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Abstract

Methane emissions from the oil and gas sector are one of the most important factors to address
with respect to human-driven forces of climate change. Within Canada, the United States, and
other jurisdictions worldwide, significant progress has been made in the measurement and
regulation of methane emissions. While this progress has been beneficial for methane emission
reduction, far less work has been performed in the understanding of uncertainties associated with
methane emission measurements. Understanding these uncertainties is crucial for regulation,
repair activities, and inventorying of emissions to be performed.

This thesis covers a multi-year project related to the investigation of methane emissions
quantification uncertainty, with a focus on the development of an uncertainty model for truck-
based emissions estimates using a generalized Bayesian inference. A literature review of
uncertainty analysis for methane quantification technologies is presented, as well as a detailed
overview of specific technologies that were investigated during controlled release field
measurement campaigns. The controlled release measurements are detailed, as well as the
empirical results for the technologies that were evaluated.

Subsequent chapters focus on truck-based tunable diode laser absorption spectroscopy
measurements, combined with atmospheric data in the Gaussian plume model. The Gaussian
plume model is derived, and the method of modelling the errors associated with this measurement
technique is described. Bayesian inference is used to quantify the emission estimate uncertainty,
which relies upon a CFD investigation into the errors associated with the Gaussian plume model.
This thesis presents the details of how the Bayesian inference is performed — namely the form of

the likelihood function, the treatment of priors, and the construction of credible intervals on the



resulting posterior distributions. Then, the procedure for investigating the model error using high-
fidelity detached eddy simulations is detailed.

Next, the results of the Bayesian inference on the controlled release data are presented. It was
found through the analysis of the applicability of the credible intervals to the true emission rates
that the procedure resulted in an accurate representation of the true uncertainty of the measurement
technique. Further investigation into the factors affecting the uncertainty of emission estimates
revealed the measurement distance to be a significant contributor to the uncertainty, as well as
very low wind speeds being a potential limitation to the technique.

This thesis concludes with some discussion of the implications of the results, what limitations

are present in the study, and some recommendations for future research relating to this work.
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1 Introduction and Motivation

1.1 Methane Emissions in the Oil and Gas Industry

Methane (CHa4) emissions to the atmosphere are one of the most important factors with respect to
anthropogenic forces in climate change, second only to atmospheric carbon dioxide (CO3)
emissions [2]. The global warming potential —a measure of the ability of a greenhouse gas (GHG)
to trap heat in the atmosphere — of 1 kg of CHa is over 25 times higher than 1 kg of CO> over a
100-year period [3, 4]. Over a shorter, 20-year period, the global warming potential of CH is over
80 times larger than CO> [4]. Canada accounts for 1.5% of the world’s GHG emissions, at 708 Mt
of CO; equivalent in 2022, with CHa representing the second largest constituent of GHG emissions
in the country [2]. Anthropogenic methane emissions in Canada are largely attributable to the oil
and gas industry, landfills, and agriculture — with the oil and gas industry contributing the largest
amount of CH4 emissions with 56 Mt CO> equivalent per year [2]. It is clear to see the need for a
reduction in CH4 emissions, specifically in the oil and gas sector, to curb the effects of climate
change [5, 6].

In an effort to reduce CH4 emissions, the Canadian Government has implemented regulations
aiming at a 75% reduction of methane emissions by 2030 [5]. Similarly, other jurisdictions
internationally have begun implementing regulations on CH4 emissions, such as the United States’
Methane Emissions Reduction Program (MERP) [7], and the European Union’s Methane
Emissions Reduction Strategy (MERS) [8]. The MERP aims to reduce CH4 emissions from the
United States’ oil and natural gas sectors by providing technical and financial assistance to support
CHa reporting and monitoring activities, as well as through the introduction of a progressively
increasing waste emissions charge, starting in 2024 at $900 per metric ton of reported CHs4

emissions [7, 9]. Similarly, the MERS aims to minimize the releases of CH4in Europe’s fossil fuel



inventory through the establishment of measurement, reporting, and verification processes;
obligating operators in the fossil fuel sector to monitor emissions and implement mitigation
strategies; and in the establishment of transparent public methane inventories [8, 10]. Other
regulations across jurisdictions have included the regulation of leak detection and repair (LDAR)
programs, such as how frequently these programs should be implemented, what size leaks require
repair, and how quickly leaks need to be repaired after being identified [10, 11]. Adequate
enforcement of these regulations, and implementation of these programs, relies on accurate data
regarding fugitive CH4 emissions from leaking components, as well as accurate data on overall
emissions inventories [12]. To achieve this, significant work has been performed in the
development of technologies capable of detecting and quantifying CHs emissions [12, 13],
however the uncertainties associated with the estimates obtained from these technologies are less

understood [14, 15].

1.2 Project Scope and Purpose

With a diverse range of applicability for methane quantification technologies, it is important for
regulators to understand how accurate emissions estimates from a specific technology are for the
specific measurements taking place. This relies on an understanding of the uncertainty associated
with measured emissions. Understanding the uncertainties in emissions estimates can help to
answer questions such as “how likely is it that an operator is complying with methane emissions
regulations?”, “What is the best technology to use to measure specific emissions?”, and “How
should leaks be prioritized within the context of LDAR programs?”.

To investigate methane emissions quantification uncertainty, a team of researchers from the

University of Waterloo (UW), Arolytics, Inc. [16], and Carbon Management Canada (CMC) [17]



conducted a multi-year research project on the evaluation of methane emissions quantification
technologies. This project was funded through the Clean Resources Innovation Network (CRIN)
[18], Petroleum Technology Alliance Canada (PTAC) [19], and the Natural Sciences and
Engineering Research Council (NSERC). The project was broken down into distinct phases. First,
a comprehensive review of methane quantification technologies was performed. Then, specific
technologies were chosen to participate in multiple field measurement campaigns. The third phase
was the execution of the field campaign, where the selected technologies participated in controlled
release measurements to gather data for analysis. The final phase of the project was the analysis
of data for the purpose of modelling the uncertainty in these technologies.
1.3 Methane Quantification Technologies

1.3.1 Review and Characterization of Quantification Technologies

The first phase of the project was a review of emerging methane quantification technologies. These
technologies include quantitative optical gas imaging (QOGI) [20], aerial hyperspectral
measurements [21, 22], vehicle-based measurements [23, 1, 24], and satellite imaging [25].
Quantification technologies can be categorized a variety of ways, such as by the
measurement/imaging technique (Figure 1-1), the specific applicability of the technology with
respect to what type of emissions the technology can monitor (Figure 1-2), or more generally as
“top-down” or “bottom-up”. “Bottom-up” emissions estimates are methane emissions estimates
that are comprised of a representative sample of small-scale emitting devices/equipment, while
“top-down” emissions estimates refer to more large-scale emissions estimates, such as regional
measurements from an aerial or satellite-based technology [26]. Technologies were also evaluated

based on factors such as reported precision, and the technology readiness level (TRL), a measure



of how developed a technology is, from basic principles to full-scale, successful deployment in

real-world operations [27].
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Generally, these technologies work by combining concentration measurements with some

atmospheric transport model to derive the emission rate of a particular source. Closed path or point
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concentration estimates are derived from the combination of a local CH4 concentration
measurement (e.g. a ppm measurement) with some dispersion model (such as the Gaussian plume
model [28] or a Lagrangian stochastic model [29]) based on local anemometry or meteorological
measurements. Open path measurements are similar in that the CH4 measurements are combined
with meteorological data to obtain emissions estimates, however the measurements themselves are
made over longer distances (path lengths), with the resulting measurement being a column density
measurement, integrated over the path length (e.g. ppm-m measurements). Imaging techniques
work by generating a map of column densities, which can then be used with wind measurements
or an inferred velocity field to obtain emissions estimates. Finally, in-situ measurements work by
directly measuring flow in confined environments such as pipes and vents through the use of
gauges. The outcome of the review was a summary of 23 different technologies/techniques, which
are summarized in Appendix A.

From the technologies surveyed, a subset of technologies was chosen to be evaluated in field
measurement campaigns, then further analyzed throughout the remainder of the project. These
technologies were chosen to be representative of a variety of measurement techniques and
applicability to emission sources. The technologies chosen included mid-wavelength infrared
quantitative optical gas imaging (MWIR QOGI); truck-based tunable-diode laser absorption
spectroscopy (TDLAS); and aerial hyperspectral measurements in the near-infrared (NIR) and
long-wave infrared (LWIR). The planning and execution of these measurement campaigns is

detailed in Chapter 2 of this thesis.



1.3.2 MWIR QOGI

The main principle of QOGI is in the measurement of plumes through the detection of thermal
radiation emitted or absorbed by the gas. When the temperature of the gas is hotter than the
background, the plume is detected as a radiation emission (known as a “white plume”), while
colder plumes are detected through the absorption of radiation (known as “black plumes”) [30].
QOGI cameras measure thermal radiation across a range of wavelengths, and these measurement
wavelengths correspond to the absorption bands of the target gas [31]. Mid-wavelength infrared
cameras operate in the 3um to 5um measurement spectrum, where hydrocarbons such as CH4 (3.3
pum) exhibit absorption features [32]. Using a spectroscopic model, with knowledge of the plume
composition and ambient temperatures, the column densities along the line of sight of the QOGI
camera are inferred from the intensity of the radiation measured (i.e., the brightness of a pixel in a
QOGI image). The output of this is a 2-D map of column densities that can then be used to infer
an emission rate using an advection model that is usually identified by analyzing the motion of the
plume across successive QOGI images [30, 31].

The specific QOGI cameras evaluated during the field measurement campaigns included a
FLIR GFx320 camera with a QL320 tablet operated by a researcher from the University of
Waterloo (UW) [33], a second FLIR GFx320 system operated by AGAT technologies, as well as
an OPGAL EyeCGas camera with an EyeCSite tablet that was operated by personnel from
Montrose Environmental Ltd [34, 35]. Both cameras have similar technical specifications in terms
of the spectral range of detection, resolution, optics, and sensitivity. The tablets for each camera
use proprietary algorithms to infer column densities and the advection model to then output an
emission rate estimate. Technical specifications for each QOGI technology can be found in

Appendix B.



1.3.3 Aerial Hyperspectral Measurements
Hyperspectral measurements of methane are performed by generating thousands of images of the
same scene, each corresponding to different wavelength measurements (known as a “hypercube”).
through the use of an imaging Fourier transform spectrometer (IFTS) that maps the intensity of
each pixel across a range of wavelengths [36] [37]. Like QOGlI, the output of these measurements
is a 2-D column intensity map, which is then related to an emission rate using an advection model.
The hyperspectral techniques evaluated during the field measurements are both examples of
aerial hyperspectral measurements, where downward facing hyperspectral cameras are mounted
to an aircraft that flies overhead a facility/site where measurements are taking place. One of these
cameras was the IFTS package from GHGSat, operating in the near infrared (NIR) spectrum
(1630nm to 1655nm), mounted to an airplane [38]. This system relies on reflected sunlight off the
ground, that is attenuated by the gas layer as it reflects back up to the measurement location. The
other system was the Telops Hyper-Cam xLW Airborne Mini [39], which is another example of a
downward facing IFTS package. However, the Telops hyper-cam operates in the long-wavelength
infrared (LWIR) spectrum between 7.4um and 12.5um and does not rely on reflected sunlight.
Instead, this system relies on a thermal contrast between the ground and the gas being measured
in order to properly detect and quantify the emission. The specifications for the LWIR aerial

hyperspectral technology can be found in Appendix C.

1.3.4 Truck-based TDLAS Measurements

TDLAS measurements work by scanning a precisely tuned laser, emitted from a diode, back and
forth across the absorption line for a target gas at a known emitted intensity [40]. The emitted light
is directed through a gas sample, before reaching a detector that measures the intensity of the light

after having passed through the gas sample [40, 41]. While the light passes through the gas sample



at the specific absorption line, the light intensity will decrease as a portion of the emitted radiation
is absorbed by the gas; the difference between the emitted light intensity and the detected light

intensity is related to the concentration of the gas within the sample by the Beer-Lambert law.
A=log (II—OJ =gy lc, (1-1)

where A is the absorbance; lo and | are the intensities of the light emitted by the diode and the light
detected after passing through the gas, respectively; cabs is the molar absorption coefficient for the
specific gas; | is the path length; and cm is the molar concentration [41, 42]. The molar
concentrations can then be converted to a parts per million (ppm) concentration, or another useful
unit of concentration depending on the application. The concentration data can be combined with
an advection model to infer an emission rate of the source.

The specific truck-based TDLAS technology that is the focus of this thesis is Boreal Laser’s
Gasfinder3 VB™ [43] system. This system uses an enhanced TDLAS technique known as
wavelength modulated spectroscopy (WMS). In WMS, the wavelength of the emitted laser is
scanned rapidly and usually sinusoidally centred on the absorption wavelength of interest through
the harmonic modulation of the supply current [44]. The absorption information is then detected
on the harmonics of the modulation frequency, and post-processed to obtain concentration data
[45]. WMS is an enhancement of TDLAS due to improved noise rejection, allowing for lower
thresholds of detection [44]. The absorption wavelengths correspond to natural frequencies of
vibrational and rotational motion of the molecules, which are governed by the mass of the
molecules, and the strength of the molecular bonds (analogous to a spring-mass system) [46, 47].
When radiation of different wavelengths passes through a gas, the molecules absorb radiation at
the specific wavelengths that match either the natural vibrational frequencies, or overtones of the

natural vibration due to higher vibrational states [46, 48]. Boreal Laser’s system is centred on the
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1512 nm absorption line for CHa4 in the near infrared. It uses tuning mirrors and a retroreflector,
and a photodiode to collect a laser signal, all mounted within a 1.3m wide chamber that is mounted
to the back of a truck. The measurement chamber is perforated such that as the truck drives through
a methane plume, particles of methane diffuse into the chamber. The path integrated concentrations
are reported as ppm concentrations with a frequency of 1 Hz [43]. The reported accuracy of the
technology is reported to be less than 2% concentration error, however at near ambient
concentrations, the errors have been shown to be larger than this reported value [46]. Even at near
ambient concentrations, however, the uncertainties in emission estimates are still expected to be
dominated by errors in the advection model used to infer an emission rate. Technical specifications
for the Gasfinder3-VB system can be found in Appendix D.
1.4 Uncertainty Quantification

Following the review and characterization of methane quantification technologies, it is
important to identify how uncertainty arises in the emission estimates these technologies provide.
This section provides an overview of how uncertainty arises from different sources, introduces
Bayesian inference as a tool for quantifying uncertainty, and discusses different ways of analyzing

uncertainty from a model-based or empirical approach.

1.4.1 Overview of Uncertainty

Understanding uncertainties associated with quantification technologies is essential in ascertaining
what the reality of methane emissions is in the context of reported emission rates. This affects both
the prioritization of LDAR programs, as well as in ensuring that policies and regulations are
enforced with a science-based approach, using the most accurate representation of the data as
possible [5]. As an example, uncertainties associated with emissions estimates has been attributed

as a cause for discrepancies between top-down, and bottom-up emissions inventories [14] [47, 48,



49]. Johnson et al. showed that using a hybrid methane inventory procedure combining top-down
and bottom-up emissions measurements, the actual methane inventory of British Columbia’s oil
and gas industry was likely 1.7 times higher than the reported values [47]. Using previously
identified probability of detection (POD) and uncertainty models for an aerial measurement
technology, they combined top-down measurements across British Columbia’s oil and gas sector
with more traditional bottom-up emissions factors and measurements within a Bayesian and Monte
Carlo framework that considered both the probability of missed detections, and the measurement
uncertainty for the aerial technology [47, 50]. Through this, they were able to construct a
probability density function (PDF) that described the probability distribution for the total CH4
inventory of the region’s oil and gas sector. They found that even at the lowest inferred inventory
within a 95% credible interval, the measured inventory was significantly larger than what was
being reported as the official inventory. From this, it is clear to see how methane emission
quantification uncertainty can impact the proper regulatory and emission reduction strategies.
Uncertainty in emissions estimates arises from three major sources. As seen in Figure 1-3, these
are the measurement noise, uncertainty arising from assumption/simplifications used in

measurement models, and uncertainties in model parameters.
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Figure 1-3: Schematic of sources contributing to overall emission estimate uncertainty.

From Figure 1-3, measurement noise refers specifically to errors associated with the methane
measurement sensors. An example of this would be uncertainties in parts per million (ppm) point
concentration measurements from a tunable diode laser absorption spectroscopy (TDLAS)
measurement of methane. Parameter uncertainty is imparted by uncertainties in any parameters
used in a measurement model. Typically, methane emissions estimates are a combination of a
methane measurement (e.g. concentration), and a measurement model that links the concentration
to an emission rate [51]. These measurement models typically include variables relating to the
atmospheric conditions and other ancillary parameters (e.g. windspeed, temperature, etc.). Like
the measurements of methane, the measurement and/or identification of these parameters comes
with associated uncertainty that contributes to the overall uncertainty of the subsequent emission
estimate. The final source of uncertainty is the model error. This refers to the uncertainties

associated with simplifications and assumptions made by the model, that depart from what is

11



actually occurring. Generally, the uncertainties arising from model error dominate the overall

emission estimate uncertainty.

1.4.2 Introduction to Bayesian Inference for Uncertainty Analysis
One of the main tools used in this thesis for the analysis of uncertainty is Bayesian inference. One
of the difficulties in inferring an emission rate from data is the uncertainty introduced by
uncertainties in model parameters, ®, and by errors in the model itself. These uncertainties mean
that deterministic emission estimates obtained directly from the measurement model are less robust
than methods that factor in these uncertainties. Bayesian inference, however, provides a useful
way to deal with these errors.

