romania, unlit or partly
dismantled flare systems can be a significant source of unreported vented emissions into the atmosphere
[52]. Additionally, alternatives to flaring, such as measures to recover natural gas, should be implemented
when trying to reduce flaring. However, infrastructure for the collection and economical utilization of
the natural gas that would otherwise be flared or vented is inadequate or non-existing in the surveyed
areas. This combination of lack of gas flaring and gas recovery infrastructure raises questions about the
reported low emissions estimates from national inventory.

As independent line of evidence, 70% of the screened oil wells and more than 50% of measured oil wells
report zero gas production, but high CH4 emissions were detected. Linking this finding to the attribution
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of emissions to specific equipment sources reveals that unreported extensive venting is the main driver
of the majority of the emissions from oil wells in Romania. These results have great implications not
only for the accuracy of current national inventories, but also for the feasibility of reaching EU emissions
reductions targets. The total CH4 emissions from the O&G sector in Romania reported to the UNFCCC
decreased by 92.5% between 1989 and 2020 [53]. However, this significant reduction in emissions is
mainly a consequence of decrease in production and changes in reporting methodology and not indicative
of changes in operations that would result in lower emissions. The lack of gas flaring and gas collection
infrastructure across oil production sites in Romania is evidence of the relatively high emissions. This
might be the case for other countries as well. A large number of countries rely on the Tier 1 method,
rather than direct site-level measurements, for the derivation of their national emissions estimates from
the energy sector. However, since technological and operating conditions vary significantly between
countries, it is likely that these estimates will be characterised by relatively large uncertainties and might
not reflect actual emissions. This lack of accurate estimations and precise knowledge on the magnitude
and the sources of CH4 emissions makes it difficult to assess and ensure if emissions reductions are actually
accomplished.
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5 Conclusions
In this work, we provide a thorough characterization of CH4 emissions from the O&G production

sector of Romania by using a variety of ground-based quantification methods on a component and facility
scale. The main findings are summarized as follows:

1. Major drivers of CH4 emissions in Romania are the venting of gas through open-ended lines for
oil wells, technical malfunctioning equipment for gas compressor stations and poorly maintained
storage tanks for larger facilities, such as oil parks. These results highlight the need for operational
improvement, better maintenance of sites, and replacement and upgrade of equipment.

2. Oil wells associated with emissions of H2S are more well-maintained and had a lower number of
detected emission points compared to oil wells without this component. Thus, effective mitigation
of emissions can be achieved by improved practices and frequent leak detection and repair programs.

3. Quantified emission rates were represented by a mean emission factor equal to 8.3 kg h–1 site–1 (3.8
- 19, 95% confidence interval). The derived emission factor of Romania is among the highest ones
compared to other production regions in North America.

4. CH4 emission rates quantified from oil wells using a variety of different quantification methods were
characterised by very skewed distributions, with 10% of sites contributing to more than 85% of the
total CH4 emissions. The combination of identifying these high-emitting sites and implementing
regulations for unreported vented emissions serve as the key mitigation opportunities for reducing
CH4 emissions in Romania.

5. When scaling up our results to a national level, we find that national inventories might underestimate
CH4 emissions by at least a factor of 3. Given the importance of mitigating CH4 emissions in the
near-term future, there is an urgent need for emission mitigation and a reconsideration of published
estimates from national inventories.
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Supplementary Material

S1 Location of quantified oil wells

Fig. S1. Map illustrating the location of quantified oil wells grouped by region. The table shows the
number of measured sites and the total population of sites in each region.

S2 Sensitivity analysis of the statistical estimator

The results of the statistical estimator depend heavily on two parameters, the detection limit of the
measurement method and the number of sites below this detection limit, in other words, the non-detects.
We tested the sensitivity of the log-normal fits by running the statistical estimator for three different
parameter values for both the detection limit and the fraction of non-detects. We use the subset of oil
wells from the OTM-33A method for the sensitivity analysis. Table S1 provides the summary of the
parameters and Fig. S2 presents the fitted pdfs derived from the statistical estimator. By decreasing the
value of the detection limit or by increasing the fraction of non-detects, the estimated EFs increase, due
to the widening of the distribution towards the lower end. This behaviour is more prominent and results
in very large EF estimates when the detection limit is very low. The choice of the detection limit does
not affect the high end of the distribution substantially, and the choice of the percentage of non-detects
has an even smaller impact. These findings underscore the sensitivity of the statistical estimator to the
low end of the distribution and highlight the need for caution when choosing the values of these two
parameters.

Page 40|46



MSc Thesis Foteini Stavropoulou Utrecht University

Tab. S1. Summary of parameters from the statistical estimator calculated using different values for the detection
limit and for the fraction of non-detects.

Parameter DL Sr
So [% of

non-
detects]

µ σ
EF [kg
h–1] 95% CI

Detection limit

0.036 54 29 [35%] -1.39 3.06 27.2 4.43 - 234.58

0.11 53 29 [35%] -0.85 2.38 7.30 2.21 - 29.50

0.2 52 28 [35%] -0.52 2.01 4.52 1.83 - 12.80

% of non-detects

0.11 53 18 [25%] -0.31 2.03 5.71 2.33 - 16.11

0.11 53 29 [35%] -0.85 2.38 7.30 2.21 - 29.50

0.11 53 43 [45%] -1.47 2.73 9.65 2.13 - 57.41
DL is the detection limit of each measurement method, Sr is the number of measurements above the detection limit, So is
the number of measurements at or below the detection limit, CI is the confidence interval and EF is the emission factor.

