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ABSTRACT 
 
 
 

DOWNWIND QUANTIFICATION OF METHANE EMISSIONS:  

MODELS’ UNCERTAINTIES AND VARIABILITY ACROSS OIL AND GAS AND NON-

OIL-AND-GAS SOURCES 

 
 
 

Methane (CH₄) is a potent greenhouse gas, and accurate quantification of emissions across 

oil and gas and non–oil and gas sectors is critical for climate mitigation and inventory 

reconciliation. This dissertation investigates methane emissions using two complementary 

objectives: (1) evaluating the feasibility of using downwind methods to quantify point source oil 

and gas emissions using continuously monitoring fence-line sensors, and (2) a comparison of 

bottom-up, measurement-based and EPA inventory methane emission estimates for non–oil and 

gas sources in the Denver–Julesburg basin, Colorado, while assessing seasonal variability and 

consistency with existing inventories. 

For Objective 1, controlled-release experiments were conducted to test the performance of 

closed-path eddy covariance (EC), backward Lagrangian stochastic (bLs) modeling, and Gaussian 

plume inverse method (GPIM). The closed-path EC system was unsuitable due to instrumentation 

limitations, including non-synchronous data logging, low sampling frequency, and a slow analyzer 

response, resulting in invalid flux estimates. The GPIM and bLs models demonstrated higher 

quantification accuracy for single-release single-point (SRSP) emissions, with bLs achieving 

slopes near unity and moderate R² values, but both methods showed reduced accuracy for multi-

release single-point (MRSP) scenarios due to plume interference and complex flow conditions. 

These results highlight the feasibility of GPIM and bLs for isolated point sources while 
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emphasizing that method performance strongly depends on source complexity, wind conditions, 

and data quality. 

Objective 2 focused on generating measurement-based emission factors (EFs) and 

annualized CH₄ inventories for concentrated animal feeding operations (CAFOs), municipal solid 

waste (MSW) landfills, wastewater treatment plants (WWTPs), and lakes/reservoirs. Annualized 

emissions totaled 123 ± 21 Gg CH₄ yr⁻¹, closely aligning with the EPA’s bottom-up estimate of 

119 Gg CH₄ yr⁻¹. CAFOs were identified as the dominant non–oil and gas source, contributing 

78% of total emissions using study-derived EFs, while MSW landfills and WWTPs contributed 

11% and 1%, respectively. Seasonal variability was evident for lakes/reservoirs, and landfill 

emissions but inconsistent for CAFOs and WWTPs, indicating that representative measurements 

at any time of year can reliably inform annual inventories for the latter sectors. This study’s 

measurement-based framework differed from the EPA’s approach in that it relied on direct, field-

based quantification rather than process-based activity data and static emission factors. By 

integrating weighted probabilities within Monte Carlo simulations, this study produced annualized 

EFs that reflect the distribution of both large, episodic emissions and numerous smaller, continuous 

sources, rather than assuming uniform emission behavior. Despite these methodological 

differences, the resulting annualized inventory reconciled closely with the EPA’s estimate, 

underscoring the robustness of both approaches when temporal and spatial variability are 

appropriately captured. This convergence suggests that measurement-informed weighting 

techniques can enhance existing inventory frameworks without necessitating entirely new models, 

ultimately improving transparency and confidence in methane reporting across non–oil and gas 

sectors. 
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This dissertation provides several key contributions: (1) a systematic, field-tested 

comparison of CH₄ quantification methods under controlled-release oil and gas scenarios; (2) 

improved evidence-based guidance on practical methane quantification, including the strengths 

and limitations of each method and conditions under which accuracy and uncertainty are 

optimized; (3) a detailed, field-data-derived methane inventory for non–oil and gas sources in the 

DJ Basin, providing new emission factors, seasonal insights, and identification of primary 

emission drivers; and (4) a field-based methodology for scaling snapshot measurements to annual 

scales for inventory comparisons. 

Finally, this research emphasizes a system-of-systems perspective for methane mitigation, 

highlighting the importance of integrating measurements, models, and teams across sectors to 

assess total emissions and track reduction progress. By combining methodological rigor with field-

based inventories, this work informs both sector-specific mitigation strategies and broader global 

efforts to reduce atmospheric methane growth. 

 

Keywords: Methane; continuous monitoring; oil and gas; point source; closed-path eddy 

covariance; Gaussian plume inverse method; backward Lagrangian stochastic model; livestock 

emissions; landfills; wastewater treatment; lakes and reservoirs; measurement-based inventory; 

reconciliation; systems engineering; systems thinking; methane reduction 

 

 

 

 

 



v  

ACKNOWLEDGEMENTS 
 
 
 
God: Dear God, thank you so much for bringing me this far. I am where I am today because of 

your favor and grace. 

Professor Daniel Zimmerle: Dan, I still remember the day I interviewed with you back in early 

2021. I did not have much to say then because of my limited knowledge and experience in the 

field, but you still gave me a chance to join your research group. I could not believe it when I saw 

your “Congratulations” email. Since then, I have always told myself that I hope I am working hard 

enough to make you proud and that you never regret giving me that opportunity. You have 

supported me through my MSc, my PhD, and even as I plan for what comes next. Thank you so 

much, Dan, and God bless you. I will always carry forward your example by supporting others and 

giving them a chance the same way you did for me. I have deep gratitude. 

Dr. Stuart Riddick: Stuart, you were my advisor for a long time, through my MSc and a large part 

of my PhD, and you taught me almost everything I know. I still remember our first meeting during 

my master’s when you told me about the above ground detection for underground pipelines project, 

and I said, “Why don’t we just install alarm sensors?” Ha! You supported me when I said I wanted 

to pursue a PhD, and you made sure I always had enough projects to see it through. When you left, 

you had set me up so well that I did not struggle to reach the end. Thank you so much, Stuart, for 

being such a great advisor. God bless you. 

Dr. Anna Hodshire: Anna, you were my second advisor, and you truly held my hand to the finish 

line. We may not have worked together for long, but over the past year your support and guidance 

made all the difference. Thank you for your timely feedback and input on my research progress. 

Thank you so much, Anna. I am deeply grateful. 



vi  

Dr. Thomas Bradley: Thank you so much for agreeing to be part of my PhD committee despite 

your busy schedule, and for providing great feedback during my preliminary exam and the PhD 

proposal writing class. I sincerely appreciate your time and insights. 

Dr. Elisson Carter: Dr. Carter, I first interacted with you through the “Statistics for Environmental 

Monitoring” class, one of the few classes that directly related to what I do. Thank you for the 

excellent lessons and for your preliminary feedback, which have helped me tremendously. 

METEC Team: I have been at METEC for the last four and a half years, since I started my master’s 

and transitioned to my PhD. I have worked with so many amazing people, some of whom are no 

longer there. I have gained so much and learned even more. METEC has been a home to me. To 

the staff and fellow graduate students, some of whom became close friends, I could not have 

reached this point without your help and support. You have been my family. Thank you so much, 

and maybe in the future we will work together again. 

My Family: To my beautiful family-my husband Francis Otinga and my son Harvey Otinga-you 

were the most affected by my decision to pursue graduate school. I have been away for almost five 

years, and it was hard being apart. But despite everything, we held on. Francis, you were the first 

to support me emotionally and financially, even knowing how hard it would be for you. You 

always said the PhD belongs to the family. You were strong when I fell apart, and you have taken 

great care of Harvey. Thank you so much for your patience and sacrifice. It was all worth it. 

My Friends: To my amazing friends who have offered advice, love, and support, thank you so 

much. In a special way, I would like to mention Elijah Kiplimo, and Dr. Victor Kebande among 

many. Thank you for being part of my graduate school journey, and for the incredible mentorship, 

support and numerous advice. Elijah worked with me for long hours during both projects, thanks 

a lot Elijah. Victor taught me how to navigate the difficult graduate school, “PhD is not about the 



vii  

product, but the process - skills, independence, and quality”.  

To the beautiful Colorado mountains, rivers, parks and St. John 23rd Catholic Church, thank you 

for keeping my sanity. 

Lastly, I thank the Cogen Fellowship, Department of Systems Engineering, and the Site-Aerial-

Basin Emissions Reconciliation (SABER) project for funding my studies and research projects. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



viii  

DEDICATION 
 
 
 
My family: Dr. Francis Wanjala Otinga and Leo Harvey Otinga, Mbuas, Otingas, and my 

wonderful friends.  

To all who believed in me and offered unconditional love and support throughout this journey, I 

am deeply grateful! 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



ix  

TABLE OF CONTENTS 
 

 

 

ABSTRACT .................................................................................................................................... ii 

ACKNOWLEDGEMENTS .............................................................................................................v 

DEDICATION ............................................................................................................................. viii 

LIST OF FIGURES .......................................................................................................................xv 

LIST OF TABLES ...................................................................................................................... xxii 

1.0 Introduction ........................................................................................................................... 1 

1.1 Systems engineering context and application to methane emissions .................................... 1 

1.2 Methane emissions ................................................................................................................ 3 

1.3 Research motivation .............................................................................................................. 7 

1.4 Research objectives and hypotheses ................................................................................... 11 

1.4.1 Objective 1: Evaluating the feasibility of using downwind methods to quantify point 

source oil and gas emissions using continuously monitoring fence-line sensors .................. 11 

Research hypotheses .......................................................................................................... 12 

1.4.2 Objective 2: A comparison of bottom-up, measurement-based and EPA inventory 

methane emission estimates for non–oil and gas sources in the Denver–Julesburg basin, 

Colorado ................................................................................................................................ 13 

Research hypotheses .......................................................................................................... 13 

CHAPTER 2: EVALUATING THE FEASIBILITY OF USING DOWNWIND METHODS TO 

QUANTIFY POINT SOURCE OIL AND GAS EMISSIONS USING CONTINUOUSLY 



x  

MONITORING FENCE-LINE SENSORS ...................................................................................15 

2.1 Abstract ............................................................................................................................... 16 

2.2 Introduction ......................................................................................................................... 17 

2.3 Methods ............................................................................................................................... 23 

2.3.1 Experimental setup ....................................................................................................... 23 

2.3.2 Controlled methane releases ......................................................................................... 25 

2.3.3 Calculation of roughness length ................................................................................... 25 

2.3.4 Model quantification..................................................................................................... 26 

2.3.4.1 Eddy covariance ..................................................................................................... 26 

Data pre-processing ........................................................................................................ 26 

Flux calculation .............................................................................................................. 27 

Post-processing............................................................................................................... 29 

Footprint calculation ...................................................................................................... 30 

2.3.4.2 Gaussian plume inverse method ............................................................................ 30 

Data pre-processing ........................................................................................................ 30 

Quantification ................................................................................................................. 31 

2.3.4.3 Backward Lagrangian stochastic model ................................................................ 32 

2.4 Results ................................................................................................................................. 33 

2.4.1 Eddy covariance ........................................................................................................... 33 

2.4.1.1 Single-release single-point emissions .................................................................... 33 



xi  

2.4.1.2 Multi-release single-point emissions ..................................................................... 34 

2.4.2 Gaussian plume inverse method ................................................................................... 36 

2.4.2.1 Single-release single-point emissions .................................................................... 36 

2.4.2.2 Multi-release single-point emissions ..................................................................... 37 

2.4.3 Backward Lagrangian stochastic model ....................................................................... 38 

2.4.3.1 Single-release single-point emissions .................................................................... 38 

2.4.3.2 Multi-release single-point emissions ..................................................................... 39 

2.4.4 Model comparison – subset data .................................................................................. 40 

2.4.5 Traceability example .................................................................................................... 43 

2.4.6 Eddy covariance quality assurance and control ............................................................ 44 

2.5 Discussion ........................................................................................................................... 44 

2.5.1 Eddy covariance ........................................................................................................... 45 

2.5.2 Gaussian plume inverse method ................................................................................... 48 

2.5.3 Backward Lagrangian stochastic model ....................................................................... 49 

2.5.4 Implications .................................................................................................................. 50 

CHAPTER 3: A COMPARISON OF BOTTOM-UP, MEASUREMENT-BASED AND EPA 

INVENTORY METHANE EMISSION ESTIMATES FOR NON–OIL AND GAS SOURCES 

IN THE DENVER–JULESBURG BASIN, COLORADO ...........................................................52 

3.1 Abstract ............................................................................................................................... 53 

3.2 Introduction ......................................................................................................................... 54 



xii  

3.3 Methods ............................................................................................................................... 60 

3.3.1 Field survey sites selection ........................................................................................... 60 

3.3.2 Field measurements ...................................................................................................... 61 

3.3.3 Emission quantification ................................................................................................ 62 

3.3.4 Measurement uncertainty and quality control .............................................................. 64 

3.3.5 Measurement inventory development .......................................................................... 65 

3.3.5.1 Emission factors and activity factors ..................................................................... 65 

3.3.5.2 Measurement inventory calculation ....................................................................... 66 

3.3.5.3 Comparison to existing inventories and measurement studies .............................. 67 

Concentrated animal feeding operations (CAFOs) ........................................................ 67 

Municipal solid waste landfills ...................................................................................... 68 

Wastewater treatment plants .......................................................................................... 69 

Lakes and reservoirs ....................................................................................................... 70 

3.4 Results ................................................................................................................................. 70 

3.4.1 Concentrated animal feeding operations ...................................................................... 70 

3.4.2 Municipal solid waste landfills ..................................................................................... 73 

3.4.3 Wastewater treatment plants ......................................................................................... 75 

3.4.4 Lakes and reservoirs ..................................................................................................... 76 

3.4.5 Non-OG inventory and reconciliation .......................................................................... 77 

3.5 Discussion ........................................................................................................................... 78 



xiii  

3.5.1 Concentrated animal feeding operations (CAFOs) ...................................................... 79 

3.5.2 Municipal solid waste landfills ..................................................................................... 80 

3.5.3 Wastewater treatment plants ......................................................................................... 81 

3.5.4 Lakes and reservoirs ..................................................................................................... 81 

3.6 Implications ......................................................................................................................... 82 

CHAPTER 4: CONCLUSION ......................................................................................................85 

5.1 Research objectives and hypotheses ................................................................................... 85 

5.1.1 Objective 1: Evaluating the feasibility of using downwind methods to quantify point 

source oil and gas emissions using continuously monitoring fence-line sensors .................. 85 

5.1.2 Objective 2: A comparison of bottom-up, measurement-based and EPA inventory 

methane emission estimates for non–oil and gas sources in the Denver–Julesburg basin, 

Colorado ................................................................................................................................ 87 

5.2 Application of systems engineering to methane emissions ................................................. 89 

5.3 Research Contributions ....................................................................................................... 90 

CHAPTER 5: RECOMMENDATIONS AND FUTURE WORK ................................................92 

REFERENCES ..............................................................................................................................95 

A1: Atmospheric Conditions during the Test Period .............................................................. 111 

A2.1: Equations ....................................................................................................................... 114 

A2.3 Cospectra/ogive/u*/stationarity ...................................................................................... 117 

A2.3.1 Cospectra Analysis .................................................................................................. 117 



xiv  

A2.3.2 CH4 Flux vs u*......................................................................................................... 118 

A2.3.3 Ogive Analysis......................................................................................................... 120 

S2.3.4 Stationarity Plot ........................................................................................................ 121 

A3: Results .............................................................................................................................. 122 

A3.1 Eddy Covariance ......................................................................................................... 122 

A3.1.1 Single Release Single Point ................................................................................. 122 

A3.1.2 Multi-Release Single-Point .................................................................................. 123 

A3.2 Gaussian Plume Inverse Method: Single-Release Single-Point ................................. 124 

A3.2.1 Scenario 1: Equation A7 & ~10 Hz sonic anemometer dispersion coefficients .. 124 

A3.2.2 Scenario 2: Equation A8 & ~10 Hz sonic anemometer dispersion coefficients .. 125 

A3.2.3 Scenario 3: Equation A7 & EPA 2013 dispersion coefficients ........................... 126 

A3.2.4 Scenario 4: Equation A8 & EPA 2013 dispersion coefficients ........................... 127 

A3.2.5 Scenario 5: Equation A7 & 1 Hz sonic anemometer dispersion coefficients ...... 128 

A3.2.6 Scenario 6: Equation A8 & 1 Hz sonic anemometer dispersion coefficients ...... 129 

A3.3 Models’ Validation File .............................................................................................. 130 

LIST OF ABBREVIATIONS ......................................................................................................134 

 

 

 

 

 

 



xv  

LIST OF FIGURES 
 
 
 

Figure 1. An illustration of methane emissions reductions as a complex systems engineering 

problem ............................................................................................................................................3 

Figure 2. Adapted from Saunois et al. (2025): The Global Methane Budget 2010-2019. Stacked 

bars show contributions from individual sources (emissions) and removal processes (sinks) for 

both bottom-up (left) and top-down (right) approaches. Values represent decadal averages in Tg 

CH₄ yr⁻¹. ...........................................................................................................................................4 

Figure 3. Sample configuration of continuous monitoring sensor deployment in an oil and gas 

facility (AI-generated image). Source: Created with ChatGPT (2025) based on concept adapted 

from Herrick (2019). ........................................................................................................................8 

Figure 4. Illustration of a CH₄ continuous monitoring solution comprising three key components: 

the sensor, its deployment configuration, and the analytics used to convert atmospheric 

observations into emission rates (e.g., kg CH₄ h⁻¹)..........................................................................9 

Figure 5: Illustrations of eddy covariance where CH4 is methane concentrations, and w is vertical 

wind speed. ....................................................................................................................................20 

Figure 6. (a) 1 (a) A plume that follows a Gaussian plume inverse model, where the emission 

rate can be inferred from concentrations at different downwind distances and crosswind 

distances. (b) An illustration of how the backward Lagrangian stochastic model traces particles 

to the source. ..................................................................................................................................22 

Figure 7: A: Map illustration of major pieces of equipment and the measurements points at 

Colorado State University’s Methane Emissions Technology Evaluation Center (METEC) in 

Fort Collins, CO, USA.  Equipment 4S denotes horizontal separators, 4W are well heads, 4T are 



xvi  

tanks, 5S are vertical separators and 5W are well heads. B is the measurement point for the 

Microportable Greenhouse Gas Analyzer for closed-path eddy covariance, Gaussian plume 

inverse model and backward Lagrangian stochastic model quantification. The inlet tubing and 

the sonic anemometer are at 3 m height. The red dotted lines with yellow numbers show the 

average distances (meters) between emission equipment and measurement point. The orange 

numbers show the range of emission heights (meters) for each equipment. The analyzers were 

hosted in a temperature-controlled box..........................................................................................24 

Figure 8. Estimated emission vs actual emission (kg h-1) for single-release single-point 

emissions. The red dotted line is a 1:1 line based on actual emissions i.e. points below the line 

are underestimated and above are overestimated emissions. The gray region represents ±30% of 

the actual emission. Adj. R2 is the adjusted R2. The sample size is n............................................34 

Figure 9. Estimated emission vs actual emission (kg h-1) for multi-release single-point emissions. 

The red dotted line is a 1:1 line based on actual emissions i.e. points below the line are 

underestimated and above are overestimated emissions. The gray region represents ±30% of the 

actual emission. Adj. R2 is the adjusted R2. The sample size is n. ................................................35 

Figure 10. Estimated emission vs actual emission (kg h-1) for single-release single-point 

emissions. Sce.3 refers to scenario 3 of the sensitivity analysis in Section A3.2 in the Appendix. 

The red dotted line is a 1:1 line based on actual emissions i.e. points below the line are 

underestimated and above are overestimated emissions. The gray region represents ±30% of the 

actual emission. Adj. R2 is the adjusted R2. The sample size is n. ................................................37 

Figure 11. Estimated emission vs actual emission (kg h-1) for multi-release single-point 

emissions. The red dotted line is a 1:1 line based on actual emissions i.e. points below the line 

are underestimated and above are overestimated emissions. The gray region represents ±30% of 



xvii  

the actual emission. Adj. R2 is the adjusted R2. The sample size is n............................................38 

Figure 12. Estimated emission vs actual emission (kg h-1) for single-release single-point 

emissions. The red dotted line is a 1:1 line based on actual emissions i.e. points below the line 

are underestimated and above are overestimated emissions. The gray region represents ±30% of 

the actual emission. Adj. R2 is the adjusted R2. The sample size is n............................................39 

Figure 13. Estimated emission vs actual emission (kg h-1) for multi-release single-point 

emissions. The red dotted line is a 1:1 line based on actual emissions i.e. points below the line 

are underestimated and above are overestimated emissions. The gray region represents ±30% of 

the actual emission. Adj. R2 is the adjusted R2. The sample size is n............................................40 

Figure 14. Top plot: Estimated emission vs actual emission (kg h-1) for each model. GPIM is the 

Gaussian Plume Inverse Method, bLs is the backward Lagrangian stochastic model, EC-KM is 

eddy covariance with (Kormann and Meixner, 2001) footprint, and EC-Kljun is the eddy 

covariance estimate using the (Kljun et al., 2015) footprint. The black dotted line is a 1:1 line 

based on actual emissions i.e. points below the line are underestimated and above are 

overestimated emissions. The gray region represents ±30% of the actual emission. Adj. R2 is the 

adjusted R2. The sample size is n. Bottom plot: Estimated emission vs actual emission 

categorized by Emission Point as illustrated in Figure 7. ..............................................................42 

Figure 15. Distribution of CH4 measurement durations across different source categories. Box 

plots show the median (center line), interquartile range (IQR, box boundaries), and range 

(whiskers) of measurement times in minutes. The number of measurements (n) for each category 

is displayed above the third quartile. Total measurements represent all valid files with duration 

≥30 seconds collected during 2024-2025 field campaigns. Measurement durations varied from 

0.5 to 18.5 minutes, with an overall mean duration of 4.5 minutes. Box widths are proportional to 



xviii  

sample size. WWTPs refers to Wastewater Treatment Plants. ......................................................64 

Figure 16. Left Plot: A plot showing the average emission factors for each season based on 

Monte Carlo simulations. Middle Plot: Probability distribution plots showing the annualized 

emission factor distribution based on Monte Carlo simulations. Right plot: A bar plot showing 

annualized CH4 estimates of CAFOs based on this study’s measurements, the EPA inventory of 

Colorado and Riddick et al. (2022) measurement study. ...............................................................72 

Figure 17. Left Plot: A plot showing the average emission factors for each season based on 

Monte Carlo simulations. Middle Plot: Probability distribution plots showing the annualized 

emission factor distribution based on Monte Carlo simulations. Right plot: A bar plot showing 

annualized CH4 estimates of municipal solid waste landfills based on this study’s measurements.

