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ABSTRACT

CONTROLLED TESTING OF NEXT GENERATION LEAK DETECTION AND

QUANTIFICATION SOLUTIONS TO EVALUATE PERFORMANCE AND DEVELOP

CONSENSUS ASSESSMENT METRICS

Reducing methane emissions, a potent short-term climate forcer, is critical for mitigating global

warming. The oil and gas (O&G) industry is a major source of anthropogenic methane emissions,

and regulations in the U.S. and Canada mandate leak detection and repair (LDAR) programs to

mitigate these emissions. Traditional LDAR methods, which includes manually surveying O&G

assets with handheld optical gas imaging (OGI) cameras or portable organic vapor analyzers, can

be costly and labor-intensive given the vast spatial extent of O&G facilities. However, emerging,

next-generation leak detection and quantification (LDAQ) solutions promise a more cost-effective

alternative but must demonstrate equal or superior emissions mitigation potential to gain regulatory

approval. Standardized controlled testing is essential for verifying this equivalence, yet no widely

accepted framework currently exists to achieve this goal. This study evaluates and improves the

first known standardized controlled testing protocols designed to address this gap. Two test proto-

cols were developed for the two broad categories of LDAQ solutions: continuous monitors, which

operate autonomously over extended durations, and survey solutions, which function over shorter

durations with human supervision. These protocols, developed through multi-stakeholder collabo-

ration, were used to test 29 LDAQ solutions (some tested multiple times) at the Methane Emissions

Technology Evaluation Center (METEC). METEC is an 8-acre outdoor controlled testing facility

that simulates methane emissions from North American onshore O&G equipment. Each survey

solution and continuous monitor was tested for a minimum of 3 days and 11 weeks, respectively.

Tested controlled release rates were up to 7100 g CH4/h for continuous monitors and 2100 g CH4/h

for survey solutions. Key performance metrics, including probability of detection (POD), local-
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ization accuracy and precision, quantification accuracy, and survey times, were assessed. Seven

solutions were retested 3 to 13 months after their initial tests to examine performance changes over

time. Results showed that no single LDAQ solution or solution category achieved optimal perfor-

mance across all the metrics evaluated. For continuous monitors, only two solutions achieved 90%

POD within the tested range, failed to detect ≤ 40% of the controlled releases, and had ≤ 40%

of their reported detections classified as false alerts. Camera- and laser-based continuous monitors

demonstrated the highest emissions source localization accuracy, with most of them attributing

≥49% of their detection reports to the correct emission source. Quantification uncertainty varied

widely, with solutions underestimating and overestimating actual emission rates by factors up to

50 and 46, respectively. For survey solutions, handheld OGI cameras exhibited better accuracy and

repeatability in detecting and localizing small fugitive emissions compared to mobile (automobile-

/drone-based) survey solutions, although the latter completed emission surveys faster. Addition-

ally, performance improvements were observed with repeated testing, emphasizing the likely im-

portance of regular, independent, and comprehensive evaluations in advancing LDAQ solutions.

Findings from these controlled tests, combined with stakeholders feedback and insights from par-

allel field testing, informed the revision of the protocols to better reflect the application of LDAQ

solutions at real O&G facilities. Study findings demonstrates that integrating multiple solutions can

complement the limitations of any individual or category of LDAQ solutions. Continuous monitors

and automobile-/drone-based survey LDAQ solutions can rapidly detect and narrow-down sources

of emissions, enabling targeted follow-up investigations with handheld LDAQ survey solutions. In

general, this work contributes significantly to efforts aimed at accelerating regulatory approval and

adoption of next-generation LDAQ solutions for methane emissions mitigation through transparent

and rigorous controlled testing.

iii



ACKNOWLEDGEMENTS

First and foremost, I would like to express my deepest gratitude to the entire Methane Emis-

sions Technology Evaluation Center team led by Daniel Zimmerle for their continuous support,

invaluable guidance, and constructive feedback throughout the course of my research and the

preparation of this dissertation. Their expertise and encouragement have been instrumental in

shaping the work presented here.

I sincerely appreciate the members of my dissertation committee for their insightful comments,

valuable suggestions, and thoughtful critiques, which greatly enhanced the quality of my work. I

am also deeply grateful to the United States Department of Energy’s Office of Fossil Energy and

Carbon Management for providing the funding (award number DE-FE0031873), without which

this work would not have been possible.

Special thanks go to my family for their unconditional love, patience, and encouragement. To

my parents (Chief Okechukwu and Martina Ilonze) and siblings (Chike, Nnee, Ekene, Ezinne, and

Chidimma), your belief in me has been a constant source of motivation and strength. I would like

to extend my heartfelt appreciation to my friends and colleagues for their camaraderie, stimulating

discussions, and unwavering support during both the challenging and rewarding phases of this

journey.

May God bless you all.

iv



DEDICATION

I dedicate this work to every curious mind in a quest for knowledge on how to fight climate

change through the mitigation of methane emissions from the oil and natural gas sector.

v



TABLE OF CONTENTS

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

ACKNOWLEDGEMENTS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . iv

DEDICATION . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . v

LIST OF TABLES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ix

LIST OF FIGURES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . x

Chapter 1 INTRODUCTION . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1 Methane Emissions and the Oil and Gas Industry. . . . . . . . . . . . . . . 1

1.2 Overview of Next Generation Leak Detection and Quantification Solutions

and their Applications . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.3 Demonstrating Equivalence and Controlled Testing of Leak Detection and

Quantification Solutions . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

1.4 Research Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

1.5 Dissertation Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

Chapter 2 EXPERIMENTAL METHODS . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.1 Test Facility . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.2 Testing Process . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

2.2.1 Continuous Monitoring Solutions . . . . . . . . . . . . . . . . . . . . . 29

2.2.2 Survey Solutions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

2.2.3 Quantitative Optical Gas Imaging (QOGI) System . . . . . . . . . . . . 39

2.3 Performance Metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

2.4 Data Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

Chapter 3 EVALUATING THE PERFORMANCE OF CONTINUOUS MONITORING

LDAQ SOLUTIONS UNDER SINGLE-BLIND CONTROLLED TESTING . 52

3.1 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

3.2 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

3.2.1 Emissions detection and probability of detection (POD) . . . . . . . . . 53

3.2.2 Emissions source localization . . . . . . . . . . . . . . . . . . . . . . . 63

3.2.3 Quantification Accuracy . . . . . . . . . . . . . . . . . . . . . . . . . . 66

3.2.4 Operational Factors . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

3.3 Performance Variation with Testing Complexity . . . . . . . . . . . . . . 74

3.4 Performance in Field Deployments . . . . . . . . . . . . . . . . . . . . . 75

3.5 Implications of Study Results . . . . . . . . . . . . . . . . . . . . . . . . 77

Chapter 4 EVALUATING THE PERFORMANCE OF SURVEY LDAQ SOLUTIONS

UNDER SINGLE-BLIND CONTROLLED TESTING . . . . . . . . . . . . 79

4.1 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

4.2 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

4.2.1 Handheld OGI Camera Solutions vs Other Categories of Solutions . . . 80

vi



4.2.2 Performance Variation with Testing Complexity . . . . . . . . . . . . . 91

4.2.3 Implications of Study Results . . . . . . . . . . . . . . . . . . . . . . . 92

Chapter 5 EVALUATING QUANTIFICATION PERFORMANCE OF THE QUANTI-

TATIVE OPTICAL GAS IMAGING SYSTEM USING SINGLE-BLIND

CONTROLLED TESTING . . . . . . . . . . . . . . . . . . . . . . . . . . . 94

5.1 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94

5.2 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

5.2.1 Quantification Accuracy and the Impact of Emission Rate . . . . . . . . 96

5.2.2 Quantification Accuracy and the Impact of Plume Background . . . . . 97

5.2.3 Quantification Accuracy and the Impact of Wind Speed . . . . . . . . . 98

5.2.4 Quantification Accuracy and the Impact of Measurement Distance . . . 99

5.2.5 Diffuse vs Point Leak Type . . . . . . . . . . . . . . . . . . . . . . . . 100

5.2.6 Observed Favorable Measurement Scenario . . . . . . . . . . . . . . . 101

5.2.7 Quantification Precision . . . . . . . . . . . . . . . . . . . . . . . . . . 102

5.3 Implications of Study Results . . . . . . . . . . . . . . . . . . . . . . . . 105

Chapter 6 ASSESSING THE PROGRESS IN THE PERFORMANCE OF LDAQ SO-

LUTIONS UNDER A SINGLE-BLIND CONTROLLED TESTING PRO-

TOCOL . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107

6.1 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107

6.2 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . 109

6.2.1 Change in the Performance of Continuous Monitors . . . . . . . . . . . 109

6.2.2 Change in the Performance of Survey Solutions . . . . . . . . . . . . . 115

6.3 Implications of Study Results . . . . . . . . . . . . . . . . . . . . . . . . 118

Chapter 7 REVISING THE STANDARDIZED CONTROLLED TESTING PROTO-

COLS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 120

7.1 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 120

7.2 Limitations of the Testing Protocol . . . . . . . . . . . . . . . . . . . . . 121

7.2.1 Testing Process . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 121

7.2.2 Performance Metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . 123

7.3 Protocol Revision Process . . . . . . . . . . . . . . . . . . . . . . . . . . 126

7.4 The Revised Protocol Framework . . . . . . . . . . . . . . . . . . . . . . 130

7.4.1 Definitions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 130

7.4.2 Testing Process . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 131

7.4.3 Test Facility Data Exclusion . . . . . . . . . . . . . . . . . . . . . . . 134

7.4.4 Data Reporting . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 134

7.4.5 Detection Classification . . . . . . . . . . . . . . . . . . . . . . . . . . 136

7.4.6 Performance Metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . 140

7.5 Challenges and Limitations of the Revised Protocol . . . . . . . . . . . . . 142

7.6 Requirements of the Test Center . . . . . . . . . . . . . . . . . . . . . . . 143

7.7 Implications of the Protocol Revision . . . . . . . . . . . . . . . . . . . . 143

Chapter 8 CONCLUSIONS AND RECOMMENDATIONS . . . . . . . . . . . . . . . 145

vii



8.1 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 145

8.2 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 148

8.3 Recommendations and Future Works . . . . . . . . . . . . . . . . . . . . 153

Bibliography . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 155

Appendix A Equipment and Setup at METEC . . . . . . . . . . . . . . . . . . . . . . . . 178

Appendix B Variations in Performance of Continuous Monitors With Testing Complexity. 179

viii



LIST OF TABLES

2.1 Summary of the equipment units in all the well pads used for the study. . . . . . . . . 18

2.2 Characteristics of participating continuous monitors. . . . . . . . . . . . . . . . . . . 33

2.3 Characteristics of participating survey leak detection and quantification (LDAQ) solu-

tions. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

3.1 Table summarizing the multivariable logistic regression analysis evaluating the impact

of selected test conditions on the emissions detectability/POD of tested continuous

monitors . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

3.2 Table summarizing the detection classification result of continuous monitors . . . . . . 59

3.3 Summary of emission source localization (equipment unit) precision and accuracy. . . 65

3.4 Table summarizing the gamma generalized linear model with a log-link analysis eval-

uating the impact of selected test conditions on the quantification accuracy of tested

continuous monitors . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

3.5 Summary of single-estimate quantification for continuous monitors . . . . . . . . . . . 70

3.6 Summary of the Monte Carlo analysis of the field performance of tested continuous

monitors . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

4.1 Table summarizing the multivariable logistic regression analysis of selected test con-

ditions for survey solutions. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81

4.2 Summary of detection classification and localization result of survey solutions. . . . . 86

5.1 Quantification performance of the QOGI under different measurement scenarios. . . . 102

5.2 Quantification performance of the QOGI system under different aggregation levels. . . 104

6.1 Table Comparing the detection performance of continuous monitors that tested twice . 111

6.2 Table comparing the emission source localization precision and accuracy for continu-

ous monitors that tested twice. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 112

6.3 Table comparing single-estimate quantification performance of continuous monitors

that tested twice. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 113

6.4 Table comparing the detection and localization performance of survey solutions that

texted twice. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 117

7.1 Summary of detection classification under the revised protocol. . . . . . . . . . . . . . 140

B.1 The table summarizes the rank-biseral correlation between false negative fraction (FNF)s

evaluated per experiment and if an experiment had single or multiple controlled releases.179

B.2 Summary of the FNF evaluated for all continuous monitors under for a range of testing

complexity. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 180

ix



LIST OF FIGURES

1.1 The methane problem . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

1.2 Tiers of emissions mitigation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

1.3 Net zero scenario by IEA . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.4 Example of next-generation leak detection and quantification solution . . . . . . . . . 8

2.1 Aerial view of the test center - METEC . . . . . . . . . . . . . . . . . . . . . . . . . 16

2.2 The decommissioned equipment at METEC from which emissions are released . . . . 17

2.3 Wellpads 1 and 2 at METEC . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

2.4 Wellpads 3 at METEC . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

2.5 Wellpads 4 at METEC . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

2.6 Wellpads 5 at METEC . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.7 The piping and instrumentation diagram of a typical gas metering and transport system

at METEC . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

2.8 A typical gas supply house at METEC and meteorological station. . . . . . . . . . . . 23

2.9 A picture of the truck used for filling up the gas storage canisters at METEC . . . . . . 24

2.10 The interior of the gas supply house . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

2.11 The distribution of emission points on an equipment unit . . . . . . . . . . . . . . . . 26

2.12 The control panel of the electronics that automates controlled release of gas and data

collection at METEC . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

2.13 The deployment of continuous monitors at METEC for testing . . . . . . . . . . . . . 31

2.14 The deployment of survey LDAQ solutions at Methane Emissions Technology Evalu-

ation Center (METEC) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

2.15 A schematic of the QOGI system . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

2.16 A schematic of the detection classification result . . . . . . . . . . . . . . . . . . . . . 45

3.1 The probability of detection (POD) versus emission rate (kg CH4/h) for solutions B,

G, H, I, J, and L fitted using a power function. . . . . . . . . . . . . . . . . . . . . . . 56

3.2 The probability of detection (POD) versus emission rate (kg CH4/h) for solutions A,

C, D, E, F, and O fitted using a power function. . . . . . . . . . . . . . . . . . . . . . 57

3.3 The probability of detection (POD) versus emission rate (kg CH4/h) for solutions K,

N, O, and Q fitted using a power function. . . . . . . . . . . . . . . . . . . . . . . . . 58

3.4 Figure showing the categorization of the false positive (FP)s evaluated in this study for

all tested continuous monitors . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

3.5 Figure showing the equipment unit level localization precision for all continuous mon-

itors. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

3.6 Quantification accuracy of all point sensor network continuous monitors. . . . . . . . . 68

3.7 Figure shows the quantification accuracy of all scanning/imaging continuous monitors. 69

3.8 Facility-level quantification relative error . . . . . . . . . . . . . . . . . . . . . . . . . 72

3.9 The CDF of emissions data from field measurement studies. . . . . . . . . . . . . . . 76

4.1 The probability of detection curves of handheld optical gas imaging (OGI) camera

solutions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

x



4.2 The probability of detection curves of advanced handheld solutions . . . . . . . . . . . 83

4.3 The probability of detection curves of mobile solutions . . . . . . . . . . . . . . . . . 84

4.4 Categorization of the FPs evaluated in this study for all tested survey solutions . . . . . 85

4.5 Localization accuracy performance of tested survey solutions. . . . . . . . . . . . . . 88

4.6 Survey time per equipment unit for all tested survey solutions . . . . . . . . . . . . . . 90

5.1 Quantification accuracy of individual estimates using the QOGI technology. . . . . . . 96

5.2 Impact of plume background on the quantification performance of the QOGI technology. 97

5.3 Impact of wind speed on the quantification performance of the QOGI technology. . . . 99

5.4 Impact of wind speed on the quantification performance of the QOGI technology. . . . 100

5.5 Figure showing the equipment unit level localization accuracy for all solutions. . . . . 103

6.1 Comparison of the probability of detection curve of continuous monitors that tested

twice. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 110

6.2 Comparison of the quantification performance of continuous monitors that tested twice. 114

6.3 Comparison of the probability of detection curve of survey solutions that tested twice. . 116

7.1 Figure showing the structure of controlled releases using existing testing protocol . . . 122

7.2 Figure demonstrating the limitations of the detection classification system in the exist-

ing protocol. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 124

7.3 Figure showing the detection classification methodology under the existing protocol . . 125

7.4 Figure summarizing the protocol revision process . . . . . . . . . . . . . . . . . . . . 128

7.5 Number of protocol revision meeting participants by stakeholders . . . . . . . . . . . 128

7.6 Figure showing the structure of controlled releases using proposed testing protocol . . 133

7.7 Revised protocol data reporting and thresholding application. . . . . . . . . . . . . . . 135

7.8 Figure showing the detection classification methodology under the revised protocol . . 137

7.9 Figure showing the evaluation of time to detection under the revised protocol . . . . . 141

A.1 The gas chromatography device used to analyze the species that make up the gas sup-

ply at METEC . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 178

B.1 Figure shows the quantification accuracy of all point sensor network continuous mon-

itors for single controlled releases. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 181

B.2 Figure shows the quantification accuracy of all scanning/imaging continuous monitors

for single controlled releases. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 182

B.3 Figure shows the quantification accuracy of all point sensor network continuous mon-

itors for controlled releases that occurred during night time (Fort Collins Colorado,

USA). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 183

B.4 Figure shows the quantification accuracy of all scanning/imaging continuous monitors

for controlled releases that occurred during night time (Fort Collins Colorado, USA). . 184

B.5 Figure shows the quantification accuracy of all point sensor network continuous mon-

itors for multiple controlled releases. . . . . . . . . . . . . . . . . . . . . . . . . . . . 185

B.6 Figure shows the quantification accuracy of all scanning/imaging continuous monitors

for multiple controlled releases. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 186

B.7 Figure shows the quantification accuracy of all point sensor network continuous mon-

itors for controlled releases that occurred during day time (Fort Collins Colorado, USA).187

xi



B.8 Figure shows the quantification accuracy of all scanning/imaging continuous monitors

for controlled releases that occurred during day time (Fort Collins Colorado, USA). . . 188

xii



Chapter 1

INTRODUCTION

1.1 Methane Emissions and the Oil and Gas Industry.

Methane, a powerful greenhouse gas (GHG) with a short atmospheric lifespan (≈ 12 years), is

responsible for about 30% of the rise in global temperatures, with current atmospheric concentra-

tion more than twice pre-industrial levels (Figure 1.1a) [1–3]. Methane, with an estimated 20 year

global warming potential (GWP) 82 to 87 times that of CO2, is commonly emitted from the energy

sector, landfills, wetlands, and agricultural processes (e.g. domestic livestock) [4]. Globally, the

energy sector, including the oil and natural gas (O&G) industry, is the second largest contributor

of anthropogenic methane emissions (≈40%) behind agricultural sources (Figure 1.1b) [5]. The

O&G industry is the largest industrial source of anthropogenic methane emissions(≈30%) in the

united states (Figure 1.1c) and accounts for ≈66% of the methane emissions from the energy sector

globally (Figure 1.1b) [3,5]. Reducing methane emissions from the O&G sector (and other sectors

as shown in Figure 1.1d) is critical to achieving the Paris Agreement of limiting global mean tem-

perature rise to within 1.5 to 2 ◦C with significant gas savings, often at "near-zero net cost" due to

the captured methane being sold as natural gas [6–8].

In the O&G industry, methane is emitted across the production and processing [9–22], trans-

mission and storage [23, 24], and distribution [25, 26] sectors of the supply chain. Generally,

methane emissions mitigation efforts from these sectors can be applied at five spatial levels as

shown in Figure 1.2. Equipment component-level mitigation involves monitoring, identifying,

and reducing emissions from components like connectors, valves, thief hatches, etc., found on

O&G equipment like a condensate tank, separator, etc. Equipment unit-level mitigation involves

monitoring, identifying, and reducing emissions from a single unit of equipment like a wellhead,

separator, etc.
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(a) Historic trend in atmospheric methane concentra-

tion.

(b) Global methane emissions by sectors

(c) The US methane emissions by source (d) Methane emissions reduction to achieve climate

goals

Figure 1.1: The methane problem: Figure a (Image credit: NASA.) shows the trend of atmospheric methane

concentration since pre-industrial times. Figure b (Image credit: IEA.) shows the global methane emissions

by sectors in 2023. Figure c (Image credit: US EPA.) shows the U.S. methane emissions contribution by

source (1990-2021). Figure d shows desired methane emissions reduction by emitting sectors to limit earth’s

mean temperature rise to 1.5 ◦C by 2030 [2, 3, 5, 6].
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The equipment group-level mitigation involves inspecting, identifying, and reducing emissions

from an aggregation of similar, adjacent equipment units, e.g., a tank battery, etc. Facility-level

emissions mitigation involves surveying, identifying, and reducing emissions from any building,

structure, or installation of various O&G equipment that is under the same ownership or operation

and located on one or more adjacent properties. Basin/regional-level emissions mitigation involves

surveying, identifying, and abating emissions from an extensive geological area consisting of sev-

eral O&G facilities. For example, the Permian Basin in the US is spread between Texas and New

Mexico and contains thousands of well pads that are owned by several O&G companies/operators.

Figure 1.2: The figure shows the 5 tiers of emissions mitigation across the oil and gas industry.

Methane emissions in the O&G sector are generally categorized into fugitive, vent, and com-

bustion slip [27]. Fugitive emissions, or equipment leaks, are unintentional emissions typically

caused by process or equipment component failures (e.g., damaged valves, corrosion, loose fittings

and connections, etc.). Vent emissions are intentional releases of combustible gases for main-

tenance activities (e.g., equipment depressurization, liquid unloading of wells, etc.) or the non-

combustion use of pressurized gas in process control (e.g., gas-driven pneumatic controllers and
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pumps, compressor seals, etc.) [27,28]. Combustion slip is gas that escape intentional combustion

processes partially/fully unburned (e.g., natural gas-fired turbines and engines, flares, etc.) [29]. To

meet the world’s climate goal, several emissions mitigation efforts, including leak detection and

repair (LDAR) have been identified as promising strategies to curb emissions, especially fugitive

emissions and combustion slip across the O&G industry [30–32]. Figure 1.3 shows the emissions

reduction by LDAR and other strategies under the International Energy Association (IEA)’s net

zero emissions (NZE) by 2050.

Figure 1.3: The figure shows the methane emissions reduction under the IEA’s NZE by 2050 scenario [33].

1.2 Overview of Next Generation Leak Detection and Quantifi-

cation Solutions and their Applications

LDAR, a work practice designed to identify leaking equipment so that emissions (methane

and volatile organic compounds) can be reduced through repairs, is currently implemented in the

U.S. and Canada [34–39] with legislative proposals close to adoption by the European Union Par-

liament [40]. The current regulatory-approved LDAR techniques are handheld OGI cameras and

portable organic vapor analyzers, also known as the U.S. Environmental Protection Agency (EPA)
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method 21, both of which are used for periodic surveys of O&G facilities [41,42]. Although these

techniques can precisely localize emitting sources, they are labor-intensive, do not estimate emis-

sion rates, and have a limited scale of application (component-level for method 21 and up to equip-

ment unit level for OGI cameras). Also, their emissions reduction potential depends on survey

frequency, surveyor experience, and scale of application [43, 44]. For example, to be regulatory-

compliant in the U.S. and Canada, LDAR must be applied to millions of components spread over

a large spatial extent (100s to 1000s of facilities) with variable density of O&G assets, which has

significant time, human labor, and cost implications for O&G operators [45]. In addition, several

methane emissions measurement studies at O&G facilities in North America have shown that fugi-

tive emissions are temporally and spatially variable [9, 15, 46–50], unpredictable [32, 51], with a

small number of facilities and emitters often responsible for a disproportionately large portion of

total emissions (skewed and log-normal distribution) [49, 52–56], hence making it more difficult

to reduce methane emissions using existing LDAR methods.

Over the last 2 decades, there have been emergence of several next generation (i.e., advanced)

LDAQ solutions deployed on platforms such as vehicles [57,58], aircrafts [27,59], drones/unmanned

aerial vehicle (UAV)s [56, 60], satellites [61, 62], stationary towers (i.e. continuous monitors)

[63, 64], or handheld [65, 66], which promise to improve LDAR efficiency in a faster, cheaper,

and less labor-intensive way compared to existing LDAR techniques. An LDAQ solution can be

used as emissions monitoring and measurement methods in LDAR programs. An LDAQ solution

is an integrated system consisting of an LDAQ technology (methane sensors using one, or a com-

bination of, sensing methodologies), the deployment platform, and data analytics/algorithms used

to interpret raw measurement data. According to Aldhafeeri et al. [67], the most common types

of methane sensors include optical sensors [68–70], calorimetric gas sensors [71–73], pyroelec-

tric sensors [74–76], semiconducting metal oxide sensors (SMO) [77–79], and electrochemical

sensors [80–82]. Optical sensors operate based on emission and absorption spectroscopy [83]

including tunable diode laser absorption spectroscopy (TDLAS) [84], light detection and rang-

ing (LIDAR) [85], differential absorption LiDAR (DIAL) [86], cavity ring-down spectroscopy
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(CRDS) [87], fourier transform infrared spectroscopy (FTIR) [88], and differential optical ab-

sorption spectroscopy (DOAS) [89]. Other sensing methodologies for optical sensors are short-

wave (0.9 µm - 2.5 µm), mid-wave (3.0 µm - 5.0 µm) and long-wave (8.0 µm - 14.0 µm) infrared

imaging [43,90–92], multispectral and hyperspectral imaging [92–94], and non-dispersive infrared

spectroscopy [94]. For calorimetric sensors, the sensing mechanism is based on the effect of heat

changes (exothermic or endothermic) associated with gas adsorption, desorption, or chemical re-

action on the sensor surface [67]. Catalytic and thermal conductivity gas sensors are the most

commonly used calorimetric gas sensors [67, 95]. Pyroelectric sensors, through the pyroelectric

effect, convert thermal energy into electrical energy, which is used to identify a target gas by eval-

uating its thermal diffusivity and conductivity [96, 97]. While SMO sensors identify gas species

through the change in electrical resistance due to the reduction-oxidation (redox) reaction between

the active sensing layer of the sensor and the gas species [67,98,99], electrochemical sensors iden-

tify gas species through the electrical signal produced by the chemical interaction of the target gas

and the sensor’s receptor [67, 100].