In Bayesian inference, the quantity of interest, the measurement data, and the nuisance
parameters (which are contained within ®) are all treated as random variables that obey PDFs
[52]. These PDFs are related by Bayes’ equation. As it relates to methane emissions quantification,

Bayes equation is

p(c|a. @) P, (a) Py (P)

p(c)

where p(q, ®|c) is the posterior PDF defining the probability of a given release rate and set of

p(a.®lc)= (1-2)

model parameters conditional on the measurements ¢ and prior information, and is a statement on
what is known about g and @ after the measurements have been performed; p(c|g,®) is the
likelihood of observing the measurements for a given release rate and set of model parameters,
ppr(q) and ppr(®) are known as “priors” and are PDFs that describe what is known about each
respective parameter before the measurement take place; and p(c) is the evidence, which

normalizes the right hand side of Eq. (1-2) to ensure the Law of Total Probability is satisfied.
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1.4.3 Empirical Uncertainty Analysis

Uncertainty can be modeled in one of two ways. If the measurement model is complex,
unavailable, or unknown (i.c., a “black box’’), empirical uncertainty models build upon controlled
release measurements can be used to describe the uncertainty of a particular technology using real
field data [51]. For example, Conrad et al. used controlled release data to quantify the probabilities
of detection, and emission estimate uncertainties associated with three separate airborne methane
quantification technologies [50]. Using controlled release data for each technology, they evaluated
different probability of detection (POD) functions using a binary regression, modelling the
successful or unsuccessful detection of a release as a Bernoulli distribution of the POD function.
Furthermore, they used the controlled release data for each technology to model the uncertainty of
emissions estimates as a function of the true emission rate, based on the observed bias and
precision of the technologies’ controlled-release data.

Wigle et al. investigated the characterization of methane emission quantification uncertainty
using controlled release data for a truck-based TDLAS technology, an aerial TDLAS technology,
an aerial hyperspectral technology, and two QOGI technologies [51]. Their work builds upon
Conrad et al. [50], however the modelling performed by Wigle et al. is more flexible in the way
the relationship between the true emission rate and the emission estimate is modelled. Furthermore,
the estimation of model parameters is done through Bayesian inference, rather than the frequentist
approach taken by Conrad et al. Through their analysis, Wigle et al. identify different likelihood
functions for each technology, and use these likelihoods to model the uncertainty of these
technologies through the construction of predicted credibility intervals (Cls) based on the emission
estimate. Finally, they demonstrate how these results can be applied to quantify the uncertainty of

new measurements, using a QOGI measurement as an example. Note that some of the data used
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by Wigle et al. is the same data used for the analysis performed in this thesis, and the specific
technologies investigated (with the exception of the aerial TDLAS technology), as well as the
design and execution of the controlled release measurements are expanded upon in Chapter 2 of

this thesis.

1.4.4 Model-based Uncertainty Analysis

When the measurement model used by a technology is simple, well-defined, and invertible, it is
possible to take a “model-based” approach to emission estimate uncertainty, by propagating the
uncertainty through the measurement model [51]. Model-based approaches have been used for a
variety of technologies, such as Montazeri et al., who investigated the uncertainties associated with
a QOGI method of methane quantification [53]. Specifically, they used a CFD phantom of a
turbulent methane jet to investigate the performance of emissions estimates that combined column
densities with a derived 2D velocity field from image feature-tracking. Through this analysis, they
show how the uncertainties associated with emission estimates derived from this technique can be
exacerbated by factors such as small data acquisition times, and by measurements very close to
the source (<10m distance) [53].

Caulton et al. investigated how uncertainties in model parameters of the GPM model propagate
through the model to the overall emission estimate uncertainty for truck-based measurements of
well pads from a LICOR 7700 methane sensor [23, 54]. For a number of model parameters, they
investigate the uncertainty analytically by investigating through the well-defined GPM how
emission estimates changed with uncertainties in source location, wind speed, background
methane concentration, and source height. The uncertainties in the model parameters were in some
cases defined by data collected during controlled release measurements (such as the average

variance of the wind speed), or in other cases determined heuristically, such as in assumptions
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relating to how much error would be expected in the atmospheric dispersion parameters used by
the GPM to approximate the turbulent plume dispersion. They also examined the error associated
with the GPM itself, by comparing emissions estimates obtained from well pads to CFD
simulations of similar emission characteristics. Large eddy simulations (LES) were performed for
a number of sites where a large number (>10) of transects were performed. The emissions derived
from the truck-based measurements using the GPM were then compared to the LES data, and the
uncertainty arising from the model was defined as the average discrepancy between LES and
GPM-derived emissions estimates. Finally, they performed a Monte Carlo analysis, where the
expected uncertainties in model parameters were defined, and combined with the expected
uncertainties in the emission estimate resulting from the errors in each model parameter. From this
analysis, the uncertainties associated with different GPM approaches are expressed as 95%
credible intervals, that are a function of the true emission rate, g, ranging from 0.05q to 6.5q (i.e.
between 5% and 650% of q) [23].

Finally, Zhou et al. examined truck-based methane emissions uncertainty using a Bayesian
statistical analysis [55]. First, they describe the overall emission uncertainty as a combination of
stochastic uncertainty, errors in the dispersion model, and data errors associated with the dispersion
model’s parameters.

ol =c’+o.+0}] (1-3)
where o2 is the total uncertainty; and %, ¢°m, and o°p represent the stochastic uncertainty, model
uncertainty, and data error uncertainty, respectively [55]. They define the stochastic uncertainty as
the variance of the measured cross-plume integrated concentrations; the model error is assigned

via a literature review of performance evaluations of the dispersion model used (in this case, the
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GPM); and the data errors are further parametrized by the different sources of data error, before
being assigned by further literature review of these model parameter errors.

They combine these sources of error into an overall “uncertainty” term to describe the total
uncertainty of emissions estimates. This uncertainty is the basis for a Gaussian likelihood function
they use in their Bayesian analysis. Through their Bayesian analysis, they are able to numerically
solve Bayes’ equation for a range of discretized emission rates. Emission estimates are obtained
from the mode of the resulting posterior PDF, while their uncertainty is defined by the width of
the posterior PDF. Zhou et al. also then investigated different likelihoods to be used within the
Bayesian analysis — specifically the Gaussian likelihood function — and a log-normal likelihood
function using vehicle-based concentration measurements of controlled releases [1]. Transects
were performed between 10 m and 30 m downwind of the source location, with a Picarro G2204
cavity ring-down spectrometer [56], and a LICOR 7700 methane analyzer [54]. Releases were
performed both with and without obstacles to the downwind dispersion of the plume. Emissions
estimates in this work involved repeated transects of the same emission. With repeated
measurements, emissions estimates were refined through a process known as Bayesian updating.
With this procedure, the posterior PDF from one transect becomes the prior for the next transect;
the effects of the initial prior on the emission estimate becomes less important, and the statistical
properties of the final posterior PDF begin to converge [57]. Through this analysis, they found that
the log-normal likelihood function performed better than the Gaussian likelihood function when
no obstacles were present, while the Gaussian likelihood function performed better than the log-
normal likelihood function when obstacles were present [1]. The analysis presented by Zhou et al.
points to an important phenomenon known as plume meandering. This phenomenon is elaborated

on in Chapter 3, as well as it’s implications on quantification uncertainty.
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15 Research Objectives
While there has been some investigation into uncertainties associated with methane quantification,
this work has been far outpaced by the development of new technologies that are subject to
uncertainties that need to be addressed. This thesis presents a generic Bayesian procedure for
quantifying uncertainties in methane emissions estimates using a truck-based TDLAS technology
as an example application for the procedure. The primary objectives of the thesis are to:
1. Within a Bayesian statistical framework, quantify the uncertainties associated with
emissions estimates from truck-based TDLAS concentration measurements combined with a
Gaussian Plume Model (GPM).
2. Understand the model error associated with the Gaussian Plume Model using high-fidelity
computational fluid dynamics (CFD) analysis.
3. Investigate and explain factors affecting the uncertainties of emissions estimates, including
atmospheric, release, and measurement factors.
4. Develop a procedure that can be applied to a variety of measurement techniques and
technologies.
5. Identify limitations with the analysis/research performed for this thesis, and what future

work can be performed to build on this work.
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1.6 Overview of Thesis
This section provides a high-level summary of the following chapters of this thesis.

Chapter 2 outlines the controlled-release measurements that were used to gather data for the
analysis described in later chapters of this thesis. This chapter outlines the specific measurements
that took place, where and when measurements were performed, and the high-level empirical
results for each technology present at the field measurement campaigns.

Chapter 3 discusses vehicle-based methane quantification, which is the focus of the analysis of
this thesis. It briefly provides an overview of how vehicle-based methane quantification is
performed, and then a detailed derivation of the Gaussian plume model. This chapter identifies the
assumptions that the model makes that can lead to error and uncertainty in emissions estimates. It
concludes with a discussion on how the uncertainty for truck-based measurements can be
modelled.

Chapter 4 details the Bayesian inference procedure performed to infer emission rate estimates,
with associated uncertainty, from the data obtained during the controlled release measurements.
The form of the likelihood is presented, with a comparison to the likelihood function derived by
Zhou et al. The chapter continues with a description of the treatment of priors in the Bayesian
inference procedure and how the resulting posterior PDF can be used to obtain emissions estimates
with uncertainty quantification.

Chapter 5 describes the CFD simulations that were performed to investigate the model error
associated with the GPM. First, it outlines the initial, simplified simulations that were performed,
and the issues that arose from them. Then, it details the high-fidelity detached-eddy simulations
that were performed and describes how those simulations were used to investigate the GPM model

error.
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Chapter 6 provides the results of the Bayesian inference. It describes how investigations into
uncertainty are performed and provides sample results of the posterior distributions for the
emission rates. The chapter continues with an investigation into what factors affect the uncertainty
of emission estimates, including the wind characteristics and measurement distance.

Chapter 7 concludes the thesis with some discussion of the key findings, as well as identifying

some limitations for the study and recommendations for future research.
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2 Controlled-release Experiments

To investigate the uncertainties associated with the selected quantification technologies, a series
of controlled release measurement campaigns were conducted in April 2022 and September 2022
near Brooks, Alberta. The purpose of these measurements was to gather data for the development
of an empirical-based uncertainty analysis for the participating technologies, as well as a more
generalized model-based approach to uncertainty, which is the focus of this thesis. This chapter
provides the location, schedule, and setup of the controlled releases, as well as the details of the
specific measurements performed by each technology. Finally, this chapter outlines the relevant

meteorological data gathered, and the importance of this data for the following analysis.

2.1 Overview of field measurement campaign
The field measurement campaigns were performed at Carbon Management Canada’s field research
station (FRS) in Newell County, Alberta [58] southwest of the town of Brooks. Measurements
from the first campaign were conducted from April 20 to April 24, 2022, while the second set of
measurements were performed from September 25 to October 1, 2022. The location of the site can
be seen in Figure 2-1. To help perform controlled release measurements, the FRS is equipped with
a variety of equipment to facilitate releases, including a flare stack, a modular vent stack, storage
tanks, and a storage shed. The operations of the field measurements are coordinated from an ATCO
trailer, where a Davis WeatherLink Pro + weather station is used for monitoring relevant

meteorological parameters such as wind speed, wind direction, and temperature [59].
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Figure 2-1 Location of CMC's field research station in Newell County, Alberta

Releases were performed from pressurized methane tanks stored in a trailer. The composition
of the gas was determined through gas chromatography of five samples of the gas. The results of
this are summarized in Table 2-1.

Table 2-1: Gas composition for controlled release measurements

Component Volumetric Percentage
Methane (CHa) 94.2%
Ethane 3.4%
Propane 1.1%
Other components (mostly N2 and O>) 1.3%

The release apparatus can be seen in Figure 2-2. Gas, as described in Table 2-1, was released
from tanks via a regulator, before flowing through a heat exchanger. The heat exchanger is
necessary to raise the gas temperature to near ambient conditions, as the Joule-Thomson effect

causes the gas to cool as it is initially released from the pressurized tanks. The gas then flows
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through an Alicat Model MCR-2000SLPM-D-PAR mass flow controller [60], which controls the
release rate of gas to the environment. A thermocouple was used near the release location to

confirm that the temperature of the released methane was near ambient conditions.

- Heat  ———
Exchanger - Mass flow
v 2

ontroller

Figure 2-2: Setup of methane releases

The releases were performed in a “semi-blind” manner, in that the technology operators were
aware that the release was taking place and where the release was, but they were not aware of the
true emission rate. The releases relevant to the truck-based TDLAS technology ranged from 0.25
kg/h to 80 kg/h, as well as a number of “null” releases where the release rate was 0 kg/h.

Releases were performed from a 13m tall flare stack, a modular vent stack (Figure 2-3) varied
between 1.7m, 3.4m, and 4.8m heights, a storage tank (Figure 2-4), and an equipment storage shed.
Figure 2-5 shows an aerial view of the site, with the approximate locations of releases. The full

release schedules can be found in Appendix E and Appendix F.
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Figure 2-4: Releases from a storage tank
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Figure 2-5: Aerial view of the site with approximate release locations.

2.2 Meteorological data
As mentioned previously, emissions estimates are typically obtained by combining concentration
measurements with meteorological data within an atmospheric dispersion model. As such, it was
necessary to gather accurate meteorological data throughout the releases. For the first measurement
campaign in April 2022, meteorological data was primarily obtained through the Davis
Weatherlink Pro + weather station equipped at the field research station. For the second
measurement campaign, meteorological data was gathered from both the weather station, and a
portable 81000L RM Young UVW 3D ultrasonic anemometer [61]. Of particular importance was
collecting accurate wind (speed and direction) and temperature data across all measurement times.
Figure 2-6 shows representative wind and temperature data from the first measurement campaign,

while Figure 2-7 and Figure 2-8 show the wind and temperature respectively, for a representative
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day from the second measurement campaign. Importantly, for the second set of data there was
good agreement between the two sources of meteorological data. For the purposes of analysis for

the second measurement campaign, only the portable ultrasonic anemometer was used.
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Figure 2-6: Wind speed and temperature data from April 21, 2022.
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Figure 2-8: Ambient temperature data from September 26, 2022
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In an effort to avoid any temporal correlations in the data, during the second field measurement
campaign, the release rate was randomized throughout the day, to try and obtain a variety of
meteorological conditions corresponding to each emission rate. An example of this can be seen in
Figure 2-9. Furthermore, Figure 2-10 shows the release rates for the entirety of the second
measurement campaign compared to the average windspeeds during the release windows, while
Figure 2-11 shows the same for temperature. The spread of data seen in Figure 2-10 and Figure
2-11 show that every release rate performed corresponded to a representative sample of

meteorological conditions.
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Figure 2-9: Modulation of release rate (normalized to the scale of the graph) compared to

wind and temperature measurements for September 28th, 2022
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Figure 2-10: Release rates vs windspeed for the September 2022 measurements
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Figure 2-11: Release rates vs temperature for the September 2022 measurements

2.3 Empirical Results of the Field Measurement Campaign
2.3.1 QOGI Measurements

At the first field measurement campaign, the UW and AGAT operated FLIR GFx320 systems were

tested. For the second set of measurements, the OPGAL EyeCGas camera was present along with
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the UW operated FLIR GFx320 camera. A summary of the high-level empirical results for each

QOGI technology can be found in Figure 2-12 to Figure 2-15.
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Figure 2-12: Summary of UW operated FLIR emissions estimates for the April 2022 field

measurement campaign
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Figure 2-13: Summary of AGAT operated FLIR emissions estimates for the April 2022 field
measurement campaign
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Figure 2-14: Summary of UW operated FLIR emissions estimates for the September 2022

field measurement campaign
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Figure 2-15: Summary of OPGAL emissions estimates for the September 2022 field

measurement campaign

30



From the first field measurements, the UW operated FLIR camera provided more accurate
estimates, with an average error of 40%, compared to 67% for the AGAT operated camera. This
was attributed to the fact that the UW operator was using a newer version of the QL320 tablet used
for quantification. From the second measurements, the UW operated FLIR camera outperformed
the OPGAL camera, with an average error of 59% for the FLIR camera, compared to an average
error of 68% for the OPGAL camera. The reduced accuracy of the OPGAL system compared to
the UW operated camera was attributed to challenges that arose due to the operator’s unfamiliarity
with the OPGAL system at the time of the field trial. Some of the key factors that were found to
influence the accuracy of the QOGI quantification methods included the distance between the
source and the camera (which was a factor for the different equipment from which releases took
place), the temperature difference between the methane plume and the background, and “pooling”

of the methane at very low wind speeds.

2.3.2  Aerial NIR and LWIR Hyperspectral Measurements

During the first and second field measurement campaigns, the NIR hyperspectral camera provided
by GHGSat was deployed from an aircraft flying approximately 1500m above the ground at an
airspeed of 240 km/hr. In contrast to the other quantification technologies that measured releases
from all of the different types of emitting equipment, due to the availability of the technology, the
NIR hyperspectral camera was only used to measure emissions from the 13m tall flare, and the
modular stack at a height of 1.7m. During the first field measurement campaign, technical issues
primarily related to dense cloud cover prevented measurements from being taken for most of the
releases performed. During the second field measurement campaign conditions fared better, and

more data was gathered from the NIR hyperspectral camera. During the second field campaign,
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the LWIR hyperspectral camera from Telops was also deployed and took measurements from a
helicopter flying at approximately 100 m above the ground at 35 m/s. The empirical results for

each aerial hyperspectral technology can be found in Figure 2-16 to Figure 2-18.
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Figure 2-16: Summary of NIR hyperspectral emissions estimates for the April 2022 field

measurement campaign

32



140

[EEN

N

o
T

100
80
60
40
20

Emission Estimate [kg/h]

0 20 40 60 80 100
True Rate [kg/h]

e Aecrial NIR Estimates = ——Perfect Prediction Line

Figure 2-17: Summary of NIR hyperspectral emissions estimates for the September 2022

field measurement campaign.
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Figure 2-18: Summary of LWIR hyperspectral emissions estimates for the September 2022

field measurement campaign
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One important factor for the NIR measurements was cloud cover. As mentioned, this
quantification method relies upon sunlight reflected from the ground back to the camera. During
the April 2022 measurement campaign, where the cloud density was high, nearly half of the
releases were missed by the camera. However, during the September 2022 measurements, the skies
were nearly completely clear of cloud during the NIR hyperspectral measurements, and only 2 out
of 46 releases were missed by the camera. It is worth mentioning that the measurement conditions
the technology was operated under were not normal operating conditions for the technology, and
the operator of the technology made a number of comments in their analysis specifically relating
to cloud cover. The overall accuracy of the aerial NIR hyperspectral technology was comparable
to that of the QOGI cameras, with an average error of approximately 62%.

