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ABSTRACT 

 

 

 

GAUSSIAN PLUME AND BACKWARD LAGRANGIAN STOCHASTIC MODELING OF 

METHANE EMISSIONS: AN EXPERIMENT AT METEC 

 

 

 

Methane (CH4) is a potent greenhouse gas, and emissions from the oil and gas (O&G) 

sector are a crucial contributor to it. Accurate quantification of CH4 emission from the O&G sector 

is important. This study investigates the performance of Gaussian plume (GP) and backward 

Lagrangian stochastic (bLS) dispersion models through controlled release experiments conducted 

at the METEC facility at Colorado State University for release rates of 0.5 to 6 kg h-1. Experiments 

were performed in near-field conditions (<100 m) with a 5-minute sampling period across varying 

release heights and atmospheric conditions. Results reveal that performance from the bLS model 

was better than GP, as indicated by the factor of 2 (FAC2;35% for GP and 52% for bLS), geometric 

mean bias (MG; 0.08 for GP and 0.63 for bLS), and mean factor of error (MFoE; 3.5 for GP and 

1.9 for bLS). Models’ performance slightly improved when the release height was closer to the 

sampling height and in moderately unstable atmospheric conditions. This study suggests that the 

bLS model is more suitable than GP for mock near-field O&G facilities like METEC, when 

experiments are conducted under a single controlled release.  
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Chapter 1: INTRODUCTION 
 

 

 

Methane (CH4) is a major component of natural gas (NG) and a potent greenhouse gas 

(GHG) with a global warming potential (GWP100) of approximately 27.9 relative to CO2 on a 100-

year horizon [1]. Anthropogenic activities like oil and gas (O&G) production, agriculture, biomass 

burning, and waste disposal account for 60 to 65% of the total CH4 emission globally, while natural 

emitters like termites, freshwater ecosystems, and wetlands contribute to the remaining fraction 

[2]. Atmospheric CH4 concentration has increased by approximately 11 ppb yr-1 as reported in 

2023 [3,4]. This rise has played a significant role in driving shifts in the global climate over the 

past decade. Therefore, mitigating CH4 emissions from O&G production sites is crucial for 

reducing overall greenhouse gas emissions. Achieving effective mitigation, however, depends on 

accurate quantification of facility-level emissions, which form the basis for mitigation planning 

and regulatory compliance. Yet, obtaining reliable emission estimation remains a challenge under 

varying atmospheric conditions in near-field O&G settings [5,6,7]. O&G operations are 

recognized as a major anthropogenic source, yet emission estimates at the facility level remain 

highly uncertain [8,9]. Large-scale approaches like aerial surveys, satellite observations, and 

regional inversions are essential in constraining basin-wide CH4 fluxes, but their limited temporal 

coverage makes it difficult to capture short-duration or intermittent emissions from individual 

facilities [10]. To address this gap, near-field techniques that integrate dispersion modeling and 

direct concentration measurements are being increasingly used for facility-level emissions, but 

their accuracy is limited due to meteorological variability and violated modeling assumptions such 

as flat terrain, unobstructed wind fields, and steady state flow, which are rarely valid at complex 

O&G sites [8,11,12]. 
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Among dispersion models, Gaussian plume (GP) and backward Lagrangian stochastic 

(bLS) are commonly applied in CH4 emission estimations across various source types [13,14]. The 

GP method assumes the spread of the plume from a point source follows a Gaussian profile with 

a steady-state condition in which the emission occurs with constant meteorological conditions 

[15,16,17]. Similarly, bLS requires greater computational efforts and is sensitive to boundary 

conditions, sampling geometry, and configuration [12,13,18]. Although bLS in industrial settings 

has often focused primarily on area sources like livestock enclosures [12,13], it is also being 

increasingly applied to near-field point-source emission estimations [14]. Despite their limitations, 

GP and bLS models are widely used for rapid and near-field estimations at O&G facilities. GP-

based approaches are widely used in regulatory and engineering tools for quantification in O&G 

facilities [14,16], while bLS is more embedded in research communities and specialized 

monitoring programs like area and point source, such as agricultural and industrial operations, 

where complex source-sensor configurations are important [7,12,13]. Hence, this study directly 

compares and evaluates GP and bLS models for near-field single source release conditions at a 

proxy O&G production facility. However, the comparative performance of these models for 

single-source controlled release under realistic meteorological variability and plume-sensor 

geometry in near-field conditions remains poorly constrained, especially for short averaging times. 

Determining the conditions under which GP and bLS yield reliable estimates is essential 

for optimizing the CH4 monitoring approach at O&G sites [11,14,16,17]. Service providers and 

facility operators use dispersion models to select monitoring technologies, interpret short-term 

measurement campaigns, and design effective sampling strategies for leak detection and 

quantification [13]. Regulators also depend on model performance when establishing acceptable 

methods for controlled release tests and compliance assessments [15]. By comparing GP and bLS 
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models under realistic near-field conditions at METEC, this study may support the decisions about 

model choice, controlled release test design, and the geometric and meteorological conditions that 

allow reliable quantification. 

This study examines single controlled point-source releases in the near-field (<100 m) in 

relatively level terrain. The analysis evaluates the reliability and performance of GP and bLS 

models in quantifying emission estimates under controlled release conditions and highlights the 

role of plume geometry, meteorological variability, and simulation parameters on models’ 

performance. The study provides an understanding of the strengths and limitations of the GP and 

bLS model in near-field applications at a proxy oil and gas production facility. The bLS model is 

expected to infer better emission estimations under unstable and turbulent atmospheric conditions 

due to its stochastic particle-based formulation [12,13,18], more accurately representing the plume 

dispersion in varying wind conditions, whereas the GP model is more reliable under steady and 

uniform wind conditions [15,16,17]. 

This study is guided by three research questions: (1) How accurately can the GP and bLS 

models predict the true CH4 emission rates? How is the performance for predicting emissions 

influenced by meteorological variability (atmospheric stability, wind meander) and plume 

geometry factors (height match score, plume centeredness, and centerline distance)? (3) What is 

the total particle count used in bLS simulations? To address these questions, emission estimates 

are inferred from GP and bLS models and compared against known controlled-release values. It 

additionally examines the model performance across meteorological variability and plume 

geometry factors to identify conditions that affect model performance. Also, the total particle 

counts required to infer estimates from bLS model across various meteorological variability and 

plume geometry factors are determined. 
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This study does not intend to optimize the model algorithm to introduce new formulations 

for model implication nor to encompass basin or regional-scale atmospheric modeling. Thus, the 

results are most relevant to near-field facility monitoring applications. By outlining the specific 

assumptions and methodological boundaries and comparing the performance of GP and bLS, this 

study highlights the practical limitations of the models for CH4 emission estimates in O&G 

facilities. 

Findings from this study may contribute to further research and CH4 monitoring operations 

in the O&G field by understanding the practical constraints of GP and bLS models across varying 

atmospheric near-field conditions. The outcomes of this study may be helpful for regulators in 

improving the controlled release testing protocols and in identifying the limits of the quantification 

approach. The role of varying near-field meteorological factors, plume geometry, and particle 

requirements on the performance of the respective GP and bLS models will be the major takeaway 

from this work. 

The subsequent chapters present methods with experimental design and modeling 

approaches, and results from this study in detail. Chapter 2 includes methodology that 

encompasses the experimental setup and the models’ description. Chapter 3 contains results and 

evaluations across wind conditions, true release rate, signal strength, plume geometry 

(centeredness, height match, plume centerline distance) for both GP and bLS models. Similarly, 

Chapter 4 discusses the conclusion with recommendations and major takeaways for future research 

and scope. 
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Chapter 2: METHODS 

 

 

 

2.1 Site Description and Experimental Design 

The experiment was performed at the Methane Emission Technology Evaluation Center 

(METEC) test facility, operated by Colorado State University’s Energy Institute and located in 

Fort Collins, Colorado (69 miles north of Denver). METEC is a prototypical or experimental site 

that simulates an O&G production facility by simulating emission points from above-ground point 

sources such as tanks, separators, and well-heads (Figure 2.1). NG is stored in large cylinders 

across the site, and the emission rate is controlled using orifices, pressure regulators, and solenoid 

valves.  

 

Figure 2.1. Aerial view of METEC’s experimental layout in Ft. Collins, Colorado. Each labeled “pad” consists of 

varying types of decommissioned oil and gas equipment fitted with controlled release points at dozens of places (per 
equipment type) in locations where real-world leaks are known to occur. In this study, releases occurred from pads 1–
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5. Equipment types for releases in these experiments were wellheads (pad 4), separators (pads 1–5), and tanks (pad 4) 

at varying rates and release heights/locations. METEC has expanded its capabilities in the time since experiments 

were performed and since this photo was taken. 

 

The experimental procedure entailed placement of a portable methane concentration sensor 

(see section 2.3 for details) downwind of a release point on one of the pads, noting the location 

with a GPS unit for later determination of plume centerline and crosswind distances. Note that 

release locations and rates changed from experiment to experiment. Upon placement, and after 

ensuring continued optimal operation and wind alignment, a 5-minute measurement would occur 

for that downwind position. After a “successful” measurement was finished, the sensor would be 

moved downwind again—usually at least 10 meters—and a new measurement would be attempted 

until around 6 measurements were taken per experiment (in a few cases, it was 5, and a few others 

had 7). In this case, “success” is defined as the sensor operator viewing its instantaneous output 

throughout the 5-minute sampling timeframe and making a subjective determination that the 

concentration signal was sufficiently elevated throughout the measurement to continue to the next 

position. 

Table 2.1. Date and time of experiments. The summary under #Samples includes total measurements taken on a 

particular experiment, total measurements under a single release, and multiple releases. WS Criterion represents the 

total measurement in the corresponding experiment in which wind speed > 1m s-1. (*Wind speed <1 m s-1; note this 

only occurred for a single release in experiment 21.)  

#Samples 

Exp# Date Time Range (UTC) Total Single  Multiple WS 

Criterion* 

1 3/19/2024 16:40:59.98-17:17:00.02 6 6 0 6 

2 3/21/2024 16:33:00.00-17:17:59.97 6 6 0 6 

3 4/23/2024 19:09:59.93-19:47:59.99 5 5 0 5 

4 6/11/2024 17:36:00.25-18:06:10.17 5 4 1 4 

5 6/17/2024 21:59:59.76-22:37:00.46 5 2 3 2 

6 6/18/2024 17:40:59.96-18:17:10.26 6 2 4 2 

7 6/19/2024 18:55:59.45-19:28:10.25 6 4 2 4 

8 6/19/2024 21:09:59.84-21:41:39.64 6 1 5 1 

9 7/9/2024 17:46:00.16-18:40:09.57 6 6 0 6 

10 7/10/2024 18:20:59.05-18:52:30.04 6 6 0 6 

11 7/11/2024 20:50:59.96-21:26:00.27 6 5 1 5 

12 7/17/2024 21:29:22.27-22:15:21.76 6 5 1 5 
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13 7/18/2024 17:49:22.15-18:23:22.06 6 6 0 6 

14 7/18/2024 19:51:22.16-20:23:32.05 6 5 1 5 

15 8/26/2024 17:18:46.45-17:58:06.85 7 7 0 7 

16 9/16/2024 17:37:24.27-18:40:55.76 6 6 0 6 

17 9/16/2024 19:43:55.16-20:25:55.06 6 6 0 6 

18 9/16/2024 21:48:54.96-22:41:54.96 6 6 0 6 

19 9/17/2024 18:38:54.66-19:20:55.36 6 6 0 6 

20 9/17/2024 20:20:54.76-20:55:04.96 6 6 0 6 

21 9/18/2024 19:18:54.76-23:01:54.65 5 4 1 3* 

22 9/19/2024 18:05:54.76-18:38:05.36 6 6 0 6 

23 9/19/2024 19:04:55.27-19:49:55.26 6 6 0 6 

24 9/20/2024 19:19:54.76-19:54:55.26 6 6 0 6 

  Total 141 122 19 121 

       

 

A total of 121 measurements were used in the study that represent single point source 

releases conducted between March and September 2024 across 18 different days (Table 2.1). 

Measurements taken during the multiple point source release were excluded from the analysis 

because the study was only focused on single point-controlled releases for simplification. After 

the data were collected and merged/time-synched, 5-minute averages were determined for the 

respective 5-minute downwind measurements. Samples were started when the instantaneous 

concentration recording and wind aligned with being downwind of a release (not necessarily 

occurring at rounded time intervals or on easily divisible increments).  