When deployed at O&G facilities, LDAQ solutions can detect, localize, and/or quantify emis-

sions at different spatial scales as shown in Figure 1.2 either through in-situ measurements or

remote sensing. Emissions detection is defined as identifying change (enhancements) in the am-

bient concentration of a target gas specie(s) relative to a predefined baseline. Emission source

localization is defined as the spatial resolution/scale at which an emission is detected, while emis-

sions quantification is defined as the estimation of the volumetric/mass flow rate of detected gas

species(s). Some of the arbitrarily selected, commercially available next-generation LDAQ solu-

tions with varying localization levels are as follows:

1. The Tropospheric Monitoring Instrument (TROPOMI) is a satellite-based solution launched

aboard the Copernicus Sentinel-5P satellite in October 2017 in Russia. TROPOMI maps the

global atmosphere every day with a resolution up to 5.5 km × 3.5 km (7 km × 7 km at nadir

pixel resolution) and a swath of ≈ 2600 km [101]. TROPOMI detects and quantifies methane

emissions using the absorption data from the oxygen-A band (0.76 µm) and the SWIR spec-
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tral range, providing an overall view of emissions at a regional scale as demonstrated by

several studies [62, 102, 103].

2. Gas Mapping LiDAR (GML)™ is an aircraft-based solution by Bridger Photonics, Inc. that

monitors for methane emissions by beaming continuous-wave lasers (LiDAR) sweeping the

ground at a frequency within the absorption spectrum of methane. The solution localizes

and quantifies detected emissions using proprietary analytics furnished with geo-registered

images of the gas plume generated and other data (meteorological, etc.) [104], and has been

used in measurement studies to characterize O&G facility-to-subregional methane emissions

[59, 105, 106].

3. SeekIR® is a drone-based solution by SeekOps Inc. that detects methane using methane-

specific open-cavity TDLAS [107]. The solution collects a high-density, 3-D point cloud

of atmospheric methane concentration to make detection and can also localize and quantify

emission sources [108] as demonstrated in field measurement studies [50, 59, 109].

4. MobileGuard™ is a vehicle-based solution by ABB based on ABB’s patented off-axis inte-

grated cavity output spectroscopy (OA-ICOS), which is a cavity-enhanced absorption tech-

nology and a variation of the TDLAS technology [110]. The solution applies a proprietary

algorithm to raw measurement data to detect, localize, and quantify methane emissions while

driving. The solution has been used in methane emissions measurement studies, including

the study by the European Gas Research Group [111].

5. Canary X is a stationary, point sensor solution by Project Canary that uses near-infrared

TDLAS technology to detect emissions when installed downwind of an emission source.

To increase the chances of a sensor being downwind of an emission, multiple sensors are

installed along the fenceline/boundary of an O&G facility or specific assets for continuous

monitoring. The solution uses proprietary analytics to transform raw sensor measurements,

meteorological data, information of potential leak sources, and an inverse solver into emis-

sion rate estimates and source localization predictions [112].

7



6. FLIR™ QL320 is a handheld quantitative optical gas imaging (QOGI) solution developed by

TELEDYNE FLIR to estimate the rate of methane and other hydrocarbon emissions detected

and localized by FLIR’s G-series OGI cameras [113]. QOGI analyzes plume pixels from

videos of hydrocarbon emissions captured by the OGI camera and quantifies them using

proprietary algorithms [114] as shown in methane emissions measurement studies like [115].

Figure 1.4: The figure shows examples of next-generation LDAQ solutions with different modes of deploy-

ment and emission localization levels. The top panel shows pictures of the solutions while the bottom panel

illustrates the presentation of the measurement data [101, 104, 108, 110, 112, 113].

1.3 Demonstrating Equivalence and Controlled Testing of Leak

Detection and Quantification Solutions

Despite the broad application of next-generation LDAQ solutions for emissions measurement

studies and by O&G operators for voluntary and internal emissions mitigation programs [116–

118], they still cannot be used for regulatory-approved LDAR programs [34, 38, 39]. To be reg-

ulatory approved, LDAR programs based on next-generation LDAQ solutions must demonstrate

equivalent or better emissions reductions relative to LDAR programs based on regulatory-approved

techniques (i.e., EPA method 21 and OGI camera surveys) [119]. However, demonstrating equiv-

alence requires a standardized, scientifically rigorous, and transparent framework to support such
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comparison [119]. A framework for that purpose developed by stakeholders consisting of sci-

entists, regulators, consultants, O&G operators, and non-profit organizations (NGOs) from the

U.S. and Canada identified standardized controlled testing as a critical step [119]. A standardized,

third-party, single-blind, controlled testing of solutions should develop performance metrics across

a range of operational conditions, support the development of reproducible test standards, and con-

tribute to the development of solutions (i.e., the technology, data analytics, and work practice for

the technology) with the development of the testing protocol for such controlled testing having

consensus support from stakeholders [119].

Several controlled tests of next-generation LDAQ solutions evaluating their performance across

several metrics have been conducted. However, they have used study-specific protocols or tested

with limited scope, complexity, and environmental/operational conditions [85, 120–127]. Raviku-

mar et al. [120] assessed and compared the performance of 10 vehicle-, drone-, and aircraft-based

LDAQ solutions under a single-blind controlled test condition during the Stanford Environment

Defense Fund Mobile Monitoring Challenge using an ad hoc protocol designed solely for the

study. Similarly, Johnson et al. [85] and Sherwin et al. [121] used study-specific protocols in the

single-blind controlled testing of the performance of aircraft-based solutions (i.e., Bridger Pho-

tonics GML™ and Kairos Aerospace hyperspectral imaging). Bell et al. [122] tested 12 next-

generation mobile and stationary LDAQ solutions developed by the ARPA-E MONITOR pro-

gram [128]. Testing was single-blind, but the protocol (an early version of the protocol used in

this work) used was not comprehensive, as testing was conducted over very limited emission sce-

narios and meteorological conditions. Siebenaler et al. [123] tested 4 LDAQ solutions for 75 days

during the Methane Detectors Challenge (MDC) in 2014. However, testing was not blinded, and

the protocol was study-specific with limited test complexity. Studies by Gardiner et al. [124] and

Titchener et al. [125] in collaboration with the U.K. National Physical Laboratory had similar limi-

tations: study-specific protocol, small sample size, and limited testing complexity. Recently, Chen

et al. [126] tested 8 continuous monitoring LDAQ solutions, but the study used only 1 emission

point at any instant and was not single-blind, as participating solutions knew the height and loca-

9



tions of the mission source. In addition, Liu et al. [127] evaluated the quantification performance

of 10 solutions composed of mobile (drone-, automobile-, and aircraft-based), ground-based (fixed

camera system), and handheld (OGI camera) technologies at a non-operational compressor station

in Spain. The study was partially blind (i.e., only release rate was unknown to participants) and

implemented a study-specific test protocol (i.e., timing of controlled releases was constrained to

≈2 hours, etc.) resulting in small data sample size. The key point from these studies is that with

study-specific protocols, achieving reproducible test standards is elusive, and testing over a short

range of environmental conditions and small sample data sizes produces less-reliable and robust

performance results.

1.4 Research Motivation

To bridge this gap, the U.S. Department of Energy funded the Advancing Development of

Emissions Detection (ADED) project with an objective of advancing the state of LDAQ solutions

testing to be scientifically rigorous, affordable, repeatable, and adaptable to field conditions [129].

The controlled testing standards and performance metrics developed will facilitate the characteri-

zation and improved understanding of next-generation LDAQ solutions for field deployment. With

effective regulation and policy formulation on methane emissions mitigation across the O&G sec-

tor relying more on measurement data [130], and the need for rapid and frequent emissions mon-

itoring across a broad coverage of facilities driving interest in next-generation LDAQ solutions,

there is a need for a comprehensive understanding of the emissions mitigation performance (e.g.,

detection, localization, and quantification accuracies, etc.) of solutions. The ADED project broadly

categorized next-generation LDAQ solutions into continuous monitoring and survey solutions to

develop the first known standardized and consensus-controlled testing protocols for each category.

Continuous monitoring LDAQ solutions (also known as continuous monitors) are autonomous

systems (i.e., not continuously supervised) that provide near-continuous monitoring of emissions,

providing high-frequency measurement data over extended observation periods (i.e., months to

years), and can identify fugitive emissions sooner than other methods. Survey LDAQ solutions
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are systems that require human supervision to operate (i.e., handheld, drone-based, automobile-

based, and aircraft-based) and can rapidly provide "snapshot" emissions measurements of a vast

extent of O&G facilities through periodic surveys lasting minutes to a few hours. A protocol

development committee (PDC) of more than 76 members, consisting of environmental non gov-

ernmental organization (NGO)’s, U.S. federal and state regulators, LDAQ technology developers,

scientists, environmental consultants, and O&G operators, peer-reviewed the draft of the test pro-

tocols developed by the team from Colorado State University (CSU). The protocols went through

at least 1 PDC peer-review cycle, accumulating more than 500 comments to produce the pub-

lished versions of the protocol [131, 132]. While the test protocol for continuous monitors has

not been implemented until this work (dissertation), the protocol for survey solutions has already

been used in the controlled testing of some aircraft-based solutions, which is not captured in this

work [133–135]. Additionally, with the EPA’s final New Source Performance Standards (NSPS)

OOOOb rules establishing pathways for the use of next-generation LDAQ solutions in alternative,

regulatory-compliant LDAR programs, there is a critical need for robust, consensus controlled test-

ing protocols. Such protocols are essential for benchmarking and comparing vendor performance

claims, generating high-quality third-party ground truth data to support technology development,

and reliably evaluating LDAQ solution performance to inform regulatory approval decisions [136].

1.5 Dissertation Overview

To date, the literature review and the research motivation, above, have shown that next-generation

LDAQ solutions can substantially help mitigate methane emissions from the O&G sector; how-

ever, a trusted and reliable framework is needed to demonstrate and characterize the performance

of these solutions. This demonstration requires a controlled environment, where all ongoing emis-

sions are known, that is reflective of actual deployments. This dissertation aims to address this

concern by answering the following questions:

1. What is the state of the art of next-generation LDAQ solutions? Do these solutions work,

and how does performance vary based on the category and type of LDAQ solutions?

11



2. What is the trend in the development of these solutions with time? How does regular, inde-

pendent third-party assessment of solutions with standardized testing protocols support this

process?

3. How can we improve the protocols to have clear and reproducible test standards with per-

formance metrics and results more representative of expected field application and perfor-

mance?

To answer these questions, different types of next-generation LDAQ solutions will be selected

and tested across a wide range of emissions scenarios, meteorological conditions, and measurement

conditions at the CSU METEC facility using the protocols developed by the ADED project to

assess the state of the art of LDAQ solutions. This will be followed by retesting solutions (through

voluntary participation) that had been tested before, months after their initial tests, at the same

facility, using the same protocol to assess the trend in the development and performance of the

solutions. Then, using a selected solution as an example, a detailed investigation will be conducted

to assess the impact of metrological and measurement conditions on its performance. The findings

will provide guidance for the practical field application of the solution. Finally, the limitations

from the controlled testings highlighted above and the feedback from stakeholders (i.e., PDC)

will be combined with key findings from a parallel field-testing of LDAQ solutions previously

involved in the controlled testing, to revise and improve the ADED controlled testing protocols.

The dissertation is summarized in the following chapters:

1. Chapter 1 discusses the methane emissions problem, the O&G industry as a significant

source of methane emissions, LDAR with next-generation LDAQ solutions as a promis-

ing methane emissions mitigation approach, and the need for a consensus/standardized con-

trolled testing protocol for characterizing the performance of LDAQ solutions. The chapter

concludes with an overview of the dissertation work and the research questions to be an-

swered.
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2. Chapter 2 presents the experimental methodology used for the work which is derived from

published manuscripts [137–140]. This consists of a description of the test facility, the test

protocols including the testing process and performance metrics, and the selection and de-

ployment guidelines for LDAQ solutions. The chapter also details the data analysis method-

ologies applied throughout the study, including key statistical techniques such as bootstrap-

ping and Monte Carlo simulation.

3. Chapter 3 is an excerpt of published articles [137,138] discussing the single-blind controlled

testing of sixteen LDAQ continuous monitors using the standardized controlled testing pro-

tocol developed for continuous monitors. The discussion includes tested capabilities and test

conditions, results based on defined performance metrics, and concludes with the study’s im-

plications.

4. Chapter 4 is an excerpt of an article under peer-review [140] discussing the single-blind

controlled testing of twelve survey LDAQ solutions using the standardized controlled testing

protocol developed for survey solutions. The discussion includes tested capabilities and test

conditions, results based on defined performance metrics, study limitations, and concludes

with the study’s implications.

5. Chapter 5 is an excerpt from a journal publication [139] focusing on the single-blind con-

trolled testing and performance evaluation of an LDAQ solution (QOGI systems) to provide

guidance on the field application of the solution.

6. Chapter 6 presents excerpts from published articles [138, 140] that examine changes in the

performance of continuous monitors and survey LDAQ solutions retested several months af-

ter their initial evaluation. These follow-up tests were conducted using the same standardized

test protocol and at the same test facility, enabling a consistent assessment of performance

evolution over time. The discussion includes a comparison of results using the same perfor-

mance metrics and concludes with the implications of the study.
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7. Chapter 7 focuses on the protocol’s revision to make the testing process and performance

metrics/results more reflective of the application of LDAQ solutions at real O&G facilities.

The chapter discusses the limitations of existing protocols, the protocol’s revision process,

and summarizes the revised testing methods and performance metrics and how they are im-

provements from the existing protocols.

8. Chapter 8 provides a comprehensive conclusion, integrating the findings and discussions

from the preceding chapters. It emphasizes the main insights, key takeaways, and con-

tributions made to the existing body of literature and ends by suggesting future research

directions.
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Chapter 2

EXPERIMENTAL METHODS1

2.1 Test Facility

Testing was conducted at METEC (Figure 2.1), an open-air controlled testing and research

facility (GPS coordinates: 40.59559, -105.13984) located at CSU, Fort Collins, CO, U.S. that sim-

ulates fugitive and vent emissions behavior associated with typical North American production fa-

cilities using more than 200 representative emission points (e.g., flanges, connectors, valves, etc.).

METEC is furnished with decommissioned surface O&G equipment (e.g., wellheads, separators,

condensate tanks, flare stacks, a compressor, and dehydrator unit) embedded with strategically

hidden emission points (Figure 2.2), and arranged into five well pads, a dehydrator, and a small

compression station. A wellhead is an O&G infrastructure installed at the surface of an O&G well

to ensure a secured and controlled flow of hydrocarbons and other fluids from the wellbore to the

surface production facilities - Figure 2.2 (a). A separator filters and isolates the components of

fluids from wellheads into their component phases - typically oil, gas, and water - Figure 2.2 (b).

A condensate tank collects and stores hydrocarbon liquids obtained during the production process -

Figure 2.2 (c). The dehydrator removes water vapor from natural gas to prevent pipeline corrosion,

1Chapter 2 is extracted from published articles:

[137] Reprinted with permission from C. Bell, C. Ilonze, A. Duggan, and D. Zimmerle, “Performance of Continuous

Emission Monitoring Solutions under a Single-Blind Controlled Testing Protocol,” Environmental Science & Tech-

nology, vol. 57, no. 14, pp. 5794–5805, 2023. DOI: 10.1021/acs.est.2c09235.Copyright 2023 American Chemical

Society.

[138] Reprinted with permission from C. Ilonze, E. Emerson, A. Duggan, and D. Zimmerle, “Assessing the progress

of the performance of continuous monitoring solutions under a single-blind controlled testing protocol,” Environmen-

tal Science & Technology, vol. 58, no. 25, pp. 10941–10955, 2024. DOI: 10.1021/acs.est.3c08511. Copyright 2024

American Chemical Society.

[139] C. Ilonze, J. L. Wang, A. P. Ravikumar, and D. Zimmerle, “Methane quantification performance of the quanti-

tative optical gas imaging (qogi) system using single-blind controlled release assessment,” Sensors, vol. 24, no. 13,

2024. DOI: 10.3390/s24134044.

[140] C. Ilonze, R. Day, E. Emerson, A. Duggan, R. Brouwer, and D. Zimmerle, “Performance of survey solutions

under single-blind controlled testing protocol,” ChemRxiv, 2025. Preprint URL: 10.26434/chemrxiv-2025-5ff89.

15



hydrate formation, and inefficiencies in the gas processing systems - Figure 2.2 (d). A compressor

station maintains or increases the pressure of natural gas to the pipeline pressure - Figure 2.2 (e).

Figure 2.1: The aerial view of METEC shows the layout of the various well pads (the boundary is marked

in orange) used for the study. The boxes with green-, white-, and blue-colored boundaries show each well

pad’s condensate tank (i.e., tank battery), separator, and wellhead equipment group. The dimensions of well

pads 1, 2, 3, 4, and 5 are 10 m × 10 m, 10 m × 10 m, 10 m × 60 m, 60 m × 60 m, and 60 m × 60 m,

respectively.

In general, METEC’s design was intended to simulate a wide range of natural wind patterns as-

sociated with real upstream production facilities as much as possible by varying the characteristics

of the well pads. Each well pad (pads 1 to 5 in Figure 2.1) consists of at least one condensate tank,

separator, and wellhead grouped and arranged into clusters with varying layout configurations and

orientations, mimicking a wide variety of real O&G production well pads. Each cluster of similar,

adjacent equipment units of the same type is an equipment group. Each unit of equipment (i.e.,

equipment unit) is assigned a unique 3-letter code identifier ("XY-Z"); "X" is 1, 2, 3, 4, or 5 for the

well pad; "Y" is F for flares, S for separators, T for tanks, and W for wellheads; followed by "Z",

the equipment unit number as summarized in Table 2.1. For example, 4S-1 is the 1st separator in
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the separator equipment group on well pad 4. A perimeter roadway ensures mobile LDAQ solu-

tions can access measurement points and simplifies the deployment of fixed LDAQ systems across

the facility. The characteristics of each well pad are as follows:

Figure 2.2: Figures (a), (b), (c), (d), and (e) show examples of decommissioned wellheads, separators,

condensate tanks, a dehydrator, and a compression station available at METEC. The equipment units were

donated by METEC’s Industry Advisory Board (IAB) during the construction of the facility in 2016.

1. Wellpad 1: Well pad 1, as shown in Figure 2.3(a), is approximately a 10 m × 10 m mock

wet gas O&G upstream production facility consisting of a wellhead, a horizontal separator,

and a 150 bbl fiberglass liquid storage tank fitted with strategically hidden emission points.

Unlike dry gas, which consists almost entirely of methane, wet gas contains a substantial

amount of ethane and other higher hydrocarbons (typically less than 85% methane).

2. Wellpad 2: Well pad 2, as shown in Figure 2.3(b), is approximately a 10 m × 10 m mock

dry gas O&G upstream production facility consisting of a wellhead, a vertical separator, and

a 70 bbl fiberglass liquid storage tank fitted with strategically hidden emission points.
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Table 2.1: Summary of the equipment units in all the well pads used for the study.

Pad Equipment Type Equipment Group ID Equipment Unit ID

1

Separators 1S 1S-1

Tanks 1T 1T-1

Wellheads 1W 1W-1

2

Separators 2S 2S-1

Tanks 2T 2T-1

Wellheads 2W 2W-1

3

Separators 3S 3S-1, 3S-2

Tanks 3T 3T-1, 3T-2

Wellheads 3W 3W-1, 3W-2, 3W-3

4

Separators 4S 4S-1, 4S-2, 4S-3, 4S-4

Tanks 4T 4T-1, 4T-2, 4T-3

Wellheads 4W 4W-1, 4W-2, 4W-3, 4W-4, 4W-5

5
Separators 5S 5S-1, 5S-2, 5S-3

Wellheads 5W 5W-1, 5W-2, 5W-3

Figure 2.3: (a) Well pad 1 is a 10 m × 10 m wet gas production facility consisting of 1 wellhead, horizontal

separator, and liquid storage tank. (b) Well pad 2 is a 10 m × 10 m dry gas production facility consisting of

1 wellhead, vertical separator, and liquid storage tank.

3. Wellpad 3: Well pad 3 measuring approximately 60 m × 10 m, as shown in Figure 2.4,

mimics a wet gas O&G upstream production facility equipped with three adjacent wellheads

(10 m × 10 m), two adjacent horizontal separators (10 m × 10 m), and two adjacent 300
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bbl liquid storage tank (10 m × 10 m), all fitted with strategically hidden emission points.

Earthen barricades support the separators and tanks to replicate the dispersion effects of

secondary containment systems typical of real O&G operations. Unlike other well pads at

METEC, equipment groups are arranged North to South of the well pad, allowing more

complex plume dispersion in that direction for next-generation LDAQ solutions that detect

fugitive emissions (i.e., leaks) using downwind transport of emissions.

Figure 2.4: Well pad 3 is a 60 m × 10 m wet gas production facility consisting of 3 wellheads, 2 horizontal

separators, and 2 liquid storage tanks.

4. Wellpad 4: Well pad 4, as shown in Figure 2.5, simulates a wet gas production facility of

dimension 60 m × 60 m made up of five adjacent wellheads (10 m × 15 m), four adjacent

horizontal separators (10 m × 20 m), and three (10 m × 25 m) 300-barrel liquid storage tanks
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with an access catwalk shared with well pad 5. All the equipment is fitted with strategically

hidden emission points. This design is intended to replicate the scale, equipment spacing,

and operational complexity of real upstream production facilities. As with pad 3, earthen

berms surround the separators and tanks to replicate the dispersion effects of secondary

containment systems typical of real O&G operations. These berms were characteristic of

production facilities when METEC was designed in 2016.

Figure 2.5: Well pad 4 is a 60 m × 60 m wet gas production facility consisting of 5 wellheads, 4 horizontal

separators, and 3 liquid storage tanks.

5. Wellpad 5: Well pad 5, as shown in Figure 2.5, is a 60m × 60m mock dry gas production

facility including a 10m × 10m section with three wellheads, a 10m × 15m area holding

three vertical separators, and a shared 10m × 25m zone housing the same three 300-barrel
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liquid storage tanks from Pad 4. As with other well pads, All the equipment is fitted with

strategically hidden emission points. This configuration mirrors well pad 4’s structure while

introducing equipment diversity reflective of regional production site variations. As with

well pads 3 and 4, raised soil ridges encircle the separators and tanks to simulate dispersion

patterns caused by secondary containment systems common in actual oil and gas facilities.

Figure 2.6: METEC pad 5 is a 60 m × 60 m production well pad consisting of 3 wellheads, 3 vertical

separators, and 3 liquid storage tanks.

Figure 2.7 shows the piping and instrumentation diagram (P&ID) illustrating the control, me-

tering, and transportation of gas from the onsite gas storage cylinders to emission points for a well

pad at METEC. The P&ID is segmented into five sections, which include (1) the gas storage sys-

tem, (2) the gas flow metering system, (3) the control and supply system from the gas supply house

(GSH) to the control boxes at the intended well well pad where controlled releases are routed to,

(4) the system of precision orifices and solenoid valves that regulate gas flow to emission points,

and (5) the emission points. Each well pad at METEC has either the same or slightly different

P&ID but the core operational structure is the same as described below.
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Figure 2.7: The piping and instrumentation diagram of a typical gas metering and transport system at

METEC [122]. The figure shows (1) the gas storage system, (2) the gas flow metering system, (3) the control

and supply system from the gas supply house to the control boxes at the intended well pad controlled releases

are routed to, (4) the system of precision orifices and solenoid valves that regulate gas flow to emission

points, and (5) the emission points.

1. Section 1: All the well pads at METEC are equipped with GSHs (Figure 2.8(a)); shed-like

structures that house the flow meters, manual pressure regulators and valves, and heater (to

keep flow meters within the desired operating temperature during low-temperature condi-

tions) used to manage controlled releases to emission points. A truck (Figure 2.9(a)) with a

retrofitted fuel system supplies compressed natural gas (CNG) from the local gas distribution

network to a set of onsite 290 liters, 3600 psi-rated steel gas storage cylinders (Figure 2.9(b))

attached to each GSH regularly.
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Figure 2.8: (a) The gas supply house (GSH) that regulates the controlled release of gas to emission points

embedded within equipment units in well pads 4 and 5. The figure also shows the gas storage bottles

provided to augment the onsite gas storage capacity for releases to the well pads. (b) The ≈7m weather

station located near the western end of the test center.

Gas samples are obtained after every refill of the cylinders for gas composition analysis.

Gas flow from the cylinder outlet to the gas flow metering system (section 2) is maintained

at a pressure of 150 psig with a manual pressure regulator (0 - 200 psig). A heated 50/50

propylene glycol loop from the heater in the GSH averts the freezing of the gas supply line to

the gas flow metering system because of the Joule-Thomson effect caused by the significant

drop in gas pressure. An adjustable regulator further regulates the gas pressure between

0-125 psig, reducing drift and improving flow stability as gas flows into section 2.
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Figure 2.9: The top panel (a) shows the truck used for supplying compressed natural gas (CNG) to the

onsite gas storage canisters/cylinders at METEC. The bottom panel (b) shows a set of the 290 liters, 3600

psi-rated steel canisters attached to each gas supply house at METEC, used for storing CNG.