The LWIR hyperspectral camera was far less accurate compared to the other technologies
evaluated during the field measurement campaigns. However, at the time the measurements took
place, the LWIR hyperspectral camera was in a far earlier stage of development compared to the
other technologies. For example, the method used to generate an emission estimate from a column
density map was very rudimentary and resulted in systematic overestimation of the true emission
rate. Furthermore, the second field measurement campaign was one of the first deployments of the
technology, and there were some issues that resulted from the application of a new technology.
Firstly, technical errors relating to the focusing of the camera affected the majority of the
measurements. Secondly, some of the collected data was inadvertently deleted by the technology
provider. This resulted in meaningful data being recorded for less than half of the measurements,
and primarily during times when the thermal contrast between the gas and the background was
very low, which further negatively impacted the emission estimates. Following the second field

measurement campaign, researchers at the University of Waterloo worked to improve the
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quantification method of the technology, and a separate set of field measurements specifically for

the LWIR hyperspectral camera took place in September 2023.

2.3.3 Truck-based TDLAS Measurements

During releases at both field measurement campaigns, the Gasfinder3-VB system from Boreal
Laser and a GPS sensor were mounted to a truck that performed downwind transects of the plume.
These transects were at distances ranging from 20m to 200m downwind from the source, but
typically around 100m. For each release, only one or two transects were performed, which results
in an instantaneous representation of the methane dispersion in the concentration data. An example
of a typical truck measurement path can be found in Figure 2-19.
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Figure 2-19: Example of path taken by the truck during a release.

Emissions estimates from Boreal Laser were obtained by combining the concentration and GPS
data with a backwards Lagrangian stochastic (BLS) dispersion model [29, 62]. The BLS model is
a dispersion model that describes the trajectories of particles based on random perturbations in the
mean flow field [29]. In the “backward” version of the model, the paths of particles attributed with
a certain mass of methane are simulated and tracked. The emission rate of a release location is
identified by the mass-flux through the control volume at that particular location [29]. In addition

to performing this analysis, the raw concentration data was provided by Boreal Laser to the
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University of Waterloo, and emissions estimates were obtained by combining the concentration,
GPS, and anemometry data through an inversion of the Gaussian plume model (GPM) that is
elaborated on in Chapter 3 of this thesis. The empirical results for the truck-based TDLAS

technology for both dispersion models can be seen in Figure 2-20 and Figure 2-21.
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Figure 2-20: Summary of truck-based TDLAS emissions estimates for the April 2022 field

measurement campaign using the BLS and IGM analysis
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Figure 2-21: Summary of truck-based TDLAS emissions estimates for the April 2022 field

measurement campaign using the BLS and IGM analysis

In both field measurement campaigns, the performance of the IGM analysis was similar to the
estimates relying on the BLS model; in both sets of results, the average error associated with the
IGM was slightly less than the BLS. However, there was a stronger bias associated with the model,
in that the IGM estimates were consistently underestimating the true emission rate, while the
estimates from the BLS model were a mix of overestimation and underestimation of the true
emission rate. Factors that were identified that could contribute to inaccuracies and errors
associated with these estimates included the wind speed, the variability of the wind, and the
measurement distance. The investigation of these factors using CFD modelling and a Bayesian
inference is the focus of this thesis. Specifically, the focus is on the development and application

of a model-based approach to uncertainty for only the truck-based TDLAS measurements using a
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Gaussian model for plume dispersion. This is because the GPM used with the TDLAS
measurements provides a convenient, simple, and invertible model for which error analysis can be
performed. Through this analysis, the goal is to develop a generalized, Bayesian approach to

uncertainty analysis that can be applied to a wider range of technologies.
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3 Vehicle-based Methane Emissions Quantification

This thesis focuses on the understanding of the emissions uncertainty associated with a truck-based
TDLAS technology. This chapter details plume dispersion characteristics that are relevant for
methane measurement, with particular emphasis on meandering and relative dispersion. Then, it
provides an overview of vehicle-based measurements, and the Gaussian plume model (GPM). The
GPM is one of the most commonly used dispersion models with vehicle-based methane
quantification, and the model that is the focus of this work. This chapter will review a derivation
of the GPM, before concluding with a description of how uncertainties associated with vehicle-
based emission estimates are modelled.
3.1 Characteristics of plume dispersion

Understanding plume dispersion is fundamental for predicting how CHs disperses from an
emission source. By identifying key relevant plume dynamics, insights into how uncertainties arise
can be attained by comparing the simplifications of a dispersion model to the true characteristics
of the plume. These characteristics are caused and influenced by various environmental and
meteorological factors, such as the wind speed and direction, and topography. Of particular interest
is the idea that plume dispersion can be broadly described by two distinct regions: a meandering
region, and a relative dispersion region [23, 55].

Meandering is caused by wind fluctuations and turbulence [63, 64], and is generally defined as
the displacement of the centre of mass of the plume due to turbulent eddies that are larger than the
plume diameter [23, 65]. The meandering regime is the downwind range where this phenomenon
dominates the plume transport. This is typically very close to the source location, where the plume

diameter is smaller, and the turbulent eddies are larger in scale than the plume diameter. The
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meandering motion causes the plume to sweep back and forth across the downwind region, leading
to significant variability and intermittency in CH4 concentrations [66, 67].

The other region that characterizes plume transport is the relative dispersion region. Relative
dispersion refers to the dispersion of a plume relative to its centre of mass due to diffusion within
the plume itself [23, 65]. The diffusion within the plume is caused by small-scale turbulent eddies,
that are smaller in size than the plume diameter [68]. Thus, as the plume spreads horizontally and
vertically further downwind, the relative dispersion phenomenon dominates the overall plume
transport.

The difference between meandering and relative dispersion is very important for understanding
uncertainties introduced by dispersion models used to translate concentration and meteorological
data into an emission rate estimate. Due to the time averaged nature of some dispersion models,
including the GPM, these models only account for dispersion of methane relative to the mean
centreline of the plume, rather than instantaneous fluctuations in the centreline of the plume itself
[23]. The result of this is that the concentrations predicted by the GPM deviate significantly from
instantaneous concentration measurements, particularly in the meandering regime of the plume
[66]. This deviation introduces model uncertainty to the subsequent emission rates, that must be
accounted for. Supporting this, previous studies have shown that in the near-field regime (close to
the source), skewed or log-normal distributions tend to more accurately represent plume dispersion
quantities, while in the far-field regime further downwind, gamma or Gaussian distributions more
accurately represent plume quantities [23, 1, 69]. Depending on the study, the near-field regime is
defined roughly as within 50m of the plume source location, while the far-field regime is defined

as greater than 80-100m downwind of the plume source.
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3.2 Overview of vehicle-based methane emissions quantification
Vehicle-based methane quantification involves methane sensors mounted to a truck or drone which
performs cross-sectional concentration measurements (“plume transects”) downwind of an
emitting source [23, 1, 24]. The release rate, g, which is assumed to be time-independent, can be

related to spatially resolved concentration measurements via an advection function.

&(r)=d(ng (3-1)
where r = [I, Iy, 17]" is the position vector; c is the concentration data; q is the emission rate; and
the “~” denotes a turbulent instantaneous (stochastic) quantity. The position vector, r, is defined
such that the x-direction aligns with the downwind direction, the y-direction aligns perpendicular

to the wind (the crosswind direction), and the z-direction describes the height above the ground.

d(r) is in theory a solution of the advection-diffusion equation:

x_ —0-VE+kV?% (3-2)
ot

where c is the scalar concentration field; k is the diffusion coefficient; t is time; and u is the vector
field of wind velocity [70]. This equation, however, does not have an analytical solution for general
turbulent flows, due to the complexities of time-dependent turbulent flow fields and boundary
conditions in this application. As such, an approximate solution is found by performing a Reynolds
decomposition. Reynolds decomposition is a process of decomposing the quantities in turbulent
flow into mean and fluctuating components. For example, the concentration, ¢, becomes:

c=Cc+cC' (3-3)
where the overbar and ' denote the mean and fluctuating components of the concentration. For the
advection-diffusion equation, the Reynolds decomposition results in:

8(€+c'):

p —(U+u")-vV(T+c)+kv*(T+c") (3-4)
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Expanding and distributing terms in Eq. (3-4) results in:

%C+%°=—(U-ve+u'-ve+ﬁ-Vc'+u'-vC')+kv26+kv2c' (3-5)

Further simplification can be made with steady state, incompressible flow assumptions, as well
as by taking a time average of Eq. (3-5). With the steady state assumption, §=0. By time

averaging, the fluctuating components of the equation become equal to 0, assuming that the mean
turbulent quantities are constant over time. It is important to note, however, that the time-average
of the product of two fluctuating components is not necessarily equal to 0. That is to say that the
time-average of any (u’c’) terms is not necessarily zero and must be accounted for. With these

assumptions, Eqg. (3-5) becomes
0=-(U-VE+V-u'c’)+kv’c (3-6)
In Eq. (3-6), the G- VT term represents the mean advection of the concentration due to the mean

wind. The V-u'c’ term represents the turbulent flux and describes how fluctuations in the

turbulent field contribute to the transport of a plume. Finally, the kV*Cterm is the turbulent
diffusion term. It describes how turbulence contributes to the diffusion of the mean concentration
field. Typically, measurement models for vehicle-based methane quantification describe the mean
advection of a plume by introducing assumptions, simplifications, and terms to approximate the
turbulent flux and diffusion. These assumptions and simplifications introduce model error that
needs to be quantified. In the following sections of this chapter, a literature review of how model
uncertainty has been investigated in previous work is presented. Then, a brief derivation of the
Gaussian plume model used in this work is presented, along with how the model uncertainty is

handled and investigated.
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33 Gaussian Plume Model
The Gaussian plume model (GPM) is a well-known, well-defined dispersion model that describes
the mean advection of a plume [23, 28, 71]. Due to its simplicity, it is one of the most frequently
used dispersion models for vehicle-based methane quantification and represents a convenient
starting point for the development of model-based uncertainty analysis. The GPM approximates
Eqg. (3-6) by using a series of assumptions and modelling parameters to simplify Eq. (3-6). Firstly,
the GPM assumes a constant wind speed, u, aligned in the x-direction (downwind direction). It
further assumes that turbulent diffusion dominates the domain, however in the downwind
direction, the transport is dominated primarily by u and that C varies very little in the downwind

direction [28, 71]. With these assumptions, the simplified equation becomes

2 2
u%z k(%+%} 3-7)

A boundary condition is then applied, equating the mass flow at a downwind plane to be equal

to the initial source rate, q.
g= J‘ ucdydz (3-8)

where the y and z directions are defined as the crosswind and vertical directions respectively. This

boundary condition is shown schematically in Figure 3-1.
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Flux through the plane must be equal
to the emission rate, g

Figure 3-1: Diagram of GPM boundary condition for flux through a downwind plane.

The diffusion of the plume is then modelled using empirically defined dispersion parameters,
oy and oz, which describe the spread of the plume in the crosswind and vertical directions,
respectively, with units of meters. These dispersion parameters are often defined by the downwind
distance, and the Pasquill stability class [72]. The stability class ranges from classes A to F; a
stability class of A represents the most unstable atmospheric conditions, and consequently larger
plume spread, while the opposite is true of the most stable stability class, F. There are different
ways of determining the stability class for a given flow, however a convenient method due to the
simplicity in data collection, is to determine the stability class based on the wind speed, and the
solar irradiation [72]. The solar irradiation, or “insolation” of the ground is important, as the
heating of the ground can create strong, upward-moving currents of heated air from the ground,
leading to a more well-mixed and unstable atmosphere [73]. Table 3-1 shows how the stability

class is determined using this method.
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Table 3-1: Determination of stability class from wind speed and solar radiation [72] [74] [75]

Daytime Solar Insolation Nighttime Insulation
(W/m?)
Windspeed Strong Moderate Slight Cloudy Clear
(>600) (300-600) (<300)
<2mls A A-B B E F
2-3m/s A-B B C E F
3-5mis B B-C C D E
5-6 m/s C C-D D D D
>6m/s C D D D D

The solar insolation is approximated by time of year, time of day, and cloud cover. For
example, clear skies at midday during the summer would correspond to “strong” insolation. For
the data used in this thesis, the insolation corresponded to either moderate, or slight insolation,
depending on heuristic observations of the cloud cover. The parameters, oy and oz, are then

determined using

g, =ax’ (3-9)

y
o,=cx’ + f (3-10)
where a, b, ¢, d, and f are all constants that are functions of the stability class and the downwind
distance.
With the dispersion parameters defined, and the boundary condition in Eq. (3-8), the solution

of the GPM is an analytically tractable differential equation for the mean concentration field:
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ot G 2]

=d*™(r,®@)q

where h is the height of the source; and ® = [u, oy, 5" is a vector of ancillary parameters. The
term containing ry and oy accounts for the dispersion of the plume in the crosswind direction, while
the terms containing r; and o; account for the dispersion of the plume vertically. The reason for the
second vertical dispersion term is to account for the reflection of the plume from the ground back
to the measurement height. For the IGM analysis described in Chapter 2, this model was inverted
to solve for q given the concentration and positional data from the TDLAS measurements, and the
anemometry data needed for the wind speed and determination of the plume dispersion parameters.

As with any model, the assumptions and simplifications used in the derivation of the GPM lead
to model error that causes uncertainty in emissions estimates. For example, the GPM approximates
the mean concentration field, rather than the instantaneous concentration field, which is what is
actually measured when performing plume transects, particularly when in the meandering regime
of the plume. The assumption of constant wind velocity and direction also contributes to this model
uncertainty. In addition, the dispersion parameters, oy and o; do not perfectly describe the diffusion
of the plume, and as will be seen in the following chapters of this thesis, contribute to significant
model error. In identifying the many ways that the model error associated with the GPM
contributes to overall emission estimate uncertainty, it becomes necessary to investigate and define

the model error.

3.4 Uncertainty Analysis and Model Error
The downwind concentration predicted by the GPM is related to the true concentration field with
a model error term:
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¢(r)=c(qa, r,(I))+EScmOdel (q,r,®@)=d®™(r,®)q +ac™ (a,r, @) (3-12)

where ¢ (q, r,®) s the error term. Due to the turbulent fluctuations within the flow field, and

the fact that the errors arising from assumtions made in the derivation of the GPM are unknowable,
the model error is a random variable, and is assumed to obey a normal, unbiased distribution. When
dealing with concentrations that are measured (e.g. from a truck-based sensor), it is necessary to

introduce a measurement error term

del

c™* (r)=c(q,r,®)+5¢  (q,r,d)+c"™* (3-13)

The d¢™* term accounts for the measurement error described in Figure 1-3. However, the
measurement error is expected to be much lower than the model error and is therefore excluded
from the following analysis. By substituting Eq. (3-1) into Eq. (3-13), and rearranging, the model

error term can be described as

model (

s¢” (q.r,®)=¢(r)-c(qr,®)=[d(r)-d* (r,@)]q

:{1_M}é(r)=§(r,¢)c(r) (3-14)

where the error term, é(r,tl)) is dimensionless and stochastic. Following the work performed by

Caulton et al., this error term is investigated using a high-fidelity computational fluid dynamics

(CFD) simulation that is described in a following chapter in this thesis.
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4 Emission Rate Inference

This chapter provides an overview of how the emission rate, with associated uncertainty is inferred
from the data collected during the field measurement campaigns. For this inference, a Bayesian
framework is employed, as it is a particularly useful tool when dealing with the stochastic errors
associated with methane emissions estimates. This chapter continues from the discussion of
Bayesian inference in Section 1.4 and outlines the specific likelihood function used in this analysis.
The chapter continues with a discussion of the treatment of priors within the analysis, as well as

how emissions estimates and uncertainty can be quantified from the resulting posterior PDF.

4.1 Likelihood Function
The likelihood PDF represents the probability of observing the data gathered given an emission
rate estimate and model parameters. The likelihood function describes all the information given
by concentration measurements about the emission rate. The likelihood PDF used in this analysis

builds upon the Gaussian likelihood function presented by Zhou et al. [1, 55]:

p(Cy‘q)zﬁexp _%(yc—y(q)j (4-1)

where ¢, is the transect-integrated measured concentration; c,™ is the transect-integrated
modelled concentration for a candidate g*'; and o is an uncertainty scale parameter consisting of
measurement, model, and stochastic error [1]. This likelihood function follows Keats et al., who
derived an initial Gaussian likelihood function for describing both the model error and
measurement error with separate uncertainty terms for each variable [76].

For this thesis, the concentration data and the model error are treated differently. Rather than

forming a likelihood function with the transect integrated or averaged concentration, this thesis
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treats each point concentration measurement independently. The concentrations in a transect are
described as ¢ = [c1M, c,™ . ¢™*]T, where j denotes a specific point along a measurement
transect. With concentration data reported at a frequency of 1 Hz, and a vehicle speed on the order
of 3-5 m/s, it was assumed that concentration measurements were sufficiently far apart that each
measurement can be treated as independent. Thus, the errors propagated to the inferred emission
rate by each measurement are independent. What follows from that is a likelihood function that is

a modified version of Eq. (4-1).

n meas _ M ¢ est 2
qest)= 1 exp _Z {CJ 2(;12(q )}

R L B
j=1

meas
p(c;

(4-2)

where ¢{™® is the concentration measurement at a specific measurement location, j, within the
transect; ¢;" is the modelled concentration for a candidate g*! at a specific measurement location
within the transect; o¢j is the model uncertainty associated with a specific point concentration
measurement, which again, is assumed to dominate the total uncertainty; and n represents the total
number of point concentration measurements within a transect. Accurate determination of the
uncertainty, ocj, relies on some knowledge of the model error, which is investigated through CFD

analysis in the following chapter of this thesis.