........................................................................................................................................................74 

Figure 18. Left Plot: A plot showing the average emission factors for each season based on 

Monte Carlo simulations. Middle Plot: Probability distribution plots showing the annualized 

emission factor distribution based on Monte Carlo simulations. Right plot: A bar plot showing 

annualized CH4 estimates of wastewater treatment plants based on this study’s measurements. .75 

Figure 19. Left Plot: A plot showing the average emission factors for each season based on 

Monte Carlo simulations. Middle Plot: Probability distribution plots showing the annualized 

emission factor distribution based on Monte Carlo simulations. Right plot: A bar plot showing 

annualized CH4 estimates of lakes and reservoirs based on this study’s measurements, IPCC 

emission factors (Riddick et al., 2022b) measurement study. .......................................................77 

Figure 20. Left: Annualized total CH₄ emissions from this study compared emission estimate 

calculated using EPA emission factors. Right: Annualized emissions by percentage contribution 

from each source category. EPA error bars are not shown because some source categories lacked 



xix  

reported uncertainty, preventing aggregation of overall uncertainty. ............................................78 

 

Figure A1. A bar plot of weather conditions during the test period ............................................111 

Figure A2. A plot of temperature during the test period ..............................................................112 

Figure A3. A wind rose plot of wind direction and wind speed during the test period ...............112 

Figure A4. Top plot: A time series plot of CH4 concentrations during the test period. Bottom 

plot: A time series of wind speed during the test period ..............................................................113 

Figure A5. A histogram of CH4 sampling frequency by the MGGA ..........................................116 

Figure A6. A histogram of sonic anemometer sampling frequency ............................................116 

Figure A7. CoSpectra analysis for the eddy covariance fluxes for single release single point 

emissions ......................................................................................................................................117 

Figure A8. CoSpectra analysis for the eddy covariance fluxes for multi release single point 

emissions ......................................................................................................................................118 

Figure A9. A plot of CH4 flux vs friction velocity for the eddy covariance fluxes for single 

release single point emissions ......................................................................................................119 

Figure A10. A plot of CH4 flux vs friction velocity for the eddy covariance fluxes for multi 

release single point emissions ......................................................................................................119 

Figure A11. Ogive analysis for the eddy covariance fluxes for single release single point 

emissions ......................................................................................................................................120 

Figure A12. Ogive analysis for the eddy covariance fluxes for Multi release single point 

emissions ......................................................................................................................................120 

Figure A13. A sample plot of CH4 flux vs stationarity deviation for the eddy covariance fluxes-

15 minutes 10 degrees wind sector ..............................................................................................121 



xx  

Figure A14. Estimated emission vs actual emission (kg h-1) for single-release single-point 

emissions. The red dotted line is a 1:1 line based on actual emissions i.e. points below the line 

are underestimated and above are overestimated emissions. The gray region represents ±30% of 

the actual emission. Adj. R2 is the adjusted R2. The sample size is n..........................................122 

Figure A15. Estimated emission vs actual emission (kg h-1) for multi-release single-point 

emissions. The red dotted line is a 1:1 line based on actual emissions i.e. points below the line 

are underestimated and above are overestimated emissions. The gray region represents ±30% of 

the actual emission. Adj. R2 is the adjusted R2. The sample size is n..........................................123 

Figure A16. Estimated emission vs actual emission (kg h-1) for single-release single-point 

emissions. The red dotted line is a 1:1 line based on actual emissions i.e. points below the line 

are underestimated and above are overestimated emissions. The gray region represents ±30% of 

the actual emission. Adj. R2 is the adjusted R2. The sample size is n..........................................124 

Figure A17. Estimated emission vs actual emission (kg h-1) for single-release single-point 

emissions. The red dotted line is a 1:1 line based on actual emissions i.e. points below the line 

are underestimated and above are overestimated emissions. The gray region represents ±30% of 

the actual emission. Adj. R2 is the adjusted R2. The sample size is n..........................................125 

Figure A18. Estimated emission vs actual emission (kg h-1) for single-release single-point 

emissions. The red dotted line is a 1:1 line based on actual emissions i.e. points below the line 

are underestimated and above are overestimated emissions. The gray region represents ±30% of 

the actual emission. Adj. R2 is the adjusted R2. The sample size is n..........................................126 

Figure A19. Estimated emission vs actual emission (kg h-1) for single-release single-point 

emissions. The red dotted line is a 1:1 line based on actual emissions i.e. points below the line 

are underestimated and above are overestimated emissions. The gray region represents ±30% of 



xxi  

the actual emission. Adj. R2 is the adjusted R2. The sample size is n..........................................127 

Figure A20. Estimated emission vs actual emission (kg h-1) for single-release single-point 

emissions. The red dotted line is a 1:1 line based on actual emissions i.e. points below the line 

are underestimated and above are overestimated emissions. The gray region represents ±30% of 

the actual emission. Adj. R2 is the adjusted R2. The sample size is n..........................................128 

Figure A21. Estimated emission vs actual emission (kg h-1) for single-release single-point 

emissions. The red dotted line is a 1:1 line based on actual emissions i.e. points below the line 

are underestimated and above are overestimated emissions. The gray region represents ±30% of 

the actual emission. Adj. R2 is the adjusted R2. The sample size is n..........................................129 

Figure A22. Location of all non-oil and gas sources in this study’s DJ boundary ......................131 

Figure A23. Instrument setup. Top left: Aeris Strato analyzer (sampling at 1 Hz). Top right: 

Airmar instrument software displaying meteorological conditions. Center: Airmar 150 WX 

instrument (sampling at 1 Hz). Bottom: METEC truck with the Aeris inlet tubing collocated with 

the Airmar instrument. .................................................................................................................132 

Figure A24. Sample WindTrax configuration of an area source model. The green polygon is the 

facility layout with size configurations from Google Maps (Google, 2025). The truck represents 

the METEC truck with instruments: anemometer (A), CH4 concentration sensor (C), 

thermometer (T), and Pressure sensor (P). ...................................................................................133 

 

 

 

 

 

 

 

 



xxii  

LIST OF TABLES 
 
 
 
Table 1. Anemometer and gas analyzer input into EddyPro .........................................................28 

Table 2: Number of measured facilities relative to the total population........................................61 

Table 3. Modeled uncertainty cases used in WindTrax simulations .............................................64 

 

 

 

 

 

 



1  

CHAPTER 1: INTRODUCTION AND BACKGROUND 

 
 
 
1.0 Introduction 

1.1 Systems engineering context and application to methane emissions 

This PhD dissertation focuses on methane (CH4) emissions as a discipline situated within the 

Department of Systems Engineering. INCOSE (2025) defines Systems Engineering as a 

“transdisciplinary and integrative approach to enable the successful realization, use, and retirement 

of engineered systems, using systems principles and concepts, and scientific, technological, and 

management methods.”  Systems engineering emphasizes on: 

i. establishing, balancing, and integrating stakeholders’ goals, purposes, and success criteria; 

ii. defining lifecycle models, process approaches, and governance structures that address 

complexity, uncertainty, and change; 

iii. generating and evaluating alternative solution concepts and architectures; and 

iv. integrating diverse subsystems to ensure successful overall system performance. 

A notable example of a complex systems engineering challenge is the Boeing 787 program, 

launched in April 2004 with an anticipated completion in 2008. The program’s objective was to 

design a lightweight, fuel-efficient, long-range commercial aircraft—composed of 50% composite 

materials compared to 12% in the Boeing 777—to reduce airline operating costs and enhance 

passenger comfort. Initially estimated at $5–6 billion, the program eventually experienced delays 

of up to 40 months and cost overruns approaching $40 billion (adaorah, 2024; Mudavadi et al., 

2011; Niazi et al., 2006). The main challenge stemmed from Boeing’s outsourcing strategy. The 

company collaborated with more than 50 suppliers, each responsible for distinct subsystems, 

intending to lower development costs and distribute design risks. This shifted Boeing’s role from 
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that of a manufacturer to that of a system integrator. However, deficiencies in integration 

management, particularly in managing interfaces, requirements, configuration, and verification 

and validation, resulted in significant delays and cost growth. This example highlights that systems 

engineering is fundamentally a holistic approach to problem-solving that cuts across multiple 

disciplines and requires the coordinated integration of data, technologies, and teams. It is essential 

in addressing complex, large-scale challenges where subsystems cannot be effectively solved in 

isolation. 

In this context, this dissertation examines Downwind quantification of methane emissions: 

models’ uncertainties and variability across oil and gas and non-oil-and-gas sources. This work 

represents one component within the broader global effort to reduce methane emissions. While 

different research teams and organizations often specialize in distinct subsystems—such as oil and 

gas, landfills, or agriculture—and within these, employ diverse measurement technologies (e.g., 

aircraft-, satellite-, or vehicle-based instruments) and modeling tools, achieving collective success 

requires integrating data and insights across all sources (Figure 1). Only through such integration 

can we identify which subsystems are optimized, which offer opportunities for further mitigation, 

and how success can be measured at the system level, namely, total global methane reduction. 

This dissertation demonstrates that by viewing methane quantification as part of a larger 

system, cross-domain learning becomes possible. Concepts and methodologies proven in one 

subsystem (e.g., oil and gas) can be adapted to others (e.g., non–oil and gas sectors), enabling 

faster and more effective adoption. Ultimately, methane reduction requires a system-of-systems 

perspective—understanding emissions collectively across all sources to achieve meaningful global 

progress. 
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Figure 1. An illustration of methane emissions reductions as a complex systems engineering 
problem 

1.2 Methane emissions  

Methane (CH4) is a hydrocarbon that is a primary component of natural gas. It is also a 

greenhouse gas that is 28 times more potent than carbon dioxide in trapping heat in the atmosphere 

(US EPA, 2016). Methane affects the earth's temperature and climate system. Over the last two 

centuries, CH4 concentrations in the atmosphere have more than doubled mainly due to human-

related activities.  Methane is produced from both natural and human-influenced (anthropogenic) 

sources. These include oil and gas systems; agriculture; wastewater treatment; coal mining; 

stationary and mobile combustion; industrial processes; and wetlands, lakes, and reservoirs (US 

EPA, 2016). Methane is both powerful but short-lived in the atmosphere meaning targeting its 

reduction would have a significant effect of reducing global warming (US EPA, 2016). 

The global atmospheric CH₄ budget is generally categorized into total emissions, where 

CH₄ is added to the atmosphere, and total sinks, through which CH₄ is removed from the 

atmosphere. In a perfectly balanced system, these two processes would offset each other. However, 
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increasing human activities have disrupted this balance, leading to higher CH₄ emissions from 

sources such as fossil fuel extraction and use, agriculture, the waste sector, and biofuel combustion, 

compared to removal processes such as chemical oxidation in the atmosphere and soil absorption 

(Figure 2). According to Saunois et al. (2025), global CH₄ emissions during the 2010–2019 decade 

were estimated at 669 Tg CH₄ yr⁻¹ based on bottom-up approaches and 575 Tg CH₄ yr⁻¹ using top-

down approaches (Figure 2). Generally, bottom-up approaches estimate emissions from all 

potential sources at the source level and scale up by summing emissions from individual sources, 

whereas top-down approaches estimate emissions by using atmospheric methane concentration 

measurements to infer emission rates at larger spatial scales, such as regional or basin levels 

(Vaughn et al., 2018). 

 
Figure 2. Adapted from Saunois et al. (2025): The Global Methane Budget 2010-2019. Stacked 
bars show contributions from individual sources (emissions) and removal processes (sinks) for 
both bottom-up (left) and top-down (right) approaches. Values represent decadal averages in Tg 
CH₄ yr⁻¹. 
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In the Saunois et al. (2025) study, top-down CH4 emission estimates are based on in situ 

and Greenhouse Gases Observing Satellite (GOSAT) atmospheric observations and an ensemble 

of atmospheric inverse-model results while bottom-up estimates are based on process-based 

models for estimating land surface emissions and atmospheric chemistry, inventories of 

anthropogenic emissions, and data-driven extrapolations (Saunois et al., 2025). Corresponding 

global CH₄ sinks were estimated at 633 Tg CH₄ yr⁻¹ (bottom-up) and 554 Tg CH₄ yr⁻¹ (top-down). 

The resulting imbalance, representing the observed atmospheric CH₄ growth rate, was 

approximately 36 Tg CH₄ yr⁻¹ for the bottom-up and 21 Tg CH₄ yr⁻¹ for the top-down estimates. 

Based on the top-down assessment, anthropogenic activities accounted for roughly 65% of total 

CH₄ emissions, while natural sources contributed the remaining 35% (Saunois et al., 2025). 

Bottom-up estimates attribute 57% of emissions to direct anthropogenic and the 43% to natural 

plus indirect anthropogenic emissions (Saunois et al., 2025). This shows that human-related 

emissions are the biggest source of CH4 in the atmosphere. 

As a result, significant efforts are underway to reduce anthropogenic CH₄ emissions. 

Several international initiatives have been established to address this challenge, including the Oil 

and Gas Methane Partnership 2.0 (OGMP 2.0), led by the United Nations Environment Programme 

(UNEP, 2025), which focuses on emissions from the oil and gas sector. Additionally, programs 

supported by the Global Methane Hub and the Climate and Clean Air Coalition (CCAC) target 

methane mitigation across agriculture, waste, and energy systems (Global Methane Initiative, 

2004). In the United States, the Environmental Protection Agency (EPA) estimates that CH₄ 

emissions originate primarily from natural gas and petroleum systems (28%), followed by enteric 

fermentation (25%), landfills (16%), manure management (9%), coal mining (6%), flooded land 

(6%), and other sources (11%) (US EPA, 2025a). 
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Extensive efforts have been undertaken within the oil and gas sector to reduce fossil fuel 

emissions. For instance, through voluntary reporting programs such as OGMP 2.0, member 

companies disclose their emissions using a comprehensive, measurement-based international 

reporting framework. This proactive approach enables companies to stay ahead of regulatory 

compliance requirements, respond to investor and market expectations, enhance corporate 

reputation, and prevent revenue losses by reducing emissions. Beyond meeting Environmental, 

Social, and Governance (ESG) objectives and alleviating external pressures, these actions 

significantly contribute to global methane mitigation efforts for climate benefit. 

Companies also measure and mitigate their CH₄ emissions to comply with state, federal, 

and international regulations. At the state level, Colorado has implemented some of the most 

progressive methane regulations, including the phase-out of all CH₄-emitting pneumatics by May 

2027 (CDPHE, 2025a) and through the Oil and Gas Annual Emission Inventory Reporting 

(ONGAEIR), which requires operators to submit annual emissions data (CDPHE, 2025b). At the 

federal level, methane emissions from U.S. oil and gas production are compiled by the 

Environmental Protection Agency (EPA) under Subpart W (EPA, 2023). Internationally, the 

European Union (EU) is developing regulations requiring oil and gas exporters to measure, report, 

and verify CH₄ emissions throughout the supply chain (EU, 2024). 

Regulations in the oil and gas sector are generally more stringent than in other sectors, as 

leaks can often be more readily identified and mitigated compared to methane sources from 

livestock or waste. Collectively, all emission sources illustrated in Figure 2 contribute to the global 

methane budget and represent opportunities for targeted mitigation. 
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1.3 Research motivation 

This PhD dissertation comprises two distinct studies. The first, titled “Evaluating the 

Feasibility of Using Downwind Methods to Quantify Point Source Oil and Gas Emissions Using 

Continuously Monitoring Fence-Line Sensors,” focuses on the quantification of CH₄ emissions at 

oil and gas facilities using continuous monitoring sensors. Specifically, this study aimed to address 

challenges associated with quantifying emissions using these technologies, as reported by Ilonze 

et al. (2024). Continuous monitoring solutions are increasingly employed in the oil and gas sector 

to detect and quantify CH₄ emissions. These systems are particularly valuable because they provide 

both temporal and spatial characterization of emissions, offering advantages over traditional 

survey methods such as aerial flyovers. Figure 3 illustrates a sample configuration of multiple 

continuous monitoring sensors deployed within an oil and gas facility. 
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Figure 3. Sample configuration of continuous monitoring sensor deployment in an oil and gas 
facility (AI-generated image). Source: Created with ChatGPT (2025) based on concept adapted 
from Herrick (2019). 
 

However, these solutions are often associated with high uncertainties in emission 

quantification. In a controlled release study, Ilonze et al. (2024) reported that emissions were 

misestimated by continuous monitoring solutions by factors ranging from 0.2 to 42 for releases 

between 0.1 and 1 kg CH₄ h⁻¹, and from 0.08 to 18 for emissions greater than 1 kg CH₄ h⁻¹. A CH₄ 

continuous monitoring system typically consists of three main components: the sensor, the 

deployment configuration, and the data analytics used to estimate emissions in mass per unit time. 

This study focuses on uncertainties associated with the analytics phase; wherein atmospheric 

dispersion models are applied to infer emission rates (Figure 4). Specifically, this first study 

evaluates three atmospheric dispersion models suitable for oil and gas quantification using an Off-
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Axis Integrated Cavity Output Spectroscopy (latest evolution in tunable diode laser absorption 

spectroscopy) instrument collocated with an ultrasonic anemometer. The models examined include 

the closed-path eddy covariance method, the backward Lagrangian stochastic model, and the 

Gaussian plume inverse model. 

 
Figure 4. Illustration of a CH₄ continuous monitoring solution comprising three key components: 
the sensor, its deployment configuration, and the analytics used to convert atmospheric 
observations into emission rates (e.g., kg CH₄ h⁻¹). 
 

 

The second study, titled “A Comparison of Bottom-Up, Measurement-Based and EPA 

Inventory Methane Emission Estimates for Non–Oil and Gas Sources in the Denver–Julesburg 

Basin, Colorado” develops an inventory of non–oil and gas CH₄ emissions in the Denver–

Julesburg Basin (39.9–40.7°N, 105.3–104.2°W) using two complementary bottom-up approaches: 

using U.S. EPA emission factors and measurement-based estimates derived from vehicle-based 

facility-level measurements. The non–oil and gas sources considered in this study include 

concentrated animal feeding operations (CAFOs), landfills, wastewater treatment plants, and lakes 
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or reservoirs. As shown in Figure 2, these sources represent significant contributors to total CH₄ 

emissions and offer considerable potential for mitigation, despite receiving less regulatory and 

research attention than oil and gas sources. 

Within the CH₄ research community, discrepancies between inventories and measurement-

based emission estimates are frequently reported. For example, Song et al. (2023) reported that 

methane emissions from wastewater treatment facilities were underestimated by approximately 

50% in EPA inventories. Similarly, Rutherford et al. (2021) highlighted efforts to bridge the gap 

between bottom-up and top-down inventories within the oil and gas sector. Vaughn et al. (2018) 

further suggested that temporal variability plays a major role in explaining discrepancies between 

top-down and bottom-up CH4 estimates in natural gas production regions. 

The OGMP 2.0 Level 5 reporting framework emphasizes reconciling source-level (bottom-

up) and site-level (top-down) measurements conducted by companies. This study seeks to address 

the persistent challenge of discrepancies between measurement-based and bottom-up CH₄ 

emission estimates by reducing the temporal bias inherent in survey-based measurements, which 

are often compared against bottom-up inventories. To illustrate this issue, consider an aerial or 

satellite survey that measures emissions on a single day out of a year. The emissions observed 

during this brief window are then extrapolated to represent all potential sources across the region 

for the entire year. These annualized estimates are subsequently compared to EPA inventories or 

reporting programs that rely on annual averages. Such extrapolations are based on an essential 

ergodic assumption, that emissions from a single system observed over time are equivalent to 

emissions from many systems observed simultaneously (i.e., variation in time equals variation in 

space). 
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However, for the ergodic assumption to hold, the emission distribution during the 

observation window must remain constant throughout the year. This would require that all system 

failure modes, environmental influences, operational conditions, and regulatory changes affecting 

emissions are adequately represented within that single measurement period, a condition that is 

rarely met in practice. In summary, this study addresses this limitation by employing a 

measurement-based approach that seeks to minimize temporal variability through 12 months of 

survey observations. It further provides a weighted extrapolation method to scale snapshot 

measurements both annually and spatially (across all facilities), enabling more representative 

comparisons with bottom-up inventories. Although the present analysis focuses on non–oil and 

gas sources, the extrapolation framework developed here can also be applied to oil and gas 

emission sources. 