2. Section 2: The gas flow is then split according to the configuration of the manual valves

at the inlet of the thermal mass flow meters as shown in Figure 2.10. The selection of flow

meters during a test depends on the flow meter’s span, intended emission rate and points,

and the number of simultaneous controlled releases planned for the test. The electronic gas

mass flow meters (OMEGA FMA-17xx series) utilize heat transfer through a heated tube to

measure molecular gas flow rate and operate normally up to a maximum gas pressure of 500

psig and a temperature range of 0 to 50 °C. The four spans of the flowmeters installed across

the GSHs at METEC are 0-7.5 lpm methane, 0-75 lpm methane, 0-150 lpm methane, and
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0-375 lpm methane with an accuracy of ±0.075 lpm, ±0.75 lpm, ±2.25 lpm, and ±5.625

lpm, respectively.

Figure 2.10: Figure shows the interior of a gas supply house at METEC. The green boxes highlights the

thermal mass flow meters (of different spans) used to measure flow rates. The red boxes highlights the

manual valves that select which emission point gas is routed to and which flow meter gas is measured from.

The blue boxes shows the manual pressure regulator used to adjust pressure differentials needed to achieve

a desired flow rate.

3. Section 3: The gas flow branches from the flow meters are divided using directional man-

ual valves (Figure 2.10) and then routed through buried, small diameter steel piping to the

intended controllers at well pads as shown in Figure 2.11(a). Pressure regulators in the GSH

but downstream of the flow meters independently regulate the pressure (0 - 125 psig) of gas

flows to the controllers. Each equipment group across the well pads is assigned a controller
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that uses a series of solenoid valves and precision orifices to control the gas flow rate to each

emission point.

4. Section 4: METEC is equipped with twenty-one flow controllers. Each controller (Figure

2.11(a)) has an inlet manifold and two or three rows of solenoid gas shut-off valves. The

gas flow from the valves in each row flows into an outlet manifold and is directed to one of

two emission points by directional solenoid-actuated and manual valves. All the gas shutoff

valves on each row are fed from the inlet manifold by different sizes of precision orifices.

Release rates using the precision orifices at a fixed upstream pressure are actualized through

choked flow conditions.

Figure 2.11: The right panel (a) shows the manual valves downstream of the gas supply house used to

route gas flow to desired emission points. The left panel (b) shows some of the emission points strategically

hidden at representative sources known to leak on a wellhead to mirror real emission scenarios.
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By changing pressure conditions at the inlet manifold using the manual pressure regula-

tors downstream of the flow meters in section 3, the release rates span of each row of the

controller is adjusted. The multiple rows on the controllers allow the controller to achieve

simultaneous controlled releases through more than one emission point.

5. Section 5: Controlled releases from the flow controllers are transported to at least 1 of the

198 above-ground emission points hidden at locations on a piece of equipment known to

leak or vent from field measurement studies as shown in Figure 2.11(b). This setup allows

for “blind” testing for remote LDAQ solutions and survey solutions at METEC.

Figure 2.12: (a) The control panel of the electronics that programmatically automates controlled release of

gas and data collection at METEC. The figure shows buttons for controlling valves that control gas flow

and the indicators monitoring the pressure and temperature of the gas. (b) The control box contains the

electronics that translate computer commands from the control panel to instructions to the solenoid valves

managing gas flow to emission points.
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Gas releases and data collection at METEC are automated and controlled from a computer

operated by the facility operator. The control software allows the operator to actuate any elec-

tronic valve across the GSHs and controllers in the facility, and monitor readings from flowmeters,

pressure transducers, and thermocouples throughout the system on the software’s graphical user

interface as shown in Figure 2.12(a). Computer-based instrumentations (Figure 2.12(b)) translate

programmed instructions from the control software to actionable commands to electronic valves,

gas flow meters, etc., and subsequently relay sensor and state readings back to the computer. Mete-

orological data (e.g., relative humidity, wind speed/direction, ambient temperature, and barometric

pressure) measured using an ≈7m stationary 3-D sonic anemometer (Figure 2.8(b)) and controlled

release data (e.g., flow rates and valve positions) are collected at a frequency of 1 Hz.

2.2 Testing Process

The protocols for continuous monitors and survey LDAQ solutions [131, 132] were designed

to test LDAQ solutions as integrated systems and not the individual subsystems (e.g., sensors,

deployment approach, or algorithm/analytics) to evaluate the performance of LDAQ solutions as

deployed at O&G facilities. The analytics/algorithms of LDAQ solutions transform raw sensor

measurements (e.g., ambient gas species concentration readings, meteorological, and geographical

data) into actionable data such as the presence and absence of emissions (i.e., detections), emission

rate estimates (i.e., quantification), and emission source attribution (i.e., localization). Performance

evaluation is based upon these actionable inferences using the metrics to be discussed.

In general, the protocols divide testing into a set of discrete experiments. Each experiment

consists of one or multiple simultaneous controlled releases of CNG gas, each emitting at a steady

emission rate for a specified duration. For experiments with multiple controlled releases flowing

through the same gas flow meter, a pre-calibration was done before releases began to correctly me-

ter and log the rate of each controlled release. Experiments with multiple controlled releases were

intended to evaluate an LDAQ solution’s ability to characterize, isolate, and attribute emissions

to individual source locations under prevailing meteorological conditions. To give LDAQ solu-

28



tions the best opportunity to isolate and estimate the characteristics of each emission source, the

study team ensured that no two controlled releases within an experiment flowed through the same

equipment unit and drastically limited scenarios where two consecutive experiments had controlled

releases flowing to the same equipment unit. This simplifies observed emissions behavior in real

O&G facilities where emitters may follow random patterns or emit at variable rates. Experiments

were separated by a period with no emissions to allow LDAQ solutions to identify the start and end

of each controlled release event by recognizing a return to background atmospheric concentration

levels.

Onsite gas chromatography (Figure A.1) is used to identify and analyze the species and chem-

icals that make up the CNG used for testing, with which the methane equivalent of the gas is

calculated. All controlled gas releases during testing had a mean gas composition by volume of

76%-88% of methane, 12%-20% of ethane, 1%-4% of propane, and a trace amount of heavier

hydrocarbons and other gases. For each controlled release, METEC logged the timing, location,

release rates with their associated uncertainties, gas composition, and prevailing meteorological

data, which were time-averaged over the release duration. METEC kept a maintenance record,

documenting facility downtime and the timing of faulty experiments and controlled release events

non-compliant with the protocols (e.g., venting gas supply lines, controlled releases on well pads

not used for the study, etc.) so they could be excluded during data analysis. All tests were con-

ducted between 2021 and 2023.

2.2.1 Continuous Monitoring Solutions

Testing was conducted exclusively on pads 4 and 5 at METEC covering ≈ 8450m2 due to

the complexity and the large spatial extent of the combined well pads (Figure 2.1). Given that

continuous monitors operate near-continuously regardless of the prevailing weather conditions for

an extended period (e.g., months to years), testing was conducted 24 hours per day, every day,

exclusively for at least 11 weeks. Exceptions included winter conditions with temperatures below

the operating specifications of METEC’s thermal flow meters (OMEGA FMA-17xx series).
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Testing was performed single-blind: LDAQ solutions were unaware of the timing, number,

location(s), durations, and release rates of controlled releases by the test center (METEC). Exper-

iments were designed to sweep the range of tests (e.g., emission rate, release duration, etc.) and

meteorological (e.g., wind speed, temperature, etc.) conditions needed to characterize the proba-

bility of detection curves of the LDAQ solutions tested. The study team periodically analyzed the

performance of solutions during testing to choose the emission rates and release durations for sub-

sequent experiments. This was intended to populate test conditions with a small sample size (e.g.,

larger rate and longer duration controlled releases) to "map" the probability of detection curve of

solutions.Essentially, the detection performance of LDAQ solutions tends to improve with increas-

ing controlled release rates. Some solutions require extended surveying or averaging of sensor

readings to detect emissions. Testing in this manner allows for a comprehensive characterization

of LDAQ solutions’ detection behavior across a wide range of testing conditions using a prob-

ability of detection curve. The release rate of controlled releases and experiment duration were

selected considering METEC’s operational constraints, e.g., available gas supply, emission point

orifice size, and safety.

Participating continuous monitors were recruited through an open invitation advertised on

METEC’s website and through contacts in the PDC. Vendors of participating LDAQ solutions

were required to install their systems at least 3 days before testing begins to participate in the

mock testing, which allows both METEC and vendors to troubleshoot their respective setups. Ven-

dors decided on the number of sensors, positioning of sensors, and the equipment units to monitor;

the only limitations imposed by the study team were related to safety (e.g., trips and falls) and

obstructions (e.g., system installation near or along driveways). Vendors were asked to install as

they would at real O&G facilities. This implied that some vendors either installed their solutions

along the fenceline of the pads or around the equipment units monitored (Figure 2.13). Only

controlled releases from the designated test area monitored were considered in the performance

analysis of each LDAQ solution. In many field applications, sensor locations are likely restricted

to the periphery of the facilities, while the number of sensors installed per facility largely depends
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on the cost of deployment and the size of the O&G facility. Vendors were responsible for all aux-

iliary instruments, like weather stations, needed by their systems to operate. This also included

the communication systems connecting their on-site hardware to backend servers and algorithms

operating offsite; most LDAQ solutions utilized cellular data for this purpose. After installation

and mock testing, the vendors left the test center and operated their systems remotely, except to

conduct repairs or maintenance activity on their system.

Figure 2.13: The deployment of continuous monitors at METEC during testing.

In this study, continuous monitors are broadly categorized into two categories based on ambient

concentration sensing methodology, and they are:

• Point sensor network: These are continuous monitors deploying multiple point concen-

tration measurement sensors that sense hydrocarbons and use proprietary algorithms that
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include inversion modeling to combine meteorological and concentration readings to infer

detections at minimum.

• Scanning/imaging: These continuous monitors utilize scanning/line lasers or short-/mid-

wave infrared cameras to detect emissions. They either perform open-path integration to

measure ambient emission concentrations or use ambient illumination to generate and visu-

alize two-dimensional images of hydrocarbon plumes. These visualizations are then com-

bined with meteorological data to infer detections at minimum.

A total of 16 continuous monitors were tested; four of the solutions were tested twice approxi-

mately one year apart. The participating LDAQ solution developers, in alphabetical order, are de-

veloped by the following companies: Baker Hughes, CleanConnect.ai, Earthview.io, Honeywell,

Honeywell Rebellion, Kuva Systems, Luxmux Technology, Molex, Pergam Technical Services,

Project Canary, QLM Technology, Qube Technologies, Sensia-solutions, Sensirion, and SLB. Due

to confidentiality agreements, each solution is arbitrarily identified here by a unique identifier.

While all LDAQ solutions tested detection and emission source localization capabilities, not all

the solutions tested emissions quantification capability. Table 2.2 summarizes the tested capabili-

ties and conditions of solutions that participated in the study. During testing, each LDAQ solution

vendor sent detection reports containing data inferred from sensed emission (e.g., emission rate,

emitting source, etc.) to a unique email address provided by METEC. While this process was auto-

mated for some solutions, others required human support to interpret and prepare reports according

to the template in the protocol. Such human engagement delayed detection reporting to the test

center by days or weeks; likewise, LDAQ solutions with automated reporting that required varying

levels of human support when their data transmission system failed. The email setup at METEC

parsed through reports as they arrived and automatically rejected those non-compliant with the

protocol’s reporting template [131]. This contrasts with field deployments, where operators obtain

measurement data through web-based dashboards—such as time series of methane concentrations

or emission rates—transmitted by LDAQ solutions installed in O&G facilities. Operators then

interpret this data based on predefined alert thresholds to make actionable detection decisions.
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Table 2.2: Characteristics of participating continuous monitors and testing conditions.

Solution Tested

Capability

Test Conditions1

ID Type Count Quantification
Release Rate

(g CH4/h)

Wind speed

(m/s)

Testing under the protocol for the first time.

A† Point sensor network 8 ✓ 1053[0.4, 6390] 3.3[0.8, 13.5]

B† Scanning/imaging 1 ✓ 1000[0.4, 6390] 3.3[0.8, 13.5]

C† Point sensor network 6 ✓ 1004[0.4, 6390] 3.3[0.8, 13.5]

D† Point sensor network 8 ✓ 1053[0.4, 6390] 3.3[0.8, 13.5]

E† Point sensor network 16 ✓ 1059[0.4, 6390] 3.3[0.8, 13.5]

F† Point sensor network 8 ✓ 1053[0.4, 6390] 3.3[0.8, 13.5]

G† Scanning/imaging 1 ✓ 788[0.4, 5370] 4.0[0.8, 11.6]

H† Scanning/imaging 1 X 1246[0.4, 6390] 3.8[0.8, 13.5]

I* Scanning/imaging 1 X 813[0.3, 1960] 2.8[0.3, 5.8]

J* Scanning/imaging 2 X 1109[4.7, 4990] 2.7[0.1, 10.0]

K† Point sensor network 7 X 668[0.3, 2980] 2.7[0.1, 12]

L‡ Scanning/imaging 1 ✓ 1913[11, 7098] 3.3[0.8, 10.0]

N‡ Point sensor network 18 ✓ 1516[8, 7098] 3.1[0.7, 10.0]

O‡ Scanning/imaging 1 ✓ 1656[6, 7098] 3.3[0.8, 10.0]

P‡ Point sensor network 6 X 1518[6, 7098] 3.1[0.7, 10.0]

Q‡ Point sensor network 13 X 1518[6, 7098] 3.1[0.7, 10.0]

Testing under the protocol for the second time.

A‡ Point sensor network 8 ✓ 1518[6, 7098] 3.1[0.7, 10.0]

B‡ Scanning/imaging 1 ✓ 1518[6, 7098] 3.1[0.7, 10.0]

D‡ Point sensor network 8 ✓ 1518[6, 7098] 3.1[0.7, 10.0]

F‡ Point sensor network 10 ✓ 1518[6, 7098] 3.1[0.7, 10.0]

1 The value outside the bracket indicate the mean value, while the minimum and maximum values of the test

condition are enclosed within the square brackets.
* LDAQ solutions tested in 2021.
† LDAQ solutions tested in 2022.
‡ LDAQ solutions tested in 2023.
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The detection reporting approach used in this study eliminated inference errors and biases as-

sociated with the study team interpreting raw measurement readings of solutions. According to

the protocol, each detection report, which either identifies a fresh emission or updates previous re-

ports, contained at minimum the following: DetectionReportID - an incremental unique identifier

of each detection report. EmissionSourceID - a unique identifier referencing the emitter the de-

tection report identifies. EmissionStartDateTime - the estimated time and date a detected emission

started emitting. EquipmentUnit - the identifier of the equipment unit on which an emission was

detected. Gas - the gas species measured to infer a detection. LDAQ solutions also reported sys-

tem downtime which captures periods during testing when LDAQ solutions were offline (e.g., not

taking measurements), which should be ignored by the study team during result analysis. Before

the performance analysis for each LDAQ solution, the study team excluded detections (1) reported

during METEC’s maintenance and LDAQ solutions’ downtime periods, (2) reports with Emission-

StartDateTime before and after the analysis window of each solution, and (3) reports identifying

EquipmentUnit outside the fence line of METEC (OFF FACILITY) in the latest detection report.

These exclusions were done to avoid bogus false positive detections. Similarly, the study team

excluded controlled releases (1) conducted during METEC’s maintenance and solution downtime

periods, (2) conducted outside the analysis window of the solution, and (3) with durations shorter

than required to get a stable flow meter reading. These exclusions were done to avoid spurious false

negative detections. All detection reports referencing the same EmissionSourceID were grouped

as one report: for the same EmissionSourceID, the time at which the first detection report (smallest

DetectionReportID) was received by METEC was paired with the data contained in the last detec-

tion report (largest DetectionReportID). A buffer time of 20 minutes before and after the timing of

each controlled release while pairing controlled releases to detection reports (detection classifica-

tion). The buffer time accounted for emissions during experiment pre-calibration periods and the

residual emissions detected by solutions after the end of a controlled release.
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2.2.2 Survey Solutions

The survey protocol [132] divides testing into 3 activities:

1. Documentation of the system under test: Survey LDAQ solutions were encouraged to

document descriptions of the system configuration (e.g., model number of each hardware,

revision number of software, etc.), components (e.g., sensor, deployment platform, etc.),

methodology applied (e.g., number of passes, flight speed and height, etc.), and the personnel

needed to perform emissions surveys at O&G facilities.

2. Emission surveys: Testing was conducted during the day (i.e., typically between 8 a.m. and

5 p.m. U.S. mountain time) for 3 to 5 days. Testing for a significantly shorter number of

days and only during the day compared to continuous monitors was because survey solu-

tions operate periodically, typically for a few minutes to hours during the daytime. Testing

was single-blind, as the solutions were unaware of controlled releases’ timing, location, and

release rate. For each experiment, METEC defined a survey area that consisted of either

a single or two adjacent well pads and initiated controlled gas releases. The well pads at

METEC were divided into 3 survey areas: well pads 1 & 2, well pad 3, and and wellpads

4 & 5 to achieve different site sizes and operational configurations as shown in Figure 2.1.

While testing across multiple O&G assets and well pads facilitated the evaluation of sur-

vey time, a key performance metric for solutions, differences in the surface area, layout, and

equipment unit characteristics (e.g., type, count, orientation, etc.) of the well pads also varied

testing complexity and rigor. Additionally, to further vary test complexity, each experiment’s

controlled release(s) were restricted to a well pad or distributed across all or a portion of the

survey area defined. The release rates of gases tested match within an order of magnitude the

component-level leak sizes previously measured by METEC at natural gas production sites

in the U.S., excluding liquid unloading or major failure conditions that produced exception-

ally high-rate emission events [11, 65, 141], which the type of LDAQ solutions tested would

typically encounter during actual field deployments. The test center recorded the timing,

emission rate, location (i.e., emission points and GPS coordinates), and gas composition of
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controlled releases. As with Ravikumar et al. [120], the release schedules in this study were

intentionally complicated (i.e., variation in the position and number of emission sources per

experiment and the survey areas used during such experiments) not only to improve test-

ing complexity but also to minimize scenarios where gas odor provided consistent cues to

surveyors during testing.

At the start of each test day, the study team briefed solutions surveyors about safety and

how the test would be conducted. During each experiment, solutions conducted emissions

inspection based on their survey protocol(s), staying within the boundary of the survey area

defined for the experiment. Multiple LDAQ solutions were sometimes deployed in the same

survey area during an experiment and therefore had overlapping survey times. In such cases,

solutions alternated while surveying each equipment unit with instructions to avoid commu-

nicating with one another to prevent one team from learning about emission points or rates

from another team. Solution surveys were sequenced to limit the impact (if any) of one sys-

tem’s detection methodology on others. The only exception was a scenario that included both

a drone-based and an automobile-based LDAQ solution. Drone flights generate turbulence

and disturbances that can affect the formation and downwind transport of gas plumes mea-

sured by the automobile-based solution, typically driving at the edge of the survey area. The

end of the emissions survey by the LDAQ solution(s) signaled the end of each experiment,

and then the test center stopped all controlled releases.

3. Detection reporting: The test protocol stipulates a reporting template for solutions to record

experimental and detected emissions data [132]. Vendors of LDAQ solutions conducted

quality control and validation of their data before reporting to the test center. Vendors were

encouraged to submit recorded data to the test center at the end of each test day containing

at minimum the detection report ID, timing of surveys, source location, and the gas species

measured to make detection. Reporting measured gas species allowed performance analysis

of solutions with either methane-specific or multi-species sensors to be on the same basis.
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As with continuous monitors, participating survey LDAQ solutions were selected through con-

tacts in the PDC and an open invitation advertised on METEC’s website. Twelve survey solutions

were tested for the first time under the protocol, with three solutions tested again within 3 months

to 1 year of their initial tests. LDAQ solutions were required to deploy as they would in actual field

measurement campaigns (i.e., number of personnel, survey speed/pace, survey height/distance,

etc.), providing all auxiliary equipment (e.g., anemometers, battery packs, power cables, internet

connection, etc.) needed to perform emissions surveys during testing. The list of vendors of par-

ticipating LDAQ solutions arranged in alphabetical order is as follows: ABB HoverGuard, ABB

MicroGuard, ABB MobileGuard, ChampionX AURA OGI, Cimarex FLIR OGI, Cimarex Ven-

tus, Distran Ultra, Heath EyeCGas, Heath RMLD-CS, Konica Minolta GMP02, Montrose Pergam

Laser Falcon, and Xplorobot Laser OGI. Given the confidentiality agreement, solutions were iden-

tified with arbitrarily selected, alphabetic identifiers. For this study, participating survey solutions

were grouped into three categories as shown in Figure 2.14:

• Mobile solutions: LDAQ survey solutions that are automobile- and UAV/drone-based.

• Handheld OGI solutions: Traditional handheld OGI camera solutions.

• Advanced handheld solutions: Includes other handheld solutions that do not detect emis-

sions using OGI technology alone (if at all). These include sensing techniques like acous-

tic sensing, infrared absorption spectroscopy, tunable diode laser absorption spectroscopy

(TDLAS) technology, etc.

Table 2.3 summarizes the solutions that participated in the study with their deployment char-

acteristics and selected test conditions. While all solutions tested detection and source localization

capabilities, only solutions A and G quantified emissions.

For reported data to be considered valid, solutions submitted their survey and detection reports

within one week of test completion. This time limit reflects common field practice [50, 59, 106].

The study team collated and quality-controlled all data, including release rates and meteorological
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data collected by the test center, and all data reported by LDAQ solutions to perform detection

classification.

Figure 2.14: The deployment of survey LDAQ solutions at METEC. (a) shows surveys using drone-based

and handheld solutions. (b) shows survey using a vehicle based solution. (c) shows a survey using a handheld

solution. (d) shows a close-up shot of a drone-based solution.

The test center kept an operator log and a maintenance record during the testing period to facilitate

the detection classification process and the exclusion of controlled releases and detection reports

data invalidated by the requirements of the test protocol [132]. For each LDAQ solution, the op-

erator log documented the unique ID and characteristics (i.e., timing, number of emission points,

etc.) of each experiment; the ID was communicated to the solution during testing for documen-

tation. The ID linked the detection and survey data reported during an experiment with the test

center’s record of the experiment. The maintenance record documented the list of controlled re-
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leases or periods to be excluded from the result analysis, either because the controlled release was

non-compliant with the testing protocol or due to an unplanned release (i.e., venting an emission

point gas supply line).

Table 2.3: Characteristics of participating survey LDAQ solutions and testing conditions.

Solution Tested

Capability

Test Conditions1

ID Platform Category Quantification
Release Rate

(g CH4/h)

Wind speed

(m/s)

Testing under the protocol for the first time.

A* Vehicle Mobile X 214 [26, 895] 5.3 [1.1, 13.4]

D* Drone Mobile X 73 [3, 297] 3.0 [0.9, 5.7]

F‡ Drone Mobile X 471 [30, 2027] 2.5 [1.2, 4.1]

I* Drone Mobile X 175 [22, 586] 4.5 [1.1, 9.3]

B* Handheld Handheld OGI X 76 [4, 297] 3.3 [1.3, 5.7]

E* Handheld Handheld OGI X 198 [4, 808] 3.0 [0.8, 4.6]

G‡ Handheld Handheld OGI ✓ 500 [22, 2110] 3.6 [0.9, 9.0]

L‡ Handheld Handheld OGI X 553 [23, 2586] 3.6 [0.9, 8.7]

C* Handheld Advanced Handheld X 198 [4, 808] 3.0 [1.1, 4.6]

H‡ Handheld Advanced Handheld 471 [3, 2106] 3.4 [0.9, 8.8]

J‡ Handheld Advanced Handheld X 464 [23, 1651] 2.9 [0.7, 8.0]

K* Handheld Advanced Handheld X 194 [22, 640] 5.2 [1.2, 12.8]

Testing under the protocol for the second time.

A† Vehicle Mobile ✓ 164 [11, 982] 4.3 [0.8, 13.3]

K† Handheld Advanced Handheld X 164 [11, 982] 4.3 [0.8, 13.3]

H‡ Handheld Advanced Handheld X 355 [4, 1934] 2.6 [0.9, 3.6]

1 Indicates the mean, minimum, and maximum values of the test condition.
*, †, ‡ LDAQ solutions tested in 2021, 2022, and 2023, respectively.

2.2.3 Quantitative Optical Gas Imaging (QOGI) System

The OGI camera is widely used for emissions monitoring surveys at O&G facilities, as it is

anecdotally effective and regulatory-approved in the U.S. and Canada. However, OGI cameras do
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not quantify detected leaks. In studies that required both detection and quantification, emission

quantification was performed as an additional measurement step using an auxiliary method (Hi-

flow sampler [11,20,142], downwind tracer flux [11,65,143], and the other test method [144–146])

that requires additional labor, is time-consuming, depends on direct contact with the emitting

source, which might be inaccessible, and/or depends upon favorable wind transport to perform

measurements. The QOGI technology, an add-on device to the OGI camera, can address these

challenges; however, comprehensive testing that is more representative of field (i.e., actual O&G

facilities) deployment and conditions is needed to understand quantification performance and char-

acterize limiting environmental and operational factors, unlike prior studies [109, 114].