4.2 Treatment of Priors
In Bayesian analysis, the prior PDFs represent what is known about a particular variable before
measurements take place. For this analysis, a uniform, non-negativity prior is applied to the
emission rate; all that is known about g prior to the measurements is that g cannot be less than 0
kg/h. The wind speed is obtained deterministically from the anemometry data as the average

reading from the anemometer over the course of a transect measurement. The wind direction is
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defined as the direction of the vector between the source position, and the peak concentration. As
will be discussed in the following chapter of this thesis, it was found that uncertainties in the
dispersion parameters, ay and o, were significant sources of uncertainty in emission rate estimates.
As such, these parameters are fitted with non-negative, or “clipped”, Gaussian priors, that allow
for the error of neighboring stability classes would fit within one standard deviation of the fitted
distribution. For example, for three different stability classes, A, B, and C, there are corresponding
values for the horizontal dispersion parameter, aya, oys, and ayc. In the case that the meteorological
conditions indicate stability class B, the dispersion parameter is fitted with a Gaussian prior centred
on oy, such that oya and ayc are contained within one standard deviation of the distribution. In
effect, the the values of aya and oyc are contained within the plausible interval centred on oys. This

process is performed independently for each transect and a visualization of this can be seen in

Figure 4-1.
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Figure 4-1: Visualization of the Gaussian prior on oy.
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4.3 The Posterior PDF
The result of the Bayesian inference is a joint posterior PDF that combines the release rate and the
dispersion parameters. To obtain the posterior PDF of the emission rate, this PDF is marginalized

over the two dispersion parameters:
q‘ = J Ip q,(I)‘ da do, (4-3)

From this posterior distribution, the highest probability emission rate, ", comes from the
maximum a posteriori (MAP), where g™ is taken as the release rate corresponding to the highest
probability in the posterior PDF. The emission rate uncertainty is quantified using 90% Cls; in
theory, there is a 90% probability that the true release rate is contained within the CI. Figure 4-2
shows visually how the MAP and Cls are determined. Note that g"'%" and ¢'°" refer to the emission

rates corresponding to the upper and lower limits of the 90% CI respectively.
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Figure 4-2: Visualization of the posterior distribution, g™", and credibility interval.

The definitions of the Cls are ambiguous, as any interval containing a fixed probability of the

posterior can be defined as the CI for the specified probability. Two common choices for defining
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the Cls are highest posterior density (HPD) and “equal tails” CIs (ETCIs). ETCIs are often used
do to the simplicity in formulating the CI [77]. ETCIs are formulated such that the probability on
either side of the distribution is equivalent. For example, with a 90% ClI, 5% of the total probability
mass is excluded on either side of the CI1. HPD Cls, however, are formed such that only the values
with the lowest probability are excluded, while satisfying the desired probability mass [77].
Conceptually, these intervals can be formed by sorting data by their associated probability
densities, and progressively eliminating the datapoint with the lowest probability density until the
desired probability mass (e.g. 90%) is achieved. The remaining data represents the data contained
within the HPD CI. For a unimodal (single peak) distribution, as is the case with the posterior
distributions obtained through this analysis, the HPD CI will always be one continuous interval.
For an un-skewed, unclipped Gaussian distribution, the HPD CI and the ETCI are identical. The
difference between the two types of Cl is seen when dealing with skewed, clipped, or otherwise
asymmetric distributions. For example, in the distribution seen in Figure 4-3, an ETCI would clip
the interval at the far right of the distribution, as well as near the zero-axis. This would result in
some of the data with the highest probability near the zero-axis being excluded from the resulting
CIl. An HPD CI however would include the highest probability values, and only exclude the lower
probability values at the right side of the distribution. In general, the HPD approach provides a
more coherent view of where the parameter values are most probable and is therefore a better

choice for asymmetric distribution.
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Figure 4-3: Asymmetric distribution, typical of the posterior distributions of the emission

rate.

Due to the fact that the emission rate is strictly non-negative, it is possible (and even common)
for the resulting posterior distribution to resemble a skewed or clipped Gaussian distribution.
Therefore, to accurately represent the true probabilities of the emission rate, it was necessary to
construct HPD intervals to ensure that only the emission rates with the lowest probability were

excluded from the interval.
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5 CEFD Investigation into Model Error

As mentioned in the previous chapter, some understanding of the model error is crucial in forming
a likelihood function that accurately represents the relationship between the emission rate, the data
observed, and the model implemented. This chapter discusses the CFD simulations that were used
to investigate the model error associated with the GPM, that was then used in the likelihood
function. An overview of the initial, low-fidelity Reynold’s Averaged Navier Stokes (RANS)
simulations is provided, as well as details on the issues encountered when using these initial
simulations. The chapter then outlines the more intensive, high-fidelity simulations that were
performed, and how comparisons from these simulations were used to investigate the error
associated with the GPM. The objective of the CFD analysis was to synthetically generate a
“ground-truth” set of concentration data that was representative of the plume characteristics of the
field trial. By comparing this “ground-truth” to the predictions of the GPM under similar release
and atmospheric conditions, some investigation of the errors directly associated with the model

was performed.

51 Initial RANS simulations
As an initial investigation into the error of the GPM, a series of Reynolds-Averaged Navier-Stokes
(RANS) simulations were performed using OpenFOAM [78]. The core principle of RANS
simulations involves the application of Reynolds-averaging to the Navier-Stokes equations, which
govern the motion of fluid substances [79]. The Navier-Stokes equations are derived from the
conservation of mass, momentum, and energy within a fluid flow. These equations, in their
instantaneous form, are notoriously complex when applied to turbulent flows due to the chaotic

nature of turbulence [79, 80]. Reynolds-averaging decomposes the instantaneous fluid properties
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into mean and fluctuating components, similar to the discussion on the Reynolds decomposition
of the advection-diffusion equation, Eq. (3-2), presented in Section 3.1. This decomposition results
in the Reynolds-averaged Navier-Stokes equations, which describe the mean flow characteristics
while accounting for the effects of turbulence through additional terms known as Reynolds stresses
[81]. The key challenge in RANS simulations is the accurate modeling of these Reynolds stresses,
as they are not directly resolved but instead modeled using turbulence models.

For the purposes of this investigation, the release of methane from a pipe, representative of the
controlled releases from the modular vent stack during the field measurements, was simulated. The
use of RANS simulations was initially attractive due to the lower computational costs associated
with the procedure [80]. However, due to the approximations in the modelling of the Reynolds
stresses, these simulations are not as effective in capturing more complex turbulent structures that
are important to way the plume actually disperses [80, 82]. Thus, the simulated plume was not
reflective of the emissions that were measured during the field campaigns. In particular, the
phenomenon of plume meandering was absent in the simulations, and the plume was instead very
narrow, and the centreline of the plume was throughout the domain. As such, it was determined
that more intensive simulations were needed for this investigation, and the RANS simulations were
treated as a “proof of concept” in terms of the simulation of methane dispersion for model error

investigation.

5.2 Detached Eddy Simulation (DES)
Following the initial findings from the RANS simulations, it became clear that a more
sophisticated approach was required to accurately capture the complex dynamics of methane

plume dispersion observed during field trials. The limitations of RANS, particularly in its inability

55



to resolve the finer turbulent structures and the phenomenon of plume meandering, necessitated
the use of a higher-fidelity simulation technique. As a result, Detached Eddy Simulation (DES)
was chosen as the next step in the computational investigation.

Detached Eddy Simulation is a hybrid technique that combines RANS simulations of regions
where turbulence is small, and the flow is predictable, with Large Eddy Simulation (LES) of
regions where the turbulence is more important and the flow is more complex [83]. The concept
of LES is to resolve only the relevant large-scale turbulence structures through filtering of the
Navier-Stokes equations [84] to more accurately represent the transient turbulent structures
compared to RANS simulations, though the LES method incurs more computational costs. The
use of LES for plume modelling is fairly widespread due to its ability to more accurately capture
plume dispersion in turbulent air [65]. This includes the work of Caulton et al. [23], who used LES
modelling to investigate the GPM. This work is outlined in Chapter 1, and forms a basis for the
CFD investigation outlined in this thesis. In combining the two simulation strategies (RANS and
LES), the DES technique provides a way to resolve the turbulence that RANS simulations would
otherwise miss, while not incurring significant computational costs compared to an LES of the full
domain [83].

For this investigation, a DES of a 37 kg/h CHa release from a 1.7m stack (representative of the
1.7m tall modular stack) was performed using OpenFoam v2112 [78], modelling the CHa
concentration as a passive scalar. The computational domain is 16.5m tall, 45m wide, and 130m
in length. The domain is discretized using approximately 22 million grid points. The DES relies
on LES of most of the computational domain, except near the wall regions, which employ a RANS
approach. One key step in the replication of the controlled release data was the application of

synthetic turbulence upwind of the stack location. By applying synthetic turbulence with a
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stochastic boundary condition 10m upwind of the source location to a freestream velocity of 2.0
m/s, the large-scale turbulent structures representative of real-world measurements was adequately

recreated in the DES. A snapshot of the DES can be seen in Figure 5-1.

Figure 5-1: Isocontours of methane concentration from CFD simulation at two separates time
instances. Four cross-plane slices of the local concentration are shown for identical isocontour

lines for both cases.

53 Comparison of CFD concentration data to GPM predictions
As mentioned previously, the model error investigation consisted of comparisons between the
concentrations obtained from the CFD simulation to the predictions of the GPM with similar model
parameters, ®. Even with the higher-fidelity DES, the simulated plume was found to be
significantly narrower than what was observed in real-world conditions and indeed narrower than
the predictions of the GPM. Again, this error was attributed to uncertainty in the dispersion
parameters, oy and oz, which govern the spread of the plume in the horizontal and vertical directions
respectively. As such, when analyzing the numerical CFD data, these parameters are inferred by a
least-squares fit between the GPM and the CFD data. When analyzing the experimental data, these

parameters are fit with the Gaussian prior outlined in the previous chapter of this thesis. The reason
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for discrepancies between the plume widths for the GPM, the DES, and the real-world
measurements was not specifically investigated, however one potential explanation is the fact that
the DES does not account for some of the ambient conditions, such as localized changes in the
wind direction downwind from the source, wind shear, and other ambient turbulence structures.
These conditions would contribute to increased plume spread downwind, and the absence of these
in the DES could explain why the simulated plume was narrower than the real-world
measurements.

The model error, &, is investigated by comparing the CFD concentrations to the GPM
predictions. In addition to a small number of fully resolved “snapshots” of the simulated plume,
concentration data was obtained at specific “probe” locations downwind of the source location for
all timesteps. These probe locations represented plume transects at 50m, 75m, and 100m. By taking

the CFD data as a ground truth, the model error can be defined as:

§(r,@)= {1—%} {1—6((1’—”1:)} (5-1)

Due to the turbulence associated with the simulated plume, the error term is a stochastic
quantity. It is also expected that the error term will be independent of the emission rate, g, as the
emission from the stack is not momentum driven. Instead, the error term represents only the errors
associated with inaccuracies and simplifications in the dispersion modelling of the GPM. As
mentioned in the first chapter of this thesis, the near-field region of the plume is of particular
importance, due to the increased effects of plume meandering in this region.

Figure 5-2 shows a map of ¢ for the entire domain for a snapshot of the plume. From the
different snapshots of ¢, it is possible to derive distributions of e for various points in a transect. In

this case, Figure 5-3 shows the distribution of ¢ across all timesteps for a transect 100m downwind
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of the source location, using 90% Cls to constrain the error bars associated with each point in the
transect. Finally, Figure 5-4 shows an instantaneous comparison of the DES concentrations to the

GPM predictions 100m downwind of the source location.
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Figure 5-2: Instantaneous map of ¢ at a measurement height of z=1 m.
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Figure 5-3: Average values for € for a transect located 100 m downwind of the release point.

Error bars correspond to a 90% credible interval.
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Figure 5-4: Comparison of GPM to LES concentrations for an instantaneous transect located

100 m downwind of the source location.

In analyzing the results of the DES to GPM comparison, ¢ appears relatively unbiased and

normal in distribution for distances greater than approximately 100m downwind. Nearer to the
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source location (within about 80m), it can be seen in the data that ¢ becomes larger and biased with
increasing error with the GPM. This can be attributed to the effects of the meandering regime
closer to the plume, where instantaneous fluctuations in the plume’s centre of mass due to larger
scale turbulence dominates the dispersion of the methane compared to the plume spread that the
GPM actually models. Linking these results back to the model error in the likelihood function,
because ¢ is defined directly as errors in the concentrations predicted by the GPM, a¢j can be
directly constructed from the distributions of e for specific points in the transect, and then used in

the Gaussian likelihood function for specific point concentration data from the field measurements.

61



6 Results of Field Data Analysis

After determining the model error, the Bayesian inference is performed for the plume transect data
obtained from the field measurement campaigns. This chapter presents the results of this inference,
and the implications of these results. This chapter starts with a discussion on how uncertainty is
defined for the purpose of investigating factors that effect uncertainty. The high level, overall
results are presented, with visualization of the posterior PDFs and Cls. Finally, this chapter

discusses what factors appear to, and appear not to affect the uncertainty of inferred emission rates.

6.1 Defining uncertainty for investigating the results
Before examining the results of this work, it is important to note that there are different ways of
describing and comparing the uncertainties between measurements, looking at the relative
uncertainty, or the absolute uncertainty. Due to the wide range of emission rates investigated, in
this work the uncertainties are defined as the relative uncertainties, erel, and represent the width up

the Cl relative to the gMA:

o — g
€l = W (6-1)

where erel is the relative uncertainty; %% and ¢°* represent the upper and lower limits of the 90%
ClI. A Spearman rank-order correlation test is used to evaluate the correlation between &rel and the
factors investigated. The Spearman test is an alternative to the Pearson test, which evaluates linear
correlations between two variables [85]. Unlike the Pearson test, the Spearman test allows for non-
linear relationships, is less sensitive to outliers, and describes the general trend of how the

dependent variable increases or decreases in relation to changes in the independent variable [85,
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86]. The absolute value of the correlation coefficient is used to determine the strength of the
correlation, for example as outlined in Table 6-1.

Table 6-1: Strengths of Correlations [87]

Absolute Value of Coefficient Strength of Correlation
Greater than 0.8 Very Strong
0.6t00.8 Moderately Strong
0.3t00.6 Fair
Less than 0.3 Poor/Negligible

Another way to investigate the factors affecting uncertainty is in looking at the frequency with
which the true emission rate falls outside of the 90% CI. Since the 90% CI is defined such that
there is a 90% probability of the true rate being within the CI, it follows that the true emission rate
should fall outside of the 90% CI 10% of the time (with adequate sample size). Should conditions
arise where this frequency is larger than 10% of the time, it would indicate that these conditions
are contributing to larger uncertainties, and/or uncertainties that are not adequately captured in the

model error investigation.

6.2 Overall results
In total, data from 129 transects across 98 releases were analyzed for this thesis. A summary of
the transects performed for each type of releasing equipment and for each release rate can be seen
in Table 6-2 and Table 6-3 respectively. Note that these tables only summarize data for which

transect data from the technology provider was reported. For example, a number of release
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scenarios are not represented in this data due to data logging errors with the concentration sensor

and missing meteorological data.

Table 6-2: Summary of transects performed for different releasing equipment

Releasing Equipment

Number of Transects

1.7m Tall Vent Stack 34
3.4m Tall Vent Stack 8
4.8m Tall Vent Stack 22
Equipment Shed 10
Storage Tank 37
Unlit Flare 18

Table 6-3: Number of transects performed for each release rate.

Release Rate [kg/h]

Number of Transects

0.25 9

1 8
15 11
2.5 13
5 22
10 13
21 11
35 15
40 8
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50 19

As mentioned previously, the posterior PDFs are obtained by using Eq. (4-3) to solve for the
likelihood and priors, using the emission rate, g, as a variable, while the 90% Cls quantify the
uncertainty. Figure 6-1 shows a representative set comparing the true emission rate to values of
gMAP with associated Cls. An example posterior PDF highlighted to visualize how the

quantification works. Figure 6-2 shows the results for the entire set of transects analyzed. Note

that in Figure 6-2, the Cls are omitted for visual clarity.
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Figure 6-1: Representative set of gAP and Cls for the transects analyzed, with a visualization

of the posterior PDF for transect number 8.
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Figure 6-2: Comparison of g"A® to the true emission rates for the entirety of the analyzed

transects.

While the comparison of the MAPs to the true emission rates can give some information into
the bias/skewedness of a quantification technique, the more important result is in whether or not
the true emission rate falls within the CI. Overall, from the 129 transects analyzed, the true
emission rate fell within the CI 115 times, or 89.15% of the time. This is in line with the expected
frequency of 90%, indicating that the true uncertainty of the emission estimates is represented in
the Cls. This further highlights the importance of viewing emissions uncertainty from a
probabilistic standpoint, and points to the value of Bayesian inference as a tool for uncertainty

analysis, rather than comparisons of point estimates to true release rates.
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6.3 Factors affecting uncertainty
In addition to looking at the overall results with respect to uncertainty, it is important to identify
what factors do or do not affect emission inference uncertainty, as this can point to limitations of
a specific technology, the measurement model used, or the specific combination of the two. This
section looks at the effects (if any) that the release rate, downwind measurement distance, absolute

wind speed, and wind variability have on the uncertainties of emissions inferences.

6.3.1 True release rate

Figure 6-3 shows the relative uncertainty with respect to the true emission rate. As expected, there
are no clear trends regarding the relative uncertainties and the true emission rate. The Spearman
correlation coefficient between &rel and the true release rate was -0.19, indicating poor correlation
between the two variables. Similarly, between the higher (> 10 kg/h) and lower (< 10 kg/h)
emission rates, there were no significant trends with respect to the emission rate falling within or

outside of the CI, as shown in Table 6-4.
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Figure 6-3: Relative uncertainty vs true release rate
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Table 6-4

: Frequency of q being outside of the CI vs true release rate

Value Low releases (q < 10 kg/h) High Releases (q >= 10
kg/h)
g within CI 58 Occurrences 57 Occurrences

g outside of ClI

5 Occurrences

9 Occurrences

% of g outside of CI

7.9%

13.6%

These findings are consistent with the fact that the methane released from the source location
is effectively a low-momentum jet, and the measurements are made far enough downwind to

negate any momentum-driven effects. This also highlights the fact that the errors in the likelihood

function, and subsequent width of the 90% Cls are driven almost entirely by errors in the GPM.