Datasets will be discussed in the following sections and include 1 Hz release data, 1 Hz 

meteorological data, and downwind concentration data.  

2.2 Meteorological Measurements 

At METEC, meteorological data were recorded at 1 Hz and matched in time to the start/end 

of the associated concentration measurements. The wind data were measured by an R.M. Young 

81000 3D sonic anemometer (R.M. Young, Traverse City, MI, USA) permanently mounted at 

METEC, 6.7 meters above ground (Figure 2.2), and ranged between 46 to 147 meters from the 

release locations used for the experiments. The sonic anemometer provides wind speed (accuracy 
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of ± 1%), wind direction (accuracy of ± 2°), and sonic temperature, while a Met One 597 (Met 

One Instruments, Grant Pass, OR, USA) provided ambient temperature (accuracy of ±2 °C), RH 

(accuracy of ±2%), and barometric pressure in hPa (P; at 6.2 m). Solar radiation measurements 

were used to quantify Pasquill-Gifford stability class (PGSC) and were acquired from 5-minute 

data reported via a nearby weather station maintained by the Colorado Climate Center (weather 

station named FTC01), within 175 m of METEC with similar surface characteristics (i.e., 

roughness length, displacement height, topography). A LI-200R-SMV model pyranometer was 

used for the solar radiation measurement. Although 5-minute data from FTC01 varied in its offset 

from most of the 5-minute downwind measurements, the nearest 5-minute mean was matched 

based on rounding to the nearest 5-minute sample for solar radiation to be as reflective as possible 

of the corresponding measurement conditions. 
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Figure 2.2. Meteorological tower in the METEC site. The anemometer is kept at 6.7 m above ground level, and the 

temperature and barometric pressure probe at 6.2 m. 

 

In the atmospheric surface layer, wind speed is zero at the ground because of surface 

friction and increases with height as turbulence transports momentum downwards. The logarithmic 

or power-law profiles represent this vertical structure, which reflects the effect of stability at the 

rate of wind speed increase. The turbulence rather than air density differences governs this 

behaviour. Stable condition weakens the mixing, and unstable conditions intensify the mixing. 

The Pasquill-Gifford stability classification (PGSC) explains vertical motion and related 

turbulence characteristics of the atmosphere, categorized using the strength of solar radiation and 

wind speed [19,20]. Two different approaches to solar radiation classification were included for 

the determination of PGSC: the solar radiation delta-T (SRDT) method [19] and a simplified 

approach based on Turner’s framework (Table 2.2) [20]. The simplified subjective approach is 

based on visual meteorological indicators like cloud cover and ceiling height and then paired with 

wind speed.  

Table 2.2. Pasquill-Gifford stability class (PGSC) categorized by wind speed and sky conditions and summarized for 
both a simplified subjective approach to defining solar radiation (see Appendix Table A.1) and more specific SRDT 

standards (Appendix C1). Classes represent unstable: A (Extreme), B (Moderate), C (Slight); neither unstable or 

stable: D (Neutral); and stable: E (Slight), F (Moderate). In this study, filtered data coincided with PGSCs of A, B, 

and C only. 

 

Wind Speed (m s-1) Simplified (Solar Radiation W 

m-2) 

SRDT (Solar Radiation W m-2) 

 

<2 >700 → A 

350–700 → B 

<350 → B 

≥925 → A 

925–675 → A 

675–175 → B 

<175 → D 

2-3 >700 → A 

350–700 → B 

<350 → C 

≥925 → A 

925–675 → B 

675–175 → C 

<175 → D 
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3-5 >700 → B 

350–700 → C 

<350 → C 

≥925 → B 

925–675 → B 

675–175 → C 

<175 → D 

5-6 >700 → C 

350–700 → D 

<350 → D 

≥925 → C 

925–675 → C 

675–175 → D 

<175 → D 

≥6 >700 → C 

350–700 → D 

<350 → D 

≥925 → C 

925–675 → D 

675–175 → D 

<175 → D 

 

2.3 Methane Measurement 

Downwind methane concentration data were obtained using an ABB Micro-portable 

Greenhouse Gas Analyzer (MGGA; ABB, Zurich, Switzerland) [21]. The analyzer was connected 

to 3.175 mm diameter tubing whose inlet was affixed at 1 m above the ground using a tripod 

(Figure 2.3). Sensor height of 1 m above the ground for concentration measurement was consistent 

with the near-field surface sampling guideline in the U.S. Environmental Protection Agency (EPA) 

Other Test Method (OTM)-33A [22]. The sample cell flow rate of the MGGA was 2.62 L min-1. 

Similarly, the measurement accuracy was ≤ 1% of the reading. As for the resolution, MGGA 

achieves 0.9 ppb (at 1 second) and 0.3 ppb (at 3 seconds). The methane concentration in this study 

was measured in ppm, and a small variation between 1 s and 3 s intervals (≤ 0.0009 ppm) was 

considered negligible. Also, the sensor was placed within a 100 m distance from the source, which 

follows OTM-33A guidelines [22]. Before the concentration measurement from a single controlled 

release was made, the background concentration was measured for 15 minutes and averaged. The 

concentration enhancement (difference of sampling concentration during controlled release and 

background concentration) was later used in dispersion models to infer emission estimates. 
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Figure 2.3. Example of a field deployment of methane concentration sampling. The tubing inlet connected to the gas 

analyzer (MGGA) and mounted to the tripod at 1 m above the ground level. 
 

There were 2 different recording intervals used for concentration measurements: the first 

covered experiment 2 from 0.201 seconds or 4.967 Hz to 0.152 seconds or 6.597 Hz, and the 

second covered the remaining experiments from 0.999 seconds or 1.001 Hz to 0.996 seconds or 

1.004 Hz. The minor variation of sampling rate in both recording intervals was due to the built-in 

clock and data buffering behavior of MGGA, which operates independently from the controlled-

release systems. For the concentration measurements, 5-minute averages consisted of anywhere 

from 282 to 302 records for the near-1 Hz data, and from 1492 to 1965 records for the higher-

speed data. 

2.4 Controlled Release System 

The controlled release experiment was performed between March 19th and September 20th, 

2024. At METEC, NG was stored in large cylinders across the site, and the emission rate was 

controlled using orifices, pressure regulators, and solenoid valves. The gas composition of the 

controlled release NG was determined using a gas chromatograph (7890 GC, Agilent 

Technologies, Santa Clara, CA, USA) with nominally 85 mol% CH4. The NG release rate ranged 
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between 0.53 to 6.03 kg h-1 (0.45 to 5.13 kg CH4 h-1), based on the 85 mol% CH4 composition. It 

is comparable to moderate and fugitive leaks in upstream O&G operations [23,24]. Field studies 

at natural gas production and transmission facilities have shown that the most equipment-level 

methane leaks are generally under 1 kg CH4 h-1 [23], while component-level leaks in the storage 

and transmission sector typically range between 0.05 to 5 kg CH4 h-1 [24]. The selected release 

rates of NG fall in the range that represent emissions comparable to moderate or fugitive leak 

events in upstream O&G operations. The releases were from separators, tanks, and wellheads from 

heights between 0.4 to 6.7 m above ground. 

2.5 Modeling 

Transport dispersion models help with understanding how pollutants are emitted and 

dispersed into the atmosphere from sources. In downwind measurement applications, like specified 

by the U.S. EPA OTM-33A method [22], the dispersion model is applied to infer emission rates 

from sources and concentrations measured at specific locations where the plume is dispersed in 

the prevailing wind direction, along the plume centerline distance [25,26]. The selection of the 

dispersion model for the downwind method is determined by the study context, depending on site 

conditions, spatial scale, and emission type–point source [25,26]. A model like the Gaussian plume 

(GP) is recognized under the OTM-33A framework developed for near-field conditions [22]. 

Similarly, the backward Lagrangian stochastic (bLS) model is also widely applied for emission 

quantification in similar conditions [14]. 

2.5.1 Gaussian Plume (GP) Method  

The GP model is a widely employed analytical tool in atmospheric studies for estimating 

emissions of pollutants from continuous point sources. The model works based on the assumption 

of steady-state dispersion of the plume in the downwind direction [15,16,25,27]. The GP model 



13 

 

assumes the pollutant concentration follows a normal (Gaussian) distribution in the vertical (z) and 

crosswind/lateral (y) directions from the centerline of the plume (x). The horizontal (σy) and 

vertical dispersion coefficients (σz) were calculated using Tables A1 to A3 (see appendix).  The 

general expression of concentration C at any given point x, y, z is given as: 

𝐶	(𝑥, 𝑦, 𝑧) = !

"#$%&!
𝑒' "#

#$"
# 	+,𝑒'(!&')##$!

# - + ,𝑒'(!)')##$!
# -/  (Equation 1) 

where: 

C: CH4 Concentration (μ g m−3)  

Q: Emission rate from a point source (g s-1) 

U: Mean wind speed (m s-1) 

H: Height of emission (m) 

σy: Horizontal dispersion coefficient (standard deviation) (m) 

σz: Vertical dispersion coefficient (standard deviation) (m) 

x, y, z: Plume centerline distance, crosswind/lateral distance, and vertical sampling height from 

release (m), respectively.  

The second exponential term in equation 1 is defined as ground-reflection term. This component 

is also interpreted as a ’mirror-source’ in physical term, which ensures the plume reflects upwards 

after it strikes the ground rather than penetrating inside.  

The Gaussian plume inverse method was applied in this study, in which measured 

concentration was used to infer emission rates, solving equation 1 for Q [in SI.xlsx]. Assumptions 

made for the implementation of the inverse method are [28]:  

a. The point source is emitting pollutants at a constant rate. 

b. Flat terrain between the source and the sensor. 

c. The sensor should be kept >100 m from the source and be able to detect the emissions. 
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This method always infers emission results even if the assumptions are violated [11,28]. This 

model is mathematically simple and efficient in terms of computation, which makes it easy to use. 

In contrast, the GP model is constrained by several limitations, as the model is fundamentally 

based on the steady-state assumption of emission with constant meteorological conditions over 

homogenous terrain, which does not apply to the real-world conditions at oil and gas sites (which 

include flow obstructions and are often located in nonhomogeneous surroundings) [26,29]. In this 

study, the model assumptions were violated due to the distance between the source and downwind 

sensor being <100 m, the presence of equipment structures that obstructed flow, and 

nonhomogeneous surface characteristics. 

2.5.2 Backward Lagrangian Stochastic (bLS) Model  

To contrast with the GP results, a bLS modeling is also used for emission estimation, 

wherein it tracks the trajectories of released particles in the atmosphere [12,29,30,31]. Here, the 

‘particle’ is defined as a numerical/computational tracer representing the stochastic/random 

motion of air parcels that simulate the turbulent flow of the gas. The bLS model is based on 

stochastic processes that simulate the turbulent nature of the dispersion or “particle flow” [12]. It 

models the trajectories of particles solving stochastic differential equations, enabling the model to 

capture variability in atmospheric turbulence, wind speed, and direction [12,29,30]. However, bLS 

can be computationally demanding, in its particle count requirement, and has difficulty resolving 

low wind conditions [12,29,30].  

The bLS model used in this study was WindTrax (version 2.0.9.7, developed by Thunder 

Beach Scientific, Nova Scotia, Canada) [31]. The data used to feed the model consists of wind 

speed, wind direction, atmospheric temperature, barometric pressure, PGSC, measured CH4 

concentration downwind, background concentration, roughness length, meteorological 
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measurement location/heights, source location/height, and measurement location/height [see 

Appendix B]. WindTrax accounts for the differences between the concentration inlet and the 

meteorological collection heights by applying a surface-layer flow model to compute height 

height-dependent wind field, ensuring consistency between concentration measurement and wind 

observations. 

Meteorological and concentration data were used to infer estimates from GP and bLS 

models, and the results were compared against the known controlled-release values. This 

comparison has provided the foundation to evaluate models’ performance on varying 

meteorological conditions and plume geometries. The next section presents the results and 

interpretation of the models’ outcome and their performance.  