1.4 Research objectives and hypotheses 

1.4.1 Objective 1: Evaluating the feasibility of using downwind methods to quantify point 

source oil and gas emissions using continuously monitoring fence-line sensors  

The first objective of this dissertation is to evaluate the overall quantification accuracy of 

the closed-path eddy covariance (EC), backward Lagrangian stochastic (bLs) model, and the 

Gaussian plume inverse method (GPIM) in quantifying single-release single-point (i.e., single 

emission at the site level) and multi-release single-point (i.e., multiple emissions at the site level, 

but the mast was downwind of a single source) emissions that simulate oil and gas emissions. 

Specifically, the objective seeks to assess the overall quantification accuracy expressed in terms of 

the linear regression slope of estimated versus actual emissions and the coefficient of 

determination (R²) for the closed-path EC, bLs model, and GPIM methods. 
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Research hypotheses 

H1a (Quantification accuracy): 

Each of the closed-path EC, bLs, and GPIM methods will demonstrate strong linear 

relationships (R² close to 1) between estimated and actual emission rates, indicating high 

quantification accuracy for both single-release single-point and multi-release single-point 

experiments. 

H0a (Null): 

Each of the closed-path EC, bLs, and GPIM methods will not demonstrate strong linear 

relationships (low R² or slopes substantially different from 1) between estimated and actual 

emission rates, indicating low quantification accuracy. 

H1b (Emission type consistency): 

Each method is expected to maintain comparable quantification accuracy across single-

release single-point and multi-release single-point emission scenarios, with regression slopes near 

unity and consistent R² values. 

H01b (Null): 

Each method’s quantification accuracy will vary noticeably between single-release single-

point and multi-release single-point emission scenarios. 
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1.4.2 Objective 2: A comparison of bottom-up, measurement-based and EPA inventory 

methane emission estimates for non–oil and gas sources in the Denver–Julesburg basin, 

Colorado 

The second objective of this dissertation is to generate a bottom-up inventory of CH₄ emissions 

in the Denver-Julesburg (DJ) Basin study region using EPA and measurement-based emission 

factors. Specifically, this study: 

a. Generates measurement-based emission factors (EFs) for concentrated animal feeding 

operations (CAFOs) (dairy cows, cattle, sheep), landfills, wastewater treatment plants, and 

lakes/reservoirs; 

b. Using these EFs, develop a measurement-based inventory for CH₄ from non-oil and gas 

sources in the DJ Basin; 

c. Compare the generated EFs and measurement-based emission inventory with the EPA 

inventory and other measurement-based studies; and 

d. Investigates seasonal variability in EFs for CAFOs, municipal solid waste landfills, wastewater 

treatment plants, and lakes/reservoirs. 

Research hypotheses 

H2a (Emission factor estimation): 

Measurement-based CH₄ EFs derived for CAFOs, landfills, wastewater treatment plants, 

and lakes/reservoirs in the DJ Basin will fall within the range of values reported in previous 

measurement-based studies and inventories, such as those from the EPA. 

H02a (Null): 
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Measurement-based CH₄ emission factors (EFs) derived for CAFOs, landfills, wastewater 

treatment plants, and lakes/reservoirs will deviate substantially from previously reported or EPA 

inventory values. 

H2b (Seasonal variability): 

Measurement-based CH₄ emissions and emission factors from CAFOs, landfills, 

wastewater treatment plants, and lakes/reservoirs will exhibit consistent, measurable seasonal 

variability, with higher emissions expected during winter months due to reduced oxidation and 

enhanced methane accumulation under stable atmospheric conditions. 

H02b (Null): 

Measurement-based CH₄ emissions and emission factors from CAFOs, landfills, 

wastewater treatment plants, and lakes/reservoirs will not exhibit significant or consistent seasonal 

variability across the DJ Basin. 

H2c (Inventory comparison): 

The measurement-based CH₄ inventory for non–oil and gas sources in the DJ Basin will 

align reasonably well with the EPA inventory and other recent measurement-based studies, 

reflecting similar source contributions and emission magnitudes. 

H02c (Null): 

The measurement-based CH₄ inventory for non–oil and gas sources in the DJ Basin will 

differ significantly from the EPA inventory and other measurement-based studies in terms of 

source contributions or total emission magnitudes. 
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CHAPTER 2: EVALUATING THE FEASIBILITY OF USING DOWNWIND METHODS 

TO QUANTIFY POINT SOURCE OIL AND GAS EMISSIONS USING CONTINUOUSLY 

MONITORING FENCE-LINE SENSORS 

 
 
 
Mbua, M., Riddick, S. N., Kiplimo, E., Shonkwiler, K. B., Hodshire, A., & Zimmerle, D. (2025). 

Evaluating the feasibility of using downwind methods to quantify point source oil and gas 

emissions using continuously monitoring fence-line sensors. Atmospheric Measurement 

Techniques, 18, 5687–5703. https://doi.org/10.5194/amt-18-5687-2025 
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2.1 Abstract 

 The dependable reporting of methane (CH4) emissions from point sources, such as fugitive 

leaks from oil and gas infrastructure, is important for profit maximization (retaining more 

hydrocarbons), evaluating climate impacts, assessing CH4 fees for regulatory programs, and 

validating CH4 intensity in differentiated gas programs. Currently, there are disagreements 

between emissions reported by different quantification techniques for the same sources. It has been 

suggested that downwind CH4 quantification methods using CH4 measurements on the fence-line 

of production facilities could be used to generate emission estimates from oil and gas operations 

at the site level, but it is currently unclear how accurate the quantified emissions are. To investigate 

downwind methods’ accuracy, this study uses fence-line simulated data collected during controlled 

release experiments as input for a non-standard closed-path eddy covariance (EC), the Gaussian 

plume inverse method (GPIM), and the backward Lagrangian stochastic (bLs) model in a range of 

atmospheric conditions. This study’s EC attempt was unsuccessful due to data collection and 

instrumentation issues, resulting in invalid results characterized by underestimated emissions, 

large negative fluxes, and cospectra/ogives that deviated from their ideal shapes. Consequently, 

the EC results could not be compared with the GPIM or the bLS models. The bLs model 

demonstrated the highest accuracy for single-release single-point emissions, though it exhibited 

greater uncertainty than GPIM under multi-release conditions. Across GPIM and bLs models, the 

most reliable quantification was achieved with 15-minute averaging and a narrow 5° wind-sector 

range. Although EC was limited in this context, future studies should consider employing a 

standard EC system and further optimizing GPIM and bLs approaches—particularly for complex 

multi-source scenarios—to enhance quantification accuracy and reduce uncertainty. 
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2.2 Introduction  

Reducing methane (CH4) emissions from oil and gas systems is necessary for adhering to 

regulations and voluntary reporting frameworks such as the Oil & Gas Methane Partnership 2.0 

(OGMP 2.0) (UNEP, 2024). The OGMP 2.0 provides a comprehensive measurement-based 

international reporting framework allowing companies to stay ahead of regulatory compliance 

requirements, meet investor and market pressure, have an enhanced corporate image, and prevent 

revenue loss by lowering their emissions. In the US, currently, the amount of CH4 emitted from 

US oil and gas production are compiled by the US Environmental Protection Agency (EPA) under 

Subpart W. Typically, companies use a bottom-up inventory approach where emission factors (CH4 

emissions per equipment e.g., separator or emissions per event e.g., liquid unloading) are 

multiplied by activity factors (total number of pieces of equipment or events (US EPA, 2023a) to 

generate emissions.  This quantification approach has several shortcomings, including: 1. It 

separately calculates CH4 emissions from natural gas and petroleum systems, which practically are 

not independent systems, and can result in bias based on changes in gas to oil ratios throughout a 

basin (Riddick et al., 2024a); 2. Some emission factors used are outdated (Riddick et al., 2024c) 

and others do not account for the temporal and spatial variation in emissions (Riddick and 

Mauzerall, 2023); 3. Emission factors do not account for the long-tail distributions (Riddick et al., 

2024b); 4. Difficulty in obtaining a truly representative sample from a large diverse population to 

generate emission factors (Allen, 2014); and 5. Possibly unreliable data reported by operators 

(Chan et al., 2024). Recently, mechanistic models, such as the Mechanistic Air Emissions 

Simulator (MAES), have been developed to address shortcomings in bottom-up CH4 reporting 

(Mollel et al., 2025), but these still depend on direct measurements to inform emission factors. 
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Top-down methods, including using aircraft such as Bridger Photonics LiDAR (Light 

Detection and Ranging; 90% detection limit of ~ 2 kg h-1) (Johnson et al., 2021) and satellites such 

as Carbon Mapper (predicted 90% detection limit of about 100 kg h-1) (Carbon Mapper, 2025) can 

also be used to infer emissions. However, these survey methods only quantify emissions over a 

very short period of time (< 10 s) and observations are typically made during the day which can 

often coincide with maintenance activities that can bias emissions and result in overestimation 

(Riddick et al., 2024a; Zimmerle et al., 2024). Additionally, different top-down technologies 

measuring the same source have disagreed in their reported emissions which has called into 

question the credibility of these methods (Brown et al., 2023; Conrad et al., 2023). As a result, 

ensuring accuracy in models and technologies used in CH4 emissions quantification has been a 

complex issue.   

 Currently, fence-line methods are used to detect, localize and quantify emissions. This 

approach uses point sensors fixed to the fence-line of the production site and emissions detected 

when the measured concentration exceeds a threshold, localized by triangulating multiple 

detections and quantified using a simple dispersion modelling framework, usually based on a 

Gaussian plume inverse approach (Bell et al., 2023; Day et al., 2024; Riddick et al., 2022a). 

Detection and localization of simulated fugitive emissions using this approach have been 

demonstrated successfully in controlled release studies. For example, Ilonze et al. (2024) reported 

a 90% probability of detection for emissions between 3.9 and 18.2 kg CH₄ h⁻¹ using multiple point 

sensors and scanning/imaging systems. However, significant uncertainty in quantification 

remains; their study reported emissions being misestimated by a factor of 0.2 to 42 for releases 

between 0.1 and 1 kg CH₄ h⁻¹, and by a factor of 0.08 to 18 for emissions above 1 kg CH₄ h⁻¹. 

While informative, the methods in  Ilonze et al. (2024) differ in key ways from those employed 
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here—specifically, their use of multiple sensors and a distributed monitoring configuration as 

opposed to the single-instrument, fence-line-based framework used in our study—limiting direct 

comparison of quantification accuracy. This study will evaluate the quantification accuracy of the 

closed-path eddy covariance (EC), Gaussian plume inverse model (GPIM), and the backward 

Lagrangian stochastic model (bLs) for oil and gas point source quantification using a single-

instrument deployed at a fence line distance. 

Eddy covariance is a vertical flux gradient measurement that measures CH4 emissions 

based on the covariance between CH4 concentrations measured using a fast-response analyzer (> 

10 Hz) and vertical wind vector measured by a fast-response sonic anemometer (>10 Hz) (Figure 

5; Morin, 2019). It is typically implemented over long homogeneous fetches where eddy mixing 

scale is a small fraction of the distance from the site providing more predictable vertical transport. 

Dumortier et al. (2019) used EC to estimate known point source emissions at a cow’s muzzle 

height and reported the model could estimate emissions between 90 and 113% of the true emission. 

Dumortier et al. (2019) stated the optimal controls for point source quantification and footprint 

modelling are using running mean, 15-minute averaging periods, not applying the Foken and 

Wichura (1996) stationarity filter, and using the  Kormann and Meixner (2001) footprint function. 

The study tested the model using an artificial CH4 source at 0.8 m, programmed to emit when 

winds were coming from the source direction (± 45º), and when friction velocity (u*) was above 

0.13 m s-1. In the point source testing of Dumortier et al. (2019), they noted that amplitude 

resolution, skewness and kurtosis tests were disabled as they deleted almost all periods involving 

the artificial source in the footprint. Rey-Sanchez et al. (2022) studied the accuracy of the Hsieh 

model (Hsieh et al., 2000), the Kljun model (Kljun et al., 2015) and the K & M model (Kormann 

and Meixner, 2001) in calculating the footprint of point source hot spots using footprint-weighted 
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flux maps. The study reported the K & M model to be the most accurate. Polonik et al. (2019) 

compared five gas analyzers, two open-paths, two enclosed-path and one closed-path analyzer for 

carbon dioxide EC measurements. The study noted that while open-path sensors minimize spectral 

attenuation and require smaller spectral correction factors compared to sensors with an inlet tube 

such as a closed-path sensor, open-path sensors risk data loss in non-ideal conditions like 

precipitation, fog, dust or dew. The main challenge of applying EC for continuous monitoring of 

oil and gas sites is instrument limitations (requires deployment of multiple sensors throughout a 

facility; sensor cost is a factor), statistical tests, and quality controls, all of which could filter out 

some of the data.  

 

 
 

Figure 5: Illustrations of eddy covariance where CH4 is methane concentrations, and w is vertical 
wind speed. 

 

The GPIM method calculates CH4 emission rate as a function of mole fraction at a point in 

space (x, y, z), downwind distance, perpendicular distance (crosswind), mean wind speed and 
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atmospheric stability (Figure 6 (a); Riddick et al., 2022b).  This method has been used to quantify 

emissions from oil and gas production sites especially for survey solutions (Riddick et al., 2022b). 

For a single point-source, Riddick et al. (2022b) reported absolute uncertainties of between 40.7 

and 60% in a controlled release experiment involving 10 replicate measurements of compressed 

natural gas (1.5 m release height), with concentrations measured using a mobile vehicle survey. 

While this differs from continuous fence-line deployment, it offers insight into the inherent 

uncertainty of the GPIM method in field conditions. Using controlled single point source tests, 

Foster-Wittig et al. (2015) reported average errors of between -5 to 6%.  The limitations of the 

GPIM method are that it assumes a homogeneous emission source, steady-state flow, and uniform 

dispersion of gas in an open area free of obstructions (Hutchinson et al., 2017). 

The bLs model adapted in WindTrax can simulate the transport of gases from point sources 

that emit them (Figure 6 (b); Crenna, 2006). The model releases individual particles and follows 

them along their unique path in air by mimicking random, turbulent motion of the atmosphere. 

Tagliaferri et al. (2023) investigated the validity of WindTrax in quantifying emissions from 

complex sources and reported the model to be reliable under neutral conditions, underestimated 

emission rates during unstable stratification and overestimated emissions during stable conditions. 

Similarly to the GPIM method, the model assumes free flow of air in the absence of obstructions 

and uses time-averaged data as input. 
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Figure 6. (a) 1 (a) A plume that follows a Gaussian plume inverse model, where the emission rate 
can be inferred from concentrations at different downwind distances and crosswind distances. (b) 
An illustration of how the backward Lagrangian stochastic model traces particles to the source.  
 

Continuous monitoring of CH4 emissions using fence line sensors requires proper 

quantification of intermittent and persistent releases from oil and gas during all release (complex 

emission profiles) and atmospheric conditions (unstable, neutral and stable). Oil and gas emissions 

are characterized by intermittent, non-uniform, single or multiple point source emissions, varying 

in leak size, location, height and distance between the source and sensor, and are typically in 

complex aerodynamic environments (i.e. not flat).  An ideal quantification model should always 

quantify emissions and should capture short and long-lasting emission events. Most models have 

been validated to work best during neutral conditions for single point sources. However, it is 

important to test and apply these models during non-neutral conditions as well as these are part of 

real-world conditions where continuous monitoring is applied. In this study, we evaluate if using 

a readily available CH4 cavity ring down analyzer for models’ quantification such as the closed-

path EC is a feasible solution to quantify point source emissions.  
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This study aims to inform the feasibility of downwind quantification models in oil and gas 

settings by investigating which models are likely to work most of the time with instrumentation 

that is typically available for fence-line deployment. Fence-line sensor deployments involve 

multiple sensors, continuously running in all conditions and providing emissions data.  Using 

robust releases and environmental conditions, this study aims to investigate the performance of 

these methods in quantifying emissions for known gas release rates and evaluating uncertainties 

that could result in incorrect CH4 reporting. Specifically, the study will evaluate the overall 

quantification accuracy (linear regression slope of estimated versus actual emissions, and R2) of 

closed-path EC, bLs model, and the GPIM method in quantifying single-release single-point and 

multi-release single-point emissions that simulate oil and gas emissions.  

2.3 Methods 

2.3.1 Experimental setup 

Controlled release experiments were conducted at the Colorado State University’s Methane 

Emissions Technology Evaluation Center (METEC) in Fort Collins, CO (USA, ~ 105 km north of 

Denver) between February 8, and March 20, 2024. The METEC center is a simulated oil and gas 

facility that does controlled testing for emissions leak detection and quantification technology 

development, field demonstration, leak detection protocol and best practices development 

(Colorado State University, 2025a). The weather conditions during the test period were mostly 

sunny but precipitation was also observed (32 sunny, 7 snowy, 12 rainy, 7 cloudy and 1 foggy day; 

Section A1 in the Appendix). Wind speeds were between 0 and 25 m s-1 and temperatures ranged 

between -15 and +19 °C (Section A1 in the Appendix). A stationary mast holding the 

instrumentation was setup on the North-West corner of METEC to take advantage of the 

predominant wind direction, avoid the largest aerodynamic obstructions and to simulate the likely 
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placement of a fence-line instrument (Day et al., 2024; Riddick et al., 2022a). Fence-line sensors 

are typically placed within the oil and gas perimeter (~30 m). This study collected data for what 

we considered as close and far away releases; distances between 9 and 94 m.  

Methane concentration data for closed-path EC, GPIM and bLs methods were collected 

through an inlet tubing (3.275 mm inner diameter) at 3 m height, connected to the ABB (Zurich, 

Switzerland) GLA131 Series Microportable Greenhouse Gas Analyzer (MGGA) set to sample at 

10 Hz. The MGGA is a closed-path greenhouse gas analyzer with a ~3.2 L min-1 pump flowrate, 

10 cm cell length, 2.54 cm cell diameter (~0.23 standard cubic centimeters per minute (sccm) 

effective volume), and 0.4 s gas flow response time. The inlet tubing was collocated with an R. M. 

Young (Traverse City, MI, USA) 81000 sonic anemometer which measured micrometeorology at 

10 Hz (Figure 7B). The northward, eastward and vertical separation of the inlet tubing from the 

sonic anemometer was 0, 0, -10 cm, respectively.  

 

Figure 7: A: Map illustration of major pieces of equipment and the measurements points at 
Colorado State University’s Methane Emissions Technology Evaluation Center (METEC) in Fort 
Collins, CO, USA.  Equipment 4S denotes horizontal separators, 4W are well heads, 4T are tanks, 
5S are vertical separators and 5W are well heads. B is the measurement point for the Microportable 
Greenhouse Gas Analyzer for closed-path eddy covariance, Gaussian plume inverse model and 
backward Lagrangian stochastic model quantification. The inlet tubing and the sonic anemometer 
are at 3 m height. The red dotted lines with yellow numbers show the average distances (meters) 
between emission equipment and measurement point. The orange numbers show the range of 
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emission heights (meters) for each equipment. The analyzers were hosted in a temperature-
controlled box.  
2.3.2 Controlled methane releases 

Controlled releases were part of the METEC Spring 2024 Advancing Development of 

Emissions Detection (ADED) Campaign conducted between February 6 and April 29, 2024 

(Colorado State University, 2025b). Natural gas of known CH4 content was released from above-

ground emission points attached to equipment typically present in an oil and gas facility (tanks, 

separators and well pads). The gas release rates ranged between 0.01 kg h-1 and 8.7 kg h-1, and the 

release durations ranged from 10 seconds to 8 hours, simulating both fugitive and large emission 

events. The releases were run both during the day and night. The distance from the release points 

to the measurement points ranged between 9 and 94 m, and emission heights were between 0.1 

and 4.9 m (Figure 7A). Emission points simulate the realistic size and locations of typical 

emissions from components such as the thief hatches, pressure relief valves, flanges, bradenheads, 

pressure transducers, Kimray valves and vents. The releases included both single-point emissions 

(single releases) and multi-point emission events (multiple simultaneous releases). 