6.3.2 Downwind Distance

As seen in the CFD analysis, and in the literature review of previous work in vehicle-based
methane quantification uncertainty, the downwind measurement distance can have a very large
effect on the model error, particularly in the meandering regime close to the plume source. The

results of the uncertainty investigation with respect to downwind transect distance are summarized

in Figure 6-4 and Table 6-5.
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Figure 6-4: Relative uncertainty vs transect distance

Table 6-5: Frequency of g being outside of the CI vs measurement distance

Value Near source (< 70 m) Far from source (>70 m)
q within CI 33 Occurrences 82 Occurrences
g outside of ClI 11 Occurrences 3 Occurrences
% of g outside of CI 25.0% 3.5%

There is a clearer trend of increased relative uncertainty when closer to the plume, evident in
Figure 6-4. The Spearman correlation coefficient between &rel and the measurement distance was
-0.31, indicating a moderately negative correlation between the two variables; as the measurement
distance increased, the relative uncertainty decreased. Furthermore, Table 6-5 shows that the
frequency of the true emission rate being outside of the CI is disproportionately represented in
emission inferences derived from transects close to the plume. Despite these “close” transects

representing only 34% of the total number of transects performed, they account for 79% of the
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transects where the true emission rate was outside of the CI. This finding is consistent with the
idea that the meandering of plumes close to the source location causes the GPM to depart
significantly from reality when compared to the relative dispersion region further downwind from
the source location [66]. Other studies have shown that at close distances (within 50m of the source
location), lognormal distributions perform better for describing the dispersion of the plume, while
a gamma or gaussian distributions perform better further away from the plume (beyond 80-100m
depending on the study) [23, 1, 69]. The measurement distance had the highest correlation to the
relative uncertainty, highlighting the importance of understanding how different regions of plume

dispersion characteristics can affect uncertainty.

6.3.3 Wind Effects

Figure 6-5 shows the relative uncertainties with respect to the wind speed. The wind speed is
defined here as the average measured windspeed from the anemometer during the time window
where a specific transect measurement was taking place. While there is no significant correlation
between the relative uncertainty of the emission inferences and the wind speed (the correlation
coefficient was calculated as -0.14), in looking at the transects where the true emission rate was
outside of the CI, these occurrences were disproportionately represented in instances where the

wind speed was very low (defined as less than 1.5 m/s), shown in Table 6-6.
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Table 6-6: Frequency of g being outside of the CI vs wind speed
Value Low wind (< 1.5 m/s) High wind (>1.5 m/s)
g within CI 13 Occurrences 102 Occurrences
g outside of ClI 7 Occurrences 7 Occurrences
% of g outside of CI 35.0% 6.4%

One of the factors that was important to investigate with respect to the wind was the variability
of the wind, both in terms of its magnitude and its direction. It was thought that the effects of wind
variability would be very important for the uncertainty, as instantaneous variations in the wind
speed and wind direction during measurements are not accounted for by the GPM, which assumes
a constant mean wind direction and magnitude. To investigate this, the statistical variance of both

the wind speed and the wind direction was calculated for each measurement window. Similar to
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the previous figures, the MAP results were then plotted against these values, seen in Figure 6-6

and Figure 6-7.
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From Figure 6-6 and Figure 6-7, there were no clear trends with respect to the relative
uncertainty of emissions inferences and the wind speed variance. Furthermore, while there is some
overrepresentation of instances of g being outside of the CI with high variance in the wind
direction, the effect that variance in the wind direction has on the relative uncertainties is not clear.
The correlation coefficients associated with the wind speed and wind direction variance were both
near zero, indicating negligible correlation to the relative uncertainty. This result was unexpected,
as it was originally thought that a departure from the assumptions made in the GPM (in this case,
steady wind), would lead to larger model uncertainty, but that is not seen in these results. Instead,
it may be the case that to some extent, increases in turbulence lead to conditions more consistent
with the atmospheric dispersion that is modelled by the GPM, resulting in improvements in the
model that outweigh the potential negative impacts of the steady-wind assumptions the GPM is
built upon. For example, in the investigation Zhou et al. [1] performed into different likelihood
functions (outlined in Chapter 1), they found that when obstacles to the flow were present, these
obstacles caused an increase in turbulence downwind that promoted mixing of the plume, leading
to the Gaussian likelihood function performing better than the log-normal likelihood functions.
However, one would expect a limit to which increased turbulence in the flow field can improve
GPM estimation. For example, when the wind direction was shifting dramatically during
measurements, the operators from Boreal laser reported significant difficulty in being able to find
and measure the plume downwind. Furthermore, the results in Figure 6-5 point to limitations of
the GPM in terms of needing a minimum wind speed to properly define the plume. This is
consistent with other literature that has found limitations in dispersion models including the GPM,
particularly where these models become less applicable at low wind speeds due to irregularities in

the plume diffusion [23, 87].
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7 Conclusions and Future Work
7.1 Key Findings

The understanding of uncertainties in methane emissions quantification is crucial for the accurate
application of regulations, LDAR programs, as well as in the predictions of the future effects of
anthropogenic emissions on climate change. Referring to the original objectives of this project, the
overall goal was to use a combination of Bayesian inference and CFD modeling to understand the
model error associated with the GPM and apply this investigation to describe the uncertainty of
emissions estimates obtained using the GPM.

One of the key results from this analysis is the fact that the true emission rates fell within the
calculated 90% ClIs with nearly a 90% frequency. This result validates the use of Bayesian
inference for accurate uncertainty quantification in emission estimates, and emphasizes the
importance of wusing probabilistic approaches, like Bayesian inference, particularly in
environmental applications where uncertainties are inherently complex. The effective
representation of uncertainties in the Cls suggests that the model error determined by the CFD
analysis is well-calibrated to the specific application, which underscores the value in using high-
fidelity modelling such as DES for investigations into dispersion model uncertainty. While this is
not the first investigation into model error and uncertainty using these tools [23, 1, 50, 55], this
work represents a significant advancement in this analysis in terms of how the uncertainties across
all point concentration measurements are incorporated into the overall uncertainty for a particular
plume transect. By investigating the model error across the entirety of point-concentration
measurements throughout the transect, a more robust description of the error is used in the
likelihood function, leading to better representation of the true uncertainty of emissions estimates

when performing the Bayesian inference.
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Other key findings from this work include the investigations into the factors affecting the
uncertainty of emissions estimates. These findings have direct applications in industry, in terms of
informing operators about the limitations and applicability of measurement techniques. For
example, one of the main factors that was found to affect the uncertainties of the emission estimates
was the measurement distance, where measurements very close to the plume in the “meandering
region” were significantly more uncertain and less applicable than measurements further from the
plume. In industry, this can be applied when considering optimal paths for vehicles taking
measurements downwind of a plume. Depending on the assumptions made by the dispersion model
used for quantification, operators must ensure that the plume characteristics at the measurement
location are consistent with the model. In the case of measurements relying on the GPM for
quantification, operators need to ensure that the measurements are taking place far enough
downwind from potential sources, to ensure that the plume has fully developed and is stable
enough that the GPM is applicable to the measurements. The same considerations must be made
for the environmental conditions. It is important for operators to understand how these conditions
affect the uncertainty and applicability of measurements and models, such as the fact that in this
study, the GPM-derived emissions estimates seemed to be limited at very low wind speeds.
Overall, this study highlights the importance for operators to consider the uncertainty of
measurements and quantification techniques, and points to the value in the use of uncertainty

quantification for the reporting of meaningful results.

7.2 Limitations
One of the primary limitations lies in the reliance on CFD simulations to model the methane

dispersion under controlled conditions. While high-fidelity CFD analyses such as DES offer high-
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resolution insights into flow patterns and turbulence, they also require significant computational
resources and are sensitive to boundary conditions and grid resolution, which can have significant
effects on the diffusion characteristics. One of the ways this study was impacted by the high
computational costs of the DES analysis was a less systematic evaluation of the parameters of the
dispersion model. As an example, the effects of significantly different wind speeds on the model
error were not investigated with the CFD analysis; the model-error analysis was performed using
a simulation of a single release at different timesteps. However, it is clear from the results of the
Bayesian inference that at very low wind speeds, the model error becomes much larger than what
was identified from the CFD analysis. With more computational resources, it would be possible to
run similar CFD simulations with very low wind speeds to investigate the model error at these
conditions. The results from this investigation could then be applied to the measurements at low
wind speeds, and the results of the Bayesian inference for these measurements might then be
improved.

Another limitation to the study is the topography of the field measurement site, as well as the
topography of the CFD simulation. Releases for the most part were performed in an open, flat area
surrounded by flat prairie. Similarly, the CFD simulation was completely flat, except for the stack
from which the release was taking place. If the results of this analysis (or a similar analysis) were
to be applied to a second set of measurements, it would be very important to consider any
topographical differences between the different measurement sites. This would be especially
important for measurement sites with many significant natural or artificial obstacles present, as

this may in fact improve the accuracy of Gaussian plume modelling [1].
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7.3 Recommendations for Future Work

As mentioned in the previous section, one potential avenue for future work would be a more
parameterized CFD investigation into the model error. While this would incur significant
computational costs with repeated, high-fidelity DES analyses, parameterization of the model
error, and thus the likelihood function, could result in a deeper understanding of the uncertainties
associated with this model and measurement technique. This could also be useful for applications
to different models and/or measurement techniques, especially in situations where access to
controlled release data is limited.

Another area for future work is the incorporation of more priors and different likelihoods in
the Bayesian inference. For example, by looking at the wind speed variance and the wind direction
variance, a PDF for the wind direction and wind speed could be constructed and implemented for
the modelled concentrations in the Bayesian inference. The same can be said for the atmospheric
dispersion parameters, oy and oz, where a more thorough investigation of meteorological data and
of the parameters themselves could allow for the formation of a more physics-based prior for these
parameters. On the subject of priors, future work could also include the implementation of more
informative priors on the emission rate, g, or in the case of future measurements with multiple
repeated plume transects, the use of a Bayesian updating procedure for the prior applied to g,
similar to what is outlined by Zhou et al [1, 55]. Similar to Zhou et al. [1], it would also be
interesting to investigate different likelihood functions for the data, particularly for measurements
where the uncertainties in the Gaussian-based inference were very high.

Finally, future work should include the development of uncertainty analysis using Bayesian
inference for a wider range of quantification technologies. One of the goals of this project was to

have a procedure for uncertainty analysis that could be widely applied to the industry of methane
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emissions quantification. While the results of this thesis have been focused on truck-based TDLAS
estimates using the GPM, the general procedure outlined can be applied to any technology where
the dispersion model is well-known and invertible. This work has shown that through CFD
analysis, the errors associated with dispersion models can be identified. In performing this
investigation for different technologies, and applying the outlined Bayesian inference for these
technologies, a wide-reaching understanding of methane quantification uncertainty could be
achieved throughout the industry. This would allow for uncertainty analysis to be incorporated
into emissions estimates across the entire range of emission types, equipment, etc. leading to
regulations and emissions reduction programs being implemented with the most accurate

representation of the reality of methane emissions.
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Appendix A: Summary Table of Candidate Methane Quantification

Technologies

Detection Conc.
Technology | Survey Type MDL Precision Applicability Limitations TRL
Level Dimension
Ultraviolet Fixed Facility Point 0.5-1 ppm- 95% LDAR programs Rain, snow, fog, 9
Doppler Location Concentrati | m (standalone or in and/or clouds
Optical on (0OD) combination with reduce
Absorption screening measurement
Spectroscopy technologies) abilities due to
strong attenuation
in the UV-Vis
region.
OGI/QOGI Handheld Compone | Single 0.44 m3/day | 50-80% LDAR programs Require a 7+
Camera nt Channel (standalone or in temperature
(1D) combination with difference
screening between the

technologies)

emission plume
and the local
background (0.5
degrees to detect
the gas; 3.0
degrees to
quantify the mass
flow rate). Must
be between 1.5-
4.6 m from the
plume. Operating
temperatures

between -20 to
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+50 degrees

Celsius.

Dual Fixed Facility Single 2.10 m3/day | within 0.222 LDAR programs Precipitation 4-7
Frequency Location Channel kg/hr with (standalone or in reduces signal
Comb (1D) absolute combination with path.
Spectroscopy deviation of screening
27% technologies)
Airborne Aerial Facility Imaging 29.22 68% Monitoring Standing water
TDLAS /Site (2D) mé/day at 1 emissions from and snow absorb
(Bridger) m/s wind pipeline along incident laser,
ROW and leading to
73.06 remote/sparse conservative
mé/day at 3 arrangements of emission
m/s wind well sites. Screening | estimates.
technology for Research is
21.92 LDAR programs. ongoing in 9
m3/day developing a
under ideal system that
conditions addresses this

problem. Wind
speed estimations
limit accuracy of
quantification (>3

m/s). A sufficient
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swath is required
to meet the
maximum
efficiency of the
technology. Drone
applications are
also less efficient
than aircraft-

mounted TDLAS.

Multispectral | Handheld Compone | Imaging 13.211 1 K from -15°C | LDAR programs Most MS cameras
IR Camera nt (2D) md/day to 150°C (standalone or in have warm filters,
combination with which disallows
screening measurements of
technologies) gases at near
ambient ’
temperatures. (MS
cameras with cold
filters are being
developed.)
Spectrometry | Satellite Facilities Imaging 36,529 13-60% Monitoring Requires clear 7+
WAF-P [Site (2D) mé/day in 3 emissions from skies for
(GHGSat) m/s wind pipeline along observations; can
speeds ROW and revisit a site every
remote/sparse 2 weeks.

arrangements of

well sites. Screening
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technology for

LDAR programs.

Hyperspectra | Fixed Compone | Imaging 5.81 m¥day | upto0.25cm™ LDAR programs Operating 7+
I IR Camera | Location nt/Facility | (2D) (34m (standalone or in temperatures
distance) combination with between -20 and
10.34 screening +40 degrees
mé3/day (5.9 technologies) celsius. Sensitive
m distance) to high wind
at4.5mfs speeds.
wind speed Measurement
distance must be
within 100 m of
the sources.
Spectrometry | Satellite Site Imaging 153,424 0.60% Monitoring Limited by the 7+
TROPOMI (2D) mé/day emissions from visibility of the
pipeline along atmosphere (i.e.,
ROW and cloud coverage).
remote/sparse Solar zenith can
arrangements of also limit the
well sites. Screening | ability for
technology for detection.
LDAR programs.
Gas Filter Aerial, Site Single Satellite: Developing; Monitoring Requires clear 417
Correlation Satellite Channel 547.95 theoretically emissions from skies for
Radiometer (1D) m3/day within 1 ppm pipeline along observations.
ROW and Measurements
remote/sparse
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arrangements of
well sites. Screening
technology for

LDAR programs.

require a high

solar zenith angle.

Pellistor Handheld, Compone | Point 500 ppm - 100% LDAR programs Sensitive to high 9
(Catalytic Fixed nt/Facility | Concentrati | 5% (standalone or in humidity, large
Bead) Location, on (0OD) combination with temperature
screening differentials, and
technologies) environmental
contaminants.
FTIR Vehicle, Facility Single 11.4 ppb 63-73% Monitoring The survey time 9
Spectroscopy | Aerial, Fixed Channel emissions from required for
Location (1D) pipeline along measurements is
ROW and inversely
remote/sparse proportional to the
arrangements of spectral resolution
well sites. Screening | (distance travelled
technology for by the mirror in
LDAR programs. the
interferometer).
Ultrasound Handheld, Compone | Single 8.5 g/hr 90% LDAR programs Requires pressure | 4/7
Imaging Fixed nt Channel (standalone or in drop to detect
Location (1D) combination with emissions.
screening
technologies)
MethaneSAT | Satellite Site Imaging 2 ppb over Satellite Monitoring Sensitive to low 7+
Spectrometry (2D) 1.5 km2 observations emissions from solar zenith and

typically fall

between <1-5%

pipeline along
ROW and

remote/sparse

high wind speeds.
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(not Methane

arrangements of

SAT specific) well sites. Screening
technology for
LDAR programs.
Metal Oxide | Handheld, Facility Point 2-10 ppm Within 0.36 Continuous Sensitive to high 9
Semiconduct | Fixed [Site Concentrati ppm monitoring of humidity, large
or (MOS) Location on (0D) emissions on sites. temperate
LDAR Programs. differentials, and
environmental
contaminants.
Exposure to large
concentrations
may de-sensitize
the sensor
irreversibly.
Mass-Flow Handheld, Compone | Point 1.4 standard | Within 2% LDAR programs No longer 9
Meter Fixed nt Concentrati | liters per (standalone or in manufactured.
Location on (0OD) minute combination with Highly dependent
screening on daily
technologies) calibration
procedures.
Laser Fixed Facility Point 30 ppb 87% Monitoring Moderate 7+
Absorption Location, Concentrati emissions from interference from
Spectroscopy | Handheld on (0OD) pipeline along moisture - dried
- Cavity UAVSs, ROW and samples preferred
Output Vehicle remote/sparse for optimal
arrangements of analysis.

well sites. Screening
technology for

LDAR programs.
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Laser Fixed Facility Point 100 ppb within Monitoring Require specific 7+
Absorption Location, Concentrati 79 ppb emissions from environmental
Spectroscopy | UAVS, on (0D) pipeline along requirements for
- Closed Path | Vehicle ROW and measurement.
(Multi) remote/sparse
arrangements of
well sites. Screening
technology for
LDAR programs.
Mass Handheld, Compone | Single 1 ppb Within 3.4% Continuous Requires 9
Spectrometry | Fixed nt Channel monitoring of controlled
Location (1D) emissions on sites. environment (i.e.,
LDAR Programs. vacuum system).
Gas Handheld, Compone | Single 1 ppb Within 3% to Continuous Calibration and 9
Chromatogra | Fixed nt Channel 6% of true conc. | monitoring of purge required
phy Location (1D) emissions on sites. prior to use.
LDAR Programs. Calibration
frequency varies
based on
instrument.
Printed Fixed Facility Point 5 ppm Developing - Continuous Unknown 417
Nanotube Location Concentrati Currently monitoring of
Sensors on (0OD) focused on emissions on sites.

detection rather

LDAR Programs.
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than actual

quantification

Laser Fixed point, Facility Single 2 ppm*m 90-97% Monitoring Measurement path | 7+
Absorption UAVS, Channel emissions from length from 5 -
Spectroscopy | Vehicle (1D) pipeline along 500 m. Wind
- Open Path ROW and limitations 2-10
remote/sparse m/s
arragements of well
sites. Screening
technology for
LDAR programs.
Etalon Handheld, Compone | Single 100 ppb 0.1 um +0.3 Continuous Highly dependent | 7+
Vehicle, nt Channel pm/m monitoring of on surface
Fixed (1D) emissions on sites. reflectivity of the
Location LDAR Programs. crystals; reflecting
surfaces must be
parallel and flat.
Laser Fixed point, Facility Point Relative to 90-97% Monitoring Require specific 7+
Absorption UAVsS, Concentrati | total emissions from environmental
Spectroscopy | Vehicle on (0D) pressure of pipeline along requirements for
- Closed Path the cell; 88 ROW and measurement.
(Single) ppb remote/sparse

arrangements of

well sites. Screening

technology for

LDAR programs.
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Appendix B: QOGI Datasheets

www.flircom

FLIR

Infrared Camera for Methane and VOC Detection

Tha FLIR GF300/GF320 is a revalutionary infrared cameara capabla of
datacting Methane and Violatile Organic Compound (MOC) fugitive emissions
from the production, transportation, and use of oil and natural gas. This
camara can scan large areas and visualize potential gas leaks in real-time,

s0 you can chack thousands of components over the course of ona survey.
Designed with tha user in mind, the GF300/GF320 is lightweight, offars both
aviewfinder and LCD monitor, and has diract access to controls. Embedded
GPS data helps in identifying the pracise location of faults and leaks, for
faster repairs.