For this study, the initial number of particles used for the first run of each 5-minute 

sample/measurement for all 121 samples was 500,000. Although the default particle count used 

in WindTrax is 50,000, due to the restricted plume volume collection (collected using a tube with 

an internal diameter of 3.175 mm) and short sampling period (5 minutes), a higher particle count 

was used (500,000) to achieve stable quantification. If a quantification error occurred, particle 

count was increased to 1M (where M denotes million), then 2M, and subsequently increased in 

steps of 2M (i.e., 4M, 6M, and so on) up to a maximum of 20M, unless the error was not resolved. 

Despite the adjustments of increasing particle count in the model, 18 samples did not resolve errors 

after 20M particles, resulting in 103 modeled samples among 121. The average particle count used 

for the simulation was 6.4±4.8M. 

2.6 Performance Analysis 

The results were examined using statistical metrics common in atmospheric dispersion 

studies to evaluate the model’s performance [32,33]. The metrics used to assess model 
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performance for this study are: predictions within a factor of two (FAC2), geometric mean (MG) 

bias, and median factor of error (MFoE) [32,33].  

The equations used to calculate these metrics are mentioned below. 

If ‘𝑖’ is the number of observations, 𝑄( is the estimated emission rate, and 𝑄2( is the known 

emission rate, the ratio 𝑟( is defined as:  

𝑟( =	𝑄(𝑄2( , 𝑖 = 	1, 2, … , 𝑁 
Equation 2 

The ratio 𝑟( (Equation 2) is the foundational variable for evaluating model performance. 

Model evaluation metrics were determined using the ratio applied in MG and MFoE (Equations 3 

and 4), which are derived from the ratio 𝑟(. 
𝑀𝐺 = 	𝑒𝑥𝑝 ;1𝑁<ln 𝑟()

(*+

? 

Equation 3 

𝑀𝐹𝑜𝐸 = 	𝑚𝑒𝑑𝑖𝑎𝑛	[(exp|(ln 𝑟()|] Equation 4 

 

FAC2 measures the proportion of model predictions that fall within a factor of two, also 

defined as the metric in which the ratio of emission estimated by GP to the known emission rate 

is between 0.5 and 2 [32,33]. MG explains the over- or underestimation of model prediction. If the 

MG value is 1, the model is unbiased, <1 indicates underestimation, and >1 indicates 

overestimation [32,33]. MFoE captures the multiplicative spread of error, which is always ≥1, and 

values close to 1 mean that the model has a small deviation from the prediction [32,33]. These 

three indicators, when taken together, provide an aspect of model behavior in varying conditions. 

Some other metrics used for the analysis of the performance of the models are mean 

absolute error (MAE), root mean square error (RMSE) and mean absolute bias (MAB). 
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𝑀𝐴𝐸 = 1𝑁	<|𝑄( −	𝑄2()

(*+

| Equation 5 

𝑅𝑀𝑆𝐸 = Q1𝑁<(𝑄( −	𝑄2()")

(*+

 

Equation 6 

𝑀𝐴𝐵 =	 1𝑁<(𝑄( −	𝑄2())

(*+

 

Equation 7 

 

The MAE measures the average magnitude of error between the estimated and true 

emission rates, regardless of direction. The RMSE predicts the square root of the average of the 

squared errors, which is highly sensitive to the larger errors. Unlike MAE and RMSE, MAB shows 

the bias direction of the error. The positive error means that the model is overestimating, and the 

negative means that it is underestimating. 
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Chapter 3 RESULTS 
 

 

 

3.1 Meteorological Analysis 

The 5-minute wind speeds during the measurements ranged between 0.9 and 7.9 m s-1, with 

a median of 3.1 m s-1 and an average of 3.3±1.4 m s-1 (Appendix C: Table C1). The data was 

filtered for wind speeds <1 m s-1, as low speeds are not as reliable for adequate transport conditions 

for well-defined plume analysis, often defined as calm wind conditions [29,33,35] (n=1; Table 

2.1). Also, 5-minute wind directions observed during the sampling periods encompassed winds 

from nearly every direction (between 18 to 347°), ensuring good coverage around METEC’s 

equipment.  

The meteorological data presented here are representative of the number of samples shown 

in the far-right column (Appendix C: Table C1). The measurements were conducted at air 

temperatures between 3.7 and 33.4 °C, reflecting the seasonal variability during which the 

experiments were conducted. Also, relative humidity was between 10% to 59% across all 

measurements, reflective of the dry atmospheric conditions of Northern Colorado. Wind direction 

sectors and corresponding wind speeds during the measurement (Figure 3.1) show most 

experiments were performed under southeasterly flow, often at moderate wind conditions. 
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Figure 3.1. Wind rose diagram representing only the sampling periods. The rose is divided into 16 sectors with an 

interval of 22.5°, labeled by compass points (N, NNE, NE, and so on). Concentric circles are the sample counts in 

increments of 15. 

Pasquill-Gifford divided stability into A, B, C, D, E, and F classifications, where each 

represents turbulent conditions that are extremely unstable, moderately unstable, slightly unstable, 

neutral, slightly stable, and moderately stable, respectively [18,26,27]. Analysis revealed that 

filtered measurements coincided with only three of these for this study: extremely unstable (A), 

moderately unstable (B), and slightly unstable (C) (see section 3.2.2).  

3.2 Gaussian Plume Analysis 

The general performance of the GP model across all measurements is summarized in Table 

3.2. For the GP analysis under the simplified solar radiation method, the overall FAC2 value of 

34.7% (FAC2 percentage out of 121 samples) highlights the limited predictive performance of the 

GP model across the dataset. The geometric mean bias of 0.17 indicates that the model has 

underpredicted the emissions by 83% across all samples. Similarly, the MFoE value of 3.4 reveals 

that the predictive error of the model was nearly three and a half times the true emissions. 
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By comparison, results using the simplified classification method produced slightly better 

performance than SRDT, as the overall FAC2 of SRDT was 24.8%. The overall FAC2 is based on 

the ratio of total FAC2 hits to the number of samples. Similarly, MFoE from the SRDT approach 

(MFoE = 3.5) was almost the same as that of the simplified approach (MFoE = 3.4). However, the 

geometric mean bias decreased to 0.08, showing slightly stronger underestimation of emissions 

compared to the simplified approach (summary in Table 3.1).  

In addition to FAC2, MG, and MFoE, the error metrics MAE, RMSE, and MAB provide a 

more detailed evaluation of the magnitude and directional bias of the model deviations. The MAE 

of the simplified approach of 2.5 kg h-1 indicates that the overall model predictions differ from the 

known emission rate by 2.5 kg h-1, and the SRDT approach also showed a similar tendency with 

an MAE of 2.4 kg h-1. The RMSE values of 3.3 kg h-1 and 3 kg h-1 for simplified and SRDT 

approaches, respectively, indicate that both approaches reflect occasional larger errors. The MAB 

value of -0.3 (simplified) and -0.8 (SRDT) confirmed systematic underestimation in both 

approaches. Together, these metrics complement FAC2, MG, and MFoE by evaluating not just the 

frequency of the model’s accurate predictions but also the directional bias and average error 

magnitude, which helps comprehensive evaluation of performance. 

Table 3.1: Overall performance metrics of the GP model using two stability classification techniques (by simplified 

and SRDT). The metrics include factors of two (FAC2), geometric mean bias (MG), median factor of error (MFOE), 

mean absolute error (MAE), root mean square error (RMSE), and mean absolute bias (MAB). 

 

Metric Derived from a simplified approach Derived from SRDT approach 

FAC2 (%) 34.7 24.8 

MG 0.17 0.08 

MFoE 3.4 3.5 

MAE 2.5 kg h-1 2.4 kg h-1 

RMSE 3.3 kg h-1 3.0 kg h-1 

MAB -0.3  -0.8  
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The estimated emission rate from GP is plotted against known emission rates (Figure 3.2) 

to show a direct comparison between true and estimated emission rates. The FAC2 bound is the 

benchmark for moderately acceptable predictions, and the 1:1 line is a benchmark for “perfect” 

predictability. The scatter around this line reflects the non-linear variability of model prediction 

because the coefficients of determination (R2) for the simplified and SRDT approaches were 0.05 

and 0.001, respectively. These low R2 values reflect the w

eak linear relationship between estimated and 

known emissions and emphasize the necessity of assessing quantitative performance metrics like 

FAC2, MG, MFoE, MAE, RMSE, and MAB.  

 

Figure 3.2: Scatterplot of emission estimated by GP versus the known emission rate from controlled experiments 

(n=121), using simplified stability classification (blue scatter points), and SRDT (orange scatter points). 

 

 Overall, the quantitative performance metrics indicate that the predictive accuracy of 

models varies under stability classification approaches. However, numerical performance metrics 

alone are insufficient to explain the variation in the model’s predictive capacity and emphasize 

physical interpretation [32,33]. Therefore, to better understand the model’s performance, the 
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following sections evaluate the effect of various other factors like release rates, signal strength, 

wind meander, and plume geometry (like height match score along with crosswind and plume 

centerline distance). 

3.2.1 Signal Strength and Release Rate  

Two groupings related to methane data were considered during the analysis: signal strength 

and release rate bins. Signal strength is defined as concentration scaled by measurement detection 

limits, which helps differentiate between reliable and weak detection. Signal strength is a crucial 

factor to analyze because weak signals can represent unstable wind conditions or diluted plumes, 

which can significantly impact emission estimation. In contrast, strong concentration signals 

generally indicate a greater likelihood of plume detection.  

Signal strength bins were grouped into evenly populated quartiles: ≤2.3, 2.3–2.9, 2.9–4.0, and >4.0 

ppm (Table 3.2).  

For the simplified classification of stability, the range of FAC2 hit percentage across 

quartiles was 22.6-53.4%, and under the SRDT classification, it was 19.4-30%, showing no trend 

of systematic improvement with stronger signals within the scope of this dataset (see Table 3.2). 

The results suggest that model performance is not very dependent on signal strength. Factors like 

localized turbulence at METEC, limited sampling length, and transient plume fluctuations may 

have masked potential improvements in model performance at higher signal levels. 

Table 3.2: Quartiles classification for filtered data based on signal strength (in ppm) for the GP performance analysis 

acquired from both simplified and the SRDT method of stability classification. FAC2 hits are the number of samples 

within a factor of two, and FAC2 hit rate (%) is the percentage of FAC2 hits on specific bins. 

Quartile Concentration 

(ppm) 

nbin Simplified SRDT 

FAC2 hits 

(n) 

FAC2 hit 

rate (%) 

FAC2 hits 

(n) 

FAC2 hit 

rate (%) 

≤2.3 31 7 22.6 6 19.4 

2.3-2.9 30 11 36.7 6 20 

2.9-4.0 30 18 53.4 9 30 
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>4.0 30 8 26.7 9 30 

Overall 121 42 34.7 30 24.8 

Release rate bins were created from known emission rates to group sources into categories 

representing different emission magnitudes. Evaluating model estimates over these emission bins 

helps to determine whether the model performs consistently across varying source strengths or not. 

Release rate bins (kg h-1) are grouped as tertiles to capture low, medium, and high emission 

scenarios. Cutoff values were defined as low when the emission rate was ≤1.8 kg h-1, medium 

between 1.8-3.4 kg h-1, and high between 1.8-3.4 kg h-1 (Table 3.3). This classification is relative 

to controlled release rates rather than fixed thresholds of emission strength. 

The low, medium, and high release rate bins had FAC2 hit rate (percentage of FAC2 hit 

under each bin) of 40% & 27.5%, 27.9% & 20.9, and 36.8% & 26.3% for simplified and SRDT 

approach, respectively. Although the simplified method yielded slightly better FAC2 agreement, 

the trend does not show any improvement with increasing release rate in both approaches. 

The lack of a clear trend across release rate bins suggests that the GP model was not highly 

influenced by emission magnitude within the tested range. It was expected that with higher release 

rates, the CH4 plume carries more mass, allowing the sensor to more easily detect elevated 

concentrations, resulting in better performance [20,28]. However, other factors such as short 

sampling duration, atmospheric stability, and wind variability likely influence the dispersion rather 

than the release strength only.  

Table 3.3: Tertiles classification based on low, medium, and high release rates (kg CH4 h-1) used in this study for the 

GP results acquired from both the simplified and the SRDT methods of stability classification. FAC2 hits are the 

number of samples within a factor of two, and FAC2 hit rate (%) is the percentage of FAC2 hits on specific bins. 