2.3.3 Calculation of roughness length 

Surface roughness length (z0) was calculated from friction velocity (Section A2.1 in the 

Appendix: Equations A1 and A2) by splitting the high frequency sonic anemometer data into 15-

minute tables and filtering for those in neutral conditions, |L| > 500 (Section A2.1 in the Appendix: 

Equation A3). The overall roughness length selected as the median of all the calculated z0 was 0.1 

m (Rey-Sanchez et al., 2022).  
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2.3.4 Model quantification 

2.3.4.1 Eddy covariance 

Data pre-processing 

Evaluating the MGGA CH4 data showed that actual sampling was between 4 and 12 Hz 

(majority of the data collected at approximately 6 Hz), even though the analyzer had been 

configured to sample at 10 Hz (Section A2.2 in the Appendix). To account for this sampling 

variability, data were filtered to when sampling was equal to or greater than 8 Hz. Data sampled at 

frequencies above 8 Hz were down sampled to 8 Hz. The 8 Hz frequency threshold was selected 

to ensure uniform sampling, enough data for model evaluation as most sampling was at lower 

frequencies, and to preserve as much temporal resolution as possible given the system limitations. 

The sonic anemometer meteorological data (horizontal wind vectors (u, v), vertical wind vector 

(w), temperature (T), and pressure (P)) actual sampling varied between 7 and 9 Hz with the most 

frequent frequency at 8 Hz (Section A2.2 in the Appendix). As the MGGA gas analyzer and sonic 

anemometer were not designed to clock synchronously, using the MGGA CH4 clock time as a 

reference, meteorological data from the sonic anemometer were matched to the MGGA CH4 data 

using linear interpolation to generate concentration-meteorological 8 Hz data. While in an ideal 

circumstance of a fast pump and short tube length a correct timeseries matching can be achieved 

through establishing a clear point of maximum covariance when determining the time lag, this is 

difficult for our system due to a 3 L min-1 pump flowrate and a 3 m tubing that caused both 

attenuation and time lag. 

The aggregated concentration-meteorological data were then merged with METEC’s 

release data and metadata, and release event tables created. Release event tables were aggregated 

tables of concentration, meteorology and release (emission source location, duration and rate) 
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information for all defined release events at METEC. The concentration-meteorological-release 

event data were then separated into single-release and multi-release events. Single-release events 

were when there was a single emission point at the site level, while multi-release events were when 

there was more than one emission point at the site level. The concentration-meteorological-release 

event tables were split into 5, 15 and 30-minute release event tables (i.e. there was a continuous 

release in the duration). Based on the bearing of the emission point to the measurement point and 

the average wind direction in the duration, the data was further filtered to downwind data, ±10º, 

±20º, and ±45º.  

Flux calculation 

Turbulent fluxes were calculated using the open software EddyPro® version 7 (LI-COR 

Biosciences, 2021). Acquisition frequency was set at 8 Hz, while file duration and the flux interval 

were set at 5, 15, and 30 minutes, respectively, depending on the files being processed. Table 1 

shows the instruments input to the software. 
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Table 1. Anemometer and gas analyzer input into EddyPro 

Anemometer 

Information 

 Gas Analyzer 

Information 

 

Manufacturer Young Manufacturer Other 

Model 81000 Model Generic closed path 

Height 3 m Tube length 300 cm 

Wind data format u, v, w Tube inner diameter 3.275 mm 

North alignment  Nominal tube flow 

rate 

3.2 L min-1 

North offset 0.0 Northward separation 0.00 cm 

Northward separation Reference Eastward separation 0.00 cm 

Eastward separation  Reference Vertical separation -10.00 cm 

Vertical separation Reference Longitudinal path 

length 

10.00 cm 

Longitudinal path 

length 

 Transversal path 

length 

2.54 cm 

Transversal path 

length 

 Time response 0.4 s 

 

In raw data processing, axis rotations for tilt correction under wind speed measurement 

offsets were selected. Under turbulent fluctuations, double rotation and block average detrend 

methods were used. Covariance maximization with default was used for time lag detection; time 

lags detection was enabled. Compensation for density fluctuations (Webb-Pearman-Leuning 

terms) (Webb et al., 1980) was disabled as the MGGA analyzer synchronously reported dry CH4 

and water mole fractions, cell temperature and pressure. Mauder and Foken (2004) (0-1-2 system) 

were used for quality check. All statistical tests for raw data screening, (Vickers and Mahrt, 1997)– 

spike count/removal, amplitude resolution, drop-outs, absolute limits, skewness and kurtosis, 

discontinuities, time lags, angle of attack and steadiness of horizontal wind were selected. The 
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default values for all these tests were used. Similarly, default settings for spectral analysis and 

corrections were used. Analytic correction of high-pass filtering effects (Moncrieff et al., 2005) 

for low frequency range; and correction of low-pass filtering effects (Fratini et al., 2012, in situ 

analytic and instruments separation; Horst and Lenschow, 2009, only crosswind and vertical) in 

the high-frequency range were used. 

Post-processing 

Flux data were flagged “2”, low quality,  based on Mauder and Foken (2004) (0-1-2) quality 

system. Cospectral analysis revealed that the EC system in this study smoothed out low-frequency 

eddies, as the cospectra lacked the ideal shape characterized by a low-frequency rise, a peak region, 

and a high-frequency decay (Section A2.3.1 in the Appendix). While the slope in the high-

frequency region varies around the theoretical −4/3 slope, the cospectral data followed the 1:1 line, 

indicating consistent spectral shape across sampling periods. We also examined the relationship 

between CH₄ flux and friction velocity (u*) to identify a u* threshold below which flux estimates 

may be unreliable (Section A2.3.2 in the Appendix). However, no consistent relationship was 

observed across atmospheric stability classes (unstable, stable, and neutral). CH₄ fluxes varied 

widely—including both positive and negative values—across the full range of u* (~0 to 1 m s⁻¹), 

with no discernible threshold beyond which fluxes stabilized. This indicated that CH₄ fluxes were 

effectively independent of u*, and thus, data from all u* values were retained. Ogive analysis was 

conducted to assess whether averaging durations of 5, 15, and 30 minutes were sufficient for 

capturing the full turbulent flux. The resulting ogive curves deviated from the ideal asymptotic 

shape, particularly at the highest and lowest frequencies (Section A2.3.3 in the Appendix). Notably, 

the curves did not exhibit a clear plateau near the low-frequency end, where cumulative flux should 

approach unity. This indicates incomplete flux capture. Furthermore, the similarity in ogive shapes 
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across different frequencies—mirroring patterns seen in the cospectra—suggests a lack of 

significant turbulent contributions and the influence of non-turbulent, possibly advective, 

processes. These results imply that the EC system may not have fully resolved the flux due to 

either insufficient averaging time, non-stationarity, or instrument-related limitations (Section 

A2.3.4 in the Appendix). As positive fluxes are generally considered emissions, and negative 

fluxes depositions, data were further filtered for positive fluxes which were then quantified to 

emission rates. 

Footprint calculation 

Eddy covariance footprints were calculated using the Kljun et al. (2015) and the Kormann 

and Meixner (2001) footprint models. For the  Kljun et al. (2015), the freely online MATLAB 

code of the model was used, while the Kormann and Meixner (2001) was coded in MATLAB. To 

determine the point source footprint contribution, the study first calculated the area that contributed 

90% of the vertical flux; and based on the location (x and y coordinates based on wind direction 

and distance from source) of the point source, the source was determined if it was within the 90% 

footprint area. Point source emissions of sources within this region were then calculated based on 

the approach by Dumortier et al. (2019).  This approach assumes all measured flux is equal to flux 

resulting from a single point source. In case of the mast being downwind of more than one source, 

more sonic anemometers are needed to solve the two unknown point source fluxes. 

2.3.4.2 Gaussian plume inverse method 

Data pre-processing 

Methane concentration data from the MGGA analyzer and meteorology data from the sonic 

anemometer were averaged to 1 Hz and aggregated. The aggregated concentration-meteorological 

data were merged with METEC’s release data and metadata, and release event tables created. The 
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concentration-meteorological-release event data were then separated into single-release and multi-

release events. For single-release events, the concentration-meteorological-release event tables 

were split into 5, 15 and 30-minute release event tables. Based on the bearing of the emission point 

to the measurement point and the average wind direction in the duration, the data was further 

filtered to downwind data, ±5º, ±10º and ±20º wind sector ranges. Multi-release events were further 

classified into multi-release single-point emissions (i.e., there were multiple emissions at the site 

level, but the mast was downwind of a single source) and multi-release multi-point emissions (i.e. 

there were multiple emissions at the site level and the mast was downwind of more than one 

source).  This study focuses on single-release single-point and multi-release single-point 

emissions. For continuous monitoring sensors, background concentration can be determined from 

CH4 concentrations measured by a sensor upwind of the emission source, or by sampling when the 

wind is blowing away from the source. However, for continuous monitoring sensors, using an 

upwind sensor has the limitation of missing downwind background noise resulting from emissions 

in the preceding emission event where there is residual CH4 in air especially during stable 

conditions, and capturing sensors drift in the downwind sensor. In this study, background CH4 was 

calculated as the average of the lowest 5th percentile, 5 minutes before each release started. In cases 

where this background was greater than the mean CH4 concentration in the quantifying duration, 

the minimum CH4 concentration for that duration was used as the background.  Methane 

enhancement was then calculated as CH4 concentration minus the background. 

Quantification 

The GPIM was evaluated under six scenarios (two equations and three different dispersion 

coefficients generations) using single-release single-point emissions to test when the model works 

best (Section A2.1 in the Appendix: Equation A7 and A8). Dispersion coefficients were generated 
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based on (1) high frequency sonic anemometer data at ~ 10 Hz, (2) EPA point-source dispersion 

coefficients (US EPA, 2013), and (3) 1 Hz sonic anemometer data. The scenario with the slope 

closest to 1, and highest R2 across averaging durations, and wind sector ranges was selected and 

used for multi-release single-point emissions quantification. For single-release tables, the 

measurement point was downwind of a single source (single-release single-point emission), hence 

the tables were quantified as they were. However, for multi-release events, the tables were further 

processed as the GPIM method is designed to quantify a single point source at a time. For multi-

release events, the number of emission points in the downwind tables were used to further classify 

the tables into multi-release single-point emissions (i.e. there were multiple emissions at the site 

level, but the mast was downwind of a single source), and multi-release multi-point emissions (i.e. 

there were multiple emissions at the site level and the mast was downwind of more than one 

emission source). The GPIM method was only used for multi-release single-point emissions. 

 2.3.4.3 Backward Lagrangian stochastic model 

Pre-processed data from the GPIM method was used for bLs quantification. Quantification 

was done using WindTrax 2.0 (Crenna, 2006; WindTrax 2.0, 2020). For every 5-, 15- and 30-

minute duration in the ±5º, ±10º, and ±20º, respectively, inputs included roughness length (z0), 

Monin-Obukhov length (L- Section A2.1 in the Appendix: Equation A3), mean (wind speed, wind 

direction, concentration, pressure, temperature), background concentration, source height, and 

distance from the emission point to sensor. WindTrax is also designed to quantify a single point 

source at a time, and hence, was only used to quantify single-point single emissions and multi-

point single emissions. 
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2.4 Results 

2.4.1 Eddy covariance 

2.4.1.1 Single-release single-point emissions 

For single-release single-point (SRSP) emissions, the closed-path EC underestimated 

emissions. Using the Kljun et al. (2015) footprint model, the slope of the estimated emissions 

versus actual emissions linear regression was between -0.03 and 0.54 at 5 minutes, -0.36 and -0.04 

at 15 minutes, and 0.03 at 30 minutes, 45 degrees (10 and 20 degrees had insufficient data points) 

(Figure 8). The adjusted R2 was between -0.06 and 0.12, indicating no linear relationship between 

the estimated and actual emission (Figure 8). Using the Kormann and Meixner (2001) footprint 

model, the slope was between -0.42 and 0.17 at 5 and 15 minutes, respectively, and -0.08 at 30 

minutes, 45 degrees. (Section A3.1.1 in the Appendix). Similarly, the adjusted R2
 values were 

between -0.07 and 0.05. These results indicate that this study’s EC system using either the Kljun 

et al. (2015) or the Kormann and Meixner (2001) footprint models did not reliably quantify 

emissions for SRSP cases. The low slopes and adjusted R² values suggest little to no linear 

relationship between estimated and actual emissions under the tested conditions (Figure 8; Section 

A3.1.1 in the Appendix).   
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Figure 8. Estimated emission vs actual emission (kg h-1) for single-release single-point emissions. 
The red dotted line is a 1:1 line based on actual emissions i.e. points below the line are 
underestimated and above are overestimated emissions. The gray region represents ±30% of the 
actual emission. Adj. R2 is the adjusted R2. The sample size is n. 
 

2.4.1.2 Multi-release single-point emissions 

For multi-release single-point (MRSP) emissions, the closed-path EC largely 

underestimated emissions and did not show good agreement between estimated and actual 

emissions (Figure 9). Using the Kljun et al. (2015) footprint model, the slope was between -0.51 

and 0.18, except for the 5 minutes 45 degrees category that had a slope of 0.61. The adjusted R2 

did not show a linear relationship between estimated and actual emissions with values ranging 

between -0.02 and 0.00 (Figure 9). Using Kormann and Meixner (2001) footprint model, the slope 
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was between -0.03 and 1.06, the good agreement of 1.06 was at 30 minutes 45 degrees with an 

adjusted R2 of 0.12 (Section A3.1.2 in the Appendix). The rest of the categories had an R2 of 

between -0.02 and 0.06. These results suggest that the EC system did not reliably quantify 

emissions for MRSP cases under most conditions. Only one category (30 minutes, 45 degrees 

using the Kormann and Meixner (2001) footprint model showed moderate agreement (slope = 

1.06, adjusted R² = 0.12), but even this explains only a small portion of the variability in actual 

emissions. Overall, the adjusted R² values across scenarios (−0.02 to 0.12) indicate a weak or no 

linear relationship.  

 

Figure 9. Estimated emission vs actual emission (kg h-1) for multi-release single-point emissions. 
The red dotted line is a 1:1 line based on actual emissions i.e. points below the line are 
underestimated and above are overestimated emissions. The gray region represents ±30% of the 
actual emission. Adj. R2 is the adjusted R2. The sample size is n. 
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2.4.2 Gaussian plume inverse method 

2.4.2.1 Single-release single-point emissions 

The GPIM sensitivity analysis comparing different equations and dispersion coefficients 

showed no difference in quantified emissions between Equation A7 and Equation A8. Among the 

dispersion coefficient sets tested, the US EPA (2013) coefficients resulted in the most consistent 

performance, with the least variability in slope and the highest overall adjusted R² values (Section 

A3.2 in the Appendix). For this scenario, the slope ranged from 1.65 to 3.92 (excluding the 30-

minute, 5-degree case due to insufficient data), and adjusted R² values ranged from 0.40 to 0.64 

(Figure 10). The 15-minute, 5-degree case had the slope closest to 1 (slope = 1.65, R² = 0.40), 

while the 5-minute, 5-degree case showed the strongest linear relationship overall (slope = 2.42, 

R² = 0.64) (Figure 10). These results suggest that while the GPIM model tends to overestimate 

emissions (slopes > 1), it provides relatively consistent and stronger linear agreement with actual 

emissions compared to the closed-path EC system tested above (Section 2.4.1). 
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Figure 10. Estimated emission vs actual emission (kg h-1) for single-release single-point emissions. 
Sce.3 refers to scenario 3 of the sensitivity analysis in Section A3.2 in the Appendix. The red 
dotted line is a 1:1 line based on actual emissions i.e. points below the line are underestimated and 
above are overestimated emissions. The gray region represents ±30% of the actual emission. Adj. 
R2 is the adjusted R2. The sample size is n.  
 

2.4.2.2 Multi-release single-point emissions 

For MRSP emissions, the GPIM model produced a wide range of slopes, from –43.05 to 

1.60 (Figure 11). Excluding the 5-minute 5- and 10 degrees categories, and the 30-minute 10 

degrees category, most other cases reported slopes between 0.76 and 1.22, suggesting potential 

quantification within ~25% of actual emissions. However, the adjusted R² values in these cases 

were close to zero, indicating no consistent linear relationship between estimated and actual 

emissions (Figure 11). This lack of correlation is likely due to the high variability in GPIM 

estimates, which reached up to 200 kg h⁻¹ for the selected categories, despite actual emissions 
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being only around ~6 kg h⁻¹. These results indicate that while the GPIM model sometimes 

produced slope values suggesting close agreement with actual emissions, the lack of linear 

correlation and large overestimations highlight its limited reliability in quantifying MRSP 

emissions accurately. 

 

Figure 11. Estimated emission vs actual emission (kg h-1) for multi-release single-point emissions. 
The red dotted line is a 1:1 line based on actual emissions i.e. points below the line are 
underestimated and above are overestimated emissions. The gray region represents ±30% of the 
actual emission. Adj. R2 is the adjusted R2. The sample size is n. 
2.4.3 Backward Lagrangian stochastic model 

2.4.3.1 Single-release single-point emissions 

For SRSP emissions, the bLS method generally produced the most accurate slopes (i.e., 

closest to 1) compared to the EC and GPIM methods (Figure 12). The 15-minute 5- and 10-degrees 

categories yielded the most accurate estimates, with slopes of 1.05 and 1.10, respectively. The 

adjusted R² ranged from 0.48 to 0.66 for the 5-minute averaging duration, and from 0.40 to 0.48 
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for the 15-minute duration. At the 30-minute averaging duration, performance improved in the 10- 

and 20-degrees categories, likely due to increased sample sizes (Figure 12). These results show 

that bLs is more suitable for quantifying single-release single point emissions.  

 

Figure 12. Estimated emission vs actual emission (kg h-1) for single-release single-point emissions. 
The red dotted line is a 1:1 line based on actual emissions i.e. points below the line are 
underestimated and above are overestimated emissions. The gray region represents ±30% of the 
actual emission. Adj. R2 is the adjusted R2. The sample size is n. 
2.4.3.2 Multi-release single-point emissions 

The bLs method had wide uncertainties for MSRP emissions especially in the 5 minutes, 

5- and 10-degrees categories (Figure 13). In the other categories, the slopes were between -0.03 

and 0.45, and R2 ~0. Even though the estimated emissions spanned up to >20 kg h-1 mostly for 

actual emissions of up to 6 kg h-1, lots of points were concentrated close to 0. Compared to the 

GPIM MSRP results, even though both models have an R2 of ~0, the GPIM had a slope closer to 
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1 in the 15-munites category than the bLs showing better performance. These results show that the 

bLs is more suitable for quantifying SRSP emissions than MSRP emissions. 

 
Figure 13. Estimated emission vs actual emission (kg h-1) for multi-release single-point emissions. 
The red dotted line is a 1:1 line based on actual emissions i.e. points below the line are 
underestimated and above are overestimated emissions. The gray region represents ±30% of the 
actual emission. Adj. R2 is the adjusted R2. The sample size is n. 
 

2.4.4 Model comparison – subset data 

 Using a subset of data (SRSP), filtered by 15-minute intervals within a 10-degree wind 

sector range where each model provided an emission estimate, the bLs model exhibited the best 

performance, with its linear regression closely aligned with the 1:1 line (Figure 14). The slope of 

the regression line for the GPIM was 1.6, indicating an overestimation, while the bLs had a slope 

of 0.95, suggesting high accuracy. In contrast, the EC model produced slopes of 0.08 and 0.10 

when using the Kormann and Meixner (2001) and Kljun et al. (2015) footprint parameterizations, 
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respectively, indicating significant underestimation. When emission estimates were categorized by 

emission point, the GPIM notably overestimated emissions at locations 4W-22 and 4W-51 

(identified in Figure 7), both situated approximately 10 m from the measurement location. The EC 

model consistently underestimated emissions across all sources, while the bLs (WindTrax) model 

provided estimates closest to the expected values. The EC model produced negative emission rates 

associated with negative fluxes during periods of high non-stationarity (Section A2.3.4 in the 

Appendix). These deviations from stationarity reflect intermittent plume capture, where the EC 

system alternated between sampling emitting and non-emitting regions. Overall, these findings 

indicate that for source-receptor distances ranging from approximately 10 to 90 meters, the bLs 

model demonstrated the highest accuracy in quantifying emissions. 
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Figure 14. Top plot: Estimated emission vs actual emission (kg h-1) for each model. GPIM is the 
Gaussian plume inverse model, bLs is the backward Lagrangian stochastic model, EC-KM is eddy 
covariance with the Kormann and Meixner (2001) footprint, and EC-Kljun is the eddy covariance 
estimate using the Kljun et al. (2015) footprint. The black dotted line is a 1:1 line based on actual 
emissions i.e. points below the line are underestimated and above are overestimated emissions. 
The gray region represents ±30% of the actual emission. Adj. R2 is the adjusted R2. The sample 
size is n. Bottom plot: Estimated emission vs actual emission categorized by Emission Point as 
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illustrated in Figure 7.  
 

2.4.5 Traceability example 

To illustrate how raw data were converted into model-based emission estimates, we present 

one representative 15-minute interval used in Figure 14. During a controlled release at point 4W-

22 (wellhead), located approximately 10.5 m from the mast, the ground-truth release rate was 3 kg 

CH4 h-1. Over this interval, the average CH₄ concentration enhancement was 8.3 ppm above the 

background (determined using the 5th percentile method, see Section 2.3.4.2). The wind direction 

was 153° (0.3 m crosswind distance), with an average wind speed of 5.8 m s-1. The same interval 

was processed through the three modeling frameworks: 

• The bLs model (WindTrax), using measured concentration, geometry, and meteorological data, 

estimated 3.5 kg h-1. 