Visualize Gas Emissions in Real-time

Tha FLIR GF300/GF220 is unboatable at detecting gas emizsions, with a High
Sensitivity Mode that lats you visualize aven the smallest leaks in raal-time.
Usa this vizual verification to pinpoint the exact sourca of the emissions and
bagin repairs immediately. In addition, the GF320is capable of measuring
temperatures up to 350 °C with +1 *C accuracy, allowing you to note
temperature differentials and improve gas plume detection.

Increase Worker Safety

Surveys performed with GF300/GF320 cameras are nine-times faster than
those performed with gas =niffers. They're alzo 2afer: optical gas imaging
does not require close contact with components in order to detect gas. This
reduces the risk of exposure to invigible and potentially harmful chemicals.
In addition, the camera can scan areas of interast that are difficult to reach
using conventional methods. The argoenomic design, with a bright LCD and
articulated viewfinder, takes the strain out of a full day of surveys.

Stop Leaks, Save Money, Help the Environment
By fixing gas leaks, you can save your company thousands in lost gas and
lost profits, while at the same time improving regulatory compliance and
protecting the envirenment. The FLIR GF300/GF320 complies with all current
regulations for Optical Gas Imaging (OGl). See our website for a full listing.

The GF300/GF320 detects the following gases:

Mathanol Methane Benzana Ethane Propylena
Ethanol Partana 1-Pentena |soprane Butane
Ethylbenzene MEK Toluena Propane Octane
Heptana MIBK Xylane Ethylane Hexana
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Specifications

Modal GF300 / GF320

Detector Type FLIR Indium Antimenide (InSk)
Spactral Aange 32-34pm
Rezclution 320 x 240 pinelz
Diatactor Pitch 30 pm
METDY Thermal Sensitivity <16 mK @ +30°C (+86°F]
Sanszor Coaling Stirling Microcooler FLIR MC-3)
Image Modes IR Irmexge, wisusl image, high sensitivty mode HSM]
Frame Aate (Ful Window) B0 Hz
Dyremic Range 14-hit
Videao Recording f Stresming Real-time non-rediometric recarding: MPEGA/H. 284 [up to 60 minJclipd
o mamaory card
Reaktime non-rediomatric streeming: ATF/MPEG4
Visual Vidao MPEGA {25 min jcip) to memaory cerd
Visual Imaga 3.2 MP from integrated visibla camara
GPS Location data stored with every image
Camera Control Remote camera control via LISB
Standerd Temperature Ranga =207C to +360°C (-1°F 1o +662°F)
Accuracy® +1°C [+1.8°F) for tamperature ramge (0°C, to +100°C, +32°F to +212°F)

or 2% of reeding for ternperetura range =+100°C, >+212°F]

Camera finumbsr ne

Awailable Fved Lensas 1457 (38 mm), 247 23 mm]

Focus Autornatic [one toweh] or menuel lelectric ar an the lens)

Image Presantation

On-Camara Display Built-in widescrean, 4.3 in. LCD, 800 x 480 pivals

Autormatic Gain Cantrol Continuous/rmanual, linear, histogram

Image Anahysis® 10 spotmeters, & boxas with mea fmin.Everage, profile, delta
tamperatures, emissivity & measurement comactions

Color pelsttas Iron, Grey, Rainbow, Arctic, Leva, Rainbow HC

Foom 1-8x comtinuows, digital 2pom

Opereting Termparature Range -20°C to +B0°C (—4°F to +122°F]

Storage Temperaturas Aenge -30°C to +80°C (-22°F to +140°F)

Encepsulation IF 64 {|IEC B0629)

Burnp  Vibration 25 g (IEC B00BB-2-27) / 2 g (IEC BD0B8-2-6)

Paowvar AL adeptar 90-260 VAL, 5IVED Hz or 12 W from & wehicle

Biattery Systam Riachergesbile Li-ion bettary

Wieight wy' Battery & Lers 1.54 kg (4.27 ba]

Size (L x W x H) w' Lene 306 = 169 x 161 mm

Mounting Standard, 1420

* GFIZ0 maodsl enly

www.flircom
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FLIR Eystems, Inc.

B Towneend West
Mashua, NH 03083
USA

PH: 41 BEB.477.3687

PORTLAND

Corporste Headguerters
FLIR Syatems, Inc.
27700 SW Parkway Ave.
Wilsonville, OR B7070
USA

PH: +1 BEE.477.3687

ELIROPE

FLIR Syatems
Luxemburgetreat 2
2321 Meer

Balgium
PH:+32 [0] 3665 5100

ww'w. flir.comy/ogi
NASDAD: FLIR

SN
Oa

CANADA

FLIR Eystems, Ltd.
B20 Shaldon Court
Burlington, ON L7L GLB
Canada

PH: +1 800.813.0507

CHINA

FLIR Systems Co., Ltd
Rm 1E13-18, Tower ||
Grand Central Plaza
138 Shatin Rural
Committes Roed Shatin
Naw Tarritories

Hong Kong

PH: +B62 2702 BE5E

LATIN AMERICA

FLIR Eystams Brasil

Av. Antonio Bardella, 320
Sorocabe, SP1B0E2-B52

Bresil
PH: +5E 15 3238 7080

The World's Sixth Sense™




EyeCGas 2.0 Featur

Concentration in real time
using only OGI

EyeCGas 2.0 is the world’s most sensitive and durable
handheld OGI camera. Detecting over 400 VOCs, Methane
and CO2. EyeCGas 2.0 is Intrinsically Safe and complies with
the EPA’s “Quad 0a" (0000a) regulations.

Using its wide range of features and functionalities, it enables
surveyors to scan large areas quickly, efficiently and identify
gas leaks while staying safe. Allowing for quick repairs and
reducing revenue loss.

YEAR

WARRANTY

3" PARTY ANALYZERS & LDAR
= STREAMING SOFTWARE INTEGRATION 0 0.1
Red-ﬂme wdeomurmgand Connects to 3rd party
a analyzers (TVA 2020, RMLD,
during i mapemom PHX42 and more). Display data

on camera screen |n reaktime and store video files.
your existing LDAR softy (Guid
ONTRL.dlmu'sdme)foreasyrqaomng

REPLACEABLE

&>, '\ REPLACEABLE LENS FILTERS LI
b—— k 3
Exclusive ability to
change spectral filters:
* Default filter (Methane & over
400 VOC's) - Higher Carbons filter
(improved higher carbon and long
range detection of VOC's) - CO2
(carbon dioxide detection)
INTRINSICALLY GLARE
ATEX SAFE SHIELD
The most durable 0GI camera Enhances the
by design. Water and dust image by x3
d IP65. Intrinsically safe, and avoids sun
ATEX Zone2, IECEx, ANSI/ISA glare.
Class |, Div.2, CSA C22.2 Class

I, Div. 2.

EPA \ HIGHER SENSITIVITY Built-in QUANTIFICATION E

| DOOCZ |
/ NEDT<10rrl(wnh,,. pri ylmage._ ing Quantify Methane and other VOCs in a simple
0.35g/hr (Meth and user-friendly interface, while seamlessly

Ceruﬁedtomeet EPAOOOOareqmemems. creating a report at the end of each inspection.

OPGAL Opgal Optronic Industries Ltd. | +1 332 236 7048 | info@opgal.com | www.opgal.com
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EyeCGas 2.0 TECHNICAL SPECIFICATIONS
IMAGING PERFORMANCE
THERMAL IMAGER

THERMAL SENSITIVITY ~ =10mEK@ 25°C

OPTICS . /1.1; 18° with 30mm lens; Manual focus

DIGITAL ZOOM x2,x4, x8 and x16 (only for visible camera)
: DIGITAL VIDEQ CAMERA

EMBEDDED DIGITAL CAMERA HD, fixed focus, for situational awareness

DETECTOR

| Cooled High Sensitivity, 320 x 240 pixels
SPECTRAL RANGE 3tod.dum
POWER INPUT
POWER | 12VDC; 13W

BATTERY LIFE >4 5 hours continuous operation
PHYSICAL CHARACTERISTICS

WEIGHT (WITH BATTERY AND LENS) | 2.6kg(5.9]bs)

COLOR | Greyand Black
SIZE IN (LXHXW) L 9"x4.3"x5.1"(230x110x130) mm
INTERFACE Tripod mounting UNC 1/4", rotation safe
MEASUREMENT . Spot temperature measurement
RANGE . =20°C to +350 °C
ACCURACY | Atleast+1°C (0 — 100 °C), 2% (> 100 °C),+ 2°C (-20-0°C)
COLOR PALETTES @ color palettes (Rainbow, Iron, ISO red, 130 green, Grey Scale id
QUANTIFICATION
GAS QUANTIFICATION Image processing VOC gas quantification for desktop or handheld application
offline/online operation), Concentration measurement (ppm-m
DISPL
DISPLAY UNIT 3.5" Color LCD 640X480
OPERATING TEMPERATURE RANGE | -20"Cto+50°C
STORAGE TEMPERATURE RANGE  -40°Cto+70°C
TEMPERATUREANDHUMIDITY . IEC60068-2-30 Temp.+25°C/ +40°C Humidity 95%RH
EMC/ EMI EN 60079-0:2012/A11:2013, EN 60079-11:2012, EN 60079-15:2010, |IEC 60079
| 0:2017, IEC 60079-11:2011,|EC 60079-15:2010, IEC 60079-31:2013
VIBRATION . 2. 4GRMSRandom Vibration
WATER AND DUST PROTECTION - IPe5
HALT-HIGH ACCELERATED LIFETEST = Max temp: 55°C, Mintemp:-20°C
SAFETY . EN60950-1:2006
CSA C22.2 No. 213-M1987, Mon-Incentive Electrical Equipment for Use in Class
HAZARDOUS LOCATIONS SAFE |, Division 2, ANSI/ISA-12.12.01 - Class | and Il, Division 2, and Class Ill, ATEX
intringically safe for Zone 2 ratings as: Ex 1l 3 GD; Exic nA nC IIC T6 Gc; Ex ic tc
lIC T&5°C DC
FREE FALL (DROP) TEST | ASTM-D4169-06 Schedule &
LOOSE CARGOVIERATION TEST | ASTM-D 4169-08 Schedule F Test method D999
VIBRATION ASTM-D 4169-08 Schedule F Testmethod D999
GAS LEAK DETECTION PERFORMANCE
OPERATION FEATURES . Auto and Enhanced Modes
400+ compounds such as: Methane, Acetic acid, Benzene, Butadiene,
WITH SPECTRAL FILTER OF 3.2uM Butene, Butane, Dimethyl-Benzene, Ethane, Ethylene, Ethyl benzene, Ethylene
TO 3.4uM FOR VOCs GASES oxide, Hexane, Heptane, Iscbutylene, Isopropyl alcohol, Isoprene, Methanol,
DETECTION MEK Methyl Ethyl Ketone, Octane, Pentene, Propane, Propanal
VIDED AND AUDIO RECORDING | Digital video recorder build-in generates a _ts format video on all modes.
SMNAPSHOT CAPABILITIES | Snapshotcommand generates a jpg file on any of the available modes
STORAGE Up to 20 hours and maore of video storage over a 4GB solid state memory
COMMUNICATION INTERFACES
USB | Data transfer, video streaming and video images file transfer
Wi-Fi | 2.4 GHz for video streaming and file transfer
Bluetooth | Bluetooth 4.2 with other devices: RMLD, TVAZ020 LDAR software etc..
GPS Built in or external

SUPPLIED ACCESSORIES
Eatteries (2), Battery Charger, USB Cable, Neck strap, Glare Shield, Carrying Case, Cleaning Kit.

OPG_.A'__ Opgal Optronic Industries Ltd. | +1 33 7048 |infi pgal.com | www.opgal .com
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Appendix C: Aerial LWIR Datasheet

HYPER-CAM Airborne Mini

A NEW GENERATION OF COMPACT AIRBORNE
HYPERSPECTRAL IMAGING SYSTEMS.

The Hyper-Cam Airborne Mini paves the way towards a
striking revolution in infrared hyperspectral imaging. This
lightweight FTIR sensor is designed for use in compact
aerial platforms without compromising measurement
performance. The easy and flexible operation makes
the Hyper-Cam Airborne Mini a versatile tool, well-

e suited to meet the requirements of the most demanding
i . applications, including ground targetsignature collection,
yper-Lam
,.df,u,é Q,:-h mineral mapping and gas detection and identification.
COMPACT & LIGHTWEIGHT: HIGH TEMPORAL RESOLUTION:

Easy to install with a total weight of only 24 kg and a Hyperspectral data are recorded as a function of time
volume of less than 2 cubic feet. allowing characterization of time-dependent events like
gas cloud dispersion and combustion. Measurement time
SELECTABLE SPECTRAL RESOLUTION: varies with acquisition parameters and allows for the

fastest recording of dynamic events.
The Hyper-Cam Airborne Mini offers the best spectral

resolution available, and is user-selectable up to EXTREME FLEXIBILITY:
0.5 cm’. This, coupled with swappable fore-optics,

optimizes ground coverage. The Hyper-Cam Airborne Mini comes with a separate
optical head and processing unit, and a powerful software
HIGH SPATIAL RESOLUTION: suite for the commands, controls and processing of data.

The Hyper-Cam Airborne Mini provides the highest Also offered are an optional software development
spatial resolution on the market. It uses the latest 320 x kit (SDK) as well as an automatic gas detection/
256-pixel cooled SLS detector to ensure excellent 20 identificiation/quantification plug-in.

image quality.

Gas detection, identification
and quantification.

Stack emission monitoring.

Airborne mineral mapping.

Airborne tracking of
dangerous chemicals.

Ground target IR signature
measurement.
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SPECIFICATIONS

OPERATIOMAL MODES Mapping, Targeting
SPECTRAL RANGE 74 -1.8 pm Optical Head
PIXEL FIELD OF VIEW 750 prad
TOTAL ANGULAR RANGE 12.5% 10.9° wntrol and
Image Matlon wssing Box

Compensation Mirror
Boresighted Visible Camera
GPS/IN5+ Platform

POWER CONSUMPTION < 260'W i % %
HEAD & PLATFORM SIZE 28 x35x% 38cm ,
o L

OPTICAL HEAD INCLUSIONS

CONTROL BOX SIZE 23x21x 18 cm
HEAD & PLATFORM WEIGHT <20 kg
CONTROL BOX WEIGHT <4 kg
TYPICAL NESR < 5 nWyiem? srem™

Actlve Stablllzation

Platform

REVEAL SOFTWARE SUITE

- Efficient mission planning.

- Comprehensive commands & acquisition.

- Intuitive post-processing, calibration,
geo-correction & mosaicing.

- Automatic image stitching and map generation
after mission.
T oy .
_ N A sEr = [ R T oll
- Real-time gas detection, identification and Gas emisslon flomoll plant.
quantification (optional plug-in).

Pleasa note that thess specificatlons are subject to change.