Testing in this study was conducted from June 20th to June 24th, 2022. The QOGI system

tested consisted of a FLIR™ GF320 OGI camera and a FLIR™ QL320 QOGI tablet (henceforth

“FLIR tablet”). The Providence Photonics QL320 QOGI tablet (henceforth “legacy tablet”), which

operates using an older version of the quantification algorithm used in the FLIR tablet, was used

as a backup whenever the FLIR tablet had a flat battery or became inoperable. A member of the

measurement crew (2 persons) had attended an in-person QOGI training session by Providence

Photonics, while the other crew member had previously screened < 60 facilities with an OGI

camera. The field crew followed the user manual provided by FLIR. The tablets quantify emissions

by analyzing the image of the plume captured by the OGI camera. The tablets can be used in a

“tethered” or “Q-mode” configuration. Under the “tethered” configuration, the camera and the

tablet are deployed together in the field and connected using a USB cable such that live feed video

from the camera is transferred to the QOGI tablet for quantification while the emission is under

observation. Under the “Q-mode” configuration, the OGI camera records emission videos together

with required input parameters (e.g., wind speed, etc.), and quantification is performed later by

importing and analyzing the videos on the QOGI tablet. In this study, the “tethered” configuration

was used as it reflects the preferred deployment approach in actual O&G facilities. This study

evaluated only the quantification performance, i.e., it did not test the detection performance of

OGI camera surveys, as comprehensive studies on the subject exist in the literature [43, 44, 147].
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Therefore, testing was performed partially blind: the emission rates of releases conducted by the

test center (METEC) were unknown to the measurement crew; however, the location of the leak

source was known. The testing process is summarized as follows:

1. The METEC facility operator selected an emission source, initiated a controlled release,

waited until the release rate was steady, and then informed the measurement crew of the

location of the emission. The METEC facility operator assigned each experiment a unique

numeric identifier (ID) and communicated that (without the emission rate) to the field crew

for documentation.

2. The field crew identified an unobstructed view of the leak source with the gas plume, con-

sidering wind direction, measurement distance, and plume background. This was done by

observing the emission source from multiple perspectives and distances to find the “best

view” of the plume (as adjudged by the measurement crew) with enough space to accommo-

date the camera tripod and camera operator [113].

3. Parameter data required for quantification were inputted into the tablet which included wind

speed (calm (0-1mph), normal (2-10mph), or high (>10mph)), distance to emitting source,

leak type (point or diffuse), and ambient temperature. Ambient wind speed and temperature

were measured using a handheld digital anemometer while distance was measured with a

measurement tape. While handheld digital anemometers can be highly uncertain and less ac-

curate compared to fixed-mount 2-D and 3-D anemometers, it is more convenient and faster

to use digital anemometers in the field during measurements. Depending on the geometry of

an emission point, the field crew selected either “point” (sources with a diameter < 2 inches,

e.g., connectors, valve packing, etc.) or “diffuse” (sources with a diameter > 2 inches, e.g.,

flanges, thief hatches, etc.) as the leak type on the device before taking measurements. The

overlay function was enabled on the tablet to colorize the plume to increase visibility. The

field crew also ensured that only the streaming image of the gas plume interacted with the

measurement boundary and used the masking feature to remove other areas of visual distur-
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bance (e.g., vegetation on the ground, etc.) when necessary, as shown in Figure 2.15.. The

field crew selected the viewing angle and distance from the emission source considering the

minimum and maximum distance requirements as specified in the manuals for the 23 mm

(24°FOV) camera lens—1.5m and 16.5m from the emission source [113].

4. At each camera position, at least 3 consecutive, individual measurements were taken on the

QOGI tablet when stable. A stable measurement was defined in the user manual as when the

10-second quantification result was within 10% of the 1-minute quantification result. At least

3 measurements were attempted for each ‘measurement opportunity’ to assess measurement

precision without modifying the observation position or allowing environmental conditions

to change substantially. For each measurement, the field crew documented the background

of the plume (sky, equipment, or ground). In some instances, 3 successful measurements

could not be completed from a selected location due to rapidly changing meteorological

conditions. At the end of measurements for each camera position, the device was reset

ahead of measurements from the next camera position.

5. For each experiment, the field crew attempted measurements from 3 different camera po-

sitions by repeating steps 2-4. The controlled release rate during each experiment was ap-

proximately the same for all the measurements conducted for an experiment. Each camera

position was assigned a unique ID, as no two positions had the same measurement condi-

tions. Approximately 10 minutes elapsed between camera positions to locate clear views of

the plume. Measurement duration varied substantially (a few minutes to >20 minutes) as

highly variable meteorological conditions adversely affected measurement efforts in some

cases. In addition to a different location, each new camera position had a different mea-

surement distance and/or plume background/perspective. In some instances, fewer than 3

camera positions were identified for an experiment due to obstructions in the field of view

or limitations of environmental and/or meteorological conditions.
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Figure 2.15: (a) A schematic of the QOGI system (OGI camera and QOGI tablet) that was tested in this

study. The diagram elements with broken lines or edges represent the conditions required to visualize

gas species with an OGI camera to be quantified. The figure also shows input parameters (setups and

measurement conditions) into the QOGI device to generate emissions estimates. (b) The figure shows a

typical deployment of the OGI camera during the study (left side) and a snapshot of the infrared image of

the observed gas in the QOGI tablet (right side). The left side of the figure shows the OGI camera observing

emissions from a tank’s thief hatch. The right side of the figure shows colorized enhancements overlaid onto

the infrared image of the gas plume with a masking feature activated to remove measurement boundaries

with visual noise.

6. After completing all measurements for an experiment, the measurement crew notified the

METEC facility operator to stop the controlled release to conclude the experiment. The next
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experiment was then conducted following the same steps, either using the same emission

source at a different emission rate or an emission source in a different location. In total, the

field crew attempted 442 measurements, of which 85 of them were excluded due to miss-

ing controlled release data (27), Q-mode measurements (11), and wrong leak type selection

(47). Wrong leak type exclusions included cases where emissions from sources like flanges

and thief hatch (diameter > 2 inches) were wrongly interpreted as “Point” (diameter < 2

inches) sources instead of “Diffuse” leak type during measurements. In summary, 357 indi-

vidual measurements across 26 controlled releases and 71 camera positions for release rates

between 0.1 kgch4/h and 2.9 kgch4/h.

2.3 Performance Metrics

The detection classification process involved pairing controlled releases with detection re-

ports/measurement data. Therefore, for each experiment and the detection reports attributed to that

experiment (i.e., for continuous monitors, this included reported data with EmissionStartDateTime

within the controlled release start and end times ± buffer time, while for survey/QOGI solutions,

it involved using the unique ID documented by the METEC operator that linked each experiment

with associated detection/measurement data), the pairing steps are summarized as follows:

1. The study team filtered all controlled releases and detection reports that attributed an emitter

to the same equipment unit tag (as assigned by the test center) and sorted them by controlled

release rate and reported emission rates, respectively, in descending order. Each controlled

release and detection report is paired as true positive (TP) at the equipment unit level (Figure

2.16(a)) and removed from the unpaired data lists.

2. If the unpaired controlled release and detection report lists from step (1) were not empty, the

study team filtered the lists that attributed an emitter to the same equipment group tag (as

assigned by the test center) and sorted them by controlled release rate and reported emission

rates, respectively, in descending order. Each controlled release and detection report is paired

as TP at the equipment group level (Figure 2.16(b)) and removed from the unpaired data lists.
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Figure 2.16: The figure shows (a) True Positive detection classification at the same equipment unit level.

(b) True Positive detection classification at the same equipment group level. (c) False Positive detection

classification. (d) False Negative detection classification

3. Each controlled release and detection report in the sorted (by emission rate in the descending

order) unpaired lists remaining from step (2) is paired as TP at the facility level and removed

from the unpaired data lists.

4. Each controlled release and detection report left unpaired after step (3) is classified as FP

(Figure 2.16(c)) and false negative (FN)(Figure 2.16(d)), respectively.

The result of the detection classification process was used to evaluate performance metrics as

specified in the protocols. Key performance metrics are summarized below:

• Probability of Detection (POD): This represents the probability of detecting an emission

over a set of environmental and measurement conditions (e.g., wind speed, emission rate,
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release duration, etc.). This is evaluated as the fraction of the count of TP detections to the

sum of the counts of TP and FN detections over a set of conditions as shown in equation 2.1.

POD|x =
NTP

NTP +NFN

∣

∣

∣

∣

x

(2.1)

Where x is the set of measurement conditions at which the POD is assessed.

• False Positive Fraction (FPF): This is the fraction of the count of FP detections to the sum

of the counts of TP and FP detections as shown in equation 2.2.

FPF =
NFP

NFP +NTP

(2.2)

• False Negative Fraction (FNF): This is the fraction of the count of FN detections to the

sum of the counts of TP and FN detections as shown in equation 2.3. True Positive Fraction

(TPF) = 1 - FNF.

FNF =
NFN

NFN +NTP

(2.3)

• Survey Time: This is the time taken to complete a survey and is evaluated as the difference

between the reported survey start- and end-date times.

• Localization Precision (Equipment Unit): This is the fraction of TP detections at the equip-

ment unit, equipment group, and facility levels, respectively.

• Localization Accuracy (Equipment Unit): This is the fraction of detection reports at each

localization precision level (equipment unit) or better as shown in equations 2.4, 2.5, and

2.6.

Correct unit (LAunit) =
NTPunit

NTP +NFP

(2.4)

Correct group (LAgroup) =
NTPgroup +NTPunit

NTP +NFP

(2.5)
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Correct facility (LAfacility) =
NTP

NTP +NFP

(2.6)

• Quantification Accuracy: For solutions that estimated the rate (g/h) of the gas species mea-

sured, the absolute quantification relative error for each TP detection was evaluated as the

difference between the reported emission estimate and the controlled release rate. The rela-

tive error was assessed by normalizing absolute error by the controlled release rate. Facility-

level quantification relative error was evaluated using all controlled release rates and re-

ported emission estimates considered in the analysis of each LDAQ solution, respectively

aggregated over the solution’s study duration.

• Time to Detection: For each TP detection, this is the time difference between when the test

center received the first detection report identifying an emission source (EmissionSourceID)

and the start time of the controlled release it paired with.

• Operational factor: The fraction of time an LDAQ was operational relative to the total

deployment time.

2.4 Data Analysis

The detection classification framework of the protocols penalized extra detection reports (with

unique EmissionSourceIDs) identifying controlled releases already paired with another detection

report or emission sources not emitting during an experiment, as FP detections. Hence, the FP

detections obtained are categorized into:

1. FP due to no ongoing controlled release—a detection reported when there was no controlled

release at the test center.

2. FP due to excess detection report—a detection report (with unique EmissionSourceID) iden-

tifying a controlled release already paired with another detection report as a new and/or

different emission source. For example, reporting multiple detections with different Emis-

sionSourceIDs during an experiment with one controlled release.
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To evaluate the POD curves of solutions, six functions, including power function (Equation 2.7),

binary logistic regression (Equation 2.8), Burr cumulative distribution function (CDF) (Equa-

tion 2.9), Frechet CDF (Equation 2.10), Weibull CDF (Equation 2.11), and loglogistic CDF (Equa-

tion 2.12)), were assessed and compared using the resulting data of the detection classification

process. The binary logistic regression sigmoid function (Equation 2.8) was disqualified because

it predicted non-zero POD at zero controlled release rates in some instances, which is physically

unrealistic. However, binary logistic regression was used to evaluate the impact of test and mea-

surement conditions on the emissions detectability (TP and FN classification → POD) of LDAQ

solutions. The power function (Equation 2.7) with the intercept set to zero was used when there

were sufficient data points to generate statistically significant bin sizes for the curve. The power

curve fitted POD data evaluated from equal-sized sets (quantile-based discretizations) of test con-

ditions (i.e., release rate) derived from the detection classification results. The number of points

per bin (Np) used for POD data evaluation was constrained to 30 < Np < 50 and was based on the

quantile-based discretization that produced the highest goodness of fit (R2) value. The lower bound

of 30 data points per bin was selected as sufficient for statistically significant analysis based on the

central limit theorem. When the detection classification process yielded insufficient data points for

binning as required for the power curve, the model from the remaining functions that minimized

the corrected (for small sample sizes) Akaike Information Criterion (AICc) was selected.

pod = −a · xb
∣

∣

a,b are curve fitting parameters
(2.7)

pod =
1

1 + ea+b·x

∣

∣

∣

∣

a,b are curve fitting parameters

(2.8)

pod = 1− (1 + (bx)c)−a
∣

∣

∣

a, b, c are curve fitting parameters
(2.9)

pod = e−(x/s)−a

∣

∣

∣

s, a are curve fitting parameters
(2.10)
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pod = 1− e−(xλ)k
∣

∣

∣

λ, k are curve fitting parameters
(2.11)

pod =
1

1 + (x/b)−a

∣

∣

∣

a, b are curve fitting parameters
(2.12)

For each POD curve function, the curve-fitting parameters are estimated and optimized using

maximum likelihood estimation with the detection classification results as input data. This opti-

mization is performed by minimizing the negative logarithm of the likelihood function, as shown

in Equation 2.13.

L(y, p) = −

n
∑

i=1

[yi log(pi) + (1− yi) log(1− pi)]
∣

∣

∣ yi are binary detection results
pi are the candidate POD curve results.

(2.13)

The original data was bootstrapped 500 times to generate the cloud of curves that visually indicated

uncertainty on the main POD curve, with the 95% empirical confidence interval (CI) captured as

the 2.5 and 97.5 percentiles. Specifically for power curves (equation 2.7), each POD data point

(0 to 1) was bootstrapped by random sampling (p) from a uniform distribution (0 < p < 1) Np×

to obtain the fraction of Np that are TP detections. A TP detection is adjudged when p ≤ POD

data point for a bin. This process is iterated 500× for each bin across all bins to obtain the cloud

of POD curves. Five hundred iterations were selected to balance computational efficiency with

sufficient data resampling.

Quantification accuracy was assessed using relative error. When applicable, the influence of

test conditions (e.g., release rate, wind speed) was analyzed using a Gamma generalized linear

model (Equation 2.14) with a log link function, where relative error served as the dependent vari-

able. Given the non-symmetric distribution of quantification relative errors, analysis is conducted

for data when relative error is > 0 and < 0, separately. Just like the multivariable logistic regression

analysis, test conditions included in the models are those with a variation inflation factor (VIF) <

10, which indicates moderate correlation among selected test conditions.
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log(quantification relative error) = β0 +
n

∑

i=1

βiXi

∣

∣

∣

∣

∣βi are regression coefficients
Xi are independent variables

(2.14)

Four statistical tests were used to evaluate the statistical significance of the correlation between

2 variables (rank-biserial correlations—a binary and a continuous variable) and the difference be-

tween groups (2-sample t-test, Mann-Whitney U, and Kolmogorov-Smirnov tests) at a significance

level (p) of 0.05. Monte Carlo analysis was used to extrapolate controlled testing results of contin-

uous monitors in this study to expected emission detection and quantification performance if de-

ployed for a field emissions measurement study by Vaughn et al. [19]. The steps below summarize

the Monte Carlo analysis involving N simulations of the field campaign for a selected continuous

monitor:

• The relative errors of quantification estimates for selected continuous monitors were grouped

based on the three orders of magnitude of controlled release rates the errors were associated

with (i.e., (0 - 0.1] kg ch4/h, (0 - 0.1] kg ch4/h, and (0 - 0.1] kg ch4/h). This was intended

to minimize sampling bias as the quantification accuracy of LDAQ solutions depends on the

size of emission rate.

• The POD of detecting a random sample (x) drawn from field measurement data of size L is

assessed using the POD curve functions derived for the selected continuous monitors.

• A random value from a uniform distribution (between 0 and 1) was compared with the POD

data point (p) evaluated above and adjudged TP detection if the random value was ≤ p

otherwise, an FN detection.

• if TP detection, a random relative error (e) was selected from the appropriate quantification

estimation relative error bin generated with controlled release rates within which x lies. The

estimated emission rate for the TP detection was evaluated as x ∗ (e+ 1).

• Repeat the above processes for all x) drawn from field measurement data for N × to generate

an array of N columns × L rows.
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• The sum of quantification estimates and the fraction of TP detections for all x in each simula-

tion/iteration were evaluated to mimic facility-level quantification estimation and TP fraction

by the continuous monitor during the field campaign. This is repeated for all the N simu-

lations, after which the mean of both variables of all simulations was evaluated and the CI

assessed as the 2.5 and 97.5 percentiles.
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Chapter 3

EVALUATING THE PERFORMANCE OF

CONTINUOUS MONITORING LDAQ

SOLUTIONS UNDER SINGLE-BLIND

CONTROLLED TESTING2

3.1 Overview

Continuous monitoring LDAQ solutions (i.e., continuous monitors) promise to detect fugi-

tive methane emissions across O&G infrastructures/assets sooner than traditional leak surveys like

EPA method 21 since continuous monitors operate autonomously and near-continuously measure

atmospheric methane concentration. Emissions quantification by continuous monitors has been

proposed as the foundation of measurement-based emission inventories [116], given the rapid de-

velopment and regulatory spotlight on continuous monitors for LDAR programs [136]. The liter-

ature review has established the need to characterize the performance of LDAQ solutions through

regular and rigorous testing using consensus protocols that support repeatable testing across both

time and test facilities.

This chapter discusses the single-blind controlled testing of 16 continuous monitors broadly

categorized as point sensor networks and scanning/imaging LDAQ solutions based on the emis-

sions measurement methodology. Test results are evaluated based on the following performance

2Chapter 3 is extracted from published articles:

[137] Reprinted with permission from C. Bell, C. Ilonze, A. Duggan, and D. Zimmerle, “Performance of Continuous

Emission Monitoring Solutions under a Single-Blind Controlled Testing Protocol,” Environmental Science & Tech-

nology, vol. 57, no. 14, pp. 5794–5805, 2023. DOI: 10.1021/acs.est.2c09235.Copyright 2023 American Chemical

Society.

[138] Reprinted with permission from C. Ilonze, E. Emerson, A. Duggan, and D. Zimmerle, “Assessing the progress

of the performance of continuous monitoring solutions under a single-blind controlled testing protocol,” Environmen-

tal Science & Technology, vol. 58, no. 25, pp. 10941–10955, 2024. DOI: 10.1021/acs.est.3c08511. Copyright 2024

American Chemical Society.
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metrics: (1) detection classification and POD, (2) emission source localization accuracy/precision,

(3) emission rate quantification accuracy (single estimate and facility level), and (4) operational

factor. The detection classification and POD subsection of the chapter focuses on the emissions

detection performance of continuous monitors, the impact of environmental and deployment con-

ditions on emissions detection performance, how it varies by the type of continuous monitor, and

how these performances compare against recent federal regulations. The emission source local-

ization accuracy/precision subsection discusses the localization performance of solutions and how

it varies with the type of continuous monitor and deployment characteristics. The emission rate

quantification accuracy subsection of the chapter investigates the emission rate estimation per-

formance of continuous monitors for individual and facility-level sources and the variation with

emission rate size and continuous monitor type. The bootstrapping method is used to evaluate the

uncertainty of evaluated facility-level quantification accuracy of solutions. Finally, the operational

factor subsection of the chapter explores the operational downtime of continuous monitors and

how it compares with U.S. federal regulations.

The chapter also discusses the impact of variation in testing complexity and the likely per-

formance level of continuous monitors in an actual field deployment analyzed using Monte Carlo

simulations. The chapter concludes with the implication of the test results on the actual application

of continuous monitors for emissions mitigation across the O&G value chain.

3.2 Results and Discussion

3.2.1 Emissions Detection and Probability of Detection

A POD curve relates the probability that an LDAQ solution detects an emission of a given rate

as composite performance over all other test conditions, like release duration, emission flow rate,

wind speed, temperature, etc., that could affect the POD of an LDAQ solution. A multivariable

logistic regression analysis of the impact of these factors on POD over the tested range showed

varying statistical significance across all continuous monitors as shown in Table 3.1.
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Table 3.1: Table summarizing the multivariable logistic regression analysis evaluating the impact of selected test conditions on the emissions

detectability/POD of tested continuous monitors

Solution Release rate Release duration Wind speed Temperature Release height

ID Type p value
Odds
ratio† p value

Odds
ratio† p value

Odds
ratio† p value

Odds
ratio† p value

Odds
ratio†

A Point sensor network 0.000 1.001 0.001 1.260 0.000 0.701 0.499 1.008 0.878 0.990

B Scanning/imaging 0.008 1.000 0.044 1.129 0.000 0.834 0.018 0.972 0.654 0.971

C Point sensor network 0.000 1.001 0.000 1.492 0.003 0.869 0.233 1.014 0.340 1.052

D Point sensor network 0.000 1.001 0.000 1.316 0.315 0.960 0.675 1.005 0.056 1.116

E Point sensor network 0.017 1.001 0.433 1.079 0.000 0.638 0.000 1.103 0.142 0.879

F Point sensor network 0.000 1.001 0.000 1.259 0.002 0.875 0.280 0.987 0.617 1.032

G Scanning/imaging 0.026 1.001 0.078 1.500 0.223 0.786 0.394 0.952 0.254 0.694

H Scanning/imaging 0.399 0.100 0.389 1.094 0.010 0.738 0.416 1.021 0.087 0.762

I Scanning/imaging 0.002 1.002 0.178 1.497 0.530 0.881 0.358 1.034 0.553 0.930

J Scanning/imaging 0.000 1.001 0.087 0.521 0.161 0.830 0.869 0.996 0.000 2.157

K Point sensor network 0.904 0.100 0.849 0.861 0.219 1.634 0.179 0.785 0.246 1.608

L Scanning/imaging 0.000 1.001 0.000 1.324 0.772 0.983 0.276 0.973 0.303 0.923

N Point sensor network 0.000 1.001 0.297 1.051 0.000 0.734 0.000 0.935 0.155 1.095

O Scanning/imaging 0.000 1.000 0.002 1.197 0.000 0.806 0.192 1.020 0.062 1.135

P Point sensor network 0.000 1.001 0.000 1.202 0.034 0.899 0.583 0.993 0.034 0.885

Q Point sensor network 0.000 1.001 0.027 1.112 0.000 0.498 0.430 0.988 0.044 0.873

† If the odds ratio is > 1, the higher the value of the test condition, the greater the tendency for a TP detection. If the odds ratio is < 1, the

higher the value of the test condition, the greater the tendency for a FN detection. If the odds ratio equals 1, the test condition has no effect

on the tendency for a TP or FN detection. Note: The odds ratio is evaluated as the exponential of the coefficients of predictor variables in the

multi-variable logistic regression. Values highlighted in yellow are statistically significant (p < 0.05).



Results indicate that emission rates significantly (p < 0.05) affected the POD of all but 2

continuous monitors (solutions H and K), with other variables affecting only at most 2/3rd of

tested solutions. In addition, with POD curves as a function of emission rate more useful for

practical application in internal or regulatory emissions mitigation programs and as a key metric to

model the emission mitigation potential of solutions using emissions modeling tools like FEAST

[148] or LDAR-Sim [149], this study presents the POD curves of continuous monitors based on

emission rate as shown in Figures 3.1, 3.2, and 3.3. The detection sensitivity of LDAQ solutions

is investigated by evaluating the method detection limit (DL90) of each solution, which is the

minimum emission rate at which the LDAQ solution, as deployed (i.e., the method), detected

emitters 90% of the time over the range of tested meteorological conditions (i.e., the emission rate

the solution has 90% POD). The lower the DL90, the more likely an LDAQ solution detects a wider

range of emission rates at O&G facilities, although the desired DL90 depends on field application.

For LDAQ solutions intended for follow-up investigations and fugitive emissions detections, their

DL90 should be significantly lower than those used for facility-level or screening purposes (i.e.,

identifying large emission events).

Figures 3.1 shows the POD curves of the scanning/imaging continuous monitors tested, while

Figures 3.2 and Figures 3.3 show that of point sensor network continuous monitors. Table 3.1

and the figures indicate that 14 of the 16 tested continuous monitors had a statistically significant

increased tendency at detection (TP classification) as release rate increased. As indicated by the test

protocol, the test center should attempt to map the entire POD curve while testing, however, since

many solutions’ POD are dependent on the release rate - in some cases very high rate as the DL90

of some solutions shows, this was not always possible and had an impact on the uncertainty of the

POD curves (i.e., the cloud of curves) and the associated DL90s. Figures 3.1, 3.2, and 3.3 indicate

that the POD curves predicted the DL90s of 13 of the 16 continuous monitors ranging from 1.3

[0.6, 15.6] kg CH4/h to 64.4 [17.9, NA] kg CH4/h with that of 5 (with 4 of them categorized as point

sensor network) of the 13 continuous monitors within tested range (Table 3.2). For the remaining 3

solutions (G, H, and K), their DL90s could not be estimated due to the limited distribution of TPs
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Figure 3.1: The probability of detection (POD) versus emission rate (kg CH4/h) for solutions B, G, H,

I, J, and L (all scanning/imaging) fitted using a power function. The x-axis of each plot is divided into

equal-sized bins, with each marker (pod) calculated as the fraction of controlled releases in a bin classified

as true positives. Each pod data point is bootstrapped to produce a cloud of curves illustrating associated

uncertainty. When the bootstrapping could not evaluate the lower and upper empirical Confidence Interval

(CI) on the best estimate of a solution’s DL90, they are given as 0 and NA, respectively. Curve fits (dotted

colored lines) obtained using other quantile-based discretizations are shown for comparison. The emission

rate at which the POD reaches 90% is indicated as the method detection limit (DL90) for each solution. The

mean count of points per bin along with the minimum and maximum counts across all bins is also shown in

the legend of the figures.
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Figure 3.2: The probability of detection (POD) versus emission rate (kg CH4/h) for LDAQ solutions A, C,

D, E, F (all point sensor network), and O (a scanning/imaging) fitted using a power function. The x-axis

of each plot is divided into equal-sized bins, with each marker (pod) calculated as the fraction of controlled

releases in a bin classified as true positives. Each pod data point is bootstrapped to produce a cloud of

curves illustrating associated uncertainty. When the bootstrapping could not evaluate the lower and upper

empirical Confidence Interval (CI) on the best estimate of a solution’s DL90, they are given as 0 and NA,

respectively. Curve fits (dotted colored lines) obtained using other quantile-based discretizations are shown

for comparison. The emission rate at which the POD reaches 90% is indicated as the method detection limit

(DL90) for each solution. The mean count of points per bin along with the minimum and maximum counts

across all bins is also shown in the legend of the figures.
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Figure 3.3: The probability of detection (POD) versus emission rate (kg CH4/h) for LDAQ solutions K, N,

O, and Q (all point sensor network) fitted using a power function. The x-axis of each plot is divided into

equal-sized bins, with each marker (pod) calculated as the fraction of controlled releases in a bin classified

as true positives. Each pod data point is bootstrapped to produce a cloud of curves illustrating associated

uncertainty. When the bootstrapping could not evaluate the lower and upper empirical Confidence Interval

(CI) on the best estimate of a solution’s DL90, they are given as 0 and NA, respectively. Curve fits (dotted

colored lines) obtained using other quantile-based discretizations are shown for comparison. The emission

rate at which the POD reaches 90% is indicated as the method detection limit (DL90) for each solution. The

mean count of points per bin along with the minimum and maximum counts across all bins is also shown in

the legend of the figures.

compared to FNs either because of poor detection performance or the majority of the controlled

releases in this study substantially below the detection sensitivity of the continuous monitors. This

level of variability highlights reasons why the detection performance of continuous monitors must

be understood before being used for field measurement studies or LDAR deployment.
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Table 3.2: Summary of the detection performance of tested continuous monitors sorted in order of increasing DL90s predicted by the solutions.