• The GPIM model, using Equation A7 and A8 (Section A2.1 in the Appendix) and US EPA 

(2013) dispersion coefficients, estimated 10.3 kg h-1. 

• The EC method using the Kormann and Meixner (2001) footprint) estimated –0.004 kg h-1 due 

to a negative flux under high non-stationarity conditions. 

This example illustrates how the bLs model reproduced the true emission most closely, GPIM 

overestimated, and EC underestimated the emission. More examples of data presented in Figure 

13 are available in the Appendix Section 3.3. 



44  

2.4.6 Eddy covariance quality assurance and control 

Evaluation of the EC data revealed quality assurance and control issues that compromised 

both the analysis and the conclusions drawn from the EC results. The flux data were flagged as 

“2” (low quality) according to the 0–1–2 quality classification system of Mauder and Foken 

(2004), indicating that the data were not suitable for EC analysis. In EC quality assessment, both 

the qualitative shape of the cospectra and the quantitative slopes of selected portions are examined 

to determine if the data meet accepted standards. In this study, the cospectra deviated significantly 

from the ideal shape, indicating problems in data collection and pre-processing. Possible causes 

include obstructions in the testing area, misalignment between CH₄ and sonic anemometer time 

series (due to the absence of a reliable method for alignment), slow response time of the gas 

analyzer, increased lag from the 3 m inlet tubing, and inconsistent sampling frequency. Similarly, 

ogive analysis—used to evaluate whether the averaging time is sufficient—showed that the ogive 

curves did not follow the characteristic sigmoidal shape (plateauing at the y-axis and at zero). The 

ogive shapes were similar across all averaging intervals, none plateaued sufficiently, further 

indicating data collection issues that invalidate the EC method for this study. For clarity and to 

guide future studies, Burba (2013) provides examples of ideal cospectra and ogive shapes 

illustrating how these tools can be used to diagnose instrumentation and data collection problems. 

2.5 Discussion 

Methane emissions quantification from oil and gas is a complex system comprising of gas 

emissions from different heights, different locations, encountering aerodynamic obstacles of 

different sizes, and of varying emissions duration, amongst others. The ability to precisely quantify 

emissions using data collected by a point sensor, downwind of a source is directly influenced by 

plume dynamics. The CH4 plume downwind of a source will change in size and shape in different 
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atmospheric conditions, in open areas versus areas with obstacles, diurnally, and in different 

seasons (Casal, 2008). In this study, we evaluated the ability of downwind methods—including a 

non-standard closed-path EC system, the GPIM, and the bLs model—to quantify emissions from 

single-release and multi-release point sources. While the field measurements took place under 

naturally varying meteorological conditions, these were not explicitly stratified or analyzed as 

experimental factors. Additionally, although on-site infrastructure such as storage tanks was 

present, their distance from the sampling instruments (~50 m) likely rendered their aerodynamic 

influence negligible. As such, the analysis focuses on quantification performance under realistic 

but uncontrolled field scenarios, without attributing model behavior to specific atmospheric or 

obstacle-related conditions.  

2.5.1 Eddy covariance 

Eddy covariance was tested using a closed-path analyzer, off-axis integrated cavity output 

spectroscopy, with a 3.2 L min-1 pump flowrate and a 0.4 s gas flow response time. The closed 

path EC underestimated emissions with a linear regression slope for estimated emissions versus 

actual emissions of between -0.42 and 0.54 using the Kljun et al. (2015) and the Kormann and 

Meixner (2001) footprint models, and adjusted R2 was ~0 (Section 2.4.1). This was a wider 

uncertainty in estimated emissions than one reported by Dumortier et al. (2019), who estimated 

emissions at between 90 and 113% of true emission (~1.5 kg day-1) with concentrations between 

2 and 3 ppm. Our study tested closed-path EC at emission rates between 0.005 and 8.5 kg h-1. 

Notably, the results for the non-standard EC system tested this study may not be representative of 

EC performance in oil and gas as ogive and cospectra analysis indicated that the flux may not have 

been fully resolved due to non-stationarity, and instrument-related limitations. 
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Our results were derived from data filtered to include only periods with sampling 

frequencies ≥8 Hz, which significantly reduced the number of usable emission measurements. 

Although the instrument was configured to sample at 10 Hz, it did not consistently achieve this 

rate. This discrepancy may be attributed to instrument-related factors such as the 0.4-second gas 

flow response time, which could delay analysis of the drawn air sample in the cavity, or the use of 

a 3 L min-1 pump with 3 meters of tubing, which reduced the effective turnover rate. The dataset 

used for eddy covariance evaluation was predominantly flagged as low quality (flag 2) according 

to the Mauder and Foken (2004) quality control test, which classifies flux data based on steady-

state conditions and the presence of well-developed turbulence (flags 0 = high, 1 = intermediate, 

2 = low quality). Many of the low-quality flags were likely driven by wide deviation in vertical 

wind speed (w) / methane (CH4) stationarity reflecting intermittent plume capture, where the EC 

system alternated between sampling emitting and non-emitting regions. The EC model produced 

negative emission rates associated with negative fluxes during periods of high non-stationarity 

(Section A2.3.4 in the Appendix). 

Despite high non-stationarity that resulted in low data quality issues resulting in EC 

inaccuracies, this study acknowledges our design limitations. Our study did not have a reliable 

method for aligning the asynchronous CH₄ and sonic anemometer data streams, which likely 

introduced substantial timing errors and contributed to uncertainty in the flux calculations. The 

intake for the closed-path system was positioned approximately 10 cm below the sonic 

anemometer to protect the inlet tubing from debris and precipitation by mounting it on an 

aluminum shield facing downward. We recognize that even this small vertical separation can 

introduce additional errors in flux measurements when using short towers. This design choice was 

a compromise to ensure instrument protection while maintaining data collection in field conditions. 
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We acknowledge that the system used in this study was not designed or configured for standard 

eddy covariance analysis, and that this limitation impacts the interpretation of our results in the 

context of EC-based flux quantification.  

In this study, continuous monitoring was conducted using a single sensor with an inlet 

deployed at a fence-line distance. This system requires instrumentation capable of measuring a 

wide concentration range, as emissions from oil and gas sites can vary between 0 and 250 ppm 

(Section A1 in the Appendix). While continuous monitoring systems, comprising multiple sensors, 

can offer enhanced spatial coverage and source localization, they also introduce higher costs. The 

limitations and findings reported here therefore apply specifically to this single-sensor fence-line 

continuous monitoring approach and may not be representative of all continuous monitoring 

frameworks. This study acknowledges the limitations of the eddy covariance (EC) setup used, 

particularly that the ABB MGGA GLA131 Series analyzer is not designed specifically for EC 

applications. As a result, the conclusions drawn from the EC data are invalid and not comparable 

to the other tested models.  

This study identified data collection and instrumentation issues that future work can 

address to enable successful EC application. Based on flagged low-quality data, non-ideal 

cospectra and ogive shapes, and the presence of large negative fluxes, the dataset was deemed 

unsuitable for EC analysis. The primary causes of the unsuccessful application were: (1) the CH₄ 

analyzer was not designed for EC measurements, exhibiting slow response time, low pump flow 

rate, and inconsistent sampling frequency; (2) the 3 m inlet tubing length for the closed-path 

analyzer caused signal attenuation and increased lag; (3) the sonic anemometer and CH₄ analyzer 

data were not synchronously logged, preventing accurate time-series alignment; (4) the EC system 

was installed near obstacles that disrupted smooth eddy formation; and (5) ogive plots suggested 
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that the maximum 30-minute averaging interval used in this study may have been insufficient. We 

recommend further EC testing with these issues corrected to properly evaluate its application in 

continuous oil and gas monitoring. 

2.5.2 Gaussian plume inverse method 

The GPIM method quantified emissions within a slope of 1.65 to 3.92 and adjusted R2 of 

between 0.4 and 0.64 with highest performance at 15-minutes 5-degrees wind sector (slope = 1.65, 

R2 =0.4), and 5 minutes 5-degrees (slope = 2.42, R2 = 0.64) for SRSP emissions (Section 2.4.2). 

For MSRP emissions, the GPIM showed wide uncertainties even though the slopes for other 

categories excluding 5-minutes 5-and 10-degrees, and 30-minutes 10-degrees categories, were 

between 0.74 and 1.60, with R2 ~0 (Section 2.4.2). The R2 close to zero showed that there was no 

linear relationship between the estimated and actual emissions for MSRP conditions. Overall, the 

GPIM performed well under 15-minutes averaging duration, and 5-degree wind-sector ranges in 

both SRSP and MSRP categories. The MSRP emission profiles tested in this study were complex 

challenging the GPIM application as the method is a point-source specific quantification approach 

and works best in open areas, free of obstacles, and when the background concentration is well 

defined. For multiple emissions, even when the sensor is nominally downwind of a single source 

based on the average wind direction, quantification can be complicated by interference from 

neighboring sources. However, it is important to emphasize that such complexity is not a 

fundamental limitation of quantification itself, but rather a function of the experimental design and 

study objectives. For example, plume interference can often be minimized through strategic 

localization and optimization using multiple sensors—an approach that differs from the single-

instrument setup used in this study. This study’s design involves defining plumes based on wind 

sector ranges, as opposed to using multiple sensors to localize sources, and therefore does not 
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replicate how various continuous monitoring solutions typically operate. The GPIM has previously 

been reported to quantify emissions within 40.7 and 60% error for a single point-source using 

controlled release experiments (Riddick et al., 2022b). However, GPIM correct quantification has 

been suggested to be better for longer distances where the plume is well mixed as seen in Figure 

14. This is typically a challenge for fence-line sensors that have to be deployed within the facility 

boundaries where large downwind distances may not be practical.  

2.5.3 Backward Lagrangian stochastic model 

 The bLs method was the most accurate in quantifying emissions for the SRSP release 

profiles but had wider uncertainties than the GPIM for MRSP scenarios (Sections 2.4.2.2 and 

2.4.3.2). For SRSP emissions, the slopes closest to 1 were during the 15-minutes 5-degrees (slope 

= 1.05, R2 = 0.4) and 10-degrees (slope = 1.10, R2 =0.37). The best R2 was 5 minutes 5-degrees 

(slope = 1.64, R2 = 0.66). However, for MSRP emissions, the slopes were between -0.03 and 0.45 

in the best categories with R2 of ~0.  Similarly to the GPIM method, the bLs method used in this 

study is a point-source specific quantification method that simulates transport of molecules in open 

area and where the background concentration is defined. In this case, as with the SRSP test 

scenario, the bLs approach was generally more accurate than the GPIM.  However, for MRSP 

emissions, quantification accuracy was low. This discrepancy may be due to design-related 

challenges—specifically, interference from neighboring sources and the lack of distinct plume 

separation in complex flow conditions. Although the measurement point was nominally downwind 

of a single source, the real-world plume structure may not align with model assumptions. 

Additionally, the bLs implementation in WindTrax 2.0 is designed for single-source scenarios and 

applying it in multi-source environments without adaptation can lead to inaccuracies. The GPIM 

and bLs methods are sensitive to background correction, which in this study was complicated by 
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temporal overlap between release events and residual CH₄ accumulation, particularly under stable 

atmospheric conditions. Although this is a controlled-release study, residual methane from prior 

emissions and the presence of multiple plumes can affect the CH₄ concentration during a candidate 

event, challenging the assumptions used to define background and isolate a single-source plume 

using wind-sector-based criteria. These findings highlight the importance of aligning modeling 

assumptions with the experimental context rather than pointing to a fundamental limitation of the 

method itself. 

2.5.4 Implications 

In recent years, there has been growing interest and need for accurate CH4 quantification 

from oil and gas sites. This is generally done through survey methods and continuous monitoring 

using fence-line sensors. Continuous monitoring involves having stationary sensors measuring 

meteorology and CH4 mixing ratios, which are then used to infer emission rates. For point sources, 

downwind methods such as the Gaussian plume inverse method have been widely used, especially 

for survey quantification. Continuous monitoring is relatively new but fast growing. This study’s 

design replicated a continuous monitoring setup’s downwind deployment distance, range of typical 

emission rates, emissions heights, and meteorological data acquisition.  

Oil and gas point sources could either be single emissions or multiple emissions occurring 

concurrently. In this study’s design, cases involving multiple emissions with more than one release 

point located upwind posed challenges for the specific Gaussian and backward Lagrangian 

stochastic (bLs) model implementations, which were applied assuming a single active source at a 

time. While these models can be extended to handle multi-source scenarios, the assumptions used 

here limited their ability to distinguish individual contributions when plumes overlapped. As a 

result, interference from neighboring emissions introduced ambiguity in model-observation 
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alignment, particularly under complex wind conditions. Closed-path eddy covariance was 

generally unreliable in this study due to data-collection and instrumentation issues associated with 

using a non-standard EC system. This resulted in invalid EC results that could not be compared 

with the GPIM and the bLs models. The bLs method was the most accurate for single-release 

single-point emissions but was less accurate than the GPIM under multi-release conditions. For 

both GPIM and bLs, 15-minute averaging with a narrow wind-sector (5°) yielded the best 

performance. While EC results in this study were limited by system constraints, future work is 

recommended using standard EC instruments and further optimizing GPIM and bLs models—

particularly for complex multi-release scenarios—to improve accuracy and reduce uncertainties. 
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3.1 Abstract 

While oil and gas emissions have historically received the most attention due to regulatory 

and economic drivers, non-oil and gas sources also contribute substantially to basin- and regional-

scale methane (CH₄) fluxes and represent important mitigation opportunities. As part of a broader 

effort to quantify CH₄ from all sources within the Denver-Julesburg (DJ) basin, this study develops 

a measurement-based inventory of major non-oil and gas CH₄ sources and reconciles 

measurement-based and bottom-up EPA estimates. Specifically, a facility-level bottom-up 

inventory generated using vehicle-mounted instruments was compared to a bottom-up inventory 

based on EPA emission factors. We focus on emissions from concentrated animal feeding 

operations (CAFOs), municipal solid waste landfills, wastewater treatment plants, and surface 

waterbodies (lakes and reservoirs). The applicability of monthly mobile surveys to construct a 

measurement-based inventory in the DJ basin (39.9–40.7°N, 105.3–104.2°W) is evaluated. 

Seasonal variability in CH4 emissions differed across sources, with CAFOs and wastewater 

treatment plants showing no consistent seasonal pattern, landfills exhibiting higher winter 

emissions, and lakes and reservoirs displaying higher emissions in warmer seasons. Total annual 

emissions are estimated at 123 ± 21 Gg y⁻¹, compared to the EPA bottom-up estimate of 119 Gg 

y⁻¹. The agreement of this study’s annualized inventory with the EPA estimate within uncertainty 

demonstrates that reconciliation between EPA and measurement-based inventories is possible 

when measurements capture temporal and spatial variability and are appropriately extrapolated to 

annual scales. Aggregated CH₄ emissions indicate that CAFOs dominate regional emissions, 

contributing 78% using this study’s EFs and 87% using EPA EFs, followed by municipal solid 

waste landfills (11% in both inventories), while wastewater treatment plants contribute ~1%. This 

study also demonstrates that spatially distributed measurements conducted multiple times per year 
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can reduce temporal biases caused by seasonal variation, operational practices, diurnal cycles, and 

environmental conditions. Overall, the consistency of measurement-based emissions with EPA 

estimates across most sectors supports the validity of inventory methodologies but underscores the 

need for temporally resolved measurements to better capture intra-annual variability.  

3.2 Introduction  

In recent years, there has been growing interest in measuring and mitigating methane (CH₄) 

emissions due to their significant contribution to climate change (World Bank Group, 2025). 

Several international initiatives have been established to reduce CH₄, including the Oil and Gas 

Methane Partnership 2.0 (OGMP 2.0) led by the United Nations Environment Programme (UNEP, 

2025), which targets oil and gas sector emissions, as well as programs supported by the Global 

Methane Hub and the Climate and Clean Air Coalition (CCAC) that extend to agriculture, waste, 

and energy systems (Global Methane Initiative, 2004). In the United States, the Environmental 

Protection Agency (EPA) used a bottom-up approach to estimate that most CH₄ emissions originate 

from natural gas and petroleum systems (28%), enteric fermentation (25%), landfills (16%), 

manure management (9%), coal mining (6%), flooded land (6%), and other sources (11%) (US 

EPA, 2025a). While oil and gas emissions have historically received the most attention due to 

regulatory and economic drivers, non-oil and gas sources collectively contribute more emissions 

to basin- and regional-scale CH₄ fluxes and represent important opportunities for mitigation. 

Livestock (dairy and beef cattle) are major contributors to CH₄ emissions, which are 

typically categorized as enteric fermentation and manure management. These emissions vary 

across regions and farms depending on animal type, management practices, nutrition and feed 

additives, genetic selection, and environmental conditions (Dillon et al., 2021; Place and 

Mitloehner, 2010). While enteric CH₄ emissions in the United States have remained relatively 
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stable over the past three decades, manure-related CH₄ emissions increased between 1990 and 

2020, driven largely by the expansion of dairy and swine operations (Beck et al., 2023). Multiple 

methods exist for quantifying enteric CH₄ emissions from ruminants, including respiration 

chambers, the sulfur hexafluoride (SF₆) tracer technique, automated head-chamber systems, and 

process-based models (Dillon et al., 2021; Johnson et al., 1994). Research facilities such as 

Colorado State University’s AgNext (Colorado State University, 2025c) are actively developing 

mitigation strategies to reduce livestock emissions. Approaches include improving feed 

composition for example, increasing carbohydrate content to lower excess energy conversion to 

CH₄, and capturing CH₄ produced during anaerobic manure decomposition for energy recovery 

(Colorado State University, 2025c). 

Municipal solid waste landfills are significant sources of CH₄, generated through the 

anaerobic degradation of buried organic material. Once produced, CH₄ can escape to the 

atmosphere by diffusing through landfill covers or venting through exposed surfaces. The 

magnitude of emissions depends on multiple factors, including barometric pressure, topography, 

landfill design and operation, waste quantity and composition, presence and efficiency of gas 

capture systems, and whether the landfill is active or closed (Cusworth et al., 2024; Czepiel et al., 

2003). Traditionally, landfill CH₄ emissions have been estimated using models based on waste-in-

place data, decay rate parametrizations, and assumptions about gas capture efficiency (Barlaz et 

al., 2009; US EPA, 2008). These approaches require detailed knowledge of landfill-specific 

material composition and management practices (Cusworth et al., 2024). In recent years, however, 

a variety of measurement-based approaches have been adopted to improve estimates. These 

include surface emission monitoring through walking surveys, vehicle-based surveys with tracers 

and downwind quantification, as well as emerging applications of drone-based measurements, 
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aerial surveys, and satellites (Abichou et al., 2023; Cusworth et al., 2024; Kormi et al., 2017; 

Maasakkers et al., 2022; Mønster et al., 2019; Riddick et al., 2017). Dedicated facilities such as 

the St. Francis University FluxLab Simulation Facility for Landfill Emission Experiments 

(SIMFLEX) in Canada provide platforms for testing and validating these measurement techniques 

and models under controlled conditions (FluxLab, 2025). 

Wastewater treatment plants (WWTPs) produce CH₄ during collection and treatment 

processes that involve anaerobic conditions (Song et al., 2023). In the United States, these facilities 

are considered a relatively minor CH₄ source compared with oil and gas operations, livestock, and 

landfills (Riddick et al., 2024b; US EPA, 2025a), in part because treatment systems are designed 

to capture or flare much of the CH₄ generated. The U.S. EPA estimates WWTPs emissions using 

a bottom-up model that incorporates state population, biochemical oxygen demand (BOD) 

production, an emission factor of CH₄ per unit BOD, and the fraction of wastewater treated 

anaerobically (US EPA, 2019). However, direct measurements of CH₄ from wastewater systems 

remain scarce, and recent studies suggest that emissions may be underestimated in current 

inventories (Moore et al., 2023). This uncertainty highlights the need for additional measurement-

informed assessments of the sector. 

Human-made lakes and reservoirs, constructed for purposes such as water storage, 

hydropower generation, and recreation, can also be sources of CH₄ emissions (US EPA, 2021). 

Emissions arise from the anaerobic decomposition of organic matter, with algal blooms 

representing a notable driver. Excess nutrient inputs from agricultural and industrial runoff can 

stimulate algal growth, and when algae die under oxygen-depleted conditions, methanogenic 

bacteria thrive, producing CH₄ (US EPA, 2021). In the United States, the EPA is required to account 

for CH₄ emissions from human-made waterbodies, which are typically quantified by measuring 
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ebullition and diffusion pathways (Beaulieu et al., 2020; US EPA, 2022a). Beaulieu et al. (2020), 

for example, surveyed 32 reservoirs spanning agricultural and forested landscapes and found that 

ebullition was the dominant emission pathway in 75% of cases. 