FOR MORE INFORMATION | TELOPS

TELOPS HEADOQUARTERS
[ols) @telops i
Tel.; +1 (418) B64-TE08
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Appendix D: Boreal Gasfinder3-VB Datasheet

LASER BASED - VEHICLE BASED GAS DETECTOR i
154 DATA SHEET BORERAL
1 [Manisacourer [Eareal Laser inc.
General 3 |Analyzer Model Ho. EasFinderi-VE (Venice Based) Assembly (B0, BL-GFaVE-_ - -
2 |warranty Pericd 10 years on Laser {Ligt Sounce) and 3 years Ful Warranty
4 |DelecianiCperaing Princpie Tunable Dlode Laser ADSOIplion Speciostopy (TOLAS)
5 |Sensar Type One 1) Semiconducior Diode Laser which emits Laser Lighi in the Mear infarred [NIFR)
E |Eye Satety Class 1 AEL under IEC £0825-1
TI'me Delec:Emaniions free gase0UB MOIECUISE Of ONE (1) SPecc fanet 035
£ |Calbraiion Faciory calbraied Wil no requitement for periodcinnerent callbration
o |Fiex Callbration [xone Required or Avalabie
10 |Automatic Valkation iniemal Referance Cell (memogated ance a mindis)
TI‘Uwﬁmmmg Exiemal Response Cell i UM, Tesl or “challenge” [Dpacnal ACCEssary)
12 |R=cponse Tme one EEcor
13 |R=covery Tme Instantaneous (Each sample Is Independest of the last)
Dtector 14 [Accuracy |22% of Reading
Specifications | 13 | mtemal Temperature Compensation | oynami: (Flezo Restsive) or Manual Eniry. -55°C 0 +150°C (-57°F 10 +302°F)
15 |intemal Pressure Compensation | Dyramik: (MEMS) or Manual Eriry. 50 fo 200 KPaA (7.25 i 20 PSA)
?Iﬁft 20.1% OVET DpEraling "emperailre and pressUre rEings
15 [Warm-up 7 Sart-up Time 2 Minutes
13 |User Intervention on Start-up |Hone Requirea
o0 |Acive Measurement Pain - Temperalore |55 0 +200°C (67 0 BO0°F)
71 |Acive Measrement Pain - Humdity 3-100% RH [Mon-Congensing)
22 |Active Measurement Paih - Pressure 50 i 200 KPah [7.25 0 20 PSIA}
E'_T—'autmamm Fal Safe Operanon Wiih SIEIUE Codes vishle via HWI Service Moduie, Inerface and Logies
32 |Intemal Data Loggng UGer Nas access I 20 years Worh o 5lrage capacty via USE SOck
25 |Cecurafion | Beam Block Cperates down i 97% Obscurabion (20x Tumndow)
75 |Solar Sind Mo Falbe POSRNSE oM Soiar BNEference
27 |Area Ciassincaton General Purpose
75 |Operaiing Temperaiure Range ES o #65°C 67 10 140°F)
79 |Storage Temperaiure ES o #65°C 67 I 140°F)
Enclosure 20 |ingress Protection Weamer Tight
specifications | 21 [Enciosure Makerial |Pofied Aluminium
22 |Enciceure Dimensions [LOWEH) ZEQ X 200 X 160 mm (102 X 79 X6.3 1)
33 [Encicsure Weignt 5.0 kg (11.01bs)
22 |Cable Gands/Fiings | MRty Connectors for Power and Communicason
25 |PowenCommunication Terminals 12 ar 24 VOC Dower SUpPIEs win MAlary CONREcior far Power Conmecaon
e 25 |input Voliage 24 VDC [24-30VDC)
Requl 37 |Power Consumpiian 20 Watts under Mormal Cperation
3.a|m-mm::umnt 2 A, far 100mE,
23 |Recommended Exiemal Fuse 44 Fasl Blow Fuse
a0 |Humber of Analog Loops Cne (1) HART 7 OVEr Andlog Loop
41 |Supply of Loop Power AcilvelSource (Device Powered Loop]
42 | Configurable Analog Output Options Concentration (ppm-m. ppm, or mgrNma3), Light Level (Rx), & R Confidence Factor (R2)
i 43 |Analog Range Setings |Uzer Programmabie via HMI Touchscreen
g Output 4.1 Anaiog Load Impedance 1,000 oz |3 Devices)
45 |Analog Range 020 mA
| 45 |Low Light Alarm [Seam Block) 27 mA
47 |Zeneral Sysiem Faul 3.6 mA
—— 43 |MODBUS — |F=—425 - See Aadress Register Map Tor more Informasin
gl:c'.urrmmymumm Canceniration {ppm-m) - 41001, LGNt Level [F) - 41101, & Confidence Faceor (R2) - 1061
Interface 50 [HMI Touchscreen Ful Imerface Capaniies. Corfigurason, AIGNment, ACCE6E 1 Logies, and Upioad FIMare
| 51 |Minimum Deteclble Limit [MOL) 0.65 ppm
Lo-Range szlsumr 0.16 ppm
Methane 53 |Ful Scale 2,633 ppm
[CHAL) EF.mmmm::umm 132 MDL)
E5 |Maximum Recommendsd Cabile Lengin |20 m (E0 1)
=5 |Oplical Configuraton TransCEIVEr and REms- RENECHaT (MOND-Saie) Wil Three (3) MURpass Conhguraion
Vehicle Based | 57 |Measurement Call imensions 1,300 x 300 x 200 mm (512 x 11.8 x' 9.1 In)
[VB) Measurement | 53 |Measurement Call Welght 148 Ry (3.5 1D}
Call 54 |Eeam Divergence 16mm (557} & 0.5m (1.68) = [32 millradian x path length (m) = laser dot slze (mm))
&0 |Window Matenal Lexan, Mylar, o Tefion
E1 [Truck Mount: Headache Rack Headache Rack MoLniing bracket
Allgnment Mount | &2 [Generic Mounting Bracket | Tubular Mounting Bracket
£3 | Mo Mounts Mo Moumis Included
Recommended | £ |Repiacement Fiter IEL_HC.AB
accesaories | 65 HIE EL-OAR-E
e Te T
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Appendix E: Release notebook from the April 2022 field measurement

campaign
Date Start Release Rate m3/d Equipment
time (kg/hr)

20- 15:28 340 (10) Stack
Apr

20- 15:33 340 (10) Stack
Apr

20- 15:33 340 (10) Stack
Apr

20- 15:37 340 (10) Stack
Apr

20- 15:39 340 (10) Stack
Apr

20- 15:43 340 (10) Stack
Apr

20- 15:46 340 (10) Stack
Apr

20- 15:47 340 (10) Stack
Apr

20- 15:49 340 (10) Stack
Apr
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20- 15:51 340 (10) Stack
Apr

20- 15:52 340 (10) Stack
Apr

20- 16:05 0 (0) Stack
Apr

20- 16:05 0 (0) Stack
Apr

20- 16:19 170 (5) Stack
Apr

20- 16:19 170 (5) Stack
Apr

20- 16:23 170 (5) Stack
Apr

20- 16:23 170 (5) Stack
Apr

20- 16:26 170 (5) Stack
Apr

20- 16:28 170 (5) Stack
Apr

20- 16:35 170 (5) Stack
Apr
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20- 16:40 170 (5) Stack
Apr

20- 16:41 170 (5) Stack
Apr

20- 16:45 170 (5) Stack
Apr

20- 16:45 170 (5) Stack
Apr

20- 16:57 83.6 (2.46) Stack
Apr

20- 16:57 83.6 (2.46) Stack
Apr

20- 17:00 83.6 (2.46) Stack
Apr

20- 17:02 83.6 (2.46) Stack
Apr

20- 17:03 83.6 (2.46) Stack
Apr

20- 17:09 83.6 (2.46) Stack
Apr

20- 17:12 83.6 (2.46) Stack
Apr
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20- 17:12 83.6 (2.46) Stack
Apr

20- 17:17 83.6 (2.46) Stack
Apr

20- 17:18 83.6 (2.46) Stack
Apr

20- 17:22 83.6 (2.46) Stack
Apr

20- 17:22 83.6 (2.46) Stack
Apr

20- 17:25 83.6 (2.46) Stack
Apr

20- 17:32 34 (1) Stack
Apr

20- 17:38 34 (1) Stack
Apr

20- 17:40 34 (1) Stack
Apr

20- 17:42 34 (1) Stack
Apr

20- 17:46 34 (1) Stack
Apr
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20- 17:48 34 (1) Stack
Apr

20- 17:53 34 (1) Stack
Apr

20- 17:55 34 (1) Stack
Apr

20- 17:58 34 (1) Stack
Apr

20- 18:08 0 (0) Stack
Apr

20- 18:08 0 (0) Stack
Apr

20- 18:21 34 (1) Stack
Apr

20- 18:21 34 (1) Stack
Apr

20- 18:25 34 (1) Stack
Apr

20- 18:30 340 (10) Stack
Apr

20- 18:30 340 (10) Stack
Apr
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20- 18:32 340 (10) Stack
Apr

20- 18:35 340 (10) Stack
Apr

20- 18:34 340 (10) Stack
Apr

20- 18:37 340 (10) Stack
Apr

20- 18:42 340 (10) Stack
Apr

20- 18:46 340 (10) Stack
Apr

20- 18:47 340 (10) Stack
Apr

20- 18:50 340 (10) Stack
Apr

20- 18:52 340 (10) Stack
Apr

20- 18:53 340 (10) Stack
Apr

20- 18:57 340 (10) Stack
Apr
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20- 19:10 83.6 (2.46) Stack
Apr

20- 19:10 83.6 (2.46) Stack
Apr

20- 19:13 83.6 (2.46) Stack
Apr

20- 19:14 83.6 (2.46) Stack
Apr

20- 19:16 83.6 (2.46) Stack
Apr

20- 19:18 83.6 (2.46) Stack
Apr

20- 19:18 83.6 (2.46) Stack
Apr

20- 19:23 83.6 (2.46) Stack
Apr

21- 10:07 34 (1) Tank
Apr

21- 10:08:54 34 (1) Tank
Apr

21- 10:15:25 34 (1) Tank
Apr
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21- 10:16 34 (1) Tank
Apr

21- 10:18:40 34 (1) Tank
Apr

21- 10:19 34 (1) Tank
Apr

21- 10:21:42 34 (1) Tank
Apr

21- 10:24:21 34 (1) Tank
Apr

21- 10:27 34 (1) Tank
Apr

21- 10:28:11 34 (1) Tank
Apr

21- 10:31:25 34 (1) Tank
Apr

21- 10:34:10 34 (1) Tank
Apr

21- 10:43:56 34 (1) Tank
Apr

21- 10:55:54 83.6 (2.46) Tank
Apr
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21- 10:55:30 83.6 (2.46) Tank
Apr

21- 10:58:26 83.6 (2.46) Tank
Apr

21- 11:00:05 83.6 (2.46) Tank
Apr

21- 11:00:35 83.6 (2.46) Tank
Apr

21- 11:02:41 83.6 (2.46) Tank
Apr

21- 11:05 83.6 (2.46) Tank
Apr

21- 11:11:23 83.6 (2.46) Tank
Apr

21- 11:13:41 83.6 (2.46) Tank
Apr

21- 11:16:40 83.6 (2.46) Tank
Apr

21- 11:19:32 83.6 (2.46) Tank
Apr

21- 11:21:11 83.6 (2.46) Tank
Apr
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21- 11:23:41 83.6 (2.46) Tank
Apr

21- 11:25:24 83.6 (2.46) Tank
Apr

21- 11:28:18 83.6 (2.46) Tank
Apr

21- 11:29:31 83.6 (2.46) Tank
Apr

21- 11:30:20 83.6 (2.46) Tank
Apr

21- 11:31:56 83.6 (2.46) Tank
Apr

21- 11:41:58 0 (0) Tank
Apr

21- 11:43:25 0 (0) Tank
Apr

21- 11:45:30 0 (0) Tank
Apr

21- 11:51:45 340 (10) Tank
Apr

21- 11:49:30 340 (10) Tank
Apr
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21- 11:53:30 340 (10) Tank
Apr

21- 11:54:56 340 (10) Tank
Apr

21- 11:57:35 340 (10) Tank
Apr

21- 11:58:40 340 (10) Tank
Apr

21- 11:57:40 340 (10) Tank
Apr

21- 12:01:20 340 (10) Tank
Apr

21- 12:02:45 340 (10) Tank
Apr

21- 12:05:11 340 (10) Tank
Apr

21- 12:07:01 340 (10) Tank
Apr

21- 12:09:40 340 (10) Tank
Apr

21- 12:10:59 340 (10) Tank
Apr

117




21- 12:13:32 340 (10) Tank
Apr

21- 13:31:30 170 (5) Tank
Apr

21- 13:31:15 170 (5) Tank
Apr

21- 13:35:04 170 (5) Tank
Apr

21- 13:35:45 170 (5) Tank
Apr

21- 13:38:00 170 (5) Tank
Apr

21- 13:37:06 170 (5) Tank
Apr

21- 13:39:30 170 (5) Tank
Apr

21- 13:39:26 170 (5) Tank
Apr

21- 13:41:11 170 (5) Tank
Apr

21- 13:41:50 170 (5) Tank
Apr
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21- 13:43:52 170 (5) Tank
Apr

21- 13:45:13 170 (5) Tank
Apr

21- 13:47:41 170 (5) Tank
Apr

21- 13:49:06 170 (5) Tank
Apr

21- 13:51:41 170 (5) Tank
Apr

21- 13:53:06 170 (5) Tank
Apr

21- 13:55:21 170 (5) Tank
Apr

21- 13:57:11 170 (5) Tank
Apr

21- 13:49 170 (5) Tank
Apr

21- 13:51 170 (5) Tank
Apr

21- 13:53 170 (5) Tank
Apr
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21- 13:55 170 (5) Tank
Apr

21- 13:57 170 (5) Tank
Apr

21- 14:06:40 340 (10) Tank
Apr

21- 14:08:23 340 (10) Tank
Apr

21- 14:07:56 340 (10) Tank
Apr

21- 14:10:21 340 (10) Tank
Apr

21- 14:10:45 340 (10) Tank
Apr

21- 14:11:46 340 (10) Tank
Apr

21- 14:14:30 340 (10) Tank
Apr

21- 14:15:00 340 (10) Tank
Apr

21- 14:15:56 340 (10) Tank
Apr
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21- 14:17:01 340 (10) Tank
Apr

21- 15:21:20 680 (20) Stack
Apr

21- 15:24:00 680 (20) Stack
Apr

21- 15:23:46 680 (20) Stack
Apr

21- 15:26:26 680 (20) Stack
Apr

21- 15:27:30 680 (20) Stack
Apr

21- 15:28:59 680 (20) Stack
Apr

21- 15:29:25 680 (20) Stack
Apr

21- 15:32:40 680 (20) Stack
Apr

21- 15:32:30 680 (20) Stack
Apr

21- 15:34:58 680 (20) Stack
Apr
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21- 15:37:35 680 (20) Stack
Apr

21- 15:40:49 680 (20) Stack
Apr

21- 15:41 680 (20) Stack
Apr

21- 15:43:30 680 (20) Stack
Apr

21- 15:46:20 680 (20) Stack
Apr

21- 15:49:50 680 (20) Stack
Apr

21- 15:52:50 680 (20) Stack
Apr

21- 15:53:24 680 (20) Stack
Apr

21- 15:54:25 680 (20) Stack
Apr

21- 15:56:11 680 (20) Stack
Apr

21- 15:56:50 680 (20) Stack
Apr
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21- 15:58:58 680 (20) Stack
Apr

21- 16:00:01 680 (20) Stack
Apr

21- 16:14:45 1020 (30) Stack
Apr

21- 16:15:30 1020 (30) Stack
Apr

21- 16:17:21 1020 (30) Stack
Apr

21- 16:18:05 1020 (30) Stack
Apr

21- 16:20:01 1020 (30) Stack
Apr

21- 16:23:18 1020 (30) Stack
Apr

21- 16:31:20 1020 (30) Stack
Apr

21- 16:31:50 1020 (30) Stack
Apr

21- 16:34:11 1020 (30) Stack
Apr
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21- 16:36:07 1020 (30) Stack
Apr

21- 16:36:36 1020 (30) Stack
Apr

21- 16:40:15 1020 (30) Stack
Apr

21- 16:39:31 1020 (30) Stack
Apr

21- 16:42:30 1020 (30) Stack
Apr

21- 16:42:51 1020 (30) Stack
Apr

21- 16:45:32 1020 (30) Stack
Apr

21- 16:46:10 1020 (30) Stack
Apr

21- 16:48:16 1020 (30) Stack
Apr

21- 16:51:08 1020 (30) Stack
Apr

21- 16:51:40 1020 (30) Stack
Apr
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21- 16:54:30 1020 (30) Stack
Apr

22- 09:37:12 0 (0) Stack
Apr

22- 09:39:12 0 (0) Stack
Apr

22- 09:47:05 0 (0) Stack
Apr

22- 09:54:10 17 (0.5) Stack
Apr

22- 09:56:02 17 (0.5) Stack
Apr

22- 09:57:21 17 (0.5) Stack
Apr

22- 09:59:15 17 (0.5) Stack
Apr

22- 10:00:51 17 (0.5) Stack
Apr

22- 10:02:55 17 (0.5) Stack
Apr

22- 10:03:52 17 (0.5) Stack
Apr
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22- 10:05:10 17 (0.5) Stack
Apr

22- 10:07:15 17 (0.5) Stack
Apr

22- 10:07:16 17 (0.5) Stack
Apr

22- 10:10:05 17 (0.5) Stack
Apr

22- 10:10:21 17 (0.5) Stack
Apr

22- 10:13:36 17 (0.5) Stack
Apr

22- 10:14:09 17 (0.5) Stack
Apr

22- 10:16:50 17 (0.5) Stack
Apr

22- 10:16:59 17 (0.5) Stack
Apr

22- 10:18:41 17 (0.5) Stack
Apr

22- 10:20:13 17 (0.5) Stack
Apr
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22- 10:21:54 17 (0.5) Stack
Apr

22- 10:35:07 8.5 (0.25) Stack
Apr

22- 10:34:29 8.5 (0.25) Stack
Apr

22- 10:37:22 8.5 (0.25) Stack
Apr

22- 10:40:33 8.5 (0.25) Stack
Apr

22- 10:40:33 8.5 (0.25) Stack
Apr

22- 10:43:39 8.5 (0.25) Stack
Apr

22- 10:44:07 8.5 (0.25) Stack
Apr

22- 10:46:53 8.5 (0.25) Stack
Apr

22- 10:47:37 8.5 (0.25) Stack
Apr

22- 10:49:59 8.5 (0.25) Stack
Apr
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22- 10:51:08 8.5 (0.25) Stack
Apr

22- 10:53:03 8.5 (0.25) Stack
Apr

22- 10:55:45 8.5 (0.25) Stack
Apr

22- 10:56:41 8.5 (0.25) Stack
Apr

22- 11:00:35 8.5 (0.25) Stack
Apr

22- 11:03:11 8.5 (0.25) Stack
Apr

22- 11:03:54 8.5 (0.25) Stack
Apr

22- 11:06:21 8.5 (0.25) Stack
Apr

22- 11:06:56 8.5 (0.25) Stack
Apr

22- 11:09:00 8.5 (0.25) Stack
Apr

22- 11:22:01 170 (5) Stack
Apr
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22- 11:23:04 170 (5) Stack
Apr