Release rate bin 

tertiles (kg h-1) 

 

nbin 

Simplified  SRDT  

FAC2  

hits (n)  

FAC2  

hit rate (%)  

FAC2  

hits (n)  

FAC2 

hit rate (%)  

Low: ≤1.8  40  16  40  11  27.5  

Medium: 1.8-3.4  43  12  27.9  9  20.9  

High: 3.4-6.0  38  14  36.8  10  26.3  
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Overall  121  42  34.7  30  24.8  

 

3.2.2 Atmospheric Stability  

Atmospheric stability strongly influences the accuracy of the GP model, as it is 

incorporated into the model’s formulation (equation 1) [18,25,29]. Stability was categorized using 

PGSC, derived from solar radiation and wind speed characterization (Table 2.2). All measurements 

at METEC fell under unstable daylight conditions, specifically classes A (extremely unstable), B 

(moderately unstable), and C (slightly unstable). 

Under the simplified approach, the FAC2 hit rate for class A was the highest (41.7%), 

followed by class B (32.8%) and class C (20%). Like simplified, the SRDT approach also had the 

highest FAC2 hit rate (33.3%) in class A, and classes B and C showed almost equal FAC2 (B with 

23% and C with 23.1%) (Table 3.4).  

Additionally, the number of samples varied considerably depending on whether the 

simplified or SRDT method was implemented. Using the simplified method, the number of 

samples was distributed as 48 in A, 58 in B, and 15 in C. But using SRDT’s method, samples were 

distributed as 21 for A, 74 for B, and 26 for C. It highlights the difference in sample distribution 

based on the choice of what stability classification method was applied. 

 It was expected to achieve a higher FAC2 hit rate in class C compared to classes A and B, 

because the dispersion of the plume in class C has generally steadier horizontal and vertical mixing 

without excessive disruption due to turbulence [18,29]. But class A exhibited relatively higher 

FAC2 agreement, while classes B and C performed similarly. Both the approaches (simplified and 

SRDT) showed a decline of FAC2 from class A to B. It is because the result may be influenced by 

the considerable variation in sample distribution across stability classes in both approaches. 
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Table 3.4: Number of samples under various PGSC and corresponding FAC2. Sampled data had the PGSC of classes 

A, B, and C, which were characterized using the simplified method and the SRDT method. FAC2 hits are the number 

of samples within a factor of two, and FAC2 hit rate (%) is the percentage of FAC2 hits on specific bins. 

PGSC Simplified SRDT 

nbin FAC2 hits 

(n) 

FAC2 hit 

rate (%) 

nbin FAC2 hits 

(n) 

FAC2 hit 

rate (%) 

A 48 20 41.7 21 7 33.3 

B 58 19 32.8 74 17 23 

C 15 3 20 26 6 23.1 

Overall 121 42 34.7 121 30 24.8 

 

3.2.3 Wind Direction Meander 

Wind direction variability (or meander) captures the shifting nature of wind fields [18,30]. 

In this study, we examined wind meander, defined as the standard deviation of wind direction 

during the 5-minute averaging interval, to quantify the potential influence of wind direction on the 

performance of GP. Wind meander score indicates whether dispersion is governed by steadier 

airflow or by turbulence (possibly from rapidly shifting weather or from nearby equipment 

obstructions, or a combination of both). Strong variation in wind direction can disrupt the steady 

state assumption of GP, thereby reducing the reliability of model estimates [18,33].  

Wind meander was categorized into ±5° bins (±0°-5°, ±5°-10°, ±10°-15°, ±15°-20°, ±20°-

25°, ±25°-30°) and > ±30°. This metric allows the evaluation of how increasing wind direction 

variability might influence GP performance. For each bin, the sample count and the number of 

FAC2 falling under those bins (defined as FAC2 hits) were calculated. The two classification 

techniques (simplified and SRDT) were compared (Table 3.5). Under both methods, none of the 

measurements agreed with FAC2 when the meander was ±0-5°. Similarly, there was no FAC2 

agreement hit under meander ±5-10° using the SRDT method, while a 33.3% FAC2 hit rate was 

observed using the simplified method. However, the ±5-10° meander with the simplified method 
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consists of only 6 samples, which is just 5% of the total samples (n = 121). Thus, under near steady 

wind conditions (meander = ±0-10°), a limited number of samples could not adequately allow for 

assessing the model’s performance. 

Table 3.5: Wind meander classification based on its standard deviation for the GP performance analysis acquired 

from both simplified and the SRDT’s method of stability classification. FAC2 hits are the number of samples within 

a factor of two, and FAC2 hit rate (%) is the percentage of FAC2 hits on specific bins. 

Wind 

meander 

bins (°) 

 Simplified SRDT 

nbin FAC2 hits (n) FAC2 hit 

rate (%) 

FAC2 hits 

(n) 

FAC2 hit 

rate (%) 

±0°-5° 0 0 0 0 0 

±5°-10° 6 2 33.3 0 0 

±10°-15° 35 16 45.7 11 31.4 

±15°-20° 30 8 26.7 7 23.3 

±20°-25° 25 7 28 6 24 

±25°-30° 15 5 33.3 5 33.3 

> ±30° 10 4 40 1 0.8 

Overall 121 42 34.7 30 24.8 

 

The highest relative agreement of the GP model originates from the meander range 10°-

15° for simplified and ±20°-25° for SRDT. However, because of the uneven distribution of 

samples across meander bins, the interpretation of these results should be treated cautiously.  

Although the low variation in the wind direction might reflect stable plume alignment, it does not 

necessarily enhance the model’s performance, as the trajectory of the plume may still bypass the 

sensor array due to smaller turbulence. 

3.2.4 Plume Centeredness (Crosswind Distance) and Height Match Score 

The plume centeredness score is the ratio of crosswind distance (y) to the horizontal 

dispersion coefficient (σy), a measure of lateral plume spread [25]. This score indicates the 

closeness of a measurement point to the centerline of a plume. Larger values indicate the 

measurement position was near the plume edge, where concentrations are typically lowest, and 
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smaller values correspond to the plume axis, where concentrations are generally highest [18]. The 

physical significance of plume centeredness is that the GP model assumes the highest 

concentration is along the plume’s centerline, and it decreases laterally with distance following a 

Gaussian distribution [18,25,29]. If the sensor is farther away from the plume centerline, errors in 

plume spread and wind direction can lead to a decrease in the predictive performance of the GP 

model, whereas measurements closer to the plume centerline axis are theoretically less affected by 

directional uncertainty. 

Centeredness score was categorized into four bins: 0-0.5 (n=27), 0.5-1 (n=28), 1-2 (n=33), 

1.5->2 (n=33) (Table 3.6), and the analysis was conducted based on the GP model acquired using 

simplified and SRDT stability classification methods (Table 2.1). Each bin of centeredness 

represents how far the sensor was positioned laterally from the plume centerline, expressed as 

multiples of the plume width standard deviation (σy). Low values (0-0.5) mean that the sensor was 

located very close to the plume centerline, intermediate or mid-range values (0.5-1 and 1-2) 

indicate sensors were positioned farther from the plume centerline, one to two standard deviations 

of the plume axis. Similarly, the larger values (>2) indicate that the sensor was positioned far from 

the plume centerline within the outer plume margins, where concentration signals are weakest 

under the Gaussian distribution centered on the plume axis.  

Table 3.6: Plume centeredness score based on the ratio of crosswind offset (y) to lateral plume spread (σy) for the GP 

performance analysis acquired from both simplified and the SRDT method of stability classification. FAC2 hits are 

the number of samples within a factor of two, and FAC2 hit rate (%) is the percentage of FAC2 hits on specific bins. 

Centeredness 

Score 

nbin Simplified SRDT 

FAC2 hits 

(n) 

FAC2 hit 

rate (%) 

FAC2 hits 

(n) 

FAC2 hit 

rate (%) 

0-0.5 27 11 40.7 8 29.6 

0.5-1 28 16 57.1 12 42.9 

1-2 33 15 45.5 9 27.3 

>2 33 0 0 1 3 

Overall 121 42 34.7 30 24.8 
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FAC2 hit rate was limited in the highest score > 2 (simplified = 0, SRDT = 3%). The 

highest agreement was observed in the 0.5-1 score (simplified = 57.1% and SRDT = 42.9%). The 

second-highest agreement for simplified (40.7%) and SRDT (27.3%) approaches was in the score 

of 0-0.5 and 1-2, respectively. This suggests slightly improved performance of GP emission 

estimations was observed within a half to one standard deviation laterally from the plume axis. 

 It was expected that the highest FAC2 hit rate would have occurred in the 0-0.5 bin, 

because the concentration carried near the centerline of the plume is at a maximum. This indicates 

that centeredness alone is not decisive for the performance of the GP model. When the plume 

centeredness score is small (0-0.5), a small deviation in wind direction may cause large swings in 

GP estimations [18], especially for shorter averaging intervals that may miss short-term deviations 

in the signal, much like the 5-minute measurements used in this study. 

The height match score is determined by using the ratio of the absolute difference between 

source and sensor height to the plume’s vertical spread (or vertical dispersion coefficient, σz), 

which is used to determine the extent of vertical overlap between the sensor level and plume. Each 

bin of height match score represents how far the sensor is positioned vertically from the plume 

centerline, expressed as multiples of plume height standard deviation (σz). The score 0-0.5 

indicates that the sensor height lies within 0.5σz (within a half of the plume height standard 

deviation). In contrast, a height match score of one indicates that sensors are vertically one standard 

deviation away from the plume’s height. The values greater than one indicate that the sensor lies 

outside the effective vertical reach of the plume. With the evaluation of the height match score, 

the role of vertical alignment of the sensor and the source can be examined. 

Height match score is binned to 0-0.5 (n=98), 0.5-1 (n=19), and 1-2 (n=4) (Table 3.7).  
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The highest FAC2 hit rate for the simplified method was observed in 0.5-1 (42.1%), and for SRDT, 

it was in 0-0.5 (26.5%). Under both classifications, the lowest agreement was observed in the 

highest height-match score (1-2), as there was only 1 FAC2 hit for simplified and none in SRDT. 

The results indicate that the model's performance is higher when the height match score < 

1. When the height match score increases, there is greater vertical variability between the plume 

axis and the sensor; thus, the model performance decreases. This is reflected in the SRDT case but 

not with the simplified one. Due to the considerable variation in sample distributions across height 

match score bins (samples in the 0-0.5 bin are the maximum; n=98 compared to the remaining 

bins; n=23), the trend of decrement of FAC2 hit rate with increasing height match score is not 

exhibited by the simplified method. The largest FAC2 hits were observed in the 0-0.5 score, which 

also had the highest number of samples among the bins. 

Table 3.7: Height match score classification based on the ratio of vertical plume spread (σz) to source height (z) for 

the GP performance analysis acquired from both simplified and the SRDT method of stability classification. FAC2 

hits are the number of samples within a factor of two, and FAC2 hit rate (%) is the percentage of FAC2 hits on specific 

bins. 

Height match 

score  

nbin Simplified SRDT 

FAC2 hits 

(n) 

FAC2 hit 

rate (%) 

FAC2 hits 

(n) 

FAC2 hit 

rate (%) 

0-0.5 98 33 33.7 26 26.5 

0.5-1 19 8 42.1 4 21.1 

1-2 4 1 25 0 0 

Overall 121 42 34.7 30 24.8 
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Figure 3.3: Percentage of FAC2 on each height match score bin. Blue bars are the FAC2 acquired from GP 

modeling using a simplified way of classifying stability. Orange bars are the FAC2 acquired from GP modeling 

using the SRDT way of classifying stability. 

3.2.5 Plume Centerline Distance 

The plume centerline distance represents the distance between the source and the sensor 

measured along the plume’s trajectory. Dispersion and dilution increase with plume centerline 

distance, which can influence the GP model’s predictability. At a shorter distance, the plume is 

more concentrated, while with increasing centerline distance, mixing is enhanced, and signal 

strength is also reduced [18,25], which may lower the performance of GP. To evaluate this, the 

centerline distances were binned into three categories: 0-40, 40-80, and >80 m.  