This study contributes to the Site Aerial Basin Emissions Reconciliation (SABER) project, 

a collaboration among Colorado State University, Pennsylvania State University, the University of 

Wyoming, and Bridger Photonics, which aims to develop a measurement-informed inventory of 

CH4 emissions in the Denver-Julesburg (DJ) Basin, Colorado, and the Upper Green Basin, 

Wyoming (Colorado State University, 2025d). SABER integrates bottom-up approaches, which 

scale emissions from individual sources, with top-down approaches, which measure CH₄ over 

larger scales using satellites, aircraft, towers, drones, or vehicles (Barkley et al., 2023; Jacob et al., 

2022; Riddick et al., 2022b; Vaughn et al., 2018).  

As part of the SABER study, continuously operating towers were deployed around the DJ 

Basin, defined here as the region between latitude 39.9 to 40.7 and longitude −105.3 to −104.2. 

These towers provided basin-level CH₄ flux estimates and attributed oil and gas contributions 

using methane-to-ethane ratios. Total basin-level emissions were then compared against bottom-

up inventories generated by the project’s ground and modeling teams. Bottom-up oil and gas 

emissions were constructed using input data from Bridger Photonics aerial surveys and site-level 

measurements conducted by CSU and the University of Wyoming, modeled with the Mechanistic 

Air Emissions Simulator (Colorado State University, 2025e). Non-oil and gas sources including 

landfills, livestock operations, wastewater treatment plants, and lakes/reservoirs were 

characterized separately by CSU’s ground team through mobile driving surveys conducted from 

June 2024 to May 2025. This paper focuses on these non-oil and gas sources and their role in 

reconciling basin-level CH₄ budgets. In this study, the bottom-up approach consists of facility-
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level measurements using vehicle-mounted instruments, which provide direct observations of CH₄ 

emissions without relying on prior inventories. These measurements are compared to a bottom-up 

inventory generated using EPA and Colorado Department of Public Health and Environment 

(CDPHE) data (CDPHE, 2025c), along with other source-specific measurements, as described in 

the Methods section. 

Previous studies have estimated non-oil and gas CH₄ emissions in the DJ basin at both 

regional and facility scales. Pétron et al. (2014) used two days of aircraft-based measurements 

combined with a mass-balance approach to estimate basin-wide CH₄ emissions. In their study, 

airborne CH₄ dry air mole fractions were integrated with ground-based wind speed and direction 

data to quantify total CH₄ fluxes in and out of the region encompassing a 70 km × 85 km region 

in northeastern Colorado encompassing the highest density of the O&G production activities in 

the DJ Basin, mostly located in Weld County, north of Denver and east of Boulder and Larimer 

Counties (Pétron et al., 2014). To estimate non-oil and gas emissions, Pétron et al. (2014) 

constructed a bottom-up inventory using emission factors (EFs) from the literature, activity data 

from the state of Colorado (CDPHE, 2025c), and facility-level estimates reported to the EPA’s 

2012 Greenhouse Gas Reporting Program (US EPA, 2012). These bottom-up inventories indicated 

that non-oil and gas sources, including agricultural operations, landfills, and wastewater treatment 

plants, contributed 7.1 ± 1.7 t CH₄ h⁻¹ on May 29 and 6.3 ± 1.0 t CH₄ h⁻¹ on May 31, 2012. By 

subtracting these contributions from the total measured flux, the study estimated an average oil 

and gas contribution of 19.3 ± 6.9 t CH₄ h⁻¹. 

Riddick et al. (2022) conducted a driving survey to derive methane EFs for oil and gas 

facilities, agricultural operations, and waterbodies, using downwind measurements and the 

WindTrax dispersion model (Crenna, 2006). The study provided EFs for cattle, dairy, and sheep 



59  

operations, as well as lakes and reservoirs. Building on this, Riddick et al. (2024) developed a 

bottom-up inventory of agricultural, waste, and natural emissions using IPCC Tier 1/2 EFs, 

Colorado-specific EPA Tier 3 EFs, and measurement-informed EFs from their 2022 survey. Annual 

agricultural emissions ranged from 67–98 Gg CH₄ y⁻¹ depending on the EF approach, while waste 

and wastewater sectors ranged from 0.6–40 Gg CH₄ y⁻¹, and natural water sources contributed an 

additional 14 Gg CH₄ y⁻¹. 

This study quantifies CH₄ emissions from four non–oil and gas source categories: livestock 

(cattle, dairy, and sheep), municipal solid waste landfills, wastewater treatment plants, and surface 

waterbodies (lakes and reservoirs). While sector-specific approaches to emissions’ estimation 

exist, this analysis evaluates the applicability of monthly mobile surveys to develop a 

measurement-based inventory. Snapshot facility-level measurements were collected using a 

vehicle-based platform equipped with a gas analyzer and meteorological instrumentation. To 

minimize temporal and spatial bias, facilities were revisited at monthly intervals over a one-year 

period. These data were used to construct an annual CH₄ emissions inventory for the Denver–

Julesburg (DJ) Basin, defined here as the region spanning latitude 39.9–40.7 and longitude −105.3 

to −104.2. Specifically, this study (1) generates measurement-based emission factors (EFs) for 

concentrated animal feeding operations (CAFOs) (dairy cows, cattle, sheep), landfills, wastewater 

treatment plants, and lakes/reservoirs; (2) uses these EFs to develop a measurement-based 

inventory for CH₄ from non-oil and gas sources in the DJ Basin; (3) compares the generated EFs 

and measurement-based emission inventory  with the EPA inventory and other measurement-based 

studies; and (4) investigates seasonal variability in EFs for CAFOs, municipal solid waste landfills, 

wastewater treatment plants, and lakes/reservoirs. 
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3.3 Methods 

3.3.1 Field survey sites selection 

An unpublished 2024 dataset from the Colorado Department of Public Health & 

Environment (CDPHE, 2025c) was used to identify survey sites within the DJ Basin (lat. 39.9–

40.7, long. –105.3 to –104.2) (Figure A22). A preliminary summer 2024 survey covered 125 sites, 

including CAFOs, landfills, wastewater treatment plants, solid waste sites, and freshwater sources. 

Monthly survey sites were selected based on confirmed operation, accessibility, observed 

emissions, and proximity to CSU Methane Emissions Technology Evaluation Center (METEC), 

which served as the start and end point for daily measurements, resulting in 33 sites: 19 CAFOs 

(12 dairies, 5 cattle, 2 sheep), 7 landfills, 3 wastewater facilities, and 4 freshwater sources (Table 

2). All measurements were conducted from downwind positions due to access limitations. 
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Table 2: Number of measured facilities relative to the total population 

Source Population 
Size 
(Facilities) 

Sample Size 
(Facilities) 

% of 
Population 

% of Activity 
Factor (Section 
3.3.5.1) 

CAFOs     
Dairy 44 12 27 35 
Cattle 30 5 17 37 
Sheep 3 2 67 54 
Municipal 
Solid Waste 
Landfills 

    

Open 3 5: 2 were outside DJ 
region 

100 100 

Closed 4 2 50 86 
Wastewater 
treatment 
plants 

55 3 5 28 

Lakes and 
Reservoirs 

175 4 2 7 

 

3.3.2 Field measurements 

Methane measurements were collected using the Aeris Strato analyzer (Hayward, CA, 

USA) connected to a 2 m sampling tube with a 3.275 mm inner diameter. The analyzer operated 

with a measured pump flow rate of 0.36 L min⁻¹ and a sampling frequency of 1 Hz. The tubing 

inlet was collocated with a 150 WX Airmar (Milford, NH, USA), also sampling at 1 Hz (Figure 

A23). The Airmar is a mobile weather station that accounts for vehicle motion in calculating wind 

speed and records wind direction, corrected wind speed, temperature, pressure, humidity, latitude, 

and longitude. 
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Measurement height was 3 m during June, August, and October 2024, and 2 m in 

September and from November onward. This change resulted from switching from a metallic 

sampling mast to a more stable roof rack configuration. The variation in inlet height is accounted 

for in the quantification model (Section 3.3.3). Atmospheric stability was determined using the 

Pasquill–Gifford Stability Classification (PGSC), which requires mean wind speed, cloud cover, 

and solar insolation as inputs. Cloud cover and insolation were recorded during measurements and 

supplemented with publicly available data from Weather Underground (Weather Underground, 

2025). 

3.3.3 Emission quantification 

Methane emissions were quantified using WindTrax 2.0 (Crenna, 2006; WindTrax 2.0, 

2020), a freely-available backward Lagrangian stochastic (bLS) model applied in the area-source 

configuration. To calculate model input data for each facility, CH₄ mixing ratios from the gas 

analyzer were merged with meteorological data from the Airmar sensor at a 1 Hz frequency. Data 

were filtered to include only periods when the truck was within 1 km of each facility, consistent 

with the operational limitations of the WindTrax 2.0 quantification model (Riddick et al., 2018). 

Whenever possible, measurements included both upwind and downwind transects of each facility, 

capturing emissions from sources in proximity to the site. The background CH₄ mixing ratio was 

defined as the average of the lowest 5th percentile (Mbua et al., 2025) of the 1 km filtered data. 

For facility-level quantification, only downwind periods from the facility were retained. 

Downwind intervals were identified as periods when the sensor remained downwind of the facility 

for at least 30 seconds (Figure 15). This was determined by generating a polygon around the 

facility coordinates and selecting 1-second data points where wind direction indicated flow from 

the region of interest toward the sensor. This filtering approach minimized interference from 
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adjacent sources. Although this method may be affected by the gas transport time from the source 

to the sensor, the effect was assumed negligible because the WindTrax model operates under a 

steady-state framework that uses time-averaged data. The resulting filtered dataset was then 

averaged for quantification. 

Model inputs included homogenous area source configuration site layout using coordinates 

from Google Maps (Google, 2025), atmospheric stability, mean meteorological variables (wind 

speed, wind direction, temperature, pressure), mean downwind CH₄ mixing ratios, background 

mixing ratio, and the average truck location (Figure A24). The homogenous area source 

configuration in WindTrax assumes the average inputs are representative of the whole facility. The 

inlet tubing delay to the analyzer was calculated to be 2.8 seconds. However, because the 

quantification model uses time-averaged rather than time-synchronized CH₄ and meteorological 

inputs, this delay was assumed negligible. WindTrax was selected due to its demonstrated 

application in estimating facility-level emissions where sources are spatially diffused. Riddick et 

al. (2022) applied the WindTrax area-source model with mobile survey data to estimate emissions 

from agricultural operations, lakes, and reservoirs. Shonkwiler (2018) used WindTrax to quantify 

CH₄ emissions from a 3.9 ha anaerobic lagoon serving a 1,400-head dairy, and Riddick et al. (2017) 

applied the model to estimate emissions from a UK landfill. 
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Figure 15. Distribution of CH4 measurement durations across different source categories. Box 
plots show the median (center line), interquartile range (IQR, box boundaries), and range 
(whiskers) of measurement times in minutes. The number of measurements (n) for each category 
is displayed above the third quartile. Total measurements represent all valid files with duration 
≥30 seconds collected during 2024-2025 field campaigns. Measurement durations varied from 0.5 
to 18.5 minutes, with an overall mean duration of 4.5 minutes. Box widths are proportional to 
sample size. WWTPs refers to Wastewater Treatment Plants. 
3.3.4 Measurement uncertainty and quality control 

Measurement uncertainty was incorporated into quantified emissions by propagating the 

standard error of key input parameters, including CH₄ mixing ratios, wind speed, wind direction, 

temperature, pressure, distance from source to sensor, and atmospheric stability (±1 Pasquill–

Gifford stability class, PGSC). To evaluate the impact of input variability on modeled emissions, 

input data were modeled in WindTrax in three cases (Table 3). 

Table 3. Modeled uncertainty cases used in WindTrax simulations 

Uncertainty 

case 

Description Input treatment 
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Case 1 – 

minimum 

Represents lower bound 

of input variability 

Mean (CH₄ mixing ratios, wind speed, wind 

direction, temperature, pressure, distance) − 

standard error; mean PGSC − 1 stability class 

Case 2 – 

average 

Represents nominal input 

configuration 

Mean (CH₄ mixing ratios, wind speed, wind 

direction, temperature, pressure, distance); mean 

PGSC 

Case 3 - 

maximum 

Represents upper bound 

of input variability 

Mean (CH₄ mixing ratios, wind speed, wind 

direction, temperature, pressure, distance) + 

standard error; mean PGSC + 1 stability class 

 

For quality control, modeled emission rates were excluded if the relative standard deviation 

of CH₄ (standard deviation/mean) exceeded 30% or if the footprint fraction (fraction of source area 

covered by touchdowns) was < 0.5%. Touchdowns refer to the locations where back-trajectories 

from the sensor intersect the ground surface within the defined source polygon, representing the 

area contributing to the measured concentration. The 0.5% threshold ensures that there are enough 

touchdowns within the source polygon to provide a reliable estimate of emissions. These filters 

ensured that only emission rates representative of the source were retained for analysis. After 

applying filters, 94.1% of CAFOs, 99% of landfills, 99% of WWTPs, and 88% of lakes and 

reservoirs emission rates were retained for analysis. 

3.3.5 Measurement inventory development 

3.3.5.1 Emission factors and activity factors 

Emission rates (kg h-1) from WindTrax for the three uncertainty cases were divided by 

activity factors to generate emission factors (EFs). An activity factor is a metric that quantifies the 
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magnitude of the activity that is responsible for emissions. It links measured emissions to the 

operational scale. Activity factors were obtained from the following sources: CDPHE (2025) 

unpublished dataset for CAFOs and WWTPs, the EPA Landfill Methane Outreach Program 

(LMOP) 2024 data for landfills (US EPA, 2025b), and the Colorado Wetland Information Center 

for lakes and reservoirs (Colorado State University, 2025f). For CAFOs, the activity factor was the 

total animal units, defined by CDPHE as the permitted maximum headcount converted to a 

standardized unit that accounts for differences in animal mass when multiple species are present 

at a facility (CDPHE, 2025c; Meehan et al., 2018). The category group for CAFOs was based on 

the primary livestock in the facility. For landfills, the activity factor was the total waste in place 

(tons), based on the 2022 waste-in-place dataset (US EPA, 2025b). For wastewater treatment 

plants, the activity factor was the influent flow in million gallons per day (MGD-1), obtained from 

unpublished CDPHE data (CDPHE, 2025c). For lakes and reservoirs, the activity factor was the 

surface area (m²), derived from Google Maps imagery (Google, 2025) and the Colorado Wetland 

Information Center (Colorado State University, 2025f). To include the effect of activity factor 

variability on total emissions, and in the absence of explicit variability data, a default uncertainty 

of ±10% was applied to activity data. 

3.3.5.2 Measurement inventory calculation 

The EFs from the three uncertainty cases, across all facilities, were aggregated to generate 

emissions distributions for each source category. Because individual facilities were measured at 

different times of day, aggregating all EFs within each category—cattle, dairy, and sheep for 

CAFOs; open and closed landfills; wastewater treatment plants; and lakes and reservoirs—helped 

reduce temporal bias associated with the timing of measurements. For each category, a total of 1 

million Monte Carlo iterations were performed. This large number of iterations ensured stable 
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estimates, and computational times for this study were not excessive. In each iteration, a bootstrap 

sample of the aggregated EFs, drawn with replacement, was used to compute a probabilistic 

estimate of the mean EF. The bootstrap values were binned using logarithmic binning to handle 

skewed distributions (Milojević, 2010), and the probability of each bin was computed. The Monte 

Carlo iteration then calculated a weighted average of the binned emission factors using the bin 

probabilities, generating a distribution of possible mean EFs that reflects the underlying 

measurement variability. This approach, similar to Lee et al. (2020), is a form of temporal and 

spatial extrapolation that captures the variability between facilities, extrapolation of snapshot 

measurements using probability of each emission event, and uncertainty arising from individual 

measurements, the inventory of activity factors, and temporal and spatial extrapolation. From the 

resulting Monte Carlo distribution, the mean and 95% confidence intervals (2.5th and 97.5th 

percentiles) were extracted, providing robust estimates of EFs for each source category. To 

generate annual estimates, EFs were multiplied by activity factors and 8760 hours.  

3.3.5.3 Comparison to existing inventories and measurement studies 

Concentrated animal feeding operations (CAFOs) 

This study’s CAFOs EFs and inventory estimates differ fundamentally from existing 

bottom-up inventories. Our approach measures facility-level emissions, which inherently integrate 

both enteric fermentation and manure management contributions within the facility footprint. In 

contrast, the EPA (US EPA, 2025c) methodologies allocate emissions separately to enteric and 

manure pathways for each livestock category. Another key distinction lies in how livestock 

populations are represented: while bottom-up inventories apply species-specific EFs (e.g., dairy 

versus beef cattle), our study normalizes emissions using animal units (AUs) derived from 

CDPHE’s permitted headcount data. This approach accounts for mixed-species facilities by 
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standardizing emissions across livestock mass, with facilities categorized by their primary 

livestock type (CDPHE, 2025c; Meehan et al., 2018). Although this prevents direct one-to-one 

comparisons with species-specific inventory values, it captures the real-world, net emissions of 

entire facilities. This integrated perspective reflects both interspecies variability and management 

practices (e.g., manure handling, feed composition, housing design), factors that are difficult to 

incorporate into species-specific bottom-up methods. As such, the animal unit-based approach 

provides a complementary, measurement-informed perspective on agricultural CH₄ sources. 

In this study, we compared our CAFOs EFs to EPA EFs from the 2022 Colorado State 

inventory tool (US EPA, 2025c) and a previous measurement study in the same DJ region (Riddick 

et al., 2022b). Because our measurement data were normalized by animal units, we represented 

‘Dairy’ primary livestock using the dairy cow EF, ‘Cattle’ primary livestock using the beef cattle 

EF, and ‘Sheep’ using the “sheep on feed” EF from the State Inventory tool. For enteric 

fermentation emissions, we used the 2022 default EF, and for manure management emissions, we 

divided the provided total CH₄ emissions by the total number of animals in the tool. We then 

summed up enteric and manure management EFs to generate a single EF in comparison with our 

study. Emission factors reported by Riddick et al. (2022) were measured at the facility level and 

already normalized by animal units, so they were used directly. 

Municipal solid waste landfills 

Municipal solid waste landfills were compared against the annual emissions that each 

facility reported to the EPA through the 2023 Greenhouse Gas Reporting Program (GHGRP; US 

EPA, 2023) using the Facility Level Information on Greenhouse Gases Tool (FLIGHT). These 

emissions are reported under Subpart HH and are calculated using two methods: Equation HH-6, 

which estimates CH₄ emissions based on modeled CH₄ generation rates and other site-specific 
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factors; and Equation HH-8, which estimates emissions based on the measured quantity of CH₄ 

recovered for destruction along with an assumed landfill gas collection efficiency (Electronic 

Greenhouse Gas Reporting Tool, n.d.). For this analysis, facilities were categorized as either 

“Open” or “Closed,” and both the measured data from this study and the reported annual emissions 

were aggregated within each category. Reported CH₄ emissions were converted from CO₂-

equivalent values using a global warming potential (GWP) of 28 (US EPA, 2016). 

Wastewater treatment plants 

Wastewater treatment plant emissions were compared to the measurement-based study by 

Song et al. (2023). The EFs initially calculated in units of kg CH₄ h-1 per million gallons per day 

(MGD) of influent were converted to grams per cubic meter (g m-³) of wastewater to standardize 

emissions relative to wastewater volume. This was done by multiplying the EF by 1000 to convert 

kilograms to grams and then dividing by the equivalent flow in cubic meters per hour for 1 MGD 

(157.7254 m³ h-1). Song et al. (2023) reported an average EF of 12.5 (7.9–17.2) g CH₄ m⁻³ for 

plants with anaerobic digesters and 12.9 (7.5–18.2) g CH₄ m⁻³ for plants without anaerobic 

digesters. Because our study did not disaggregate EFs by digester type, and the two Song et al. 

(2023) categories EFs are almost similar, we take the simple average of those values to obtain 12.7 

(7.7–17.7) g CH₄ m⁻³. EPA’s wastewater methodology calculates emissions from influent flow, 

biogas generation, and the destruction efficiency of devices that burn biogas (US EPA, 2022b), 

information we did not have for our sites. Song et al. (2023) reports that their measurement-based 

EFs are approximately twice the EPA values; using that relationship we therefore estimate an EPA-

based EF of 6.4 (3.9–8.9) g CH₄ m⁻³ for comparison. 
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Lakes and reservoirs 

 Methane emissions from lakes and reservoirs were evaluated against EFs reported by the 

Intergovernmental Panel on Climate Change (IPCC) in the U.S. EPA Inventory of Greenhouse Gas 

Emissions and Sinks (US EPA, 2022b) and those derived by Riddick et al. (2022). The IPCC 

distinguishes between Reservoirs and Other Constructed Waterbodies (Freshwater Ponds). As the 

study area spans both Cool Temperate and Warm Temperate Dry climate zones as defined in the 

U.S. EPA Inventory of Greenhouse Gas Emissions and Sinks (US EPA, 2022b) Reservoir section, 

we applied surface EFs from both categories. The Colorado Wetland Inventory (Colorado State 

University, 2025f) used in this study to generate total surface area does not resolve the relative 

proportions of lakes versus reservoirs. As a result, we generated a Monte Carlo distribution of 

aggregated EFs using equal weights of 0.054 MT CH₄ ha⁻¹ yr⁻¹ (Cool Temperate Reservoir), 

0.0803 MT CH₄ ha⁻¹ yr⁻¹ (Warm Temperate Dry Reservoir), and 0.183 MT CH₄ ha⁻¹ yr⁻¹ 

(Freshwater Ponds). For comparison with measurement-based estimates, we applied the EF 

reported by Riddick et al. (2022) of 0.015 g CH₄ m⁻² h⁻¹. 