22- 11:25:58 170 (5) Stack
Apr

22- 11:27:37 170 (5) Stack
Apr

22- 11:29:08 170 (5) Stack
Apr

22- 11:30:30 170 (5) Stack
Apr

22- 11:32:16 170 (5) Stack
Apr

22- 11:33:20 170 (5) Stack
Apr

22- 11:35:51 170 (5) Stack
Apr

22- 11:36:10 170 (5) Stack
Apr

22- 11:49:15 83.6 (2.46) Stack
Apr

22- 11:50:29 83.6 (2.46) Stack
Apr
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22- 11:52:11 83.6 (2.46) Stack
Apr

22- 11:53:20 83.6 (2.46) Stack
Apr

22- 11:55:21 83.6 (2.46) Stack
Apr

22- 11:57:32 83.6 (2.46) Stack
Apr

22- 11:58:33 83.6 (2.46) Stack
Apr

22- 11:59:35 83.6 (2.46) Stack
Apr

22- 12:09:37 34 (1) Stack
Apr

22- 12:10:25 34 (1) Stack
Apr

22- 12:13:11 34 (1) Stack
Apr

22- 12:31:16 34 (1) Stack
Apr

22- 12:30:37 34 (1) Stack
Apr
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22- 12:34:11 34 (1) Stack
Apr

22- 12:37:21 34 (1) Stack
Apr

22- 12:40:21 34 (1) Stack
Apr

22- 12:41:01 34 (1) Stack
Apr

22- 12:43:21 34 (1) Stack
Apr

22- 12:45:30 34 (1) Stack
Apr

22- 12:46:35 34 (1) Stack
Apr

22- 12:47:57 34 (1) Stack
Apr

22- 12:52:40 34 (1) Stack
Apr

22- 12:52:40 34 (1) Stack
Apr

22- 12:55:21 34 (1) Stack
Apr

131




22- 12:55:00 34 (1) Stack
Apr

23- 12:02 170 (5) Stack
Apr

23- 12:13 170 (5) Stack
Apr

23- 12:32 170 (5) Stack
Apr

23- 12:48 170 (5) Stack
Apr

23- 13:31 1360 (40) Stack
Apr

23- 13:37 1360 (40) Stack
Apr

23- 13:45 1360 (40) Stack
Apr

23- 13:58 1360 (40) Stack
Apr

23- 14:07 1360 (40) Stack
Apr

23- 14:13 1360 (40) Stack
Apr
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23- 14:18 1360 (40) Stack
Apr

23- 14:24 1360 (40) Stack
Apr

23- 14:29 680 (20) Stack
Apr

23- 14:34 680 (20) Stack
Apr

23- 14:38 680 (20) Stack
Apr

23- 14:47 680 (20) Stack
Apr

23- 14:52 680 (20) Stack
Apr

23- 14:57 680 (20) Stack
Apr

23- 15:02 680 (20) Stack
Apr

23- 15:08 680 (20) Stack
Apr

23- 15:13 680 (20) Stack
Apr
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23- 15:18 680 (20) Stack
Apr

23- 15:29 1700 (50) Stack
Apr

23- 15:34 1700 (50) Stack
Apr

23- 15:38 1700 (50) Stack
Apr

23- 15:44 1700 (50) Stack
Apr

23- 15:48 1700 (50) Stack
Apr

23- 15:55 1700 (50) Stack
Apr

23- 16:00 1700 (50) Stack
Apr

23- 16:06 1700 (50) Stack
Apr

23- 16:10 1700 (50) Stack
Apr

23- 16:16 1700 (50) Stack
Apr
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23- 16:21 1700 (50) Stack
Apr

23- 16:26 1020 (30) Stack
Apr

23- 16:30 0 (0) Stack
Apr

23- 16:36 1020 (30) Stack
Apr

23- 16:40 1020 (30) Stack
Apr

23- 16:45 1020 (30) Stack
Apr

23- 16:50 1020 (30) Stack
Apr

23- 16:55 1020 (30) Stack
Apr

23- 16:59 1020 (30) Stack
Apr

23- 17:04 1020 (30) Stack
Apr

23- 17:09 1020 (30) Stack
Apr
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23- 17:14 1020 (30) Stack
Apr

23- 17:18 1360 (40) Stack
Apr

23- 17:23 1360 (40) Stack
Apr

23- 17:27 2040 (60) Stack
Apr

23- 17:33 2040 (60) Stack
Apr

24- 11:20 680 (20) Unlit Flare
Apr

24- 11:25 680 (20) Unlit Flare
Apr

24- 11:30 680 (20) Unlit Flare
Apr

24- 11:36 680 (20) Unlit Flare
Apr

24- 11:42 680 (20) Unlit Flare
Apr

24- 11:48 680 (20) Unlit Flare
Apr
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24- 11:53 680 (20) Unlit Flare
Apr

24- 11:59 680 (20) Unlit Flare
Apr

24- 12:04 680 (20) Unlit Flare
Apr

24- 12:09 680 (20) Unlit Flare
Apr

24- 12:14 1700 (50) Unlit Flare
Apr

24- 12:19 1700 (50) Unlit Flare
Apr

24- 12:23 1700 (50) Unlit Flare
Apr

24- 12:28 1700 (50) Unlit Flare
Apr

24- 12:33 1700 (50) Unlit Flare
Apr

24- 12:38 1700 (50) Unlit Flare
Apr

24- 12:42 1700 (50) Unlit Flare
Apr
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24- 12:47 1700 (50) Unlit Flare
Apr

24- 12:51 1700 (50) Unlit Flare
Apr

24- 12:55 1700 (50) Unlit Flare
Apr

24- 13:00 1360 (40) Unlit Flare
Apr

24- 13:05 1360 (40) Unlit Flare
Apr

24- 13:10 1360 (40) Unlit Flare
Apr

24- 13:14 1360 (40) Unlit Flare
Apr

24- 13:19 1360 (40) Unlit Flare
Apr

24- 13:24 340 (10) Unlit Flare
Apr

24- 13:29 340 (10) Unlit Flare
Apr

24- 13:35 340 (10) Unlit Flare
Apr
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24- 13:44 0 (0) Unlit Flare
Apr

24- 13:49 1020 (30) Unlit Flare
Apr

24- 13:54 1020 (30) Unlit Flare
Apr

24- 14:04 1020 (30) Unlit Flare
Apr

24- 14:09 1020 (30) Unlit Flare
Apr

24- 14:14 1020 (30) Unlit Flare
Apr

24- 14:20 1020 (30) Unlit Flare
Apr

24- 14:26 2720 (80) Unlit Flare
Apr
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Appendix F: Release notebook from the September 2022 field measurement

campaign
Release Time Release Wind Wind Press Temp (°C)
Type Start Rate Speed (m/s) | Direction | ure (kPa) from mass-
(m®/day) flow controller
SEPTEMBER 25TH

Large 10:00 0 1 SW N/A N/A
stack

Large 10:20 340 15 S 207.9 21.29
stack

Large 10:36 1200 1 SW 380.6 22.71
stack

Large 10:51 1690 15 WSW 380.9 17.28
stack

Large 11:07 710 15 W 410.2 12.52
stack

Large 11:20 1350 15 w 389.2 19.66
stack

Large 11:29 2720 15 w 317.7 16.6
stack

Short 11:38 2720 2.5 W 315.9 4.88

stack 1.7m
Short 11:51 0 1 W 0 0
stack 1.7m
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Short 11:54 710 25 W 406.8 14.01
stack 1.7m
Short 12:03 1200 25 WNW 387.6 21.14
stack 1.7m
Short 12:20 340 25 NW 421 23.58
stack 1.7m
Short 12:38 0 1 WSW 0 0
stack 1.7m
Short 12:44 1690 15 W 290.5 30.18
stack 1.7m
Short 13:08 1350 25 SW 356.4 19.26
stack 1.7m
Large 13:12 0 15 SW N/A N/A
stack
Large 13:22 1350 15 SSW 338.3 28.6
stack
Large 13:31 170 25 SW 421.5 28.52
stack
Large 13:39 1200 3 SW 3375 30.66
stack
SEPTEMBER 26TH
1.7m 09:31 170 0 NA 307 21.41
Stack
1.7m 10:02 51 0 NA 285 26.62
Stack
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1.7m 10:23 710 1 SW 2824 25.81
Stack

1.7m 10:52 8.5 0 NA 228 28.77
Stack

1.7m 11:05 0 1 SW 0 0
Stack

1.7m 11:21 51 15 E 243.8 30.2
Stack

1.7m 11:31 710 15 SSE 227.5 32.18
Stack

1.7m 11:42 8.5 15 E 377.2 30.53
Stack

1.7m 11:53 51 16 SE 320.7 31.8
Stack

1.7m 12:04 710 15 SE 262.7 32.98
Stack

1.7m 12:12 8.5 2 SE 347 31.57
Stack

1.7m 12:24 0 14 S 0 0
Stack

1.7m 12:33 710 2 S 334.9 33.03
Stack

1.7m 12:52 710 2 S 334.9 33.03
Stack
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1.7m

Stack

12:59

51

1.5 SE

427.6

33.9

1.7m

Stack

13:18

8.5

2.5 S

409.7

34.72

Flare

stack

13:39

1690

3.5 S

397.7

33.35

Flare

stack

14:09

710

2.5 SW

435.4

25.31

Flare

stack

14:23

1200

35 SW

423.6

31.28

Flare

stack

14:37

1350

413.7

30.15

Flare

stack

14:50

340

420.7

30.57

Small
stack (3
piece -

4.84m)

15:06

Small
stack (3
piece -

4.84m)

15:10

170

397.2

32.65

Small

stack (3

15:31

1690

2 SSW

234.5

34.83

143




piece -

4.84m)

Small
stack (3
piece -

4.84m)

15:42

710

407.8

29.4

Small
stack (3
piece -

4.84m)

15:51

1200

2.5

380.9

30.99

Small
stack (3
piece -

4.84m)

16:02

1350

14

377.8

30.37

Small
stack (3
piece -

4.84m)

16:13

340

420.7

29.34

Small
stack (3
piece -

4.84m)

16:24

2.6

SSW

445.6

31.92

Small

stack (3

16:32

8.5

1.7

432.0

31.8

31.8
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piece -

4.84m)

Small 16:40 85 25 S 412.5 32.31
stack (3
piece -
4.84m)

Small 16:50 51 2 S 420.5 32.19
stack (3
piece -
4.84m)

SEPTEMBER 27TH
Green 09:28 170 2.5 SSE 446.2 12.65
tank

09:58 85 2.8 SSE 4145 12.68

10:09 0 2 SSE 428.8 145

10:19 340 2.6 SSE 411.1 15.03

10:31 8.5 24 SSE 425 15.91

10:35 51 24 SSE 417 16.53

10:48 34 2.2 SSE 417.5 17.18

Green 11:08 34 1.8 412 21.14

tank reversed
hose
orientation
11:21 51 19 S 410.1 24.83
11:29 8.5 2.8 S 423.6 26.46
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11:38 340 21 S 4104 27.77
11:50 0 2.2 S 429.4 28.49
11:58 85 3 S 414.2 29.95
12:08 170 15 S 416 31.65

Short 14:23 1690 15 SW 384.4 39.64

stack, 1.7
height

14:36 34 25 SW 428 35.5
14:44 710 2.5 W 423.5 37.7
14:51 8.5 3 W 430.4 38.2
14:58 0 3 W 0 0
15:08 1200 25 W 413.5 39.59
15:14 51 3 W 430 39.04
15:20 170 14 w 421.3 38.89
15:26 85 3 WSW 4245 39.63
15:32 340 12 w 4271.7 39.52
15:40 1350 15 WSW 402.4 40.03
15:50 51 14 w 453.2 37.29
15:59 8.5 15 W 442.9 39.05
16:06 0 3.1 W 437.8 39.17
16:13 710 3.2 420.6 38.26
16:21 51 2.5 WSW 430.8 37.55
16:29 8.5 3.1 W 431 38.08
16:36 710 15 SW 421.3 38.05
16:44 51 0 NA 429.5 38.25
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16:50 8.5 1.2 N 428 38.78
17:00 710 1.7 W 424.4 38.25
SEPTEMBER 28TH
1.7m 09:23 1350 1.7 S 338.6 16.92
stack

09:32 1200 0 NA 383.3 18.56

09:47 1690 1.7 SSW 358.9 19.12

09:57 1200 0 NA 386.3 16.03

10:07 1690 1.2 SE 306.7 17.01

10:15 1350 16 S 384.1 16.86

10:29 1690 1.2 SW 393.2 22.93

10:39 1350 0.6 SW 361.8 23.2

10:47 1200 11 SE 381.6 23.21

Tall 3- 11:06 1200 14 SW 421.1 29.2

piece stack

11:23 340 1.8 S 438.1 27.44

11:28 0 0.8 SE 538.7 29.19

11:36 85 1 S 460.7 30.77

11:45 170 1.7 SSW 447.9 32.76

11:51 1690 15 SW 385.5 34.97

Medium 13:17 1200 0.9 S 409.1 38.51

2-piece stack

13:36 340 24 SE 431.3 34.68

13:43 0 2.7 SE 466.2 35.71

13:51 85 15 SW 430.9 35.43
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13:58 170 2 SW 437.1 36.17

14:05 1690 2.2 SW 384.5 37.12

Vent 15:24 85 N/A N/A 437.1 31.5
from shack,
tape on pipe

15:30 51 N/A N/A 436.5 31.77

15:36 170 N/A N/A 436 32.1

15:44 0 N/A N/A 440.3 32.92

15:50 340 N/A N/A 429.9 32.92

15:57 8.5 N/A N/A 437 32.77

Vent 16:06 340 N/A N/A 429.3 32.77
from shack,

tape off

16:14 170 N/A N/A 432.5 33.59

16:20 51 N/A N/A 432 334

16:25 85 N/A N/A 433.5 33.53

SEPTEMBER 30TH

Tall 12:55 340 2.3 NNW 431.2 27.38
Flare Stack

13:28 710 5.2 NW 436.4 31.92

13:43 1200 6.5 NW 422.3 29.1

13:48 1690 3.8 NW 396.7 26.47

13:54 2720 3.3 NW 449.7 20.57

14:00 1200 1 NNW 421.5 16.9

14:02 1690 1.8 NW 406.9 18.32

148




14:04 0 N/A N/A N/A N/A

1.7m 14:09 170 3.1 NNW 434.6 25.49
Stack

14:17 1690 1.9 NNW 422.1 23.48

14:23 340 3 N 452.9 27.6

14:30 8.5 3.4 NNW 493.6 28.17

14:35 0 N/A N/A N/A N/A

14:41 1200 3.3 N 441.2 28.72

14:47 85 2 NW 461.1 28.83

15:04 51 5 N 464.2 29.69

Flare 15:36 170 2.5 NNW 465.6 28.94
stack

15:44 0 4.3 NNW 92.9 27.31

15:47 8.5 41 NNW 469 28.59

15:54 85 3.7 NNW 458.4 29.48

16:00 51 4 NNW 462.4 30.33

Short 16:10 51 3.6 NNW 465.6 28.96
stack

16:16 710 2.9 NW 4453 26.14

16:23 2720 34 NNW 360.7 22.14

17:15 1350 3 NNW 419.7 21.12

17:19 340 2 NW 436 20.58

17:23 2720 3 NW 350.9 19.42

17:27 51 2.5 NNW 457.1 17.17

17:32 710 34 NNW 438.9 17.11
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17:37 170 25 NNW 450.6 17.47
OCTOBER 1ST
Flare 10:25 170 2.5 NE 439.1 24.98
stack :00
Flare 10:35 8.5 2.5 NE 422 23.93
stack 140
Flare 10:44 1200 2.5 NE 325.6 24.27
stack :00
Flare 10:49 340 1.6 NE 391.1 23.3
stack :30
Flare 10:55 51 2.2 NE 417.3 23.7
stack 140
Flare 11:02 85 2.5 NE 406.5 24.17
stack 110
Flare 11:08 0 1.8 NE - -
stack :35
Flare 11:15 710 2.1 ENE 410.7 26.39
stack 140
Flare 11:23 2720 2 ENE 314.6 25.24
stack :00
Flare 11:30 1690 2.1 ENE 384.7 17.11
stack 110
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1.4m 11:39 1690 1.2 E 405.6 19.8
stack 140

1.4m 11:46 2720 0.5 E 335.2 18.59
stack :20

1.4m 11:52 710 0.1 ESE 414.5 18.07
stack :30

1.4m 11:58 0 14 ENE - -
stack :00

1.4m 12:03 85 0 N/A 427.6 22.9
stack :50

1.4m 12:09 51 1 NE 421.5 26.61
stack :20

1.4m 12:16 340 1 NE 427 30.13
stack 115

1.4m 12:21 1200 24 NNE 408.2 31.21
stack :50

1.4m 12:28 8.5 0 N/A 465.7 30.87
stack 110

1.4m 12:33 170 2.1 ENE 31.86
stack :30

Tank 14:20 170 15 NE 434.5 34.23

(with wind)
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Tank 14:31 85 2.2 E 424 34.93
(with wind) 15
Tank 14:40 0 2 ESE - -
(with wind) :00
Tank 14:47 340 2.6 E 425.6 34.86
(with wind) :30
Tank 14:55 8.5 1.9 ENE 429.6 34.84
(with wind) 140
Tank 15:02 51 0.8 NE 432 34.57
(with wind) :05
Tank 15:08 34 2.3 E 427.1 34.93
(with wind) :35
flare 16:04 170 2.6 E 439.6 26.32
stack
flare 16:15 8.5 3.3 ESE 431.7 25.38
stack :55
flare 16:23 1200 2.6 SE 405.6 23.44
stack :30
flare 16:28 340 2.6 SE 430.3 23.25
stack 115
flare 16:34 51 24 SE 427.7 23.2
stack :00
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14m 16:39 0
stack 140

14m 16:41 340 2.0 SE 431.6 22.94
stack :35

14m 16:47 2720 2.1 SE 305.2 22.01
stack :35

14m 16:53 85 1.6 SE 431.4 19.77
stack :20

14m 16:59 1200 1.9 SE 412.1 20.23
stack :10
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