Solution Count FPF (%)† Method Detection Limit

ID Type
Controlled

Release
Detection
Reports All

No Controlled
Release

Excess
Detections FNF (%)

DL90‡

(kg CH4/h)
Within

Tested Rates

E Point sensor network 570 2875 82.6 24.7 75.3 12.3 1.3 [0.6, 15.6] Yes

F Point sensor network 574 516 22.5 39.7 60.3 30.3 3.8 [2.5, 7.7] Yes

J Scanning/Imaging 287 69 0.0 0.0 0.0 76.0 4.0 [3.4, 5.1] Yes

D Point sensor network 574 376 10.4 79.5 20.5 41.3 5.7 [3.7, 12.3] Yes

P Point sensor network 547 423 13.2 23.2 76.8 32.9 6.0 [4.2, 12.7] Yes

L Scanning/Imaging 256 254 35.0 95.5 4.5 35.5 9.9 [5.1, 56.9] No

C Point sensor network 560 246 20.7 68.6 31.4 65.2 10.2 [6.0, 27.5] No

A Point sensor network 574 986 59.8 26.9 73.1 31.0 11.7 [4.1, NA] No

Q Point sensor network 547 260 38.1 21.2 78.8 70.6 12.1 [7.8, 26.5] No

I Scanning/Imaging 352 34 17.6 83.3 16.7 92.0 13.9 [5.0, NA] No

N Point sensor network 417 223 18.4 29.3 70.7 56.4 14.1 [7.6, 56.1] No

O Scanning/Imaging 357 324 34.6 33.0 67.0 40.6 18.2 [7.4, 118.9] No

B Scanning/Imaging 445 250 31.2 61.5 38.5 61.3 64.4 [17.9, NA] No

G Scanning/Imaging 209 20 60.0 91.7 8.3 96.2 NA No

H Scanning/Imaging 371 56 39.3 95.5 4.5 90.8 NA No

K Point sensor network 748 2 0.0 0.0 0.0 99.7 NA No

† All is the percentage of all detections classified as FP based on the protocol. No controlled release is the fraction of all false positives due

to detection reports sent when no ongoing controlled release exists. Excess TP Detections is the fraction of all FPs due to excess detections

identifying controlled releases already paired as a new and/or a different emitter.
‡ When DL90s cannot be evaluated, they are given as NA. Similarly, the lower and upper empirical 95% CI on DL90 are given as 0 and NA,

respectively, when they cannot be evaluated.



A continuous monitor may be designed to provide only full facility-level monitoring or monitor a

specific area of a facility for large emissions (a common mode for imaging solutions). This setup

might require tuning the solution’s detection sensitivity high (i.e., higher DL90 values) to ignore

small-sized emissions, unlike another continuous monitor that might focus on fugitive emissions

(which typically falls within tested rates in this study). However, considering only the POD metric

presents a limited view of practical detection performance as some continuous monitors trade-

off detection sensitivity with false positive fraction (FPF) and FNF, which has cost implications

depending on the field application of the continuous monitors.

Table 3.2 shows that the FPF and FNF of tested continuous monitors ranged from 0.0% (solu-

tions J and K) to 82.6% (solutions E), and 12.3% (solutions E) to 99.7% (solutions K), respectively.

Of the 5 continuous monitors with DL90s within tested release rate ranges (≤ 6.0 [4.2, 12.7] kg

CH4/h) and hence the lowest DL90s in the study, 4 solutions had 0% ≤ FPF ≤ 23% and 30% ≤

FNF ≤ 41%. Results indicate that tested continuous monitors (e.g., solution E) struggled in bal-

ancing high detection sensitivity (low DL90) with relatively low FPF and FNF with only 1 solution

attempting to balance the 3 detection metrics. Low DL90 may present issues in field deployment

if FPF is high as it may force unacceptably high follow-up costs as close inspection with OGI

camera(s) investigating false detection alerts can be expensive and time-consuming. Given that

solutions’ algorithms transform raw sensor measurement to detection alerts/reports, high FPF at

low DL90 suggests challenges in separating emissions signal from ambient methane concentration.

Continuous monitors with relatively higher DL90s (i.e., outside the tested release rate range), FPF

(all but 1 solution ≥ 25%), and FN rates (≥ 45%) likely indicate struggles at emissions detection

due to poor sensors, ineffective algorithms/data analytics, or low readiness-level of the continu-

ous monitor for field deployment. In general, at a minimum detection threshold of at most 0.40

kg CH4/h proposed as the detection threshold requirement for the use of continuous monitors for

EPA regulatory-approved emissions monitoring [136], 7 of the 16 tested continuous monitors had

≥ 50% POD but less than the 99% confidence as defined by the U.S. EPA [150] which suggests
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likely immaturity of the detection performance of continuous monitors for regulatory-approved

emissions mitigation programs as at the time of this study.

A review of the percentage of FPs due to excess detection reports (0–77% with that of 7 of

the 16 solutions ≥50%; 6 of them were point sensor network continuous monitors) as shown in

Table 3.2 and Figure 3.4 suggests that if the intended application of several continuous monitors

was to correctly alert operators of ongoing emissions with less priority on what is emitting and the

number of emitters, then these continuous monitors would have much lower FPF than assessed by

the protocol’s detection classification framework.

Figure 3.4: This figure shows the categorization of the FPs evaluated in this study for all tested continuous

monitors arranged in increasing order of FPF. FPF due to no controlled release is the fraction of all FPs due

to detection reports sent when no ongoing controlled release exists. FPF due to excess TP detections is the

fraction of all FPs due to excess detections identifying controlled releases already paired as a new and/or a

different emitter.

The high contribution of excess detection reports to the FPF of point sensor network continu-

ous monitors highlights likely wide uncertainty and relatively lower precision associated with

61



attributing emissions to the correct source (i.e., source attribution confusion) compared to scan-

ning/imaging continuous monitors (i.e., < 20% of the FPF of 5 of 7 of them were due to excess

detection reports). Results also showed no statistically significant difference in the detection per-

formance (FPF, FNF, and DL90s) of the point sensor network and scanning/imaging continuous

monitors. While deploying fewer sensors can result in a drop in the performance of continuous

monitors, especially point sensors (i.e., increases the chances of sensors being downwind of emis-

sions), a Spearman’s rank correlation analysis showed that the count of sensors did not statistically

affect assessed FNFs, FPFs, or DL90s (p > 0.5), as solutions that deployed more sensors did not

always have a lower FNF, FPF, or DL90 compared to those that installed fewer sensors. Aside

from the difference in the type and quality of sensors and proprietary algorithms, which can heav-

ily influence the performance of individual sensor elements, this observation indicates that over-

deployment of sensors yields only a marginal increase in detection performance. Note that the

reporting process used in this study did not support continuous monitors attributing specific detec-

tions to specific sensor(s), which impedes any systematic assessment of sensor over-deployment.

To investigate the impact of other test conditions on the POD continuous monitors, Table 3.1

indicates most continuous monitors (11 solutions), especially point sensor networks, were signif-

icantly more likely (p < 0.05) to not detect emissions as windspeed increased. This observation

could be attributed to a few reasons. First, gas plumes are narrower when winds are higher—faster

vertical transport reduces the time for the plume to widen horizontally, producing a narrower plume

more likely to miss all sensors for a point sensor network LDAQ solution. This is particularly

challenging for slower sensors, such as catalytic or thermal sensors. Second, turbulent emissions

dispersion could inhibit stable/steady measurements needed to infer detections. Similarly, the ten-

dency to detect emissions statistically increased (p < 0.05) with release duration for the majority

(9 solutions) of the tested continuous monitors, mostly point sensor networks. Longer release

durations afford point sensor networksm longer averaging times with which to make detections.

Other test conditions, like ambient temperature and controlled release height, each affected only 3

continuous monitors (2 point sensor networks and 1 scanning/imaging).
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The key finding from these results is that tested continuous monitors had varying performance

levels, indicating their different field-readiness levels and designed field applications. Assuming

a continuous monitor is properly deployed for its intended purpose, true detection performance

should be judged by the balance between DL90, FNF, and FPF. Also, the performance of scan-

ning/imaging continuous monitors is generally less likely than point sensor network continuous

monitors to be affected by emissions and environmental conditions.

3.2.2 Emissions Source Localization

Emission source localization level is often dictated by the target market of an LDAQ solution:

The solution’s algorithm and data analytics may vary depending upon the intended field applica-

tion of the solution. Some continuous monitors provide facility-level emissions signals with no

capability to localize individual emitters within the facility, while others prioritize the localization

of specific emission sources. The test protocol in this study required continuous monitors to report

the equipment unit for any identified emission sources, and the protocol’s classification framework

evaluated localization performance based on how close identified emission location was for TP

detections relative to the emitting equipment unit.

Data indicate that 7 of 16 continuous monitors, including 5 scanning/imaging solutions, achieved

high equipment unit localization accuracy and precision, as shown in Figure 3.5. Except for solu-

tion J, scanning/imaging solutions deployed the fewest sensors per monitored test center surface

area (i.e., had the lowest sensor densities), as summarized in Table 3.3. In other words, scan-

ning/imaging continuous monitors showed a higher tendency to successfully localize emitters to

the correct equipment unit, despite installing a fewer number of sensors than point sensor network

continuous monitors. Scanning and imaging solutions survey, monitor, and visualize emissions

within their field of view for a given period before changing view, hence minimizing monitor-

ing "blind spots" provided the duration of the emitter is sufficiently long enough that the imager

views the emission location before it ends. For operators deploying continuous monitors at mul-

tiple (sometimes in the hundreds) and bigger facilities, better localization of emitters reduces the
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time required for diagnostic OGI camera surveys by focusing surveys on fewer equipment units; a

definite cost-saving measure for operators.

Figure 3.5: The figure presents the equipment unit-level localization precision of the tested continuous

monitors, arranged in ascending order of localization precision.

Note that this functionality was not assessed for solutions that provided only facility-scale detec-

tion and localization. For solutions that primarily localized emissions at the equipment group and

facility levels, a fundamental limitation of the test protocol—not assessing performance based on

the LDAQ solution’s defined field use case—makes it difficult to determine whether the observed

performance results from their intended field application or an ineffective emission source local-

ization algorithm.

Unlike the point sensor network continuous monitors, a change in sensor density did not pro-

duce a statistically significant variation (Spearman rank correlation; p < 0.05) in equipment unit

localization by scanning and imaging solutions. These data suggest that an increase in sensor

density likely improves localization performance of point sensor networks, but does not impact

scanning and imaging solutions.
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Table 3.3: Summary of emission source localization (equipment unit) precision and accuracy for all participating solutions arranged in decreasing

localization precision equipment unit level.

Source Localization (Equipment Unit)

Solution Precision (%) Accuracy (%)

ID Category

Sensor
Density

(sensors/m2)
Count
of TPs

Unit
Level

Group

Level

Facility

Level Unit

Group

Level

Facility

Level

J Scanning/Imaging 0.00416 69 98.6 0.0 1.4 98.6 98.6 100.0

L Scanning/Imaging 0.00012 165 86.7 10.9 2.4 56.3 63.4 65.0

O Scanning/Imaging 0.00012 212 76.4 12.7 10.9 50.0 58.3 65.4

B Scanning/Imaging 0.00012 172 70.9 15.7 13.4 48.8 59.6 68.8

I Scanning/Imaging 0.00012 28 64.3 14.3 21.4 52.9 64.7 82.4

N Point sensor network 0.00213 182 51.6 41.8 6.6 42.2 76.2 81.6

E Point sensor network 0.00189 500 46.6 41.6 11.8 8.1 15.3 17.4

Q Point sensor network 0.00154 161 28.0 54.0 18.0 17.3 50.8 61.9

A Point sensor network 0.00095 396 28.0 39.4 32.6 11.3 27.1 40.2

P Point sensor network 0.00071 367 27.0 56.9 16.1 23.4 72.8 86.8

F Point sensor network 0.00095 400 24.8 50.2 25.0 19.2 58.1 77.5

H Scanning/Imaging 0.00012 34 8.8 50.0 41.2 5.4 35.7 60.7

C Point sensor network 0.00071 195 1.0 0.5 98.5 0.8 1.2 79.3

K Point sensor network 0.00083 2 0.0 50.0 50.0 0.0 50.0 100.0

G Scanning/Imaging 0.00012 8 0.0 25.0 75.0 0.0 10.0 40.0

D Point sensor network 0.00095 337 0.0 52.8 47.2 0.0 47.3 89.6



3.2.3 Emission Rate Quantification Accuracy

Table 3.4 summarizes the impact (evaluated using a generalized linear model) of selected test

conditions on the quantification relative error of continuous monitors. Results indicate that release

rates significantly (p < 0.05) affected the quantification relative error of the majority (all solutions

for quantification relative error > 0; 5 solutions for quantification relative error < 0) of continuous

monitors, with other variables affecting only at most 1/3rd of tested solutions. The dependence of

quantification accuracy on the controlled release emission rate is a key variable to understand field

performance and is typically the parameter of interest in modeling and regulatory program analysis.

Figures 3.6 and 3.7 show the zero-intercept plots of estimated emission rate against controlled

release rate for TP detections for all the 9 continuous monitors that tested quantification capability

(solution G was excluded due to poor data quality). Although informative, the results and data

in Figures 3.6 and 3.7 should be extrapolated and applied to real O&G facilities with caution

for three reasons. First, residual errors are strongly heteroskedastic (nonuniform variance of the

residual), which makes the regression analysis highly uncertain. Second, the emission rates used in

this study were manipulated to map the entire probability of detection curve and are therefore not

reflective of the mix of emission rates likely to be encountered at an O&G facility. Finally, many

decisions dependent on emission estimates utilize a much smaller number of estimates than used to

fit the linear regression in these figures. In practice, operators must respond to detections quickly,

requiring them to make decisions based upon a single or a small number of observations. In these

practical cases, the accuracy of a single estimates is more indicative of uncertainty in emission rate

than the regression presented in the figure.

While Table 3.4 shows a general strong systematic bias of decrease in quantification relative

error (from overestimation to underestimation) as release rate increased, data also indicated varying

accuracy levels across individual continuous monitors and their types based on the R2 and fraction

of estimates within a quantification factor of 3 (−67%|1
3
×, +200%|3×) of actual release rates.
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Table 3.4: Table summarizing the gamma generalized linear model with a log-link analysis evaluating the impact of selected test conditions on the

quantification accuracy of tested continuous monitors

Solution Release rate Release duration Wind speed Temperature Intercept

ID Type p value
Odds
ratio† p value

Odds
ratio† p value

Odds
ratio† p value

Odds
ratio† p value

Odds
ratio†

For quantification relative error > 0

A Point sensor network 0.000 0.424 0.014 0.730 0.000 1.759 0.150 1.102 0.000 368.975

B Scanning/imaging 0.000 0.363 0.277 0.727 0.043 1.695 0.593 0.897 0.000 1076.430

C Point sensor network 0.000 0.419 0.248 0.707 0.919 1.039 0.062 0.632 0.000 2598.180

D Point sensor network 0.000 0.527 0.167 0.592 0.954 1.018 0.077 1.600 0.001 68.007

E Point sensor network 0.000 0.382 0.007 1.240 0.039 1.154 0.460 0.967 0.000 1438.540

F Point sensor network 0.000 0.395 0.281 0.799 0.562 0.886 0.676 0.951 0.000 1151.640

L Scanning/imaging 0.003 0.626 0.384 0.805 0.390 1.192 0.793 1.031 0.005 46.856

N Point sensor network 0.000 0.380 0.090 0.715 0.035 1.749 0.395 1.102 0.000 3359.670

O Scanning/imaging 0.000 0.290 0.813 1.046 0.308 1.215 0.270 0.912 0.000 11811.000

For quantification relative error < 0

A Point sensor network 0.000 0.664 0.781 0.971 0.730 1.043 0.625 1.042 0.000 45.113

B Scanning/imaging 0.995 1.000 0.943 0.988 0.267 0.829 0.154 0.899 0.326 2.964

C Point sensor network 0.008 0.611 0.197 0.782 0.861 1.020 0.157 1.101 0.003 79.193

D Point sensor network 0.021 0.893 0.484 0.952 0.696 0.976 0.017 1.086 0.002 3.161

E Point sensor network 0.658 1.040 0.274 0.877 0.029 0.782 0.022 0.795 0.094 3.177

F Point sensor network 0.000 0.602 0.311 1.109 0.000 0.702 0.667 1.026 0.000 157.091

L Scanning/imaging 0.062 1.6266 0.132 1.576 0.399 1.273 0.607 0.893 0.097 0.037

N Point sensor network 0.231 0.830 0.920 0.985 0.540 0.855 0.465 1.052 0.046 13.962

O Scanning/imaging 0.000 0.142 0.518 1.134 0.759 0.957 0.713 1.028 0.000 3.9E+08

† The odds ratio is the exponentiated coefficient of the GLM model. If the odds ratio > 1, then a unit increase in the independent variable will

increase the expected relative error by (odds ratio - 1) × 100%. If the odds ratio < 1, then a unit increase in the independent variable will

decrease the expected relative error by (1 - odds ratio) × 100%. Note: Odds ratio is evaluated as the exponential of the coefficients of predictor

variables in the generalized linear model. Values highlighted in yellow are statistically significant (p < 0.05).



Figure 3.6: Quantification accuracy of all point sensor network continuous monitors. Reported emission

rates are plotted against actual (or controlled) emission rates for all point sensors network continuous mon-

itors that tested quantification capability. The black solid line represents the 1:1 line; data points along this

line illustrate that the reported equals the actual emission rate. The black dotted lines highlight the region

where the single estimates are within a quantification factor of 3 of the actual emission rates (i.e., relative

error from -67% to 200%). The R2 illustrates the correlation between the reported and actual emission rates.

Tested continuous monitors (except solutions E and L) did not consistently improve quantification

accuracy with increasing emission rates. These solutions are likely to substantially underestimate
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emissions, even for emission rates exceeding those tested in this study. Overall, scanning/imaging

continuous monitors performed comparatively better than point sensor networks, even though all

continuous monitors showed wide single estimate quantification uncertainty (≤ ×

30
to ≥ 40×) as

shown in Table 3.5. Table 3.5 breaks down quantification performance of continuous monitors into

controlled release rate ranges of (0.1 - 1] kg CH4/h and >1 kg CH4/h, respectively.

Figure 3.7: Quantification accuracy of all scanning/imaging continuous monitors. Reported emission rates

are plotted against actual (or controlled) emission rates for solutions that tested quantification capability.

The black solid line represents the 1:1 line; data points along this line illustrate that the reported equals

the actual emission rate. The black dotted lines highlight the region where the single estimates are within

a quantification factor of 3 of the actual emission rates (i.e., relative error from -67% to 200%). The R2

illustrates the correlation between the reported and actual emission rates.
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Table 3.5: Summary of single-estimate quantification for continuous monitors along with their 95% empirical confidence limits arranged in increasing

the percentage of measurements within a factor of 3.

Estimates
within a Factor of 3 Relative Quantification Error (%)

Solution (−67%|
3
×, +200%|3×) Controlled Release (0.1 – 1] kg CH4/h Controlled Release > 1 kg CH4/h

ID Type All (0.1 – 1] > 1 Mean Median 95% C.I. Mean Median 95% C.I.

L Scanning/Imaging 81 84 81 126.2 91.2 [-49.5, 546.6] 90.4 50.0 [-70.7, 402.2]

B Scanning/Imaging 74 76 80 74.6 39.5 [-81.1, 343.2] 41.9 25.3 [-90.2, 268.8]

F Point sensor network 65 62 75 202.2 110.9 [-39.7, 933.2] 9.2 -40.5 [-82.5, 373.6]

A Point sensor network 64 65 73 211.3 134.2 [-60.9, 946.8] 27.1 -24.2 [-85.6, 338.5]

C Point sensor network 61 58 67 268.9 76.2 [-73.9, 1875.0] 17.2 -30.8 [-88.6, 369.3]

N Point sensor network 56 48 62 1036.6 212.8 [-36.2, 2900.9] 256.0 72.0 [-68.0, 1671.6]

O Scanning/Imaging 54 1 86 1751.2 1074.9 [235.9, 4071.5] 73.4 58.8 [-60.4, 347.0]

D Point sensor network 48 60 34 -43.0 -60.1 [-92.6, 141.4] -40.0 -77.0 [-99.9, 242.4]

E Point sensor network 39 28 64 584.9 411.0 [-96.7, 2078.7] 93.1 51.4 [-99.1, 448.3]



While release rates in the range (0.1 - 1] kg CH4/h roughly represent equipment component

leak rates typically identified through OGI camera surveys [20, 24, 65], rates in the range >1 kg

CH4/h represent relatively larger leak rates due to process upset conditions and failures at upstream

facilities [11, 65]. For the tested release rate range, data indicate less accurate quantification per-

formance at small release rates (0.1 - 1] kg CH4/h compared to higher rates >1 kg CH4/h. For

rates in (0.1 - 1] kg CH4/h, quantification uncertainty on estimates of single sources ranged from

≤ ×

30
to ≥ 40× with 5 of 9 solutions with a quantification fraction within a factor of 3 ≥ 60%.

Nearly all emission sources from facilities with little venting and no atmospheric tanks likely fall

within this emission rate range. For rates >1 kg CH4/h, quantification uncertainty on estimates of

single sources ranged from ≤ ×

10
to ≥ 17× with 8 of 9 solutions with a fraction within a quan-

tification factor of 3 ≥ 60%. The quantification results for release rates within (0.1–1] kg CH4/h

are unsurprising given the range of DL90 values evaluated for continuous monitors in this study.

A minimum DL90 of 1.3 [0.6, 15.6] kg CH4/h suggests that the tested continuous monitors were

likely to estimate rates within this range poorly—if detected at all—at uncertainty levels dependent

on the effectiveness of their data analytics. In general, for all release rates, uncertainty in single

estimates ranged from ≤ ×

50
to ≥ 46×, a problematic outcome if extrapolated to field applications.

For instance, overestimating a relatively large emission (e.g., a leak rate of 7.1 kg CH4/h—the max-

imum rate tested in this study) by 17× could result in a misleading alert suggesting emissions at the

scale of a super-emitter (≥100 kg CH4/h). Similarly, grossly underestimating a super-emitter could

undermine mitigation efforts that rely on these estimates to initiate remediation actions, potentially

leading to adverse environmental consequences.

To evaluate each continuous monitor’s aggregate/facility-level quantification accuracy, the sum

of the release rates of all valid controlled releases during each continuous monitor’s testing was

compared to the sum of all valid detection reports sent within the same period. Facility-level

quantification relative error was assessed for each solution with the associated CI on the error ob-

tained using Monte Carlo simulation and bootstrapping. Figure 3.8 is an error bar plot showing

facility-level quantification relative errors (actual and simulated mean) for continuous monitors
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aggregated over the test duration. The whiskers represent uncertainty on the relative errors, while

the grey shaded region shows the emission rate estimation range within a quantification factor of 3

(−67%|1
3
×, +200%|3×) of actual release rates. Results show that at the facility level, 7 of 9 con-

tinuous monitors estimated facility-level emissions within a factor of 2 (−50%|1
2
×, +100%|2×)

with their respective simulated lower and upper limits within a factor of ≈3.

Figure 3.8: Summarizes the facility-level relative error for each continuous monitor arranged in increasing

order of mean quantification relative error. Facility-level relative error is bootstrapped to estimate the uncer-

tainty on the actual error. Markers represent bootstrapped facility-level mean relative error (green) and the

actual facility-level relative error (orange), respectively. Whiskers represent the 95% CI on the bootstrapped

mean relative error.

Given the increasing interest in facility-level quantification, as inferred from the U.S.EPA final rule

[136] (NSPS OOOOb), this data indicates that continuous monitors are likely to provide facility-

level emissions estimation with higher accuracy and narrower uncertainty than single estimates.