Under both approaches, the highest FAC2 hit rate was observed in the plume centerline 

distance of >80 m, but it is important to note that there were only 7 samples and 4 FAC2 hits from 

the total samples of 121. Therefore, the FAC2% in this range may deceive that beyond 80m the 

performance of GP is the best. After >80 m distance, the highest hit rate for the simplified (37.2%) 

and SRDT (23.8%) method was in 0-40 m and 40-80 m distances, respectively. 
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It was anticipated that the predictive performance of the model would have been highest in 

40-80 m centerline distance [18], but limited samples beyond 80m (n = 7), and higher FAC2 hit 

rate in 0-40 m (37.2%) than in 40-80 m (30.2%) in the simplified method prevent a robust 

conclusion. 

Table 3.8: Plume centerline distance classification based on the downwind distance between source and sensor along 

plume axis for the GP performance analysis acquired from both simplified and the SRDT method of stability 

classification. FAC2 hits are the number of samples within a factor of two, and FAC2 hit rate (%) is the percentage of 

FAC2 hits on specific bins. 

Plume 

Centerline 

Distance (m)  

nbin Simplified SRDT 

FAC2 hits (n) FAC2 hit 

rate (%) 

FAC2 hits 

(n) 

FAC2 hit 

rate (%) 

0-40 51 19 37.2 11 21.6 

40-80 63 19 30.2 15 23.8 

>80 7 4 57.1 4 57.1 

Overall 121 42 34.7 30 24.8 

 

In summary, the Gaussian plume analysis highlighted how meteorological variability and 

plume properties can influence the emission estimations. Following this, a backward Lagrangian 

stochastic (bLS) model was used to evaluate emissions estimates under the same release 

conditions. 

3.3 Backward Lagrangian Stochastic Analysis 

The backward Lagrangian stochastic (bLS) model was implemented using WindTrax, as 

discussed in Section 2.5.2. Unlike the GP model, which yielded results for all the applied 121 

single-point release measurements, WindTrax produced results for just 103 samples. The 

remaining 18 simulations did not yield valid outputs because the sensor did not detect sufficient 

particles to infer estimation.   

The meteorological inputs used for WindTrax are the same as those applied in the GP 

model because the meteorological conditions and sampling periods were identical. As there were 

two analyses for GP based on simplified and SRDT methods of PGSC classification, the WindTrax 
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analysis was run using PGSC via the SRDT method.  This is because SRDT needed solar radiation 

data, which brings the analysis to common quantifiable values, while the simplified approach in 

this study is an approximation of what is considered the level of cloud cover, which is subjective 

and is outlined in [36]. This ensured consistency when comparing model performance under the 

same classification basis. 

 Another reason for running bLS using the SRDT method, but not with both approaches, 

was that WindTrax simulations are computationally intensive with increasing particle number 

applied to a simulation if it didn’t produce results at a smaller particle number, making it longer to 

generate results. The effect became more pronounced under simplified classification, with a higher 

number of extremely unstable conditions (class A; Table 3.5 and section 3.3.2) that required 

increased particle counts for a result. In contrast, higher proportions of class B and C occurred 

using the SRDT approach compared to class A. Thus, using the SRDT method for the WindTrax 

application reduced overall computational time and maintained an adequate representation of the 

dataset for consistent model comparison. 

The overall performance of the bLS model is summarized in Table 3.9. FAC2 using 

WindTrax was 51.5%, suggesting almost half the modeled samples were within a factor of two. 

Similarly, the geometric mean bias was 0.63 (equation 3), indicating a systematic underprediction 

of emissions by the model is 37%. The MFoE value of 1.9 (equation 4) implies that the predictive 

error of the model is roughly two times the true emission value. The MAE (equation 5) shows that 

the model deviated from the known emissions by 1.5 kg h-1 on average, and the RMSE (equation 

6) value of 2.6 kg h-1 indicates the influence of larger individual errors on some predictions by the 

model. The very low value of MAE (equation 7; 0.04) reveals almost no systematic directional 

bias. 
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Table 3.9: General performance metrics of the bLS model. The metrics include factor of two (FAC2), geometric mean 

bias (MG), median factor of error (MFOE), mean absolute error (MAE), root mean square error (RMSE), and mean 

absolute bias (MAB). 

Metric Value 

FAC2 (%) 51.5 

MG 0.63 

MFoE 1.9 

MAE 1.5 kg h-1 

RMSE 2.6 kg h-1 

MAB 0.04 

 

To observe the error structure of the bLS results, the estimated emissions and true 

emissions were compared using a scatter plot with the FAC2 bounds and a 1:1 reference line 

(Figure 3.4). The bLS model underpredicts emissions, as many points (66 out of 103) are below 

the 1:1 line. Furthermore, as 51.5% of modeled emissions fall within the FAC2 bound, the plot 

also shows that roughly half of the points are within it. 

 

 

Figure 3.4: Scatter plot of emission estimated by bLS versus the known emission rate from controlled experiments (n=103). 
Vertical bars represent ± 1 standard deviation (s.d) around each estimate. Standard deviation values in SI.xlsx sheet ‘WindTrax’.  

Similar to the GP analysis, the subsequent sections evaluate the effect of meteorological 

conditions and plume geometry on bLS performance. The bLS demonstrated better predictions 
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compared to GP, so the following subsections aim to investigate the factors contributing to the 

bLS model’s improved predictive ability. 

3.3.1 Signal Strength and Release Rate  

The samples were divided into the same signal strength quartiles used for the GP analysis: 

≤2.3, 2.3–2.9, 2.85–4.0, and >4.0 ppm (Table 3.10). In each bin, 26.9% fell into the FAC2 range 

in <2.3 ppm, 61.5% into 2.3–2.9 ppm, 48% into 2.9–4 ppm, and 69.2% above 4 ppm. The highest 

FAC2 hit rate occurred in the fourth quartile signal, followed by the second quartile, while the 

third and first quartiles had lower agreement. 

The highest particle counts (9.5M ± 5.6M) were needed when the signal strength was the 

lowest (<2.3 ppm), and the particle requirement decreased when the signal strength increased, 

which suggests that if the concentration is lower, then the particle numbers needed for simulation 

increase. This pattern likely reflects that when the signal is low, limited released particles reach 

the sensor due to other factors like atmospheric stability and plume alignment with the sensor. 

We would expect a higher FAC2 hit rate with increasing signal strength, but the pattern of 

the results is not entirely consistent. Weaker signals typically reflect that the plume overlaps the 

sensor partially, limiting the detection signal, leading to inaccuracy in emission estimation [29,30]. 

In contrast, stronger signals provide clear and more stable detection, leading to improved 

estimates. 

Table 3.10: Quartiles classification based on signal strength (in ppm) for the bLS performance analysis. FAC2 hits 

are the number of samples within a factor of two. nbin is the total number of estimates within the specified range/bin, 

and nno_result is the total number of failed estimates by the model, and FAC2 hit rate (%) is the percentage of FAC2 hits 
on specific bins. 
Strength 

Quartile (ppm) 

nbin 

 

FAC2 hits 

(n) 

FAC2 hit 

rate (%) 

nno_results Particle# ± s.d.  

<2.3 26 7 26.9 8 9.5 M ± 5.6 M 

2.3-2.9 26 16 61.5 4 7.1 M ± 3.9 M 

2.9-4.0 25 12 48 1 6.4 M ± 5.4 M 

>4.0 26 18 69.2 5 4.0 M ± 3.5 M 
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Overall 103 53 51.5 18  

 

The release rate bins for bLS results were categorized in the same way as for GP (section 

3.2.1). The FAC2 hit rate in low (≤1.8 kg h-1), medium (1.8-3.4 kg h-1), and high (1.8-3.4 kg h-1) 

release rate tertiles was 44.7%, 40%, and 80% respectively (Table 3.11), indicating a narrow 

variation across low and medium bin (4.7%), but the increased FAC2 agreement in high release 

rate bin.  

The narrow FAC2% band between low and medium bin reflects only slight differences in 

bLS performance within <1.8 kg h-1 and 3.2 kg h-1, but increased FAC2% in the high release rate 

suggests that the performance of bLS has increased comparatively in > 3.2 kg h-1. The result 

suggests that with a high release rate (>3.2 kg h-1 in this study), the predictive performance of bLS 

may increase. The bLS performance is also dependent on plume geometry and atmospheric 

turbulence (section 3.3.2-3.3.5), not entirely on release rate magnitude, because there is no trend 

of increasing FAC2% when the release rate jumped from low to medium range.  

The required particle counts increased with an increase in the controlled release rate. As 

the release rate increased from <1.8 kg h-1 to 1.8 – 3.2 kg h-1 to 3.2 – 6.0 kg h-1, the particle number 

requirement rose from 5.3 M to 9.1 M (Table 3.11). Although the result highlights that more 

particle counts are required for the high release rate bin than the low, the medium bin required 

fewer particles compared to the low bin. Also, there is a consistent increase in particle variability 

(s.d.) with increasing release rate bins, suggesting that the relationship between particle 

requirement and FAC2 agreement may not be strictly physical but potentially influenced by plume 

offset and unequal sample distribution. 
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Table 3.11: Tertiles classification based on release rates (kg CH4 h-1) for the bLS performance analysis. FAC2 hits 

are the number of samples within a factor of two. nbin is the total number of estimates within the specified range/bin, 

nno_result is the total number of failed estimates by the model, and FAC2 hit rate (%) is the percentage of FAC2 hits 

on specific bins. 

Release rate bin 

tertiles (kg h-1) 

nbin 

 

FAC2 hits (n) FAC2 hit 

rate (%) 

nno_results Particle# ± s.d. 

Low: <1.8 38 17 44.7 2 5.3 M ± 4.0 M 

Medium: 1.8-3.2 40 16 40 3 5.2 M ± 4.2 M 

High: 3.2-6.0 25 20 80 13 9.1 M ± 5.6 M 

Overall 103 53 51.5 18  

 

3.3.2 Atmospheric Stability 

As stated prior (section 3.3), the dataset used in bLS contained PGSC classification derived 

from the SRDT method, including the unstable PGSC classes A, B, and C, with A being the most 

unstable and C being the least. Their corresponding sample sizes are mentioned in Table 3.13. The 

highest amount of FAC2 hit rate was observed in PGSC category C (56.3%), compared to A and 

B (A = 50% and B = 50.7%). Slightly unstable (class C) conditions provide enhanced horizontal 

and vertical mixing with fewer disturbances in plume structure, leading to improved model 

predictive performance, whereas more unstable conditions (class A and B) enhance concentration 

variability due to strong turbulence and erratic plume behavior, leading to less reliable estimations 

[18,29]. 

The decrease in particle number requirement from A (7.8 M) to B (6.4 M) to C (5.9 M) 

(Table 3.12) suggests that extremely unstable conditions need the most particles compared to 

moderately unstable conditions, followed by slightly unstable conditions. It means under stronger 

turbulence, trajectories of random particles become more erratic, thereby reducing the likelihood 

of successful particle tracking to the sensor’s location in the bLS model, and vice versa under more 

stable conditions. 
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Table 3.12: Number of samples under various PGSC and corresponding FAC2. Sampled data had the PGSC of classes 

A, B, and C, which were characterized using the SRDT’s method. FAC2 hits are the number of samples within a factor 

of two. nbin is the total number of estimates within the specified range, nno_result is the total number of failed estimates 

by the model, and FAC2 hit rate (%) is the percentage of FAC2 hits on specific bins. 

PGSC nbin FAC2 hits 

(n) 

FAC2 hit 

rate (%) 

nno_results Particle# ± s.d. 

A 18 9 50 3 7.8 M ± 5.9 M 

B 69 35 50.7 5 6.4 M ± 4.7 M 

C 16 9 56.3 10 5.9 M ± 5.0 M 

Total 103 53 51.5 18  

 

 

Figure 3.5: Percentage of FAC2 on each PGSC classification. n is the number of samples that fall under FAC2 among 

103 samples. 

3.3.3 Wind Direction Meander  

Wind meander was grouped into 5° bins (0°-±5°, ±5°-±10°, ±10°-±15°, ±15°-±20°, ±20°-

±25°, ±25°-±30°) and >±30° to <±60° (Table 3.13). Wind meander represents the standard 

deviation of wind direction during each 5-minute sampling period. Thus, by definition, an increase 

in the meander value indicates a wider lateral plume around its centerline. 