Fig. S2. Pdfs derived from the statistical estimator calculated using different values for the detection limit and
for the fraction of non-detects.
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S3 Sensitivity analysis of the Gaussian fit

We investigate how different parameters in the model for the Gaussian fit affect the results. Specif-
ically, we want to further explore what causes certain plumes, especially the ones in the zero mode of
the maximum CH4 distribution (Fig. 8), to be rejected or accepted for the Gaussian fit. The team, that
developed this algorithm, performed an advanced sensitivity analysis and found two possible parameters,
the first derivative of the concentration and the background level. The effect of each parameter was eval-
uated by changing the values for one parameter and keeping the value of the other parameter constant.
The analysis was carried out for two of the instruments used during the screening phase. The analysis of
only one of the instruments is reported here since both of them had similar results.

The first parameter is related to the sensitivity of the first derivative of the concentration as a function
of space. This parameter is important for locating the beginning and the end of peaks as the derivative
increases or decreases, and the top of peaks where the derivative is close to zero. The team tested the
effect of this parameter to the number and distribution of the peaks by setting the threshold of the
increase of the derivative between values of 10–7 and 10–2, and keeping the background level constant
and equal to 1.1. Fig. S3a shows the tested values of the threshold parameter as a function of the number
of peaks identified from the algorithm. We find that by lowering the threshold, more peaks are identified,
and vice versa. This is something that we expected since the lower the threshold, the larger the peaks,
or in other words, the steeper the slope of the peak has to be in order to be detected. For values below
10–4, the number of peaks remains constant.

The second parameter is the background value required for peak to end. The background level
is determined as the factor by which the concentration before the peak is multiplied. For example,
background level equal to 1.1 means that if the value before the beginning of the peak was 2ppm then
the end of the peak will be set when concentration falls below 2.2ppm. The team tested the effect of this
parameter to the number and distribution of the peaks by setting the background level between values
of 1.001 and 1.285, and keeping the threshold constant and equal to 10–6. Fig. S3b shows the tested
values of background level as a function of the number of peaks identified from the algorithm. We find
that by increasing the background level, a higher number of peaks are detected, and vice versa. A lower
background value will not distinguish between individual smaller peaks and will group them together
treating them as one large peak. For values below 10–4, the number of peaks remains constant.

The final screening dataset analysed in our study used the values 0.001 and 1.1 as the threshold and
the background level factor, respectively. These values might not be optimal and might be causing the
algorithm to reject a number of peaks, however, the results do not change substantially.
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Fig. S3. a) Background level, and b) First derivative of the concentration (or threshold). Both are a function
of the number of identified peaks.

S4 Overview of the sampled sites per type of emission rate assessment used
by the TDM team.

Tab. S2. Overview of the sampled sites per type of evaluation for the measurements of the TDM team.

Number of sites
Site Description

BDL GPM TDM Estimates

Oil wells 34 15 27 46

Gas wells 16 - 6 11

Facilities 5 8 19 13

Total 55 23 52 70
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S5 Histograms and fitted pdfs under the statistical estimator for each mea-
surement method used.

Fig. S4. Histograms and fitted pdfs under the statistical estimator for each measurement method used.
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S6 Screening data distributions

Fig. S5. Emissions distributions from a) different screening vehicles, b) the total number of the screenings from
every vehicle used. The black dashed vertical line in the lower graph indicates the detection limit of 2.2 ppm
used for the OTM-33A dataset.
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S7 Comparison with CH4 emissions reported from other studies

Tab. S3. Summary of estimated parameters derived from the statistical estimator for each of the production
regions used in our comparison.

Dataset µ σ EF [kg h–1] Gini
coefficient1 Reference

Denver - Julesburg
(Colorado, US) -0.62 1.3 1.2 0.63 Robertson et

al., 2017

Barnett Shale (Texas,
US) -1.8 2.2 1.8 0.88 Zavala-Araiza

et al., 2015

Red Deer (Alberta,
Canada) -0.31 1.5 2.2 0.70 Zavala-Araiza

et al., 2018

Upper Green River (US) 0.32 1.0 2.4 0.53 Robertson et
al., 2017

Fayetteville (Arkansas,
US) -2.1 2.5 2.5 0.92 Robertson et

al., 2017

Uintah (Wyoming, US) 0.17 1.3 2.7 0.63 Robertson et
al., 2017

Marcellus (US) 0.39 1.8 7.3 0.79 Omara et al.,
2015

Permian (Texas, New
Mexico, US) 1.5 1.1 8.2 0.56 Robertson et

al., 2020

Romania (Europe) -0.98 2.5 8.3 0.92 This study

Compressor stations
(national, US) 3.1 1.5 64 0.71 Zavala-Araiza

et al., 2015

Processing plants
(national US) 4.4 1.3 190 0.64 Zavala-Araiza

et al., 2015
1The Gini coefficient is a measure of statistical dispersion used to estimate the inequality among values of a frequency
distribution. A Gini coefficient of 0 represents complete equality, whereas a Gini coefficient close to one expresses the
maximum inequality among values where one component emits strongly while all the other components emit nothing [54].
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