As shown in Table 3.4, emission rate is just one of several independent variables that may have

an appreciable impact on the quantification performance of continuous monitors. While release du-

ration was only statistically significant to the quantification performance of 2 solutions, the relative

error of most of the tested continuous monitors tended to decrease (i.e., shift from overestimation

to underestimation) with increasing release duration. This observation could be attributed to issues
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with LDAQ solutions’ data analytics given that plume inversion models (e.g., Gaussian plume, La-

grangian) used by several continuous monitors for emissions quantification typically benefit from

longer release durations, allowing for extended averaging of ambient data to improve the accuracy

of emission estimates [120]. Data also show a decrease in quantification accuracy as wind speed

increased for the majority of continuous monitors, with this effect being statistically significant for

5 out of 9 solutions. This result is likely due to the impact of high wind speed on plume shape

during transport, making it more challenging for sensors to detect and quantify such gas plumes

accurately.

A key takeaway is that most continuous monitors exhibited a statistically significant decrease in

quantification relative error as the emission rate increased, following a trend from overestimation

to underestimation across the tested range. Only two continuous monitors (E and L) demonstrated

improved quantification accuracy with increasing emission rates. There was no clear distinction

in the impact of test conditions on the quantification performance of point sensor networks ver-

sus scanning/imaging continuous monitors. Overall, quantification algorithms and the associated

inversion models of LDAQ solutions need refinement to reduce uncertainties and improve the ac-

curacy of emission estimates.

3.2.4 Operational Factors

The U.S. EPA, in the NSPS OOOOb final rule on the use of continuous monitors for regulatory-

compliant emissions mitigation, defines operational downtime as the period during which a contin-

uous monitor fails to collect or transmit data [136]. The rule stipulates a rolling 12-month average

operational downtime of ≤10% (operational factor ≥90%) as a requirement for adopting continu-

ous monitors in regulatory-compliant emissions mitigation programs. Study findings showed that

the operational factor of continuous monitors ranged from 0.45 to 1.00, with 10 of the 16 contin-

uous monitors operational at least 90% of the deployment time. If these test data are indicative

of performance in real O&G facilities, then the majority of tested continuous monitors are likely

robust enough to operate near-autonomously for extended periods without failure.

73



3.3 Performance Variation with Testing Complexity

Testing for 24 hours with one to six simultaneous controlled releases was designed to increase

testing complexity (e.g., different meteorological conditions and atmospheric stability), mimic

emissions behavior at real O&G facilities, and assess continuous monitors’ ability to isolate in-

dividual emission sources.

An investigation into the detection performance of solutions based on whether an experiment

contained single or multiple controlled releases showed that, unlike scanning/imaging solutions,

most (2/3rd) of the point sensor network continuous monitors exhibited a statistically significant

(p<0.05) higher FNF during multiple controlled release experiments compared to single controlled

release experiments (Table B.1). Similarly, the FNFs of continuous monitors for controlled releases

conducted during the daytime (between sunrise and sunset) were generally higher than those per-

formed at nighttime, although this difference was not statistically significant (Table B.2).

When quantification performance was evaluated, results indicated that solutions generally ex-

hibited higher quantification accuracy during experiments with a single controlled release (Figures

B.1 and B.2) compared to experiments with multiple controlled releases (Figures B.5 and B.6).

Similarly, quantification performance was generally better at nighttime (Figures B.3 and B.4) than

during the daytime (Figures B.7 and B.8). However, these differences were not statistically signifi-

cant, and the sample size for nighttime experiments was substantially smaller than that for daytime

experiments.

The comparatively better detection and quantification performance for experiments with a sin-

gle controlled release underscores the challenges associated with isolating and characterizing indi-

vidual emission sources when multiple, simultaneous emission events occur, particularly for point

sensor network solutions. This issue may arise from cross-source/plume interferences that lead

to confusion between emission sources by LDAQ solution algorithm. For instance, when plumes

from two or more separate sources merge as they intersect with a sensor downwind, it becomes

difficult to distinguish the sources accurately. Detection and quantification performance was gen-
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erally better at night, likely due to weaker turbulent mixing, a more stable atmospheric class, and

more predictable plume dispersion behavior.

3.4 Performance in Field Deployments

The task of the LDAR programs is to alert the operator to fugitive (unplanned) emissions while

ignoring non-fugitive (planned combusted or vented) emissions, which do not require the operator

to dispatch personnel to the facility for repairs. Real O&G facilities are typically characterized

by these planned emissions, which form a highly variable and noisy baseline emission signals

that was not present during the controlled testing in this study. In effect, this study treated every

emission source as a valid fugitive detection, which is a substantially simplified scenario relative to

field conditions. As a result, controlled test results provide a first-order representation, and likely

best-case, estimate of field performance.

Comparing detection probabilities to emission sizes in field studies provides an estimate of how

solutions would perform in field conditions. To make this comparison, the study used component-

level measurements from three measurement field studies at upstream [65] and gathering [19, 20]

facilities. These distributions were overlaid with the range of DL90s observed in this study, see

Figure 3.9. Using these data, the solutions with the lowest (1.3 kg CH4/h) DL90 would detect

<10% of the emitters found in the field study; this decreases to <1% for the solution with the

highest DL90 (64.4 kg CH4/h).

In addition, a Monte Carlo simulation of the emissions detection and quantification perfor-

mance of selected tested continuous monitors using real emissions measurement data [19] is sum-

marized in Table 3.6. Simulation results suggest that quantification estimates from continuous

monitors for measurement-based inventories may substantially misstate the number of emitters

and emission rate. Therefore, these estimates should be used cautiously until both detection limits

and quantification accuracy are improved and uncertainties are better characterized.
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Figure 3.9: The range of DL90s observed in this study was overlaid on a cumulative distribution of direct

measurements of component-level fugitive emissions from three studies across the O&G value chain. While

the lowest DL90 is shown in the figure, the highest value (64.4 kg CH4/h) is not shown as the x-axis is

trimmed at 10.0 kg CH4/h. Also, the y-axis is trimmed at 75.0% for improved readability. For all three

studies, ≤10 of the measured sources exceed the lowest DL90 observed in the controlled testing result.

Table 3.6: Summary of the Monte Carlo analysis of the field performance of tested continuous monitors.

The Monte Carlo simulation involved 1000 runs, sampling a total emission rate of 304.0 kg/h from 456

sources from the study by Vaughn et al. [19]

Solution TPF (%) Quantification Ratio: [Estimates
Actual

]

ID Type Mean 95% CI Mean 95% CI

A Point sensor network 67.1 [62.9, 70.8] 3.6 [1.9, 5.9]

B Scanning/Imaging 37.9 [33.6, 42.3] 7.2 [2.6, 13.0]

C Point sensor network 29.6 [25.9, 33.8] 1.2 [0.9, 1.7]

D Point sensor network 53.9 [49.3, 58.8] 0.8 [0.6, 1.1]

E Point sensor network 86.8 [83.8, 90.1] 14.3 [7.5, 23.1]

F Point sensor network 64.3 [60.1, 68.6] 2.3 [1.7, 3.0]
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3.5 Implications of Study Results

The state of the art of continuous monitors has improved substantially since the publication

of the first single-blind controlled testing studies [65, 120]. In contrast with these first studies,

the current study represents the first study completed using a consensus protocol [131] that sup-

ports repeatable testing across both time and test centers. While the current testing does not fully

simulate field conditions, the duration, scope, and complexity of testing performed here represent

substantially more rigorous and comprehensive testing than previous efforts.

As the stakes in next-generation LDAQ solutions rise dramatically given the increased interest

in adopting results from these solutions into programs ranging from company-internal emissions

mitigation efforts to regulatory programs with financial penalties, testing has also increased in rigor

and quality to improve understanding of solutions performance and characterization of measure-

ment uncertainties.

The results presented here indicate that users should utilize continuous monitors with caution.

Detection limits, probability of detection, localization, and quantification may or may not be fit for

purpose for all applications. For example, tested continuous monitors had better quantification ac-

curacy with narrower uncertainty at the facility level compared to single sources. If performance is

clearly understood and uncertainties are robustly considered, the continuous monitors tested here,

as a group, work and need not have excellent performance across all metrics assessed in this study

to be useful. For example, rapid detection of large emission sources to inform the urgent field re-

sponse might not require accurate quantification. However, relying on single-source quantification

estimates from these continuous monitors for emissions reporting is likely premature at the time

of testing. Also, while a higher sensor count correlates with increased performance across some

metrics, users must beware of the cost implications when scaled across multiple O&G facilities,

especially when aiming to maximize performance. Therefore, depending on the desired applica-

tion of a continuous monitor, determining the appropriate and economically feasible number of

sensors to install per facility and where they are installed remains critical to the field performance

of continuous monitors.
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Finally, given the current rate of investment, the performance of continuous monitors is chang-

ing rapidly; hence, periodic retesting will be required to track development and ensure performance

metrics are current.
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Chapter 4

EVALUATING THE PERFORMANCE OF

SURVEY LDAQ SOLUTIONS UNDER

SINGLE-BLIND CONTROLLED TESTING3

4.1 Overview

Next-generation survey LDAQ solutions (e.g., drone-based, automobile-based, and aircraft-

based technologies) can screen or survey large spatial areas of O&G facilities faster than other

methods like continuous monitors, OGI camera surveys, and U.S.EPA method 21 [41]. Just like

continuous monitors (Chapter 3), next-generation survey LDAQ solutions are generally equipped

with data analytics that process raw sensor readings to infer detections, unlike existing regulatory-

approved methods. Unlike continuous monitors, survey solutions provide periodic surveys at speci-

fied intervals/frequencies, do not operate continuously (a few minutes to hours), and require human

supervision to work. As in the previous chapter, the literature review highlights the importance of

comprehensive controlled testing using standardized test protocols to evaluate the state of the art

of next-generation survey solutions and assess their readiness for field deployment.

This chapter examines the first-known single-blind controlled testing results of 12 survey

LDAQ solutions that are not aircraft-based using a standardized controlled testing protocol [132].

The survey solutions are categorized into mobile solutions (i.e., automobile-based and drone-based

solutions), handheld OGI solutions (i.e., infrared OGI cameras), and advanced handheld solutions

(i.e., non-OGI camera solutions). Study results are evaluated based on the following performance

metrics: detection classification and POD, (2) emission source localization accuracy/precision, and

3Chapter 4 is extracted from the published article.

[140] C. Ilonze, R. Day, E. Emerson, A. Duggan, R. Brouwer, and D. Zimmerle, “Performance of survey solutions

under single-blind controlled testing protocol,” ChemRxiv, 2025. Preprint URL: 10.26434/chemrxiv-2025-5ff89.
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(3) survey time. Quantification performance is excluded since only 1 survey solution tested that

capacity.

The chapter structures the discussion by first comparing the performance of handheld OGI cam-

era solutions against other categories of solutions based on the performance metrics highlighted

earlier. This also includes an investigation of the impact of test conditions on the detection per-

formance of solutions. Secondly, the chapter evaluates the sensitivity of detection performance

to changes in testing complexity. This section focuses on the variation in detection performance

based on emission point height (tank and non-tank sources) and the number of sources per emis-

sions event (i.e. per experiment). Just as in the previous chapter, the chapter concludes with the

implication of the test results on field deployment.

4.2 Results and Discussion

4.2.1 Handheld OGI Camera Solutions vs Other Categories of Solutions.

Overall, handheld OGI camera solutions had comparable or better performance than other cat-

egories of solutions across most metrics assessed. A multivariable logistic regression analysis

(Table 4.1) evaluating the impact of release rate, wind speed, and wind direction on the emissions

detectability (TP and FN classification → POD) of tested survey solutions was conducted. Results

indicated that an increase in release rate (over tested range) had a weak effect (odds ratio ≈1) on

the tendency of tested survey solutions to detect emissions despite being statistically significant (p

< 0.05) for 5 (C, D, E, H, and J) of the 12 tested solutions. Wind speed and direction were sepa-

rately statistically significant to just one survey solution. Figures 4.1, 4.2, and 4.3 show the POD

curves of tested survey solutions as a function of controlled release rate for handheld OGI camera

solutions, advanced handheld solutions, and mobile solutions, respectively. The POD curves of

solutions characterized the likelihood of detecting emission at various release rates over a wide

range of environmental conditions. Measurement conditions like survey height and speed were

not input parameters in evaluating the POD curves since they were either approximately constant

during each solution’s survey or were not documented by the surveyors (i.e., the personnel operat-
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ing the solutions during the study). The POD curves of the remaining (7 of 12) survey solutions

that were not statistically influenced by release rate and/or wind speed/direction may significantly

depend on other factors that could not be investigated (out of scope) in this study, like variations in

the survey (driving/flight) speed, height/distance from the emitting source, etc. For example, von

Fischer et al. [58] showed that the detection limits of automobile-based LDAQ solutions tend to

increase with measurement distance.

Table 4.1: Table summarizing the multivariable logistic regression analysis evaluating the impact of selected

test conditions on the emissions detectability/POD of tested survey solutions.

Solution Release rate Wind speed Wind direction

ID Category pValue Odds ratio pValue Odds ratio pValue Odds ratio

A Mobile 0.935 1.000 0.418 1.057 0.324 1.002

B Handheld OGI 0.087 1.008 0.348 0.830 0.560 1.001

C Advanced Handheld 0.006 1.004 0.575 1.106 0.836 1.000

D Mobile 0.029 1.009 0.003 0.631 0.049 1.003

E Handheld OGI 0.000 1.008 0.978 1.005 0.534 1.001

F Mobile 0.118 1.001 0.534 0.876 0.917 0.100

G Handheld OGI 0.559 1.000 0.758 1.081 0.601 1.002

H Advanced Handheld 0.019 1.004 0.758 1.050 0.369 1.003

I Mobile 0.932 1.000 0.204 1.166 0.103 1.006

J Advanced Handheld 0.023 1.002 0.988 0.998 0.066 1.004

K Advanced Handheld 0.527 1.000 0.314 0.835 0.843 1.001

L Handheld OGI 0.250 1.001 0.418 1.182 0.829 0.999

The p-values that are highlighted indicate statistical significance. Note that the results from a rank

biserial correlation analysis did not align with the observed trend regarding the impact of emission rate

on the emissions detectability of solutions A, I, and K.

Figures 4.1, 4.2, and 4.3, along with Table 4.2, present the predicted DL90 values for the tested

survey solutions. The DL90s of the eight solutions shown were within two orders of magnitude

of their respective maximum tested release rates. The predicted DL90s ranged from 0.01 [0.00,
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0.21] kg CH4/h to 1.31 [0.61, 3.98] kg CH4/h, while the remaining four solutions had their DL90s

reported as "NA".

Figure 4.1: Probability of detection (POD) as a function of controlled release rate (kg CH4/h) for all hand-

held OGI camera solutions. The DL90, which is the emission rate at which a solution achieves 90% POD,

is shown together with the confidence interval. The uncertainty on the POD curve is illustrated by a cloud

of curves obtained through bootstrapping, with the confidence interval evaluated as the 2.5 and 97.5 per-

centiles. The value "NA" is given when the DL90 or the associated uncertainty is more than ×20 the

maximum release rate tested or cannot be evaluated. A scatter plot with circular markers shows binary de-

tection classification results: TP detections (1) and FN detections (0). The upper limit of the x-axis has been

trimmed at 0.7 kg CH4/h to maintain the same axis limit for all survey solutions.
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Figure 4.2: Probability of detection (POD) as a function of controlled release rate (kg CH4/h) for advanced

handheld solutions. The DL90, which is the emission rate at which a solution achieves 90% POD, is shown

together with the confidence interval. The uncertainty on the POD curve is illustrated by a cloud of curves

obtained through bootstrapping, with the confidence interval evaluated as the 2.5 and 97.5 percentiles. The

value "NA" is given when the DL90 or the associated uncertainty is more than ×20 the maximum release

rate tested or cannot be evaluated. A scatter plot with circular markers shows binary detection classification

results: TP detections (1) and FN detections (0). The upper limit of the x-axis has been trimmed at 0.7 kg

CH4/h to maintain the same axis limit for all survey solutions. Note: Solution K has near-uniform POD

across tested emission rates with odds ratios of ≈ 1.
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Figure 4.3: Probability of detection (POD) as a function of controlled release rate (kg CH4/h) for mobile

solutions. The DL90, which is the emission rate at which a solution achieves 90% POD, is shown together

with the confidence interval. The uncertainty on the POD curve is illustrated by a cloud of curves obtained

through bootstrapping, with the confidence interval evaluated as the 2.5 and 97.5 percentiles. The value

"NA" is given when the DL90 or the associated uncertainty is more than ×20 the maximum release rate

tested or cannot be evaluated. A scatter plot with circular markers shows binary detection classification

results: TP detections (1) and FN detections (0). The upper limit of the x-axis has been trimmed at 0.7 kg

CH4/h to maintain the same axis limit for all survey solutions. Note: Solutions A and I have near-uniform

POD across tested emission rates with odds ratios of ≈ 1.

Caution must be exercised when interpreting inferences drawn from the POD curve assessed

for solution K, which recorded the lowest DL90 (0.01 [0.00, 0.21] kg CH4/h) in the study. A rank-

84



biserial correlation analysis on the impact of release rate on the emissions detectability of solutions

showed that the POD of solution K tended to decrease with release rate over the tested release

rate range, which contradicts the results presented in Table 4.1. Similar trends were observed for

solutions A and I. Analysis indicates that all mobile survey solutions had DL90 values exceeding

two orders of magnitude of their respective maximum tested release rates. Additionally, they

exhibited some of the highest FPF (19.2% to 50.0%) and FNF (20.3% to 48.5%) values observed

in this study as shown in Table 4.2 and Figure 4.4. These results indicate mobile survey solutions’

struggles at detecting fugitive emissions within tested rates. Recall that the release rates tested were

within an order of magnitude of component-level leak sizes measured at natural gas production

sites in the U.S., excluding liquid unloading or major failure conditions that produced exceptionally

high-rate emission events [11, 65, 141].

Figure 4.4: Categorization of the FPs evaluated in this study for all survey solutions arranged in increasing

order of FPF. FPF due to no controlled release is the fraction of all FPs due to detection reports sent when

no ongoing controlled release exists. FPF due to excess TP detections is the fraction of all FPs due to excess

detections identifying controlled releases already paired as a new and/or a different emitter.

85



86

Table 4.2: Results of the detection classification scheme (FPF and FNF) and the 90% POD predicted by each solution sorted in order of increasing

90% POD (DL90)

Solution Survey Time† Localization (Unit) FPF (%) DL90

ID Category

per Unit

(minutes)

Accuracy

(%)
Precision

(%) All

No
Controlled

Release

Excess
TP

Detection
FNF
(%)

Estimate‡

(kg CH4/h)

Within
Tested
Range

K* Advanced Handheld 2.53 [1.14, 5.00] 62.9 97.7 35.6 0.0 100.0 6.6 0.01 [0.00, 0.21] Yes

G Handheld OGI 5.86 [1.11, 15.0] 98.5 98.5 0.0 0.0 0.0 5.7 0.07 [0.01, 0.23] Yes

L Handheld OGI 2.30 [0.72, 4.86] 95.7 100.0 4.3 0.0 100.0 8.2 0.14 [0.01, 0.57] Yes

E Handheld OGI 1.91 [1.00, 6.17] 97.1 98.8 1.7 0.0 100.0 24.1 0.29 [0.19, 0.45] Yes

H Advanced Handheld 5.09 [0.78, 14.0] 91.0 100.0 9.0 28.6 71.4 16.5 0.35 [0.16, 0.67] Yes

C Advanced Handheld 1.89 [0.94, 4.39] 79.5 97.2 18.2 0.0 100.0 19.6 0.43 [0.21, 1.14] Yes

B Handheld OGI 1.66 [0.67, 5.00] 92.8 96.2 3.6 0.0 100.0 25.2 0.54 [0.13, NA] No

J Advanced Handheld 1.03 [0.39, 2.86] 95.2 100.0 4.8 75.0 25.0 31.0 1.31 [0.61, 3.98] Yes

D‡ Mobile 2.02 [0.94, 8.00] 62.9 87.4 28.0 5.4 94.6 31.7 NA [0.42, NA] No

I‡ Mobile 1.63 [0.56, 3.57] 61.2 78.8 22.4 0.0 100.0 22.4 NA [4.87, NA] No

A‡ Mobile 0.94 [0.44, 2.57] 55.0 68.0 19.2 0.0 100.0 20.3 NA [8.15, NA] No

F‡ Mobile 1.73 [0.50, 3.67] 32.0 64.0 50.0 14.0 86.0 48.5 NA [3.77, NA] No

† This is time taken to survey an equipment unit in a survey area.
‡ When the DL90 is more than twice the order of magnitude of the maximum release rate tested, the value is given as "NA".
* The DL90 is almost 0 because the POD curve is approximately constant at POD > 90%.



Handheld OGI camera solutions had 3 of the 4 lowest DL90s obtained in the study. Unlike

advanced handheld solutions, emission rate and other test conditions were not statistically signif-

icant to the POD of most of the OGI camera solutions. This observation aligns with data from

Zimmerle et al. [43] which demonstrated that the experience level of an OGI camera surveyor had

a greater impact on successful emissions detection than other tested variables. Similarly, Raviku-

mar et al. [120] identified the distance between the OGI camera and an emitting source as the most

important parameter affecting the detection effectiveness of handheld OGI camera solutions. Since

solution vendors conducted the emissions surveys, it is likely that surveyors sent by the solutions

were highly experienced and used that expertise to maximize survey solution performance; deploy-

ment of the same solutions at real O&G facilities may not have access to that level of experience.

Emission rate was statistically significant to the emissions detectability/POD of 3 of the 4 advanced

handheld solutions tested likely because advanced handheld solutions, similar to mobile solutions,

measure ambient emissions concentrations. However, because they are typically deployed closer

to emission sources, their performance relies less on favorable plume transport conditions (un-

like mobile solutions) but more on emission rate for successful detection. Additionally, handheld

OGI camera solutions exhibited some of the lowest FPF values in the study (≤4.3%), which were

statistically lower than those of advanced handheld and mobile solutions. While two out of four

handheld OGI camera solutions had FNF values below 10.0%, the FNF values of the handheld OGI

solutions were not statistically different from those of mobile and advanced handheld solutions.

If a field emissions measurement application defined a false positive (FP) strictly as an instance

where emissions were erroneously detected despite no ongoing emissions, then the FPF evaluated

in this study would decrease by 75% to 100% for all solutions except solution J, as illustrated in Ta-

ble 4.2 and Figure 4.4. Overall, only two handheld OGI camera solutions demonstrated a balance

of low DL90 values (≤ 0.14 kg CH4/h) with low FPF (≤ 9%) and FNF (≤ 5%). This performance

underscores why handheld OGI camera solutions are widely used for follow-up investigations and

regulatory-compliant leak detection and repair (LDAR) inspections at O&G facilities. Addition-

ally, study data revealed that the DL90s of all handheld solutions (both OGI and advanced), except
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for solution J, met the U.S. EPA’s NSPS OOOO(b) final rule’s minimum detection threshold re-

quirement for quarterly monitoring (≤ 1 kg CH4/h) at well sites and centralized production facili-

ties using alternative technologies [136]. For mobile solutions, the observed detection performance

could be attributed to ineffective data analytics (e.g., poorly defined lower detection limits) or be-

cause their intended applications were beyond the scope of this test. Some mobile solutions may

have been designed with intentionally high detection limits to focus on identifying high-emission

events that were not tested in this study.

To assess the localization performance of the solutions, the equipment unit-level localization

precision and accuracy of participating survey LDAQ solutions were evaluated. Table 4.2 indicates

that the equipment unit-level localization accuracy (Figure 4.5) and precision of both handheld OGI

cameras and advanced solutions were statistically higher (p < 0.05) than those of mobile solutions.

Figure 4.5: Unit-level localization accuracy for all survey LDAQ solutions arranged in increasing order

of localization accuracy. The y-axis shows the fraction of detection reports that identified a leak source

at the correct equipment unit. The marker colors identify handheld OGI, advanced handheld, and mobile

solutions.

Although some mobile survey solutions demonstrated promising equipment unit-level localiza-

tion performance (accuracy and precision > 50% and 60%, respectively), these findings highlight
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the superior effectiveness of handheld solutions in accurately pinpointing leak sources for repairs

or reporting. One explanation for the localization performance of mobile solutions is that their

data analytics typically require favorable wind conditions to predict emissions location accurately.

Generally, the sensor must be positioned directly downwind, winds must have steady speed and di-

rection, and the atmospheric stability class must be well-characterized. This hypothesis is demon-

strated by solution D, the only solution for which wind conditions statistically impacted detection

performance (Table 4.2), as it exhibited the highest equipment unit-level localization accuracy and

precision among mobile solutions.

To characterize the survey time of the solutions, surveyors documented the time required to

complete emissions surveys during each experiment. However, as discussed in Subsection 2.2.2,

the survey area defined for each experiment differed as testing complexity varied. To enable com-

parison, as summarized in Table 4.2, the recorded survey time for each experiment was normalized

by the number of equipment units within the survey area defined for that experiment. This nor-

malization accounts for variations in pad sizes and configurations, ensuring a consistent basis for

evaluating survey efficiency across LDAQ solutions. Figure 4.6 presents the distribution of survey

times per equipment unit for each survey solution tested. The face color of each violin plot repre-

sents the solution category (mobile, handheld OGI, or advanced handheld). Results indicate that

mobile survey solutions generally surveyed O&G assets significantly faster than both handheld

OGI and advanced handheld solutions. The result remained the same even when solutions G and

H were excluded from the analysis. These two LDAQ solutions exhibited greater skewness in their

survey time per equipment unit distribution (mean > median), likely due to inefficiencies in their

survey methodologies or challenges in their implementation during testing. However, the survey

times of the two handheld solution categories were not statistically different.