 The highest FAC2 hit rate was observed in ±5°-10° (80%), but it should be noted that only 

5 out of 103 samples were in this category with 4 FAC2 hits. After ±5°-10° meander, the highest 
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FAC2% was in ±15°-20° (57.1%), followed by 55.6% in the ±10°-15° bin. FAC2 peaked between 

±5° to ±20° and then gradually fell for all other meander bins. Overall, 34% of FAC2 shares out 

of the overall 51.5% were observed between ±5° to ±20°. However, this trend should be carefully 

interpreted, considering the uneven sample distribution. It is important to note that the number of 

samples in ±0°-5° was none, and in ±5°-10° was only 5. Similarly, only 22 out of 103 samples 

were beyond ±25°. Most samples (76 out of 103) were between ±10° to ±25° meander about the 

plume centerline. At a very low meander (<±10°), the plume is narrowly constrained so that a 

small change in wind direction may cause the sensor to miss signals. This is because of a 5-minute 

sampling period; the sudden variation/fluctuation in wind direction may not have been captured, 

but between ±0°-5° of meander, bLS has shown its capability of enhanced performance, reflecting 

its ability to consider the low meander (but should be cautiously interpreted due to fewer samples 

in this range). Conversely, when the meander is higher (>±25°), overall lateral coverage of the 

plume increases, which reduces the chances of capturing clear signals, leading to poor 

performance. Additionally, the wind meander bins where higher FAC2 agreement was observed 

(above ±10°) needed more particle counts compared to the remaining meander bins. It is because 

when the variability of wind direction increases, the plume may miss the sensor array and the 

requirement of particles increases. 

Table 3.13: Wind meander classification based on its standard deviation for the bLS performance analysis. FAC2 hits 

are the number of samples within a factor of two. nbin is the total number of estimates within the specified range/bin, 

nno_result is the total number of failed estimates by the model, and FAC2 hit rate (%) is the percentage of FAC2 hits on 

specific bins. 

Wind meander 

bins (°) 

nbin FAC2 hits 

(n) 

FAC2 hit 

rate (%) 

nno_results Particle# ± s.d. 

0°-5° 0 0 0 0  

5°-10° 5 4 80 1 3.0 M ± 3.1 M 

10°-15° 27 15 55.6 8 5.5 M ± 3.3 M 

15°-20° 28 16 57.1 2 7.0 M ± 5.5 M 

20°-25° 21 11 52.4 4 7.2 M ± 5.6 M 

25°-30° 14 6 42.9 1 7.0 M ± 4.9 M 
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>30° 8 1 12.5 2 8.1 M ± 6.3 M 

Total 103 53 51.5 18  

 

3.3.4 Plume Centeredness (Crosswind Distance) and Height Match Score 

The plume centeredness scores were grouped into 0-0.5, 0.5-1, 1-2, and >2 (Table 3.14). 

This is a normalized metric derived from the ratio of crosswind offset (y) to lateral plume 

spread/horizontal dispersion coefficient (σy), for which lower values indicate greater closeness (or 

decreased crosswind distance) of the measurement point from the plume centerline. Concentration 

decreases with an increase in centeredness and vice versa. The lowest and highest hit rate was 

observed in 0.5-1 (37%) and >2 (72.2%) bins, respectively. However, no clear systematic trend or 

relationship between centeredness and FAC2 hit rate was observed, suggesting that within the 

dataset, centeredness did not contribute to the predictability of bLS in this study.  

The number of particles needed for the model to converge for estimation increased as 

centeredness increased (Table 3.14). This is because, as centeredness increases, the concentration 

decreases, and a higher particle count is required for the model to produce estimates. 

Table 3.14: Plume centeredness score based on the ratio of crosswind offset (y) to lateral plume spread (σy) for the 

bLS performance analysis. FAC2 hits are the number of samples within a factor of two. nbin is the total number of 

estimates within the specified range/bin, nno_result is the total number of failed estimates by the model, and FAC2 hit 

rate (%) is the percentage of FAC2 hits on specific bins. 

Centeredness (m) nbin FAC2 hit (n) FAC2 hit 

rate (%) 

nno_results Particle# ± s.d. 

0-0.5 27 13 48.1 0 4.7 M ± 4.0 M 

0.5-1 27 10 37 1 6.7 M ± 4.4 M 

1-2 31 17 54.8 2 7.2 M ± 5.8 M 

>2 18 13 72.2 15 7.8 M ± 4.9 M 

Total 103 53 51.5 18  

 

The height match score was divided into three bins: 0-0.5, 0.5-1, and 1-2, among which the 

largest samples occurred in the smallest bin (0-0.5) (Table 3.15). The height match score is the 

absolute vertical offset between release and sensor heights normalized by vertical plume spread 
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(σz). As a result, a low value, like <0.5, indicates the sensor was positioned at less than half the 

plume’s vertical standard deviation, where concentration peaks and chances of detection were 

high. In contrast, the samples above 0.5 represent that the plume axis was more than 0.5σz (half of 

the vertical dispersion coefficient) above the sensor level, which likely reduces the detection and 

thus lowers the model’s performance. Ninety out of 103 samples were within the 0-0.5 bin, which 

means that, in most of the measurements, the sensor height was generally aligned with the plume 

centerline. 

 The highest FAC2 hit rate occurred in the 1-2 bin (100%), but it was due to only one 

sample, and that sample got the FAC2 hit (Figure 3.6). So, it does not contribute to the finding that 

in a 1-2 height match score, the model performs well. The result reflects that with increasing height 

match score FAC2 hit rate also increases, but it is deceptive as it is important to note that the 

samples beyond a height match score of 0-0.5 share only ~13% of the total sample, while 0-0.5 

has 90 out of 103 samples (87% of the samples).  

The particles needed when the height match score was 0-0.5 averaged 6.3M with a wide 

standard deviation (±5M), followed by 8.8M in the 0.5-1 bin. The height match score between 1-

2 had only one valid sample. The lower particle requirement in a 0-0.5 bin suggests that if the 

plume centerline and sensor are vertically well aligned, fewer particles are required to obtain the 

emission estimates from WindTrax. 

Table 3.15: Height match score classification based on the ratio of vertical plume spread (σz) to source height (z) for 

the bLS performance analysis. FAC2 hits are the number of samples within a factor of two. nbin is the total number of 

estimates within the specified range/bin, nno_result is the total number of failed estimates by the model, and FAC2 hit 

rate (%) is the percentage of FAC2 hits on specific bins. 

Height match 

score 

nbin FAC2 hits (n) FAC2 hit 

rate (%) 

nno_results Particle# ± s.d. 

0-0.5 90 45 50 8 6.3 M ± 5.0 M 

0.5-1 12 7 58.3 7 8.8 M ± 4.0 M 

1-2 1 1 100 3 6.0 M ± 5.8 M 

Total 103 53 51.5 18  
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Figure 3.6: Percentage of FAC2 on each height match score bin. n is the number of samples that fall under FAC2 

among 103 samples. 

3.3.5 Plume Centerline Distance 

Plume centerline distance is the distance between the measurement point and source along 

the plume axis and is categorized into three different bins for this dataset: 0-40, 40-80, and >80 m 

(Table 3.16). Many of the measurements (n = 52) were conducted between centerline distances of 

40-80 m, followed by 0-40 m (n = 44) and >80 m (n = 7). The highest FAC2 hit rate was observed 

between 40 to 80 meters (57.7%), and the least was >80 m (28.6%), likely due to the limited sample 

size of only 7 for >80 m distance. Although the FAC2 hit rate in 40-80 m bins was the highest, 

this should not be interpreted as evidence that the bLS model always performs better in this range, 

due to the inconsistency in sample size. It is because 40-80 m is the distance at which the plume 

sufficiently disperses and concentration stabilizes, leading to better detection, whereas at shorter 

distances (<40 m), the plume is still developing and sensitive to small turbulence (especially in 

unstable conditions). Conversely, in greater distances (>80 m), atmospheric mixing enhances 

plume dispersion which weakens the signal detection. 
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The requirement of particle numbers increased with an increase in plume centerline 

distance (Table 3.16). It is because as the distance between the sensor and source increases along 

the plume axis, the released particles are diluted, reducing the concentration and limiting the sensor 

from achieving a strong signal [18]. 

Table 3.16: Plume centerline distance classification based on the downwind distance between source and sensor along 

the plume axis for the bLS performance analysis. FAC2 hits are the number of samples within a factor of two. nbin is 

the total number of estimates within the specified range/bin, nno_result is the total number of failed estimates by the 

model, and FAC2 hit rate (%) is the percentage of FAC2 hits on specific bins. 

Plume Centerline 

Distance (m)  

nbin FAC2 hits 

(n) 

FAC2 hit 

rate (%) 

nno_results Particle# ± 

s.d. 

0-40 44 21 47.7 7 4.3 M ± 4.2 M 

40-80 52 30 57.7 11 8.0 M ± 4.7 M 

>80 7 2 28.6 0 9.9 M ± 5.9 M 

Total 103 53 51.5 18  

 

3.3.6 Particle Number Distribution 

The particle numbers used in WindTrax for the stochastic simulation influence the quality 

of emissions estimations [29,37]. As explained in section 2.5.2, the initial particle count used for 

each sample was 500,000, and the count was increased to 1M, then 2M, and subsequently by 2M 

after that (4M, 6M, 8M…) up to 20M, unless the result was achieved. However, increasing the 

particle count also significantly increases computational demand.  

It is important to recall that concentration measurements were conducted with a 5-minute 

averaging period, and the bLS simulation was run with a sampling volume of 0.05 m x 0.05 m 

(Appendix B: Table B1). Larger sampling volume, especially, would have required fewer particles 

per run and thus, less computational effort. A longer averaging period (>5 minutes) would likely 

better represent wind variability with higher statistical reliability, and this could reduce 

uncertainty arising from short-term fluctuation of signals. Therefore, using longer sampling times 

and larger physical inlet sampling volumes should be prioritized for future experiments. 
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The estimated emission from WindTrax was evaluated across the particle count bins (0.5-

5M, 5-10M, 10-15M, and 15 -20M, where M denotes million). FAC2 among these bins was 

analyzed to observe the impact of particle numbers on the model’s performance (Table 3.17). The 

results showed that when 0.5 to 5 M particles were used, 48 out of 103 samples produced 

estimations. Similarly, when 5 to 10 M particles were required, 38 estimates were obtained. The 

number dropped to 9 and 8 when 10-15 M and 15-20 M particles were used, respectively. The 

number of samples beyond 10 M has decreased, and with this sample distribution, the FAC2 hit 

rate has not produced any trend with particle count requirement (Figure 3.17). When 121 

equivalent samples from the GP analysis were applied to bLS, 18 did not generate estimates when 

20 M particles were used, which limits our samples for bLS to 103 (Table 3.17). Although the 

FAC2 agreement is higher in 10-15 M and 15-20 M, it is important to note that samples requiring 

higher particle counts were considerably smaller (10-15M; n=5 and 15-20M; n=6). 

Table 3.17: Particle count distribution bin for the bLS performance analysis. FAC2 hits are the number of samples 

falling under the FAC2 agreement, and FAC2 hit rate (%) is the percentage of FAC2 hits on specific bins. 

Particle Count Bin 

(in Million) 

nbin FAC2 hits FAC2 hit 

rate (%) 

1-5M 48 26 51.2 

5-10M 38 16 42.1 

10-15M 8 5 62.5 

15-20M 9 6 66.7 

Overall 103 53 51.5 

20M; no result 18   
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Figure 3.7: FAC2 hit rate on each particle count bin used in WindTrax run. n is the number of samples that fall under 

FAC2 among 103 samples. 

The evaluation to assess the sensitivity of various parameters (i.e., known release rate, 

vertical height match score, plume centerline distance, plume centeredness score, and wind 

meander) on required particle counts used for the simulation, a multivariate regression analysis 

(Table 3.18) was performed, with particle counts as the independent variable and the remaining 

parameters as dependent.  

Table 3.18: Regression result showing the influence of experimental parameters on the particle counts required for 

WindTrax runs. R2 is the coefficient of determination, m is the regression gradient (slope), p-value for statistical 

significance, and the intercept of the regression line (b). 