3.4 Results 

3.4.1 Concentrated animal feeding operations 

This study’s emission factors (EFs) and inventory estimates aligned with those from the 

EPA’s 2022 Colorado State Inventory Tool (US EPA, 2025c) within uncertainty, particularly for 

dairy farms where the average annual emissions were identical. The annualized measured EFs in 

this study were 0.023 kg CH₄ h⁻¹ per dairy unit, 0.010 kg CH₄ h⁻¹ per cattle unit, and 0.001 kg CH₄ 

h⁻¹ per sheep unit (Figure 16). For comparison, the EPA EFs were 0.023 kg CH₄ h⁻¹ per dairy head, 

0.012 kg CH₄ h⁻¹ per cattle head, and 0.001 kg CH₄ h⁻¹ per sheep head, while Riddick et al. (2022) 
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reported 0.031 kg CH₄ h⁻¹ per dairy head, 0.005 kg CH₄ h⁻¹ per cattle head, and 0.001 kg CH₄ h⁻¹ 

per sheep head. 

Seasonally, no consistent pattern was observed, though dairy showed the highest EFs in 

winter and summer (0.03 kg CH₄ h⁻¹ per dairy unit) and the lowest in fall (0.02 kg CH₄ h⁻¹ per 

dairy unit). Compared with Riddick et al. (2022), which used a similar approach during summer 

2021, this study’s summer dairy EF (0.03 kg CH₄ h⁻¹ per dairy unit) was identical, while the 

summer cattle EF (0.009 kg CH₄ h⁻¹ per cattle unit) was higher than Riddick et al. (2022)’s value 

(0.005 kg CH₄ h⁻¹). For sheep, this study reported a summer EF of 0.002 kg CH₄ h⁻¹ per sheep 

head, slightly higher than Riddick et al. (2022)’s 0.001 kg CH₄ h⁻¹ per sheep head (Figure 16). 

Unlike Riddick et al. (2022) which derived EFs from summer-only measurements, this 

study captured data throughout the year, resulting in a more temporally comprehensive dataset 

aligned with the EPA’s annualized EFs. The corresponding annualized emission estimates were 59 

Gg CH₄ for dairy, 36 Gg CH₄ for cattle, and 0.4 Gg CH₄ for sheep, compared with EPA’s 58 Gg, 

44 Gg, and 0.3 Gg, respectively. Using Riddick et al. (2022)’s EFs, estimated emissions were 78 

Gg CH₄ for dairy, 20 Gg CH₄ for cattle, and 0.3 Gg CH₄ for sheep (Figure 16). 
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Figure 16. Left Plot: A plot showing the average emission factors for each season based on Monte 
Carlo simulations. Middle Plot: Probability distribution plots showing the annualized emission 
factor distribution based on Monte Carlo simulations. Right plot: A bar plot showing annualized 
CH4 estimates of CAFOs based on this study’s measurements, the EPA inventory of Colorado and 
Riddick et al. (2022) measurement study. 
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3.4.2 Municipal solid waste landfills 

This study’s annualized landfill emissions were consistent with EPA estimates within 

uncertainty, at 13 Gg CH₄ for open landfills and 1 Gg CH₄ for closed landfills (Figure 17). At the 

individual facility level, reported emissions differed slightly from those calculated using measured 

data; however, when aggregated across all facilities in the study area, the measured emissions 

closely aligned with EPA’s reported values. This finding demonstrates that aggregated 

measurement-based data can provide representative emission estimates at regional or basin scales. 

The EFs derived in this study were 0.005 g CH₄ h⁻¹ ton⁻¹ waste for closed landfills and 

0.033 g CH₄ h⁻¹ ton⁻¹ waste for open landfills. Open landfills exhibited substantially greater 

variability in EFs compared to closed sites. This variability likely reflects differences in ongoing 

waste deposition, daily and intermediate cover practices, gas collection system efficiency, and 

other site-specific operational conditions. In contrast, closed landfills tend to show more uniform 

emissions due to stabilized waste and consistent management practices. The measured dataset 

included four landfills, whereas EPA’s reported data covered three. One closed landfill did not 

report emissions to the EPA for valid reasons (US EPA, 2023b) however, its contribution to total 

emissions, based on measured data, was minimal (Figure 17).  

Seasonal analysis showed that EFs for both open and closed landfills were highest in winter 

and lowest in summer, even though winter included the largest number of measurements. For open 

landfills, the seasonal EFs were 0.051, 0.018, 0.012, and 0.022 g CH₄ h⁻¹ ton⁻¹ waste for winter, 

spring, summer, and fall, respectively. For closed landfills, the corresponding EFs were 0.007, 

0.0002, and 0.007 g CH₄ h⁻¹ ton⁻¹ waste for winter, spring, and fall, respectively; no valid summer 

measurements were available (Figure 17). 
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Figure 17. Left Plot: A plot showing the average emission factors for each season based on Monte 
Carlo simulations. Middle Plot: Probability distribution plots showing the annualized emission 
factor distribution based on Monte Carlo simulations. Right plot: A bar plot showing annualized 
CH4 estimates of municipal solid waste landfills based on this study’s measurements. 
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3.4.3 Wastewater treatment plants 

This study’s annualized methane emissions from wastewater treatment plants (WWTPs) 

were consistent with EPA estimates within uncertainty (Figure 18). The estimated average annual 

emissions were 1.3 Gg CH₄, compared with 1.6 Gg CH₄ based on EPA-equivalent emission factors 

and 3.1 Gg CH₄ using Song et al. (2023)’s EFs. These results mirror the pattern observed for 

landfills and CAFOs, where the annual emissions derived in this study also aligned closely with 

EPA’s calculation-based estimates within uncertainty. The average wastewater treatment EF 

estimated in this study was 5.3 g CH₄ m⁻³, representing CH4 emitted per cubic meter of wastewater 

treated. No clear seasonal pattern was observed. Seasonal EFs were 5.3, 6.7, and 2.5 g CH₄ m⁻³ for 

winter, spring, and fall, respectively; no valid summer measurements were available (Figure 18). 

 

Figure 18. Left Plot: A plot showing the average emission factors for each season based on Monte 
Carlo simulations. Middle Plot: Probability distribution plots showing the annualized emission 
factor distribution based on Monte Carlo simulations. Right plot: A bar plot showing annualized 
CH4 estimates of wastewater treatment plants based on this study’s measurements. 
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3.4.4 Lakes and reservoirs 

This study’s annualized CH4 emissions from lakes and reservoirs were higher than those 

calculated using IPCC EFs (US EPA, 2022b) but lower than those estimated using Riddick et al. 

(2022)’s EF (Figure 19). Although Riddick et al. (2022)’s measurements were conducted during 

summer, their relatively high EF, consistent with this study’s findings, suggests that IPCC EFs may 

underestimate CH4 emissions from lakes and reservoirs. The seasonal EFs estimated in this study 

were 0.006, 0.012, and 0.013 g CH₄ m⁻² h⁻¹ for winter, spring, and fall, respectively; no valid 

summer measurements were available. The lowest EF occurred in winter. This seasonal pattern is 

consistent with previous studies; for example, Skwierawski (2024) reported seasonal averages of 

3.2, 12.1, 20.6, and 14.9 mg CH₄ m⁻² d⁻¹ for winter, spring, summer, and autumn, respectively, 

based on four years of measurements at Lake Kortowskie, Poland. The average annual emissions 

estimated in this study were 12.7 Gg CH₄, compared with 1.5 Gg CH₄ based on IPCC EFs and 

18.1 Gg CH₄ using Riddick et al. (2022)’s (Figure 19). These results emphasize the importance of 

continuous, year-round measurement campaigns that capture both temporal (seasonal) and spatial 

variability to refine emission factor estimates and improve the accuracy of regional methane 

inventories. 
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Figure 19. Left Plot: A plot showing the average emission factors for each season based on Monte 
Carlo simulations. Middle Plot: Probability distribution plots showing the annualized emission 
factor distribution based on Monte Carlo simulations. Right plot: A bar plot showing annualized 
CH4 estimates of lakes and reservoirs based on this study’s measurements, IPCC emission factors 
(Riddick et al., 2022b) measurement study. 
3.4.5 Non-OG inventory and reconciliation 

We estimate total annual emissions of 123 ± 21 Gg y⁻¹, compared to the EPA estimate of 

119 Gg y⁻¹ (Figure 20). This study’s annualized inventory agrees with the EPA-calculated bottom-

up inventory within uncertainty, demonstrating that reconciliation between bottom-up inventories 

and measurement-based approaches is possible when measurements adequately capture temporal 

and spatial variability and are appropriately extrapolated to annual emissions. Aggregated CH₄ 

emissions from CAFOs, municipal solid waste landfills, wastewater treatment plants, and 

lakes/reservoirs indicate that CAFOs are the dominant source of CH₄ in the DJ region, contributing 

78% using this study’s EFs and 87% using EPA EFs (Figure 20). Municipal solid waste landfills 

contribute 11% based on both this study and EPA’s EFs, while wastewater treatment plants 

represent the smallest source at 1% (Figure 20). 
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Figure 20. Left: Annualized total CH₄ emissions from this study compared emission estimate 
calculated using EPA emission factors. Right: Annualized emissions by percentage contribution 
from each source category. EPA error bars are not shown because some source categories lacked 
reported uncertainty, preventing aggregation of overall uncertainty. 
3.5 Discussion 

This study demonstrates that measurement-based methane emission factors (EFs) and 

annualized emission estimates across major anthropogenic and natural sectors in Colorado’s 

portion of the DJ Basin generally agree with EPA inventory estimates within uncertainty, while 

revealing key sector-specific differences. The alignment between measured and inventory-derived 

emissions for CAFOs, landfills, and wastewater treatment plants (WWTPs) suggests that EPA 

methodologies provide reasonable regional estimates when averaged across multiple facilities. 
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However, the observed variability between facilities highlights the importance of incorporating 

direct measurements to refine emission factors and reduce uncertainty. 

3.5.1 Concentrated animal feeding operations (CAFOs) 

For CAFOs, the measured CH4 EFs were consistent with EPA inventory values within 

uncertainty, indicating good agreement between measurement-based and inventory-derived 

estimates. The absence of a strong seasonal pattern suggests that representative measurements 

taken at any time of year can yield reliable annual emission estimates. The close alignment between 

this study’s annual emissions (59, 36, and 0.4 Gg CH₄ for dairy, cattle, and sheep, respectively) 

and EPA estimates (58 Gg, 44 Gg, and 0.3 Gg CH₄ for dairy, cattle, and sheep, respectively) 

underscores the robustness of the EPA framework while validating the utility of year-round, 

ground-based measurement campaigns for characterizing agricultural CH4 emissions. 

EPA’s EFs for enteric fermentation and manure management, as implemented in the State 

Inventory Tool (SIT), are derived from the same methodological framework as the National 

Greenhouse Gas Inventory (GHGI) but are downscaled to the state level. The EPA employs a 

process-based Tier 2 (IPCC, 2006a) energy balance model, rather than relying on empirical 

constants. Each emission factor represents the annual CH4 output per animal, estimated from feed 

intake, digestion characteristics, and energy requirements (US EPA, 2023c). For enteric 

fermentation, the Cattle Enteric Fermentation Model (CEFM), a lifecycle model, accounts for 

animal demographics (age, sex, and weight), physiological status (growth, lactation, or 

pregnancy), and diet composition (forage-to-grain ratio, feed digestibility, and regional feed types) 

to determine the CH4 conversion rate. For manure management, emissions are calculated from the 

volatile solids excretion rate, the maximum CH4-producing capacity (B₀) of the manure, and the 
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CH4 conversion factor (MCF), which reflects the proportion of manure handled in various 

management systems and state-specific climatic conditions (US EPA, 2023c). 

The agreement between this study’s measurement-based estimates and EPA’s modeled 

factors confirms that EPA’s bottom-up, process-driven approach effectively captures the dominant 

drivers of CH4 generation in Colorado livestock systems, providing confidence in the accuracy 

and transferability of both measurement and inventory approaches. 

3.5.2 Municipal solid waste landfills 

For landfills, measurement-derived emissions (13 Gg CH₄ for open and 1 Gg CH₄ for 

closed sites) closely matched EPA-reported values. However, substantial variability in EFs among 

open landfills indicates that operational factors such as cover integrity, waste age, and gas 

collection efficiency strongly influence CH₄ release. The higher winter EFs, observed despite 

greater sampling frequency, suggest that cold-season meteorological conditions may enhance CH₄ 

accumulation or inhibit oxidation within landfill covers.  

The U.S. EPA estimates CH₄ emissions from municipal solid waste landfills using a first-

order decay (FOD) model consistent with the (IPCC, 2006b) framework but adapted for U.S. 

conditions in the Greenhouse Gas Inventory and Greenhouse Gas Reporting Program (40 CFR 

Part 98, Subpart HH) (US EPA, 2025d). In this process-based model, CH₄ generation depends on 

the mass of waste deposited each year and key parameters characterizing waste decomposition 

dynamics. These include the quantity of waste disposed (Wₓ), the degradable organic carbon 

(DOC) content, the fraction of DOC dissimilated (DOCF), the CH₄ correction factor (MCF) 

accounting for aerobic versus anaerobic conditions, the CH₄ fraction (F) of landfill gas, and the 

decay rate constant (k), which varies with climate and waste composition. For landfills equipped 

with gas collection and control systems, additional parameters such as collection efficiency (CE), 
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destruction efficiency (DE), and oxidation factor (OX) are applied to account for CH₄ captured, 

destroyed, or oxidized within cover soils. Together, these inputs simulate CH₄ generation and 

recovery over time, yielding annual emission estimates that reflect both degradation kinetics and 

management practices. The close agreement between measurement-based and EPA-modeled 

emissions indicates that EPA’s bottom-up, process-based emission factors are robust and 

representative of real-world landfill conditions. 

3.5.3 Wastewater treatment plants 

For wastewater treatment plants, measured EFs (5.3 g CH₄ m⁻³) and annualized emissions 

(1.3 Gg CH₄) closely matched EPA estimates (1.6 Gg CH₄) but were lower than those derived using 

Song et al. (2023). The absence of clear seasonal patterns supports the use of consistent annual 

emission factors for inventory applications in temperate regions. EPA calculates CH₄ emissions 

from municipal and industrial wastewater using a process-based approach adapted from the (IPCC, 

2006b) guidelines, in which emissions are determined from the biochemical oxygen demand 

(BOD) removed during treatment, the methane-producing potential of the organic matter (B₀), and 

the CH4 correction factor (MCF) accounting for the fraction of BOD decomposed anaerobically 

(US EPA, 2025d). Additional CH4 generation from sludge management including storage, 

dewatering, and land application is calculated based on volatile solids content, decay 

characteristics, and site-specific correction factors. The close agreement between measurement-

based and EPA-modeled emissions demonstrates that the EPA EFs are robust and representative 

of real-world WWTP operations. 

3.5.4 Lakes and reservoirs 

Measured CH₄ emissions from lakes and reservoirs in this study (12.7 Gg CH₄ yr⁻¹) were 

substantially higher than estimates derived from IPCC default emission factors (1.5 Gg CH₄; US 
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EPA, 2022a) but lower than those based on Riddick et al. (2022) (18.1 Gg CH₄), reflecting the 

influence of regional environmental conditions on CH4 production. The IPCC framework 

distinguishes between reservoirs and freshwater ponds, and in this study, a Monte Carlo approach 

was used to aggregate EFs across these categories due to uncertainty in the relative proportions of 

lakes versus reservoirs. The close alignment of seasonal EFs with expected patterns, lowest in 

winter (0.006 g CH₄ m⁻² h⁻¹) and higher in spring–fall (0.012–0.013 g CH₄ m⁻² h⁻¹) underscores the 

role of temperature, organic carbon availability, and thermal stratification in controlling CH₄ flux. 

The comparison with Riddick et al. (2022) further highlights that IPCC default factors likely 

underestimate emissions in semi-arid regions. Together, these findings demonstrate that 

measurement-based, region-specific emission factors are critical for improving the accuracy of 

CH₄ inventories from surface waters, and that year-round monitoring is necessary to capture 

temporal variability that may be missed when relying solely on global default factors. 

3.6 Implications 

In recent years, several studies have reported disagreements between measurement-based 

and bottom-up CH₄ emission inventories from both oil and gas and non-oil and gas sources. Most 

measurement-based studies rely on the ergodic assumption, in which sampling many sources at a 

given time is considered equivalent to observing a single source over an extended period to 

annualize emissions. This assumption implies that all emission events are captured during the 

snapshot measurement and that the emission distribution remains constant throughout the year. 

However, understanding how variability at the time of measurement compares to the full 

population over the year is critical when annualizing snapshot measurements and comparing them 

to bottom-up inventories. Bottom-up approaches, in contrast, employ detailed engineering 

calculations or source-level measurements based on scientific principles to predict emission 
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behavior throughout the year. If snapshot measurements are not correctly interpreted in terms of 

occurrence and frequency, extrapolated emissions can be inaccurate, leading to discrepancies with 

bottom-up estimates. 

This study demonstrates that measuring a spatially distributed sample across different times 

of the year can mitigate temporal biases caused by seasonal variation, operational and management 

differences, diurnal variability, and uncertainties in measurement and quantification methods, 

particularly those influenced by environmental conditions. This variability is reflected in the wide 

distribution of Monte Carlo simulated emission factors shown in the results. Furthermore, this 

approach is especially valuable when access to all facilities for source attribution is limited. By 

sampling many facilities at multiple times, variability in emissions is minimized and normalized, 

resulting in more robust regional estimates. Finally, this study provides a weighted emission factor 

methodology for extrapolating snapshot measurements to annual emission estimates. This method, 

based on weighted probabilities, ensures that average emission factors from Monte Carlo 

simulations account for both the few large emission events that could otherwise skew estimates 

and the numerous smaller emissions that are often underestimated in averages. 

Overall, the consistency of measurement-based emissions with EPA estimates across most 

sectors supports the validity of inventory methodologies but underscores the need for temporally 

resolved measurements to better capture intra-annual variability. Sectors such as lakes and 

reservoirs, which are more sensitive to temperature and biogeochemical processes, may require 

region-specific EFs to improve inventory accuracy. These findings collectively demonstrate the 

value of integrated measurement–inventory frameworks, where snapshot measurement-based and 

bottom-up approaches are combined to reduce uncertainty and enhance the spatial and temporal 

representativeness of methane estimates. Such integration is critical for improving greenhouse gas 
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inventories and informing state and federal policy decisions under evolving methane monitoring 

and reporting programs. 
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CHAPTER 4: CONCLUSION 

 
 
 
5.1 Research objectives and hypotheses 

5.1.1 Objective 1: Evaluating the feasibility of using downwind methods to quantify point 

source oil and gas emissions using continuously monitoring fence-line sensors 

This objective aimed to assess the quantification accuracy of the closed-path eddy 

covariance (EC), Gaussian plume inverse method (GPIM), and backward Lagrangian stochastic 

(bLs) models in controlled-release experiments simulating oil and gas emissions. 

The closed-path EC system failed to provide valid flux estimates due to instrument and 

configuration limitations, including non-synchronous data logging, low sampling frequency, and 

a slow analyzer response. Consequently, research hypotheses H1a and H1b for EC were rejected, 

as the system did not demonstrate a strong linear relationship (R² ≈ 0) or consistent accuracy 

across emission types. 

For the GPIM, quantification accuracy varied widely with wind-sector and averaging 

configurations. The method showed moderate performance for single-release single-point (SRSP) 

tests (slopes between 1.65 and 3.92; R² up to 0.64) but poor correlations for multi-release single-

point (MRSP) tests (R² ≈ 0). This partial performance indicates that research hypothesis H1a was 

not fully supported, though GPIM can be effective under optimal averaging (15-min, 5°) and open 

terrain. H1b was not supported since performance consistency across emission types was not 

maintained. 

The bLs model demonstrated the highest overall quantification accuracy among the tested 

methods. For SRSP conditions, bLs results approached unity slopes (1.05–1.10) and moderate R² 

values (0.37–0.66), meeting the expected linearity between estimated and true emissions. 
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However, performance degraded substantially under MRSP scenarios (R² ≈ 0), reflecting the 

method’s sensitivity to multi-source interference and complex flow. Therefore, research hypothesis 

H1a was supported for SRSP conditions but rejected for MRSP, and H1b was not supported since 

performance consistency across emission types was not maintained. 