As suggested by Fox et al. [45], faster survey times have important cost implications for field

deployments, as longer survey durations can increase an operator’s emissions monitoring expenses

when scaled across multiple O&G facilities. While mobile survey solutions, as a group, exhibited

faster survey times per equipment unit compared to handheld solutions in this study, some handheld
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solutions individually achieved shorter survey times per equipment unit than certain mobile survey

solutions. For example, Figure 4.6 indicates that only two mobile solutions ranked among the top

four solutions with the lowest mean survey time per equipment unit.

Figure 4.6: A violin plot showing the distribution of survey time per equipment unit arranged in increasing

order. The survey time per equipment unit was evaluated by dividing the survey time by the number of

equipment units in the survey areas within which an experiment was conducted. The face color of each

violin indicates if a solution is a mobile, a handheld OGI, or an advanced handheld solution. The violin

whiskers represent the minimum and maximum survey times per equipment unit, while the blue (dashed)

and orange (solid) lines indicate the median and mean survey times per equipment unit, respectively.

This observation could be attributed to several factors. First, the noticeable odor and audible

sound produced by gas releases during testing may have provided additional olfactory and audi-

tory cues to surveyors using handheld solutions, potentially giving them an advantage over those

using mobile solutions in identifying emission sources. Unlike mobile survey solutions, handheld

solutions require surveyors to operate in close proximity to potential emitters. This positioning

allows surveyors using handheld solutions, especially when downwind of a plume, to leverage

sensory cues that help them quickly pinpoint leak sources. In contrast, surveyors using mobile

solutions—typically positioned at the edge of a pad—often lack this sensory advantage. This

limitation arises because plumes diffuse before reaching the surveyor (e.g., a drone controller) or

because the surveyor is physically separated from the surroundings (e.g., inside a vehicle). Al-

though this sensory advantage with handheld solutions is also observed in real facilities, the test
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facility (METEC) lacks the sensory distractions typically present at real O&G facilities, which can

make emission surveys more challenging. Real O&G facilities often have sensory distractions that

can produce misleading auditory and olfactory signals, potentially prolonging survey durations

compared to the controlled conditions of this study. These distractions include operational noise

from equipment, the movement of trucks, and baseline emissions from routine venting events.

In general, the key takeaway from this study is that more handheld OGI camera solutions

demonstrated better emissions detection (i.e., lower DL90, FNF, and FPF) and localization (accu-

racy and precision) for small leak sources compared to advanced handheld and mobile solutions.

While some tested mobile solutions performed comparably to certain handheld solutions on spe-

cific metrics, study findings indicate that mobile survey solutions are generally likely optimized

for quicker surveys and initial source identification.

4.2.2 Performance Variation with Testing Complexity.

Study data showed that the detection tendency of mobile survey solutions was generally more

sensitive to changes in testing complexity than other solution categories. Recall that experiments

in this study involved 1 to 6 simultaneous controlled releases from emission sources at varying

heights. Findings indicate that mobile solutions faced greater difficulty in isolating and detect-

ing individual emissions during experiments with multiple controlled releases compared to other

solution categories. Specifically, more mobile solutions (2 out of 4) exhibited statistically (Mann-

Whitney U test) higher FNF per experiment in multi-source release scenarios than in single-source

release events, as shown in Table B.1. Additionally, significant differences were observed be-

tween the FNFs of mobile solutions and handheld survey solutions for all experiments involving

multiple controlled releases. In contrast, these differences were not statistically significant when

considering experiments with a single controlled release. These results highlight a key challenge

commonly faced by LDAQ solutions that depend on wind transport for detection (e.g., mobile solu-

tions and continuous monitors). The data analytics and algorithms of these solutions often struggle
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to robustly isolate and differentiate individual emission sources during multiple-source emission

events.

When controlled releases for solutions were aggregated based on emission point heights by cat-

egorizing them as tank and non-tank sources, statistical analysis suggested that no solution group

exhibited significant differences in FNFs between these source categories. However, handheld

solutions demonstrated statistically significantly lower FNF for tank sources compared to mobile

solutions. This result is expected, given that handheld solutions involve close component-level

emissions inspections, whereas mobile solutions are typically positioned farther from the emission

source (e.g., at the edge of a well pad). Despite this result, direct proximity surveys may not always

be feasible in real-world applications due to inaccessibility, high-temperature surfaces, or moving

parts, necessitating the use of alternative emissions measurement approaches like mobile solutions.

4.2.3 Implications of Study Results

Unlike prior studies [120, 122, 127], this work represents a significant step forward in the con-

trolled testing of next-generation handheld, automobile-based, and drone-based survey solutions

using a consensus test protocol [132].

The study findings have shown the following: First, no survey solution or category of solu-

tions (i.e., handheld OGI, advanced handheld, or mobile) achieved optimal performance across all

assessed metrics. All solutions demonstrated the ability to systematically detect emissions, albeit

with varying strengths and limitations. Handheld OGI camera solutions exhibited high accuracy

and repeatability in detecting and localizing small fugitive emissions, while mobile survey solu-

tions generally surveyed O&G assets quicker than other solution categories. This implies that

mobile survey solutions can rapidly identify potential leak sources, enabling targeted inspections

and measurements with handheld solutions for cost-effective emissions mitigation.

Secondly, isolating and differentiating individual sources from multiple simultaneous emitters

remains a significant challenge for solutions that rely on wind transport for detection (e.g., mobile

solutions, continuous monitors). Unless these solutions are specifically intended for site-level
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emissions monitoring, enhancing their data analytics and algorithms is crucial to overcoming this

limitation.

This study’s results should be applied with caution for two reasons. First, since the test facility

used for the study mimics near-ideal real facility operational conditions, solutions’ results likely

represent best-case scenario performance. Second, robust field testing of the solutions is needed to

validate and build confidence in assessed controlled testing performances.
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Chapter 5

EVALUATING QUANTIFICATION

PERFORMANCE OF THE QUANTITATIVE

OPTICAL GAS IMAGING SYSTEM USING

SINGLE-BLIND CONTROLLED TESTING4

5.1 Overview

The previous two chapters have examined the state of the art in detection, localization, and

quantification performance of a broad range of LDAQ solutions. However, this investigation did

not provide an in-depth analysis or guidelines on how these solutions should be deployed at real

O&G facilities for near-optimal performance. Among these solutions, the OGI infrared cam-

era—capable of visualizing methane plumes and volatile organic compounds (VOCs) invisible

to the naked eye—is widely adopted for emissions monitoring and detection across the O&G value

chain in the U.S. and Canada. This widespread use is due to its demonstrated effectiveness, both

anecdotally and scientifically (as shown in the previous chapter), as well as its regulatory backing

in these regions [151]. However, the OGI camera does not quantify detected emissions but relies on

additional, supplementary steps (Hi-flow sampler [11,20,142], downwind tracer flux [11,65,143],

and the other test method [144–146]) to perform that operation. This additional step has recently

been made possible with the OGI camera using quantitative OGI (QOGI) technology, which quan-

tifies leak rates using the video images stream with the camera. The QOGI technology is commer-

cialized as a tablet to be attached to the OGI camera (e.g., Providence Photonics QL100, Provi-

4Chapter 5 is extracted from published article:

[139] C. Ilonze, J. L. Wang, A. P. Ravikumar, and D. Zimmerle, “Methane quantification performance of the quanti-

tative optical gas imaging (qogi) system using single-blind controlled release assessment,” Sensors, vol. 24, no. 13,

2024. DOI: 10.3390/s24134044
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dence Photonics QL320, FLIR QL320, etc.) or integrated directly into the camera (recent develop-

ment). Essentially, the operationalization involves quantifying leaks already detected with an OGI

camera. While the detection performance of OGI cameras have been richly studied [43, 44, 152],

the quantification performance and the impact of measurement conditions on the results of the

QOGI technology are poorly understood and characterized.

This work examines the performance of the QOGI system by conducting controlled testing of

FLIR QL320 under near-field conditions at METEC. Study results will highlight the accuracy and

precision of the system along with the effect of emission rate, plume background, wind speed, and

measurement distance when observing typical fugitive emission rates (≤ 3.0 kg CH4/h). Measure-

ment distance, plume background, and leak type (i.e., emission source category) rely on the user’s

judgment, while emission rates and meteorological conditions (e.g., wind speed) are uncontrollable

factors. This chapter combines findings from the investigations to outline favorable measurement

scenarios using the QOGI tool, offering guidelines for obtaining accurate measurements at real

O&G facilities.

5.2 Results and Discussion

A gamma generalized linear model with a log link function was used to relate quantification

relative error to emission rate, measurement distance, plume background (ordinal: sky = 1, ground

= 2, equipment = 3), and wind speed (ordinal: calm = 1, normal = 2, high = 3). Due to the non-

symmetric distribution of quantification relative errors, the model was divided into two categories

(equations 5.1 and 5.2). Ambient temperature was excluded due to high multicollinearity with

other variables. Equations 5.1 and 5.2 describe relationships for quantification relative errors > 0

and < 0, respectively.

ln(Relative error) = ln(0.986)X1 + ln(1.215)X2 + ln(2.727)X3 + ln(0.774)X4 + 0.248 (5.1)

ln(Relative error) = ln(1.014)X1 + ln(0.823)X2 + ln(0.367)X3 + ln(1.292)X4 + 4.029 (5.2)

X1 = Emission rate (p < 0.05);X2 = Plume background (p < 0.05) (5.3)
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X3 = Wind speed (p < 0.05);X4 = measurement distance (p < 0.05) (5.4)

5.2.1 Quantification Accuracy and the Impact of Emission Rate

Tested controlled release rates ranged from 2.2 slpm to 88.0 slpm (0.1 kg CH4/h to 2.9 CH4/h),

which is within 90% of component-level measurements from production O&G as shown in Fig-

ure 3.9. Data as shown in Figure 5.1 indicates a general overestimation bias of 27% with quan-

tification relative errors ranging from -90% to +831% (≈ 1
10
× to ≈ 10×). Results show that

46% and 75% of estimates were within a quantification factor of 2 (−50%|1
2
×, +100%|2×) and

(−67%|1
3
×, +200%|3×) of actual rates, respectively. The findings from Figure 5.1 and Equa-

tions 5.1 and 5.2 indicate that quantification accuracy (relative error → 0%) statistically improved

slowly as emission rate increased. This observed improvement is likely because a large emission

rate implies a higher path-integrated concentration, which can increase plume image contrast for

the same ∆T and enhance the signal-to-noise ratio for more accurate estimates. Note, ∆T repre-

sents temperature difference between gas plume and gas plume background.

Figure 5.1: Quantification accuracy of individual estimates: (a) measured rates versus controlled release

rate and (b) distribution of quantification error of individual estimates. In (a), the blue line represents linear

regression through the origin with the gray shading showing the 95% confidence interval of the regression

when bootstrapped. The red line represents the 1:1 ratio, where the measured rate matches the controlled

release rate. In both cases, the intercept was forced to zero. In (b), the orange shading represents the

measured rate within a factor of two of the controlled release rates (-50% to +100% quantification error),

and the yellow shading represents the measured rate within a factor of three of the controlled release rates

(-67% to +200% quantification error)
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5.2.2 Quantification Accuracy and the Impact of Plume Background

According to the FLIR QL320 user manual, a gas plume background with sufficient thermal

contrast (at least ∆T ≥ 2◦C) is needed for successful emission rate estimation with the QOGI

system [113]. Given that the QOGI tablet’s quantification method tracks changes in the pixel in-

tensity of infrared images, apparent temperature changes or disturbances in the plume background

can interfere with plume boundary identification and consequently quantification accuracy. These

disturbances include shadows, glints, reflections of heat sources on any metallic equipment, and

motion like cloud cover or ground vegetation near the equipment. This study, like Zimmerle et

al. [43], grouped plume backgrounds into equipment, ground, and sky background; quantification

performance based on these categories is shown in Figure 5.2.

Figure 5.2: Box plots (a) and distribution (b) of the quantification errors of individual estimates based

on quantification background (Equipment, Ground, and Sky). The black, circular markers in (a) represent

outliers as data points outside 1.5 times the inter quartile range of the data in each group. The horizontal,

black solid, and red dotted lines in both (a) and (b) indicate the median and mean of the distribution in

each group, respectively. The x-axis represents the groups within each parameter, and the y-axis shows the

quantification error in percentage. The numbers at the bottom of the box plots represent the sample sizes of

individual estimates within each group.
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A background was classified as “equipment” when the gas plume was viewed against either a

different part of the same equipment (e.g., a wellhead casing) or nearby equipment (e.g., a neigh-

boring wellhead unit). A background was classified as “sky” when the plume was viewed against

the sky, which may or may not have included cloud cover (e.g., when an elevated emission source

like the thief hatch of a tank was viewed against the sky). A background was classified as “ground”

when the gas plume was seen against the ground (i.e., sand, stones, gravel, vegetation).

Experimental results and Equations 5.1 and 5.2 suggest that measurements taken with the sky

as a plume background (mean error: +5% (95% CI [-13%, +32%])) were more accurate than

other backgrounds. This is likely because a clear sky with low apparent temperature provided the

best thermal contrast for the QOGI system’s quantification algorithm, although cloud cover made

quantification very challenging. Note that all the outliers (quantification errors between 400% and

600%) for the sky background in Figure 5.2 were estimates conducted under high wind speeds,

which will be investigated in the next subsection. Quantification with equipment as background

was generally challenging due to visual interferences and poor thermal contrast: unlike most equip-

ment units at real O&G facilities, equipment at METEC was non-operational, hence no fluid flow,

which could have likely increased thermal contrast between equipment walls with the gas plume

for more accurate estimates.

5.2.3 Quantification Accuracy and the Impact of Wind Speed

Prevailing wind speed was a categorical input parameter in the QOGI devices tested, with

three defined levels: calm (0–1 mph), normal (2–10 mph), and high (>10 mph). Analysis in

Figure 5.3 and Equations 5.1 and 5.2 reveals that quantification became challenging and accuracy

worsened as wind speed increased. This is likely because of the increased turbulent, variable, and

unsteady plume dispersion as wind speed increases, which can adversely affect the quality of plume

detection. In other words, calm wind speed (mean error: -29% (95% CI [-35%, -21%]) provided

the best wind condition for quantification, although with a strong underestimation tendency.
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Figure 5.3: Box plots (a) and distribution (b) of quantification errors of individual estimates based on wind

speed categories (calm: 0–1 mph; normal: 2–10 mph; or high: >10 mph). The black, circular markers

in (a) represent outliers as data points outside 1.5 times the inter quartile range of the data in each group.

The horizontal, black solid, and red dotted lines in both (a) and (b) indicate the median and mean of the

distribution in each group, respectively. The x-axis represents the groups within each parameter, and the

y-axis shows the quantification error in percentage. The numbers at the bottom of the box plots represent

the sample sizes of individual estimates within each group.

5.2.4 Quantification Accuracy and the Impact of Measurement Distance

For the QOGI system tested, the acceptable measurement distance from the emitting source is

a function of the OGI camera lens [113]. This study used a 23 mm (24◦ FOV) lens, which limited

the measurement distance to ≈1.5 m to ≈16 m (5 feet to 54 feet). Measurement distance and the

choice of camera positions were dependent on space availability for the OGI camera’s tripod stand

and camera perspectives adjudged by the field crew to be the “best” view of the plume during mea-

surements. Also, small and low-pressure emissions tend to equilibrate quickly with the atmosphere

as they exit the source. In such cases, the camera was positioned closer to increase the visibility of

the smaller plume in the camera image. For example, more than half of the measurements of rates

<10 slpm were performed from distances between 1.5 and 2.0 m. Therefore, the measurement

distances in this study were unintentionally skewed towards relatively short distances, a scenario
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likely to be observed in real O&G facilities, especially in newer production facility designs, where

equipment units are clustered closer than in older production facility designs.

Results as shown in Figure 5.4 and Equations 5.1 and 5.2 indicate that quantification accuracy

improved with increasing measurement distance. This is likely because a longer measurement

distance captures more of the plume’s dynamics within the image frame, leading to improved

quantification accuracy compared to shorter distances. However, caution is needed to prevent

visual noise from the background or adjacent components from entering the gas plume image. This

issue becomes more prevalent as the measurement distance from the emission source increases and

can negatively impact quantification performance.

Figure 5.4: Box plots (a) and distribution (b) of the quantification errors of individual estimates based on

measurement distance ((1.5, 2] m, (2, 10] m, and >10 m). The black, circular markers in (a) represent

outliers as data points outside 1.5 times the inter quartile range of the data in each group. The horizontal,

black solid, and red dotted lines in both (a) and (b) indicate the median and mean of the distribution in

each group, respectively. The x-axis represents the groups within each parameter, and the y-axis shows the

quantification error in percentage. The numbers at the bottom of the box plots represent the sample sizes of

individual estimates within each group.

5.2.5 Diffuse vs Point Leak Type

Based on the measurement crew’s assessment of the emission point geometry, the leak type was

classified as either "point" or "diffuse" in the QOGI device before measurements. Emission sources
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with a diameter of less than 2 inches (e.g., connectors, valve packing) were labeled as "point,"

while those with a diameter greater than 2 inches (e.g., flanges, thief hatches) were categorized

as "diffuse". Statistical analysis showed no significant difference in quantification performance

when "point" was mistakenly selected instead of "diffuse" as the leak type during measurement.

However, the "point" category had a narrower error range (-21% to 155%; 90% of estimates within

a quantification factor of 2) compared to "diffuse" (-52% to 600%; 88% within a quantification

factor of 2). This observation suggests the potential immaturity of this feature’s algorithm when

this testing was conducted.

5.2.6 Observed Favorable Measurement Scenario

In actual O&G facilities, the emission rate is always unknown until estimated. During mea-

surements, the field crew intentionally chose the plume background and measurement distance,

unlike the prevailing wind condition, which is beyond human control. Table 5.1 summarizes the

quantification performance of the QOGI tablets under different measurement scenarios (A–E) ir-

respective of the prevailing wind condition and release rate. A clear sky background and longer

measurement distance (scenario E) were separately identified as favorable for quantification with

the FLIR QOGI device. However, study data showed that measurements with equipment as the

plume background at distances of 1.5 to 2 meters (scenario A) had the highest fraction of estimates

within a factor of 2 (60%) compared to other scenarios.

This observation could be attributed to the “coupling effect” of measurement conditions on

quantification performance, as most estimates in scenario A were obtained under calm wind speed

(0–1 mph) and for sources within an enclosed chamber. This setup limited the rapid variability of

wind conditions/plume dispersion during measurements for improved quantification performance.

For scenarios D and E, lower wind speed did not necessarily improve quantification performance,

as the fraction of estimates within a factor of 2 remained almost the same (±2%). However,

it is important to note that few estimates were obtained under calm wind conditions. The key

observation from the above discussion is that the QOGI tablets tested can obtain relatively accurate
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estimates in special cases even when all favorable measurement conditions identified do not co-

exist.

Table 5.1: Table summarizes quantification performance under different measurement scenarios (plume

background and measurement distance) in this study with a sample count greater than 20. For each mea-

surement scenario, quantification performance is illustrated with the 95% empirical confidence interval and

the percentage of estimate within a quantification factor of 2 (-50%, 100%)

Measurement conditions Quantification relative error

Scenario

Sample

size
Plume

background
Measurement
distance (m)

Percentage within

(−50%|1
2
×, +100%|2×) 95% C.I.

A 149 Equipment (1.5, 2.0] 60.0 [-47.0, 639.0]

B 25 Equipment (2.0, 10.0] 24.0 [7.0, 335.0]

C 52 Ground (1.5, 2.0] 21.0 [-62.0, 241.0]

D 33 Sky (1.5, 2.0] 49.0 [-68.0, 492.0]

E 88 Sky (2.0, 10.0] 49.0 [-87.0, 432.0]

5.2.7 Quantification Precision

Quantification precision was evaluated by comparing the quantification errors of estimates ob-

tained at the same camera position and experiment. The study defined precision range at either

the camera position or the experiment level as the difference between the minimum and maximum

quantification error evaluated for that level. Ideally, since the controlled release rate of each exper-

iment remained approximately constant throughout all measurements, the quantification errors of

estimates from the same camera position were expected to be similar (i.e., precision range ≈ 0%),

assuming the prevailing measurement conditions remained unchanged. This was not the case in

reality, as the precision range for the same camera position spanned from 2% to 439%, and was

even worse at the experiment level, ranging from 17% to 690%.
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Analysis showed that measurements at the same camera position (Figure 5.5a) had better quan-

tification precision, with 75% of camera positions having a precision range ≤50%, compared to the

experiment level (Figure 5.5b), where only 35% of experiments had a precision range ≤50%. This

wide range in quantification precision, especially at the experiment level, could often be attributed

to rapid variations in meteorological conditions between when measurement parameters were in-

putted into the QOGI tablets and the start of actual measurements. Additionally, changes in camera

position/perspective could have contributed to the variability. The different camera positions re-

flect possible decisions made by surveyors with varying levels of experience. More experienced

surveyors are more likely to select the “best” available camera perspective for visualizing and

quantifying a plume. In other words, this result shows the likely influence of surveyor experience

on quantification performance.

Figure 5.5: Quantification precision versus emission rate at (a) the camera position level and (b) the ex-

periment level. The markers in (a) represent the errors of individual estimates/measurements. Markers of

the same type and color show quantification errors of estimates obtained at the same camera positions. The

whiskers connecting markers of the same color and shape show the range of quantification errors (preci-

sion range) observed at each camera position. The markers in (b) represent the mean error for each camera

position. The whiskers connecting markers of the same shape but of different colors (mean error at cam-

era positions) represent the precision range observed during each experiment. The gray shading represents

estimates within 20% of the controlled release rate (-20% to +20% quantification error). The dark orange

shading represents estimates within a quantification factor of two of the controlled release rates (-50% to

+100% quantification error), and the light orange shading represents estimates within a factor of three of the

controlled release rates (-67% to +200% quantification error).
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To investigate appropriate measurement practices for more accurate estimates, findings from

Table 5.2 suggest that using the mean of estimates from multiple camera positions produced more

accurate and reliable results. This approach yielded a tighter error range (-79%, 297%) and a

higher percentage of estimates within a factor of 2 and 3 of the actual rates compared to using the

mean of estimates from the same camera position or single estimates.

Table 5.2: Table summarizes and compares quantification performance when (1) individual estimates are

used, (2) the mean estimates at camera position are used, and (3) the mean estimates for any controlled

release (experiment) including measurement from at least 1 camera position.

Aggregation level
Error

range (%)

Percentage within

(−50%|1
2
×, +100%|2×)

Percentage within

(−67%|1
3
×, +200%|3×)

Sample

size

Individual

estimates

[-90, 831] 46.0 75.0 357

The mean of

estimates at a

camera position

[-88, 733] 45.0 72.0 73

The mean of

estimates at the

experiment level

[-79, 297] 54.0 77.0 26

While all the results discussed so far highlight the wide uncertainty in single estimates, which

can significantly impact the implementation of emissions mitigation programs, some applications

prioritize quantification accuracy and the associated uncertainty when source-level estimates are

aggregated at the facility or asset level. When all individual estimates and controlled releases in this

study were aggregated, the QOGI system overestimated the total controlled release rate by 43%

(95% CI [+23%, +55%]), which falls within the range of values obtained for continuous monitors

in chapter 3.
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5.3 Implications of Study Results

This study systematically investigates the impact of release rate, plume background, and se-

lected user input data on the quantification performance of the FLIR QL320 QOGI device. Results

indicate a wider quantification error range (−90%| 1
10
×, +800%|9×) than the prior study (-90%

to +330%) that tested a similar but older QOGI device. However, the maximum rate in the current

study was about an order of magnitude less than that of the prior study [109]. While the current

study result showed improved quantification accuracy and precision as the release rate increased, a

similar systematic investigation will be needed to understand quantification performance for larger

rates (i.e., >> 3 kg CH4/h), which is an important emission source category.

Study results also showed that calm wind speed (<1 mph), farther measurement distance, and

viewing emissions against a clear sky background improved quantification performance. Since

computational algorithms are proprietary, the cause of improved performance cannot be stated.

However, less turbulent plume dispersion at low wind speeds ensures stable plume behavior, which

is favorable for quality plume imaging and quantification. Additionally, viewing the plume against

a clear sky, where the sky’s apparent temperature is typically low, provides sufficient thermal con-

trast for more accurate estimates. Longer measurement distance likely ensured that all the plume

dynamics were captured within the image, further enhancing quantification accuracy. Conversely,

cloudy skies, vegetation on the ground, and/or backgrounds with visual noise and poor thermal

contrast/∆T were unfavorable for quantification.

The key control element for the study was the methodology applied by the OGI surveyors: the

same method was used for all positions and all conditions. Controlling the measurement method

removed the field crews’ experience and bias from the study design. Given that the same mea-

surement methodology was replicable across all experiments, the wide variation (up to 690%) in

quantification error as camera position changed highlights that results are highly variable based on

camera position and potentially subtle changes in measurement conditions. Therefore, in addition

to selecting measurement conditions favorable for quantification as identified in this study, users
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are likely to obtain more reliable and accurate estimates by taking measurements from more than

one camera position and using the mean of the estimates.