Variable R2 Slope (m)  p-value Intercept (b)  

Known release rate (kg CH4 h-1) 0.18 0.02 0.98 2 

Height match score 0.09 0.002 0.03 0 

Plume centerline (meters) 0.21 0.32 1.29 × 10-5 29 

Plume centeredness score 0.11 0.01 3.25 × 10-4 1 

Wind Meander (°) 0.002 0.03 0.1 17 

 

The coefficient of determination (R2) measures the variability of particle count explained 

by each independent variable. R2 ranges between 0 to 1; values near 1 indicate strong explanatory 

and dependence on a particular variable, and vice versa when the value is near 0. Among the 
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analyzed variables, the plume centerline distance showed the highest coefficient of determination 

(R2 = 0.21), followed by known release rate (R2 = 0.18). It means that only 21% of the variation 

in particle count can be explained by plume centerline distance, while 18% is attributed to the 

known release rate. Although the R2 value is small, the plume centerline distance has the strongest 

influence on particle counts among the dependent variables. 

The considerable difference in statistical significance can be observed with the plume 

centerline distance and known release rate. P-value tests whether the variable is statistically 

significant or not, and a value <0.05 indicates that it is significant. P-values closer to 0 increase 

the statistical significance, and the observed results are unlikely due to random chance. The plume 

centerline distance was highly significant with a p-value 1.29 × 10-5, whereas the known release 

rate was not (p-value = 0.98). Another parameter showing measurable influence was the 

centeredness score, with p-value 3.25 × 10-4 and R2 of 0.11. 

 Overall, the results suggest that the particle requirement for WindTrax simulation depends 

more on plume alignment and geometry than on the emission itself. 

3.4 Comparison of GP and bLS Model Performance 

The differences in the results produced by both models can be directly compared because 

the same performance metrics were used to analyze the GP and bLS models. A comparative 

evaluation of the two models under the SRDT-based stability classification and identical sampling 

and meteorological conditions was performed (Table 3.19). 

 Comparing the result with GP, bLS demonstrated stronger overall performance. Overall 

FAC2 hit rate increased from 24.8% for GP to 51.5% using bLS, and the multiplicative predictive 

error decreased from 3.5 to 1.9. Similarly, the geometric mean bias improved with bLS as it 

systematically underpredicts by 37%, which is better than that for GP (92% underprediction). 
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 Both models have underpredicted emissions (GP by 92% and bLS by 37%); estimation by 

bLS was notably closer to true emissions (Table 3.19). The reason is that the bLS simulates random 

particle trajectories, enabling the model to capture turbulent dispersion more realistically than GP. 

Error-based measures like MAE, RMSE, and MAB further highlight the stronger 

comparative performance of bLS. The MAE and RMSE were lower for bLS predictions (1.5 and 

2.6 kg h-1, respectively) compared to GP predictions (2.4 and 3 kg h-1, respectively). The MAE of 

bLS is improved as the bLS has produced only a minor residual bias (0.04), while GP has a more 

pronounced underprediction (-0.8).  

Table 3.19: Comparison of GP and bLS models based on their performance metrics. 

Metric GP bLS Absolute difference 

FAC2 (%) 24.8 51.5 26.7 

MG 0.08 0.63 0.55 

MFoE 3.5 1.9 reduced by a factor of about 2 

MAE 2.4 kg h-1 1.5 kg h-1 0.9 

RMSE 3.0 kg h-1 2.6 kg h-1 0.4 

MAB -0.8  0.04 0.84 (bias reduction) 

 

The differences in how the two models responded to atmospheric stability were also 

examined. The highest FAC2 hit rate for GP was in stability class A (33%), and for bLS it was 

class C (56.3%). It is a contrasting result and indicates the influence of the atmospheric stability 

class on GP and bLS performance. However, it must be taken into consideration that the range of 

FAC2 hit rate within the classes analyzed for GP and bLS is minimal (10.3% and 6.3%, 

respectively), and the stability class B had the highest samples compared to A and C, which shows 

the variation in sample distribution. 

When compared with respect to plume geometry parameters, both models showed distinct 

behavior. The agreement across plume centerline bins was consistently higher in bLS, with the 

strongest agreement between 40-80 m range (section 3.3.5; 57.7% for bLS). The highest agreement 
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for GP was observed in >80 m plume centerline distance (section 3.2.5; 57.1% for GP). But it is 

important to consider that the total sample >80 m distance is only 7. So, if we undermine >80 m 

samples, the FAC2 hit rate at 40-80 m distance (23.8%) for GP is greater than in 0-40 m (21.6%). 

The bLS model has consistently performed better in each centerline bin because it represents 

particle transport and turbulence, which allows sufficient distance for the plume to disperse.  

For height match score in 1-2 bin, the number of samples in GP and bLS were 4 and 1, 

respectively. This may not represent the analytical conclusion of models performing better at this 

height score. However, in 0-0.5 and 0.5-1 match score ranges, the bLS had a better FAC2 hit rate 

in each of these bins. The FAC2 hit rate in 0-0.5 and 0.5-1 for GP and bLS were 26.5% & 21.1% 

and 50% & 58.3%, respectively. So, the result reflects that the bLS model is more capable of 

considering the vertical overlap between sensor level and plume compared to the GP model. 

While comparing the models with respect to plume-centeredness score, the highest FAC2 

hit rate for GP (42.9%) and bLS (72.2%) was observed in the 0.5-1 and >2 score, respectively. In 

>2 bin, where bLS had the highest FAC2 hit rate, the GP had a FAC2 hit rate of only 3%. It shows 

that the performance of bLS model has not been significantly influenced by how far the sensors 

are kept laterally from the plume centerline for the measurement. It suggest that bLS model was 

able to capture and represent the plume dispersion better than the GP model in terms of the 

centeredness score.  

For signal strength bins, the highest FAC2 hit rate was under the same category (signal 

strength >4 ppm), although the bLS had a greater agreement (30% for GP and 69.2% for bLS). A 

contrasting result was observed with performance analysis based on release rate, as the highest 

agreement for GP was in the ≤ 1.8 bin and bLS in the 3.2 to 6 kg h-1 bin. Along with this contrasting 

result for release rate, it should be noted that the range of FAC2 hit rate for GP and bLS across all 



48 

 

the bins was 6.6% and 40% respectively. The GP showed a narrow variation in hit rates, whereas 

the bLS showed a much wider spread. It means that, unlike the GP model, bLS is more sensitive 

to release rate and tends to perform better, particularly in high release rate conditions (3.4-6 kg h-

1). 

 The plume geometry is better represented by WindTrax as random particle trajectories 

from the source to the sensor are captured in a dispersion pattern more effectively. 

In case of wind meander, the largest portion of FAC2 hit for bLS was between ±10° to 

±20° (31 out of 103; ~30%), and in GP, it was 18 out of 121 (~15%). This suggests that under 

wind variability between ±10°- ±20° in this study, the WindTrax simulation was more effective 

than the GP. The reason for this is associated with the bLS approach for accounting for varying 

wind flow patterns in the simulation as random particles, whereas the GP model assumes uniform 

dispersion occurred without considering meander. 

The estimated emission rate (blue and orange) and true emission rate (green dashed) for 

both GP and bLS models are shown in Figure 3.8. The plot helps to visualize how far the emission 

estimates are from true rates. 

 

Figure 3.8: Comparison of emissions estimates from GP (blue) and bLS (orange), and corresponding known emission 

rates (green dash) by sample ID. Gaps in the bLS series reflect samples for which WindTrax estimates were 

unavailable; all estimates are aligned by sample ID. 
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The differences in performance of GP and bLS models can be explained by how these 

models represent the dispersion process and atmospheric turbulence. The bLS simulates individual 

random particles driven by atmospheric turbulent variation, allowing it to capture the varying 

nature of particle trajectories within a plume. This stochastic nature of the bLS model adapts to 

variation in wind conditions that leads to better near-field estimations. Unlike bLS, the GP model 

depends on parameterized dispersion coefficients to represent average plume spread, restricting 

the ability to capture and simulate turbulence variations directly. As a result, bLS achieves better 

agreement with true emission rates and higher FAC2 hits due to its ability to simulate the behavior 

of the plume more realistically than the GP approach. 

Overall, the bLS model had greater predictive reliability compared to the GP model, with 

approximately two times more overall FAC2. While the GP model was faster and more convenient 

for estimations, its accuracy declined due to wind variability and complexity in plume geometry. 

Conversely, the bLS model, though computationally more intensive, more accurately estimated 

the emissions under unstable near-field O&G conditions. But it is to note that the bLS estimate 

through WindTrax produces the results with a standard deviation on emission estimates, indicating 

variability in model outputs. 
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1. Chapter 4 CONCLUSION AND RECOMMENDATIONS 
 

 

 

This study evaluated the performance of two commonly used atmospheric dispersion 

models – the Gaussian plume (GP) and the backward Lagrangian stochastic (bLS) models for 

methane emissions estimation under controlled near-field releases conducted at the METEC 

facility at Colorado State University. Using controlled release conditions, model estimations were 

compared to the true emissions rates. A short sampling period of a 5-minute interval was used 

during the concentration measurement to test estimates of emission for shorter time frames. The 

analysis focused on how varying wind conditions, stability class, source-sensor alignment, and 

plume geometry affect the performance of the GP and bLS models. 

The atmospheric stability, plume geometry, and wind conditions are described separately 

in the results; they are not independent in the dispersion modeling. Plume geometry (centeredness, 

height match score, and centerline distance) governs the performance of dispersion models, as 

poor alignment of the sensor to the source or plume degrades emission estimates. Atmospheric 

stability affects the model performance through its influence on turbulence and wind meander, as 

unstable conditions enhance the sensitivity of models. Therefore, atmospheric stability and plume 

geometry are combined drivers of models’ performance and should not be treated as independent 

factors in dispersion modeling applications.  

The meteorological conditions during the experiment were all conducted during the 

daytime, with light to moderate wind speeds. The atmospheric turbulence conditions defined with 

the Pasquil-Gifford stability classification were all in unstable regimes (classes A, B, and C). 

The simplified and solar radiation delta-T (SRDT) approach for PGSC classification was 

applied to estimate emissions from the GP model [20,29,36]. The simplified method is based on 
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wind speed and subjective assessment of solar radiation from Turner’s approach, whereas SRDT 

is based on an explicit range of solar radiation and wind speed that objectively defines Pasquill-

Gifford stability classes. Results demonstrated that the GP model using the simplified method of 

PGSC classification yielded slightly better results compared to using the SRDT approach, as the 

overall FAC2 hit rate for SRDT was 24.8% and that for the simplified approach was 34.7%. The 

systematic underprediction using the simplified approach (83%) was less than the SRDT approach 

(92%). However, the multiplicative spread error from SRDT and the simplified approach were 

almost the same (simplified = 3.4, SRDT = 3.5). Similarly, the mean absolute error and root mean 

square error of bLS was slightly less than GP (by 0.9 and 0.4 kg h-1, respectively). 

The bLS model was implemented using the SRDT method of classifying stability, and the 

results were compared with GP analysis using the SRDT method under the same meteorological 

and experiment inputs. The bLS model was applied using the WindTrax software package [31]. 

The resultant FAC2 hits from bLS quantification demonstrated better agreement of the model (53 

FAC2 hits out of 103 samples; 51.5%) with known emissions over GP (30 FAC2 hits out of 121 

samples; 24.8%). The systematic mean underestimation by bLS, shows better performance 

compared to the GP results. The stochastic method of transporting the particles from the source to 

the sensor allowed WindTrax to better capture varying atmospheric turbulence [12]. As a result, 

the analysis of plume geometry and wind variations on the performance of both the models reveals 

that bLS can approximate the estimates closer to the true emission values better than the GP model. 

The performance of bLS was better than the GP model, under various analyzed parameters like 

release rate, signal magnitude, wind meander stability, plume centeredness, centerline distance, 

and height match score.  
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The study helps to understand the behavior of two commonly used dispersion models, GP 

and bLS, however, both models are constrained to certain limitations. The GP model is based on 

the steady-state assumption of emission and wind flow over homogeneous terrain [26,29], which 

restricts its applicability to complex O&G fields' conditions. The bLS model also assumes similar 

homogeneity, but it is also computationally demanding due to its large particle requirement 

[12,29,30]. 

The 5-minute sampling period has shown a rapid wind meander, which violates the 

assumptions of steady state flow. This averaging period may not be enough to capture the wind 

variability present in the near-field conditions, especially when the atmospheric scope is limited 

to daytime unstable classes (PGSC: A, B, and C) (see Tables 3.5, 3.6, 3.13, 3.14). Measurements 

performed within 100 m distant from the source also undermine the GP assumption of well-

developed plume dispersion. Due to the time constraints in bLS application, the higher particle 

simulations beyond 20M were not performed, adding another limitation associated with WindTrax. 