In summary, the bLs and GPIM methods are feasible for quantifying emissions from 

isolated point sources, particularly under steady winds and defined background conditions, while 

EC was unsuitable in the configuration tested. The findings highlight that method feasibility 

depends strongly on the experimental design, source complexity, and data quality assurance. 
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5.1.2 Objective 2: A comparison of bottom-up, measurement-based and EPA inventory 

methane emission estimates for non–oil and gas sources in the Denver–Julesburg basin, 

Colorado 

This objective aimed to develop and compare a measurement-based CH₄ inventory for 

concentrated animal feeding operations (CAFOs), municipal solid waste (MSW) landfills, 

wastewater treatment plants (WWTPs), and lakes/reservoirs in the DJ Basin using both EPA and 

empirically derived emission factors (EFs), while assessing seasonal variability and consistency 

with existing inventories. 

Measurement-based EFs for CAFOs, MSW landfills, and WWTPs agreed closely with EPA 

inventory values within uncertainty, confirming that EPA’s bottom-up, process-based approach 

effectively represents CH₄ generation in these sectors. For CAFOs, the close correspondence 

between measured and EPA-estimated emissions (e.g., 59 vs. 58 Gg CH₄ yr⁻¹ for dairy operations) 

validated the representativeness of both methodologies. Similarly, landfill emissions (13 Gg open, 

1 Gg closed) and WWTP emissions (1.3 Gg vs. 1.6 Gg CH₄ yr⁻¹) were consistent with EPA 

estimates. In contrast, measured lake and reservoir emissions (12.7 Gg CH₄ yr⁻¹) exceeded IPCC 

default factors but aligned with regional studies, reflecting climatic and ecosystem variability in 

semi-arid environments. Therefore, research hypothesis H2a was supported confirming that 

measurement-based EFs generally fall within the expected range of previous inventories. 

Seasonal analyses revealed source-specific variability. Landfills exhibited higher winter 

emissions consistent with reduced CH₄ oxidation, while lakes and reservoirs showed enhanced 

fluxes in warmer seasons due to temperature-driven stratification and microbial activity. 

Conversely, CAFOs and WWTPs displayed minimal or no seasonal dependence, suggesting stable 

emissions throughout the year. Therefore, research hypothesis H2b was partially supported, and 
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H02b was partially rejected, as seasonal variability was evident for landfills and lakes/reservoirs 

but not for CAFOs or WWTPs. 

The resulting measurement-based inventory estimated total annual CH₄ emissions of 123 

± 21 Gg yr⁻¹, compared with 119 Gg yr⁻¹ from the EPA inventory agreement within uncertainty 

that demonstrates reconciliation between measurement-based and bottom-up approaches when 

spatial and temporal variability are adequately represented. CAFOs were the dominant source 

category, contributing 78 % (this study) and 87 % (EPA) of total emissions, followed by landfills 

(11 %) and WWTPs (1 %). Therefore, research hypothesis H2c was supported, and H02c was 

rejected, confirming that the measurement-based inventory aligns closely with EPA estimates in 

both magnitude and relative source contributions. 

In summary, Objective 2 demonstrated that measurement-based and EPA bottom-up 

inventories are largely consistent across major non-oil and gas CH₄ sources in the DJ Basin. While 

lakes and reservoirs exhibit higher region-specific emissions, and some sources show seasonal 

patterns, overall agreement within uncertainty supports the validity of both measurement-based 

and inventory methodologies for regional methane assessments. 
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5.2 Application of systems engineering to methane emissions 

This dissertation applied systems engineering principles to methane emissions research by 

treating quantification, modeling, and inventory comparison as interconnected subsystems within 

a broader methane management framework. Objective 1 evaluated the feasibility of downwind 

quantification methods for oil and gas point sources, revealing that each modeling approach—EC, 

GPIM, and bLs—offered distinct advantages under specific atmospheric and operational 

conditions. This demonstrated that quantification accuracy depends not only on individual model 

performance but also on the integration of sensor placement, atmospheric data, and model 

assumptions—key systems engineering considerations for system reliability and optimization. 

Objective 2 extended this systems view (i.e., understanding emissions collectively)  to non–

oil and gas sources by developing a measurement-based CH₄ inventory for CAFOs, landfills, 

wastewater treatment plants, and lakes/reservoirs in the DJ Basin. Comparing these results with 

EPA and empirical emission factors revealed that both emissions and emission factors vary across 

source types and seasons, reflecting inherent system complexity and dynamic behavior. The 

analysis highlighted the importance of harmonizing bottom-up and measurement-based data 

streams to improve regional and national methane budgets. 

Together, these objectives demonstrate that methane quantification and mitigation are best 

addressed through a system-of-systems approach, in which diverse subsystems—oil and gas, 

waste, wastewater, and natural environments—are integrated through consistent data standards, 

model interoperability, and coordinated validation frameworks (e.g., OGMP reconciliation 

processes). This integrative perspective enables cross-domain learning, where validated 

approaches in one subsystem inform improvements in another, accelerating global progress toward 

methane reduction. 
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5.3 Research Contributions 

1. A comprehensive comparison of methods to quantify methane emissions using a 

controlled release oil and gas quantification study – This research developed and published 

a systematic comparison of eddy covariance (EC), backward Lagrangian stochastic (bLs) 

modeling, and Gaussian plume inversion (GPIM) for quantifying methane emissions from oil 

and gas operations. By testing these methods under controlled-release single- and multi-point 

scenarios, the study identified the relative strengths and limitations of each approach, providing 

practical guidance on method selection and deployment in complex emission environments. 

2. Improved and evidence-based guidance on practical methane quantification – Through a 

direct evaluation of multiple model’s accuracy and application in controlled oil and gas 

settings, this research produced scientifically validated methodologies for estimating methane 

emissions at fence-line distances. The study highlighted the conditions under which each 

method performs optimally, demonstrated the impact of instrumentation and environmental 

factors on measurement uncertainty, and illustrated the trade-offs between temporal averaging, 

spatial coverage (wind sector), and operational complexity. These insights provide operators 

and researchers with practical guidance to improve monitoring strategies and reduce 

uncertainty in emission estimates. 

3. A field-data-based measurement methane inventory – This research developed a detailed 

field-based measurement campaign to generate spatially and temporally resolved emission 

factors and methane inventories for concentrated animal feeding operations (CAFOs), 

municipal solid waste landfills, wastewater treatment plants, and freshwater sources in the 

Denver-Julesburg Basin. New emission factors derived from these measurements were applied 

to develop a measurement-based basin-level inventory, which was then compared to the EPA 
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inventory. The results identified CAFOs as the dominant non–oil and gas methane source, 

quantified sector-specific contributions, and highlighted seasonal and facility-level variability. 

This contribution provides both a benchmark for regional methane emissions and a 

methodological framework for extending measurement-based inventories to other sectors and 

regions. 

4. A field-based methodology for scaling snapshot measurements to annual scales for 

inventory comparisons – This study presents a weighted emission factor methodology for 

extrapolating snapshot methane measurements to annual emission estimates. The method 

employs weighted probabilities within Monte Carlo simulations to ensure that the resulting 

average emission factors capture both high magnitude but infrequent emission events and 

numerous smaller releases that are typically underrepresented in unweighted averages. While 

the present analysis focuses on non–oil and gas sources, the extrapolation framework 

developed here is generalizable and can also be applied to oil and gas emission sources. 
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CHAPTER 5: RECOMMENDATIONS AND FUTURE WORK 

 
 
 

This study faced two primary limitations that provide direction for future research and 

methodological improvement. 

For Objective 1, the closed-path eddy covariance (EC) system failed to provide valid flux 

estimates due to instrumentation and configuration issues. In addition, the study design relied on 

a single sensor to evaluate model performance, whereas real-world continuous monitoring 

networks typically employ multiple sensors distributed around a site. Future work should therefore 

evaluate model performance under multi-sensor configurations and explore the use of optimization 

algorithms to improve quantification accuracy in complex oil and gas environments. Continuous 

monitoring systems remain highly valuable due to their ability to generate temporally resolved 

data across many sites, which—if quantification accuracy improves—could support both rapid 

leak detection and repair (LDAR) programs and site-level emission inventories. They also enable 

relatively fast reporting of equipment failures or abnormal emission events, enhancing operational 

response between inspection cycles. While most current systems have yet to achieve this 

capability, continuous monitoring technologies can capture short-duration and intermittent 

emissions that periodic surveys often miss, providing insights into temporal emission patterns, and 

linking observed emissions to operational or meteorological factors. If fully realized, these 

capabilities could improve the accuracy and representativeness of site- or basin-level inventories 

by reducing reliance on assumed temporal profiles and enabling more direct temporal scaling of 

emissions. Furthermore, continuous monitoring could support independent verification and 

transparent reporting of emissions, facilitate automated compliance tracking, and generate datasets 

suitable for integration with advanced analytics or predictive maintenance tools. Collectively, these 
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potential capabilities would reduce dependence on aerial or aircraft-based surveys that lack 

temporal resolution and often require assumptions that increase inventory uncertainty. 

For Objective 2, the main limitation was the lack of direct facility access, which restricted 

detailed process-level characterization. For methane mitigation, the ultimate goal is to localize and 

reduce or eliminate emission sources. The non–oil and gas sector, however, remains less advanced 

than the oil and gas industry in source attribution and quantification, though both sectors continue 

to progress toward effective mitigation. Current EPA inventory equations appear broadly 

representative, yet this study demonstrated that measurement-based methods, particularly those 

incorporating weighted emission factors, can complement these inventories and track reduction 

progress without the need to develop entirely new tools. The weighted emission factor framework 

developed in this study enables the extrapolation of snapshot or campaign-based measurements to 

annual scales, addressing the imbalance between infrequent large emission events and numerous 

smaller, persistent sources that can bias simple averages. By integrating probabilistic weighting 

within Monte Carlo simulations, the approach provides more representative sector-level emission 

factors and helps to reconcile discrepancies between bottom-up inventories and measurement-

based estimates. 

The backward Lagrangian stochastic (bLs) model, used in both objectives, provides a 

flexible foundation—offering point-source configurations suitable for oil and gas sites and area-

source configurations applicable to landfills, agricultural systems, and natural environments. When 

combined with weighted emission factors, such models can be adapted to reflect the temporal and 

spatial variability inherent in different source types, improving inventory fidelity and supporting 

targeted mitigation strategies. Future studies applying these and similar tools, calibrated for sector-
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specific conditions, could significantly enhance methane quantification and accelerate progress 

toward verifiable emission reductions. 

Finally, as emphasized in the integration between systems engineering and methane 

emissions, achieving meaningful reductions in the global atmospheric methane growth rate 

(currently ~21 Tg CH₄ yr⁻¹) requires integration across technologies, datasets, and teams. Methane 

monitoring remains costly—through platforms such as satellites, aerial surveys, continuous 

monitors, and advanced analytics—but effective reduction demands systematic tracking of 

progress across all sources and regions. While significant advances have been made in oil and gas 

mitigation, especially in North America, future efforts must assess the global value of expanding 

focus toward other methane sources and under-monitored regions. A coordinated, systems-based 

framework that integrates measurements, inventories, and reduction initiatives across domains is 

essential for achieving measurable and sustained global methane reduction. 
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APPENDIX 
 

 

 
A1: Atmospheric Conditions during the Test Period 

 

Figure A1. A bar plot of weather conditions during the test period 
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Figure A2. A plot of temperature during the test period 

 
Figure A3. A wind rose plot of wind direction and wind speed during the test period 
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Figure A4. Top plot: A time series plot of CH4 concentrations during the test period. Bottom 
plot: A time series of wind speed during the test period 
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A2.1: Equations 

𝒛𝟎 = 𝒛 ∗ 𝐞𝐱𝐩 (− 𝟎. 𝟒𝑼𝒖∗ ) 

 

 

(A1) 

 𝒖∗ = [(𝒖′𝒘′)𝟐 + (𝒗′𝒘′)𝟐]𝟏/𝟒
 

(A2) 

Where z0 = roughness length (m) 

z = measurement height (m) 

U = mean wind speed (m/s) 

u* = surface friction velocity (m/s) 

u and v = horizontal wind speeds (m/s) 

w = vertical wind speed (m/s) 

L was calculated from the surface friction velocity (u*, m s-1), mean potential temperature (Θ, K), 

von Kármán's constant (k, 0.41), gravitational acceleration (g, 9.8 m s-1) and the surface 

(kinematic) turbulent flux of sensible heat w’Θ’ (Equation 3) (Kljun et al., 2015; Stull, 1988).  𝐿 = − 𝑢∗3𝛩𝑘𝑣𝑔𝑤′𝛩′  (A3) 

 

The wind direction (WD) and speed (WS) were calculated from the wind vectors u and v, based on 

the manufacturer’s configuration: +u values = wind from the east, +v values = wind from the north, 

and +w = updraft (Equations 4 and 5).  

 𝑾𝑫 = 𝐦𝐨𝐝(𝟗𝟎 − 𝐚𝐭𝐚𝐧𝟐𝐝(𝒗, 𝒖), 𝟑𝟔𝟎) (A4) 

  𝐖𝐒 =  √𝐮𝟐 + 𝐯𝟐  (A5) 𝐅 = 𝐮∗𝐤𝐯(𝐜𝟐−𝐜𝟏)𝐈𝐧 (𝐳𝟐 𝐳𝟏 ) − 𝚿𝐜,𝟐 + 𝚿𝐜,𝟏   (A6) 
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𝐐 = 𝐦𝐞𝐚𝐧𝐄𝐧𝐡(𝐱, 𝐲, 𝐱) ∗ 𝟐𝛑𝛔𝐲𝛔𝐳𝐔𝐞𝐱𝐩 (− 𝐲𝟐𝟐𝛔𝐲𝟐) ∗ (𝐞𝐱𝐩 (− (𝐳 − 𝐇)𝟐𝟐𝛔𝐳𝟐 ) + 𝐞𝐱𝐩 (− (𝐳 + 𝐇)𝟐𝟐𝛔𝐳𝟐 )) 

 

 

(A7) 

Q = meanEnh(x,y,x)∗2πσyσzUexp(− y22σy2)∗(exp(−(z−H)22σz2 )+exp(−(z+H)22σz2 )+ exp(−(z−2h+H)22σz2 )+ exp(−(z+2h−H)22σz2 )+exp(−(z−2h−H)22σz2 ))  

 (A8) 

 

 

Where 

Q = point source emission rate (kg h-1) meanEnh (x,y,z) = mean CH4 enhancement at the measurement point (ppm) 

σy  (m) = horizontal dispersion coefficient calculated as σv(x/U) : σv is the standard deviation of v 

wind speed from the sonic anemometer, x is the downwind distance from the point source and U 

is the mean wind speed  

σz (m) = vertical dispersion coefficient calculated as σw(x/U) : σw is the standard deviation of w 

wind speed from the sonic anemometer, x is the downwind distance from the point source and U 

is the mean wind speed 

y (m) = mean cross wind distance in the averaged period 

z (m) = measurement height 

h (m) = height of boundary layer: estimated based on (Kljun et al., 2015) 

H (m) = point source height 
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A2.2: Instrument Sampling Frequency 

 
Figure A5. A histogram of CH4 sampling frequency by the MGGA 

 
Figure A6. A histogram of sonic anemometer sampling frequency 
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A2.3 Cospectra/ogive/u*/stationarity 

A2.3.1 Cospectra Analysis

 

Figure A7. CoSpectra analysis for the eddy covariance fluxes for single release single point 
emissions 
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Figure A8. CoSpectra analysis for the eddy covariance fluxes for multi release single point 
emissions 
 

A2.3.2 CH4 Flux vs u* 
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Figure A9. A plot of CH4 flux vs friction velocity for the eddy covariance fluxes for single 
release single point emissions 
 

 

 

Figure A10. A plot of CH4 flux vs friction velocity for the eddy covariance fluxes for multi 
release single point emissions 
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A2.3.3 Ogive Analysis

 

Figure A11. Ogive analysis for the eddy covariance fluxes for single release single point 
emissions 

 
Figure A12. Ogive analysis for the eddy covariance fluxes for Multi release single point 
emissions 
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S2.3.4 Stationarity Plot 

 

 

Figure A13. A sample plot of CH4 flux vs stationarity deviation for the eddy covariance fluxes-
15 minutes 10 degrees wind sector 
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A3: Results 

A3.1 Eddy Covariance 

A3.1.1 Single Release Single Point 

 

Figure A14. Estimated emission vs actual emission (kg h-1) for single-release single-point 
emissions. The red dotted line is a 1:1 line based on actual emissions i.e. points below the line are 
underestimated and above are overestimated emissions. The gray region represents ±30% of the 
actual emission. Adj. R2 is the adjusted R2. The sample size is n. 
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A3.1.2 Multi-Release Single-Point 

 

Figure A15. Estimated emission vs actual emission (kg h-1) for multi-release single-point 
emissions. The red dotted line is a 1:1 line based on actual emissions i.e. points below the line are 
underestimated and above are overestimated emissions. The gray region represents ±30% of the 
actual emission. Adj. R2 is the adjusted R2. The sample size is n. 
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A3.2 Gaussian Plume Inverse Method: Single-Release Single-Point 

A3.2.1 Scenario 1: Equation A7 & ~10 Hz sonic anemometer dispersion coefficients 

 

Figure A16. Estimated emission vs actual emission (kg h-1) for single-release single-point 
emissions. The red dotted line is a 1:1 line based on actual emissions i.e. points below the line are 
underestimated and above are overestimated emissions. The gray region represents ±30% of the 
actual emission. Adj. R2 is the adjusted R2. The sample size is n. 
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A3.2.2 Scenario 2: Equation A8 & ~10 Hz sonic anemometer dispersion coefficients 

 
Figure A17. Estimated emission vs actual emission (kg h-1) for single-release single-point 
emissions. The red dotted line is a 1:1 line based on actual emissions i.e. points below the line are 
underestimated and above are overestimated emissions. The gray region represents ±30% of the 
actual emission. Adj. R2 is the adjusted R2. The sample size is n. 
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A3.2.3 Scenario 3: Equation A7 & EPA 2013 dispersion coefficients 

 
Figure A18. Estimated emission vs actual emission (kg h-1) for single-release single-point 
emissions. The red dotted line is a 1:1 line based on actual emissions i.e. points below the line are 
underestimated and above are overestimated emissions. The gray region represents ±30% of the 
actual emission. Adj. R2 is the adjusted R2. The sample size is n. 
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A3.2.4 Scenario 4: Equation A8 & EPA 2013 dispersion coefficients 

 
Figure A19. Estimated emission vs actual emission (kg h-1) for single-release single-point 
emissions. The red dotted line is a 1:1 line based on actual emissions i.e. points below the line are 
underestimated and above are overestimated emissions. The gray region represents ±30% of the 
actual emission. Adj. R2 is the adjusted R2. The sample size is n. 
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A3.2.5 Scenario 5: Equation A7 & 1 Hz sonic anemometer dispersion coefficients 

 
Figure A20. Estimated emission vs actual emission (kg h-1) for single-release single-point 
emissions. The red dotted line is a 1:1 line based on actual emissions i.e. points below the line are 
underestimated and above are overestimated emissions. The gray region represents ±30% of the 
actual emission. Adj. R2 is the adjusted R2. The sample size is n. 
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A3.2.6 Scenario 6: Equation A8 & 1 Hz sonic anemometer dispersion coefficients 

 

Figure A21. Estimated emission vs actual emission (kg h-1) for single-release single-point 
emissions. The red dotted line is a 1:1 line based on actual emissions i.e. points below the line are 
underestimated and above are overestimated emissions. The gray region represents ±30% of the 
actual emission. Adj. R2 is the adjusted R2. The sample size is n. 
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A3.3 Models’ Validation File  
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Figure A22. Location of all non-oil and gas sources in this study’s DJ boundary 
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Figure A23. Instrument setup. Top left: Aeris Strato analyzer (sampling at 1 Hz). Top right: 
Airmar instrument software displaying meteorological conditions. Center: Airmar 150 WX 
instrument (sampling at 1 Hz). Bottom: METEC truck with the Aeris inlet tubing collocated with 
the Airmar instrument. 
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Figure A24. Sample WindTrax configuration of an area source model. The green polygon is the 
facility layout with size configurations from Google Maps (Google, 2025). The truck represents 
the METEC truck with instruments: anemometer (A), CH4 concentration sensor (C), 
thermometer (T), and Pressure sensor (P).  
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LIST OF ABBREVIATIONS 

CH4 Methane 

EF Emission factor 

EC Eddy covariance 

AFG Aerodynamic flux gradient 

GPIM Gaussian Plume Inverse Method 

bLs Backward Lagrangian stochastic model 

DJ Denver-Julesburg 

SIT State inventory tool 

IPCC Intergovernmental Panel on Climate Change 

EPA Environmental Protection Agency 

CDPHE Colorado Department of Public Health and Environment 

CAFOs Concentrated animal feeding operations 

SRSP Single-release single-point 

MRSP Multi-release single-point 

METEC Methane Emissions Technology Evaluation Center 

 