For near-field, single-source O&G conditions similar to METEC, findings suggest that bLS 

is generally a more suitable choice than GP because bLS model achieved higher agreement with 

true release rates (smaller bias, lower MFoE, and higher FAC2) and was less sensitive to specific 

combinations of plume centeredness score, height match score, centerline distance, and stability 

class. In comparison, GP often underestimated emissions and had larger errors when compared to 

known release rates. The results suggest that GP is appropriate in settings with uncomplicated 

geometries and conditions that closely align with its underlying assumptions, like moderate winds, 

better lateral and vertical alignment of plume centerline and sensor. Under more turbulent and 

complex atmospheric conditions, bLS generally offers more reliable estimates, provided that 

sufficient particle counts and accurate meteorological inputs are used. However, bLS model is 
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time-consuming due to its computational efforts compared to GP. While GP achieved higher FAC2 

hit rates in some subsets, such cases were primarily associated with favorable plume geometry and 

small sample sizes, indicating the improved performance is due to geometric alignment and sample 

distribution rather than robust stability conditions. 

For practitioners relying on GP-based tools for near-field quantification, results suggest 

that this model should be applied under the condition of a steady wind field, uncomplicated site 

geometry, and well-aligned plume-sensor configurations. Sampling strategies should prioritize 

strong concentration enhancements and avoid highly unstable turbulence conditions. Also, the 

longer average sampling period may improve the representativeness of wind conditions that may 

enhance the model’s performance. 

Future research should focus on overcoming the limitations outlined in this study. Longer 

averaging duration should be considered to reduce the influence of short-term wind variability on 

emission estimates and improve model predictive performance [38,39]. The reason for using a 5-

minute interval for this study was due to the limited availability of a testing facility for single 

control release, because shutting down all the operations for the single project was impractical. 

Extending the averaging time would likely improve wind representativeness, which is an important 

factor driving the plume.  

Experiments should incorporate multiple measurement heights. The height match score 

analysis (sections 3.2.4 and 3.3.4) revealed that samples collected from closely aligned source 

heights have higher FAC2 hits (for height match scores of 0 to 0.5: FAC2 hits in GP = 26 out of 

30 total hits; in bLS = 45 out of 53 total hits). Multi-level sensors for the measurement collection 

would help better represent and characterize plume dispersion. The measurements incorporating 

multiple releases should also be considered because they can replicate real O&G conditions where 
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multiple sources are emitting at once. Also, model performance on overlapping plumes can be 

studied. 

Beyond modification of the experimental setup, upcoming work should expand the range 

of atmospheric stability because this study evaluated the models’ performance under classes A, B, 

and C. The evaluation under neutral and stable conditions is therefore necessary to assess model 

performance under a wide range of atmospheric turbulence. This study shows the performance of 

models dependent on PGSC category, as the GP model had the highest FAC2 hit rate at class A 

(33.3%; see section 3.2.2), and bLS showed an improving FAC2 hit rate with increasing stability 

from class A to C (section 3.3.2). 

Overall, the findings highlight that better emission estimations from dispersion models depend 

on model parameters and configuration on meteorological and geometric conditions.  
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APPENDIX 

 

 

Appendix A PGSC Definition, σy and σz Calculations  

Table A1: Estimation of stability class using wind speed and incoming solar strength (for daytime values from 

Table 3-1 in [19] and Table 6-3 in [20]) 

Stability Class Day 

WS (m s-1) Strong Moderate Light 

<2 A A B 

2-3 B B C 

3-5 B C C 

5-6 C C D 

>6 C D D 

 

Table A2: Parameters used to calculate σy, where x is in kilometers, Table 1-1 in [40]. 

 

 

PGSC Category 

 σy = 465.11628 (x) tan (TH) 

TH = 0.017453293 [c – d ln (x)] 

c d 

A 24.1670 2.5334 

B 18.3330 1.8096 

C 12.5000 1.0857 

D 8.3330 0.72382 

E 6.2500 0.54287 

F 4.1667 0.36191 

 

Table A3: Parameters used to calculate σz, where x is in kilometers.  

* If the calculated value of σz exceeds 5000, σz is set to 5000 m, Table 1-2 in [40] 

PGSC 

Category 

σz (meters) = axb (x in km) 

 x (km) a b 

A <0.10 

0.10-0.15 

0.16-0.20 

0.21-0.25 

0.26-0.30 

0.31-0.40 

0.41-0.50 

122.80 

158.08 

170.22 

179.52 

217.41 

258.89 

346.75 

0.9447 

1.0542 

1.0932 

1.1262 

1.2644 

1.4094 

1.7283 
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0.51-3.11 

>3.11 

453.85 

* 

2.1166 

* 

B <0.20 

0.21-0.40 

>0.40 

90.673 

98.483 

109.300 

0.93198 

0.98332 

1.09710 

C All 61.141 0.91465 

D <0.30 

0.31-1.00 

1.01-3.00 

3.01-10.00 

10.01-30.00 

>30.00 

34.459 

32.093 

32.093 

33.504 

36.650 

44.053 

0.86974 

0.81066 

0.64403 

0.60486 

0.56589 

0.51179 

E <0.10 

0.10-0.30 

0.31-1.00 

1.01-2.00 

2.01-4.00 

4.01-10.00 

10.01-20.00 

>40.00 

24.260 

23.331 

21.628 

21.628 

22.534 

24.703 

26.970 

35.420 

0.83660 

0.81956 

0.75660 

0.63077 

0.57154 

0l.50527 

0.46713 

0.37615 

F <0.20 

0.21-0.70 

0.71-1.00 

1.01-2.00 

2.01-3.00 

3.01-7.00 

7.01-15.00 

15.01-30.00 

30.01-60.00 

>60.00 

15.209 

14.457 

13.953 

13.953 

14.823 

16.187 

17.836 

22.651 

27.027 

43.219 

0.81558 

0.78407 

0.68465 

0.6327 

0.54503 

0.46490 

0.4150 

0.32681 

0.2436 

0.2176 
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Appendix B WindTrax Configuration 

This section describes the WindTrax (Thunder Beach Scientific, Nova Scotia, Canada) 

configuration parameters used in this study for the bLS modeling. The configuration described 

below includes input variables, particle release conditions, and model integration parameters.  

 Table B1: Model domain and setup 

Parameter Description 

Model type LS model 

Source type Point source 

Source coordinates (0, 0, H) where H is a release height 

Sensor coordinates (x, y, z) where x = plume centerline distance, y = crosswind distance, 

and z = inlet height of sensor (1 m) 

Surface roughness 2.3 cm 

Terrain Uniform 

Particle count 500,000 initially (increased up to 20M if error resulted) 

Release species CH4 in Kg h-1 

Measured species CH4 in ppmv 

Collection volume type Fixed 

Collection box height 0.05 m 

Collection box width 0.05 m 

Random number 

generation 

Precalculated 

Stability Directly specified (Pisquill-Gifford class input) 

Tower coordinates (x, y) meter distance from the source at 10 m height 

Anemometer height 6.7 m 

T/P/RH sensor height 6.2 m 

Surface elevation 4982 ft 
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Appendix C Meteorological Data During Experiments 

Table C1: Summary of meteorological conditions for single release measurements. Variables listed: mean and 

standard deviation of wind speed (U), air temperature (Tair), relative humidity (RH), mean of barometric pressure P 
(kPa), and sector (prevailing wind direction). The standard deviation of P is not mentioned because P never deviated 

more than 0.3 hPa. *Number of samples (n = 121) reflects the final total filtered for single releases (low winds: U < 1 

ms-1 excluded). 

Exp # Date (2024) U (m/s) Sector Tair (°C) P (hPa)  RH (%) #Samples* 

1 3/19 2.0 ± 0.4 SE 10.1 ± 0.8 816.5 ± 0.0 30.6 ± 1.1 6 

2 3/21 2.1 ± 0.3 SE 11.0 ± 0.9 812.1 ± 0.1 30.3 ± 3.7 6 

3 4/23 3.8 ± 0.6 SE 13.3 ± 0.3 844.7 ± 0.2 31.1 ± 0.5 5 

4 6/11 1.6 ± 0.2 SE 21.9 ± 0.5 836.0 ± 0.1 21.9 ± 0.5 4 

5 6/17 4.7 ± 0.5 SE 26.1 ± 0.4 822.6 ± 0.2 36.3 ± 0.4 2 

6 6/18 4.6 ± 0.7 SE 16.6 ± 0.5 832.8 ± 0.1 28.0 ± 0.4 2 

7 6/19 4.5 ± 0.4 SE 16.0 ± 0.2 841.8 ± 0.1 46.7 ± 2.8 4 

8 6/19 6.2 ± 0.3 SE 18.7 ± 0.2 839.5 ± 0.1 37.0 ± 2.7 1 

9 7/9 2.2 ± 0.7 NE 27.4 ± 0.4 835.6 ± 0.1 15.1 ± 0.6 6 

10 7/10 3.1 ± 0.4 SE 28.2 ± 0.0 836.9 ± 0.1 15.5 ± 0.9 6 

11 7/11 3.0 ± 0.5 NE 32.9 ± 0.3 833.6 ± 0.1 10.3 ± 0.2 5 

12 7/17 4.2 ± 0.6 SE 28.5 ± 0.4 842.5 ± 0.2 22.3 ± 0.9 5 

13 7/18 2.5 ± 0.2 SE 24.1 ± 0.4 842.9 ± 0.1 36.5 ± 2.1 6 

14 7/18 3.0 ± 0.4 SE 27.3 ± 0.5 842.0 ± 0.1 31.2 ± 1.3 5 

15 8/26 2.1 ± 0.7 SE 20.0 ± 0.2 839.9 ± 0.1 58.5 ± 0.9 7 

16 9/16 1.5 ± 0.3 NE 23.0 ± 0.6 825.9 ± 0.0 25.7 ± 0.9 6 

17 9/16 1.8 ± 0.4 SE 25.0 ± 0.3 825.1 ± 0.1 22.9 ± 1.4 6 

18 9/16 3.7 ± 0.3 SE 25.6 ± 0.3 823.9 ± 0.1 25.6 ± 0.1 6 

19 9/17 3.3 ± 0.8 SE 23.5 ± 0.5 820.7 ± 0.1 28.0 ± 0.9 6 

20 9/17 2.0 ± 0.4 SE 24.5 ± 0.6 818.9 ± 0.3 27.6 ± 2.0 6 

21 9/18 2.4 ± 1.1 SE 22.1 ± 2.8 821.3 ± 1.0 26.9 ±12.0 5* 

22 9/19 4.4 ± 0.2 SE 19.6 ± 0.3 827.6 ± 0.1 21.7 ± 0.3 6 

23 9/19 4.1 ± 0.3 SE 21.0 ± 0.4 827.1 ± 0.1 21.1 ± 1.0 6 

24 9/20 4.8 ± 0.5 SE 24.7 ± 0.2 823.5 ± 0.1 17.2 ± 1.0 6 
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Appendix D PGSC Definition By Mean Solar Radiation and Wind Speed   

Table D1: Solar Radiation Delta-T (SRDT) approach for Pasquill-Gifford (P-G stability) from table 6-7 in [20]. The 

experiment was conducted in daytime, so nighttime information was not taken into account for analysis. 

Daytime 

 Solar Radiation (W/m2) 

Wind Speed 

(m s-1) 

≥925 925-675 675-175 <175 

<2 A A B D 

2-3 A B C D 

3-5 B B C D 

5-6 C C D D 

≥6 C D D D 

Nighttime 

 Vertical Temperature Gradient 

Wind Speed 

(m s-1) 

<0 ≥0  

<2 E F  

2-2.5 D E  

≥2.5 D D  
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Appendix E: List of Abbreviations And Acronyms 

CH4 Methane 

NG Natural Gas 

GHG Greenhouse Gas 

O&G Oil and Gas 

IPCC Intergovernmental Panel on Climate Change  

US EPA United States Environmental Protection Agency 

GP Gaussian Plume 

BLS Backward Lagrangian Stochastic Model 

METEC Methane Evaluation Technology Evaluation Center 

MGGA Micro-portable Greenhouse Gas Analyzer 

 

 

 

 