Finally, the different camera positions in this study reflect the likely decisions made by survey-

ors based on their experience level during measurement. As a result, the experience of the surveyor

handling the OGI camera—identified by Zimmerle et al. [43] as the most significant factor influ-

encing detection performance—could significantly impact quantification accuracy of the QOGI

system. Therefore, further studies would be needed to assess the impact of surveyor experience on

quantification performance.
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Chapter 6

ASSESSING THE PROGRESS IN THE

PERFORMANCE OF LDAQ SOLUTIONS UNDER

A SINGLE-BLIND CONTROLLED TESTING

PROTOCOL5

6.1 Overview

Chapters 3 and 4 examined the first controlled testing of continuous monitors and survey (i.e.,

handheld, drone-based, and automobile-based) LDAQ solutions using standardized controlled test-

ing protocols [131, 132]. As highlighted in the literature review, there is growing interest from

stakeholders such as OG operators, regulators, and voluntary organizations like the Oil and Gas

Methane Partnership (OGMP) [116] in using these next-generation LDAQ solutions for methane

emissions mitigation programs. This interest is based on the underlying assumption that these next-

generation LDAQ solutions are rapidly evolving over time [136]. Until now, there has been no stan-

dardized, systematic and third-party investigation of this assumption, as there was no consensus-

controlled testing protocol to support such assessment. A critical objective of such standardized

protocols is to reliably characterize and compare performance levels (intra- and inter-LDAQ solu-

tions) across space and time.

5Chapter 6 is extracted from published articles

[137] Reprinted with permission from C. Bell, C. Ilonze, A. Duggan, and D. Zimmerle, “Performance of Continuous

Emission Monitoring Solutions under a Single-Blind Controlled Testing Protocol,” Environmental Science & Tech-

nology, vol. 57, no. 14, pp. 5794–5805, 2023. DOI: 10.1021/acs.est.2c09235.Copyright 2023 American Chemical

Society.

[138] Reprinted with permission from C. Ilonze, E. Emerson, A. Duggan, and D. Zimmerle, “Assessing the progress

of the performance of continuous monitoring solutions under a single-blind controlled testing protocol,” Environmen-

tal Science & Technology, vol. 58, no. 25, pp. 10941–10955, 2024. DOI: 10.1021/acs.est.3c08511. Copyright 2024

American Chemical Society.
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To this end, this study evaluated the change in the performance of four continuous monitors (A,

B, D, and F) that tested approximately one year after their initial controlled testing, as discussed in

chapter 3. The evaluation followed the same protocol at the same test facility (METEC). Similarly,

three survey solutions (A, H, and K) discussed in chapter 4 were tested again approximately three

to twelve months using the same protocol at the same test center. All continuous monitors that were

retested were deployed similarly to their initial test, using the same number of sensors to monitor

the same test area. The only exception was solution F, which deployed two additional sensors

compared to its first deployment. There was no significant difference (p < 0.05) in the wind speed

distribution between the first and second test programs for each continuous monitor, except for

solution B, which experienced calmer wind conditions during the second test. During the second

testing, the controlled release rate and duration distributions were significantly different, skewing

towards larger rates and longer durations compared to the first test. This adjustment aimed to better

characterize the POD curve of solutions, particularly those that were not robustly characterized

in the first test (e.g., solution B). Additionally, this adjustment was made in response to vendor

requests for larger rates and longer-duration controlled releases. Increasing these test conditions

statistically improved the detection performance of the continuous monitors testing again (Table

3.1 in Chapter 3), though the impact on quantification accuracy varied in statistical significance

(Table 3.4 in Chapter 3). One of the sensors installed by solution A failed during the second testing.

However, assessing the impact of this failure on performance was challenging since continuous

monitors did not attribute detection reports to specific sensors at the test facility during the study.

For the survey solutions (A, H, and K), the distributions of relevant test conditions (wind speed

and release rate) in the second test differed significantly (p<0.05) from those in the first test.

However, only controlled release rate statistically influenced the detection tendency of solution H,

while wind speed had no significant impact on any solution tested, as shown in Table 4.1 in Chapter

4. As was done in Chapters 3 and 4, metrics like the POD curve, true positive fraction (TPF)/FNF,

FPF, localization accuracy/precision, quantification accuracy, survey times, and operational factor

were used to evaluate performance and to determine if solutions progressed between test programs.

108



The chapter concludes with the implications of the study, including the impact of regular controlled

testing on the development of LDAQ solutions.

6.2 Results and Discussion

6.2.1 Change in the Performance of Continuous Monitors

Overall, most of the tested continuous monitors demonstrated performance improvements across

multiple assessed metrics during repeat testing. Figure 6.1 and Table 6.1 compares the detection

performance of the four continuous monitors that were tested twice. Blue and crimson-red colored

data in the figure represent the first and second test results, respectively. Three of the four solu-

tions showed the same or reduced DL90 with FNF and FPF in the second test relative to the first

test. Also, the same continuous monitors balanced relatively low DL90 with relatively low FPF,

unlike in the first test, although the FNF was still high as these solutions missed at least a quarter

of controlled releases conducted. Recall that, as discussed in Chapter 3, the increased sensitivity

(i.e., low DL90) of some continuous monitors also led to more false positive alerts. Their algo-

rithms struggled to differentiate smaller fugitive emissions from background noise (e.g., sensor

or algorithmic noise), frequently mistaking background fluctuations for active emissions and issu-

ing excessive false alerts. Conversely, low sensitivity (i.e., higher DL90) can result in continuous

monitors missing relatively smaller emission rates, which typically make up the majority of field

measurement studies (by count), resulting in high FNF.

For localization performance, most (3 of 4) of the continuous monitors demonstrated improved

localization precision and accuracy at both the equipment unit level and equipment group level,

during the second testing compared to the first test, as shown in Table 6.2.

Table 6.3 and Figure 6.2 compare the quantification performance of continuous monitors in

quantify individual sources over the two test programs. Blue and crimson-red colored data in the

figure represent the first and second test results, respectively. Analysis reveals that most continuous

monitors showed improved quantification performance, although the wide uncertainty observed in

the first test persists.
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Figure 6.1: The figure compares the POD curve as a function of emission rate (kg CH4/h) fitted using

power functions for the four continuous monitors that tested twice (A, B, D, and F). The x-axis is divided

into equal-sized bins with each marker (pod) as the fraction of controlled releases in a bin classified as true

positives. Data from the first tests (2022 - blue color) is overlaid on the second test results (2023 - crimson

red) for comparison. The emission rate at which the POD reaches 90% is indicated as the method detection

limit (DL90) for each solution. Each pod data point is bootstrapped to produce a cloud of curves illustrating

associated uncertainty. When the bootstrapping could not evaluate the lower and upper empirical Confidence

Limit (CL) on a solution’s DL90 best estimate, they are given as 0 and NA, respectively. Curve fits (dotted

colored lines) obtained using other quantile-based discretizations are shown for comparison. The DL90s of

3 of the 4 solutions (B, D, and F) in the current study were within the tested emission rate range. The mean

count of points per bin along with the min. and max. counts across all bins is also shown in the figure.
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Table 6.1: Comparison of the detection performance of continuous monitors that tested twice, sorted in order of increasing solutions’ DL90s.

Solution Count FPF (%)† Method Detection Limit

ID Type
Controlled

Release
Detection
Reports All

No Controlled
Release

Excess
Detections FNF (%)

DL90‡

(kg CH4/h)
Within

Tested Rates

Results from the second testing

D Point sensor network 547 403 6.9 28.6 71.4 31.4 3.9 [3.0, 5.5] Yes

B Scanning/Imaging 547 300 7.7 39.1 60.9 49.4 5.5 [4.4, 7.3] Yes

F Point sensor network 547 444 10.6 8.5 91.5 27.4 6.2 [3.6, 17.9] Yes

A* Point sensor network 547 487 47.8 61.8 38.2 53.6 NA No

Results from the first testing

F Point sensor network 574 516 22.5 39.7 60.3 30.3 3.8 [2.5, 7.3] Yes

D Point sensor network 574 376 10.4 79.5 20.5 41.3 5.7 [3.7, 12.3] Yes

A Point sensor network 574 986 59.8 26.9 73.1 31.0 11.7 [4.1, NA] No

B Scanning/Imaging 445 250 31.2 61.5 38.5 61.3 64.4 [17.9, NA] No

† All is the percentage of all detections classified as false positives based on the protocol. No controlled release is the fraction of all false positives

due to detection reports sent when no ongoing controlled release exists. Excess TP Detections is the fraction of all false positives due to excess

detections identifying controlled releases already paired as a new and/or a different emitter.
‡ When DL90s cannot be evaluated, they are given as NA. Similarly, the lower and upper empirical 95% confidence intervals on DL90 are given

as 0 and NA, respectively, when they cannot be evaluated.
* One of the sensors installed failed during testing.
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Table 6.2: Comparison of the emission source localization (equipment unit) precision and accuracy for continuous monitors that tested twice,

arranged in decreasing localization precision at the equipment unit level.

Source Localization (Equipment Unit)

Solution Precision (%) Accuracy (%)

ID Category

Sensor
Density

(sensors/m2)
Count
of TPs Unit Group Facility Unit Group Facility

Results from the second testing

B Scanning/Imaging 0.00012 277 89.5 9.4 1.1 82.7 91.3 92.3

F Point sensor network 0.00118 397 40.8 53.9 5.3 36.5 84.7 89.4

D Point sensor network 0.00095 375 27.2 68.8 4.0 25.3 89.3 93.1

A Point sensor network 0.00095 254 26.0 49.6 24.4 13.6 39.4 52.2

Results from the first testing

B Scanning/Imaging 0.00012 172 70.9 15.7 13.4 48.8 59.6 68.8

A Point sensor network 0.00095 396 28.0 39.4 32.6 11.3 27.1 40.2

F Point sensor network 0.00095 400 24.8 50.2 25.0 19.2 58.1 77.5

D Point sensor network 0.00095 337 0.0 52.8 47.2 0.0 47.3 89.6
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Table 6.3: Comparison of single-estimate quantification performance of continuous monitors that tested twice along with their 95% empirical

confidence limits arranged in increasing the percentage of measurements within a factor of 3.

Estimates
within a Factor of 3 Relative Quantification Error (%)

Solution (−67%|
3
×, +200%|3×) Controlled Release (0.1 – 1] kg CH4/h Controlled Release > 1 kg CH4/h

ID Type All (0.1 – 1] > 1 Mean Median 95% C.I. Mean Median 95% C.I.

Results from the second testing

B Scanning/Imaging 90.0 96.0 89.0 37.4 28.1 [-65.0, 168.5] 55.7 31.5 [-62.3, 339.4]

F Point sensor network 78.0 90.0 71.0 15.7 -9.6 [-80.4, 195.5] -12.8 -41.8 [-89.6, 232.3]

D Point sensor network 67.0 79.0 61.0 64.5 -3.0 [-75.8, 729.0] 30.8 -45.8 [-92.5, 395.7]

A Point sensor network 60.0 55.0 72.0 330.4 138.4 [-62.2, 1803.4] 57.6 -18.3 [-86.3, 612.5]

Results from the first testing

B Scanning/Imaging 74.0 76.0 80.0 74.6 39.5 [-81.1, 343.2] 41.9 25.3 [-90.2, 268.8]

F Point sensor network 65.0 62.0 75.0 202.2 110.9 [-39.7, 933.2] 9.2 -40.5 [-82.5, 373.6]

A Point sensor network 64.0 65.0 73.0 211.3 134.2 [-60.9, 946.8] 27.1 -24.2 [-85.6, 338.5]

D Point sensor network 48.0 60.0 34.0 -43.0 -60.1 [-92.6, 141.4] -40.0 -77.0 [-99.9, 242.4]



Figure 6.2: Comparison of the 1:1 and scatter plots of continuous monitors that tested twice (solutions A,

B, C, and D). The x and y axis indicate reported and actual emission rates respectively. The top row data

(blue) shows quantification data from the first test (2020) while the bottom row (crimson red) indicate data

from the second test (2023). The black solid line represents the 1:1 line; data points along this line illustrate

that the reported equals the actual emission rate. The black dotted lines highlight the region where the single

estimates are within a quantification factor of 3 of the actual emission rates (i.e., relative error from -67% to

200%). The R2 illustrates the correlation between the reported and actual emission rates.

While performance varied depending on whether release rates were within (0.1–1] kg CH4/h or

>1 kg CH4/h, all four continuous monitors demonstrated improved quantification accuracy at the

facility level, where all releases and estimates were aggregated over the study period. Similarly,

the operational factor of the majority of the continuous monitors also improved across both test

programs. Recall that this metric captures the fraction of deployment time during which continuous

monitors collect and transmit data for post processing. These improvements in performance or the

lack thereof can be attributed to a few reasons.

First, some continuous monitors improved the quality of the sensors used by their solutions

between the test programs, which resulted in improved performance. For example, solution D

used proprietary photoacoustic-based laser absorption spectroscopy sensors in the second test to

measure ambient methane concentration, unlike metal oxide sensors used in the first test. Unlike

the metal oxide sensor, the laser-based sensor experiences very low sensitivity drift over time,

has a quicker response time, and is highly selective/specific to methane with little or no cross-
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sensitivity [153]. Cross-sensitivity by gas species (i.e., CH4, C2H6, CO2, etc.) is often responsible

for FP detections by LDAQ solutions at O&G facilities.

Secondly, some continuous monitors likely upgraded their analytics and algorithms used to

infer detections and estimate emissions. Third-party controlled testing allows vendors to access

comprehensive ground-truth data used to troubleshoot their system and optimize their data analyt-

ics. In some cases, solutions leveraged this data to "learn" the test facility, gaining insights into

potential emission sources and optimizing their performance accordingly.

Thirdly, since the detection performance of several continuous monitors generally improved

with release duration and rate, longer duration and higher-rate controlled releases in the second

round likely helped map the POD curve of some monitors (e.g., solution B). Longer release du-

rations likely provided scanning/imaging monitors multiple opportunities to visualize and detect

emissions, while point sensor network solutions benefited from extended averaging times of ambi-

ent concentration measurements to infer detections more accurately.

Finally, the increased sensor density in the second round of testing by solution F likely con-

tributed to the improved performance of the solution. In contrast, the failure of one of the sensors

installed by solution A, among other factors, may have contributed to the decline in its overall

performance in the second test program.

6.2.2 Change in the Performance of Survey Solutions

Overall, most of the tested survey solution demonstrated performance improvements across

multiple assessed metrics during repeat testing. Figure 6.3 compares the POD curves from different

test programs of the 3 survey LDAQ solutions that tested twice. The blue-colored and red-crimson-

colored curves indicate the first and second test detection results. Similarly, Table 6.4 compares the

detection, localization, and survey times of the solutions across both test programs. As discussed

in Section 2.4, a wide range of models were considered when fitting the POD curve of every

LDAQ solution tested, with only the model that minimized the AICc selected. Consequently, the
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POD curve functions sometimes varied across solutions and between testing rounds for the same

solution (e.g., solution H).

Figure 6.3: Comparison of the POD curve as a function of emission rate (kg CH4/h) fitted using exponential

functions for the three survey solutions that tested twice (A, K, and D). The DL90, which is the emission

rate at which a solution achieves 90% POD, is shown together with the confidence interval. The uncertainty

on the POD curve is illustrated by a cloud of curves obtained through bootstrapping, with the confidence

interval evaluated as the 2.5 and 97.5 percentiles. The value "NA" is given when the DL90 or the associated

uncertainty is more than ×20 the maximum release rate tested or cannot be evaluated. A scatter plot with

circular markers shows binary detection classification results: TP detections (1) and FN detections (0). The

upper limit of the x-axis has been trimmed at 0.7 kg CH4/h to maintain the same axis limit for all survey

solutions. Note: Solution A (both first and second tests) and K (first test) have near-uniform POD across

tested emission rates with odds ratios of ≈ 1.
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Table 6.4: Comparison of the detection performance (FPF and FNF) and the 90% POD predicted by solutions that tested twice sorted in order of

increasing 90% POD (DL90).

Solution Survey Time† Localization (Unit) FPF (%) DL90

ID Category

per Unit

(minutes)

Accuracy

(%)
Precision

(%) All

No
Controlled

Release

Excess
TP

Detection
FNF
(%)

Estimate‡

(kg CH4/h)

Within
Tested
Range

Results from the second testing

K Advanced Handheld 0.51 [0.06, 1.50] 92.2 92.2 0.0 0.0 0.0 7.3 0.05 [0.01, 0.17] Yes

H Advanced Handheld 2.34 [0.72, 6.67] 97.9 100.0 2.1 0.0 100.0 8.7 0.12 [0.03, 0.34] Yes

A Mobile 1.73 [0.50, 3.67] 55.1 71.1 23.1 72.2 27.8 45.5 NA No

Results from the first testing

H Advanced Handheld 5.09 [0.78, 14.0] 91.0 100.0 9.0 28.6 71.4 16.5 0.35 [0.16, 0.67] Yes

K* Advanced Handheld 2.53 [1.14, 5.00] 62.9 97.7 35.6 0.0 100.0 6.6 0.01 [0.00, 0.21] No

A Mobile 0.94 [0.44, 2.57] 55.0 68.0 19.2 0.0 100.0 20.3 NA [8.15, NA] No

† This is time taken to survey an equipment unit in a survey area.
‡ When the POD curve cannot evaluate the DL90 or the DL90 is ×20 of the maximum release rate tested, its value is "NA". Similarly, when the

lower and upper empirical 95% confidence intervals on a solution’s DL90 could not be evaluated, they were given as 0 and NA, respectively.
* The DL90 is 0 because the POD curve is approximately constant at POD > 90%.



Findings indicate that 2 (H and K) of the 3 survey solutions generally improved across all

metrics assessed. Performance improvements were assessed based on lower or approximately the

same DL90, FNF, FPF, and survey times per equipment unit, as well as higher or approximately

the same equipment unit-level localization accuracy and precision in the second test compared to

the first test. Note that the DL90 of solution K in the second round was considered an improvement

despite being higher than the first-round test result. This is because, unlike in the first test (Table

4.1), a rank-biserial correlation analysis assessing emissions detectability (i.e., tendency for a TP

detection) as release rate increased aligned with the findings from multivariable logistic regression.

This alignment of results reinforces confidence in the inferences made from the POD curve in the

second round (i.e., DL90), unlike the POD curve from the first test.

These improvements could be attributed to advancements in sensor type/quality and data an-

alytics/algorithms. However, other factors, such as favorable (or unfavorable) measurement con-

ditions and improved survey methodology during the second test, may also have contributed to

the changes in performance. For example, Solutions A and K were retested under temperature

conditions between 3◦C and 11◦C compared to 8◦C and 22◦C during the first test. A surveyor

handling solution A (i.e., automobile-based) is less likely to be adversely affected by the relatively

low temperature condition, unlike solution K (i.e., handheld), since the latter’s operationalization

involves direct inspection of suspected leaking components in open air. This hypothesis is fur-

ther supported by solution K recording the lowest survey times per equipment unit obtained in the

study. This performance could also be attributed to improved surveying methodology given that

the walking procedure used by solution K during the second test was a modified version of the

approach used in the first test.

6.3 Implications of Study Results

Comprehensive third-party controlled testing with standardized protocols is critical for robustly

validating performance claims by LDAQ solution vendors. With the proliferation of various LDAQ

solutions at different field-readiness levels, applications, costs, and performance trade-offs in re-
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cent years, a standardized and consensus framework is needed. Such a framework would support

robust inter-LDAQ solution performance comparisons and track changes in performance over time.

This study represents the first known, third-party evaluation of the change in performance of

LDAQ solutions over time using the same standardized controlled testing protocol and at the same

test facility. Research findings demonstrate that LDAQ solutions tend to improve with repeat test-

ing, highlighting the likely importance of regular, extensive testing to the development of LDAQ

solutions. Regular and systematic controlled testing provides high-quality ground truth data that

LDAQ solution vendors and technology developers can use to optimize sensor performance and

enhance data analytics/algorithms. It also helps evaluate survey and deployment methodologies,

as well as the implementation processes, to achieve improved overall performance (detection, lo-

calization, and quantification) in a cost-effective manner.

However, while regular, robust controlled testing is encouraged and needed to track the rapid

development of next-generation LDAQ solutions, testing methodology must also increase in rigor

and quality. Standardized testing protocols like those used in this study should be regularly revised

and improved to ensure test results and performance metrics are current and representative of

expected performance at real O&G facilities.
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Chapter 7

REVISING THE STANDARDIZED

CONTROLLED TESTING PROTOCOLS6

7.1 Overview

Previous chapters of this work have examined and discussed the controlled testing of various

next-generation LDAQ solutions, broadly categorized as continuous monitors and survey solu-

tions, using standardized testing protocols [131,132]. Continuous monitors operate autonomously,

collecting sensor readings near-continuously over extended periods, whereas survey solutions re-

quire human support and function over shorter time frames compared to continuous monitors.

These studies aim to demonstrate the application of the test protocols developed through multi-

stakeholder collaboration (the first of its kind) and to learn from the process to improve the pro-

tocols. Concomitantly, the studies demonstrated the state of the art of next-generation LDAQ

solutions, through trusted and independent assessment to help guide field deployment decisions of

LDAQ solutions.

While testing with these standardized protocols in this study is a significant upgrade to previ-

ous controlled testing studies [85, 120–127] in terms of testing complexity, consensus, rigor, and

quality, testing is still substantially non-representative of real O&G operations and applications, as

demonstrated by Day et al. [154]. In summary, the study by Day et al. tested four of the continuous

6Chapter 7 is partially extracted from published articles:

[137] Reprinted with permission from C. Bell, C. Ilonze, A. Duggan, and D. Zimmerle, “Performance of Continuous

Emission Monitoring Solutions under a Single-Blind Controlled Testing Protocol,” Environmental Science & Tech-

nology, vol. 57, no. 14, pp. 5794–5805, 2023. DOI: 10.1021/acs.est.2c09235.Copyright 2023 American Chemical

Society.

[138] Reprinted with permission from C. Ilonze, E. Emerson, A. Duggan, and D. Zimmerle, “Assessing the progress

of the performance of continuous monitoring solutions under a single-blind controlled testing protocol,” Environmen-

tal Science & Technology, vol. 58, no. 25, pp. 10941–10955, 2024. DOI: 10.1021/acs.est.3c08511. Copyright 2024

American Chemical Society.

[139] C. Ilonze, J. L. Wang, A. P. Ravikumar, and D. Zimmerle, “Methane quantification performance of the quanti-

tative optical gas imaging (qogi) system using single-blind controlled release assessment,” Sensors, vol. 24, no. 13,

2024. DOI: 10.3390/s24134044
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monitors discussed in Chapter 3 at real O&G facilities and showed wide performance discrepancy

between both studies. The continuous monitors assessed did not perform as well in the field as dur-

ing controlled testing. The discrepancy was attributed to the gap in deployment strategy, facility

operational conditions, and the primitiveness of solutions’ data analytics for field conditions.

Many stakeholders are skeptical and have raised concerns about extrapolating controlled test

results to field performance due to the protocols’ simplistic controlled testing and reporting frame-

work. For example, in real O&G facilities, the baseline emissions concentration are typically

elevated and variable compared to regional or global atmospheric backgrounds; the controlled

testing described previously did not simulate baseline emissions. Vented (i.e., planned/intentional)

emissions from maintenance operations (e.g., equipment depressurization) or the use of gas for

process controls (e.g., gas-powered pneumatic actuators) typically constitute baseline emissions.

LDAQ solutions are expected to distinguish and isolate (i.e., detect, localize, and quantify) fugi-

tive emissions or leaks from baseline emissions. The U.S. EPA’s NSPS OOOOb final rule also

acknowledges that LDAQ solutions intending to be approved for regulatory-compliant LDAR pro-

grams must be able to make that distinction [136]. These developments have necessitated a revision

of the protocols so that testing can reflect emission scenarios and behavior expected at real O&G

facilities.

This chapter discusses the limitations of the existing testing protocols, the protocols revision

process, and a description of the revised protocol. This includes the revised testing methodology,

data reporting, detection classification framework, and performance metrics. The chapter con-

cludes with the implications of the revised standardized test protocol for future controlled testing

programs and how test results are translated to real O&G facility applications.

7.2 Limitations of the Testing Protocol

7.2.1 Testing Process

As discussed extensively in Chapter 2, the current protocol divided testing into experiments

containing one or multiple steady-rate controlled releases occurring synchronously over a specified
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duration, as shown in Figure 7.1. Consecutive experiments are separated by sterile periods, with

no controlled releases. This allows LDAQ solutions to identify the start and end of each controlled

release event by recognizing a return to background levels for an extended period, typically a

significant fraction of an hour to multiple hours.

Figure 7.1: The figure shows the structure of controlled releases using the current testing protocol. Multiple,

synchronous controlled releases from different emission points each have a constant release rate over the

release duration. Consecutive controlled releases are separated by breaks of varying durations.

The problem with this setup is that it violates several field measurement study observations:

emissions at O&G facilities are unpredictable [32,51], and temporally and spatially variable [9,15,

46–50]. While some process failures, like the breakdown of tank control systems, can persist for

long durations, albeit with variable emission rates, until repaired, most fugitive leaks are intermit-

tent and are short-lived. Emissions typically transition between on and off states asynchronously

and unpredictably, unlike the cleanly demarcated emission events shown in Figure 7.1. In addition,

real O&G facilities typically have largely known operational emissions from maintenance activi-

ties, combustion slip, or gas-powered process controls [27] that overlap with fugitive emissions.

LDAQ solutions are expected to differentiate and isolate these two emission types—a capability
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not captured in the current test protocol. These emissions characteristics make it more algorithmi-

cally challenging for LDAQ solutions to differentiate, detect, localize, and quantify emissions.

Additionally, the event-based nature of controlled releases under the current protocol required

several vendors to modify their analytics to match the test conditions. This deviation from the

settings used in real O&G facility deployments involves identifying the start and end times of

emission events and obtaining a best constant rate estimate for each monitored asset (i.e., equip-

ment unit). Ordinarily in the field, solution analytics must factor in that emissions start and stop

asynchronously, and emission rates can vary rapidly [155].

7.2.2 Performance Metrics

One key lesson learned from the previous chapters of this work is that LDAQ solutions have dif-

ferent field applications, depending on their type, category, deployment, and field-readiness level.

Therefore, the key challenges identified in the current protocol concentrated at the intersection

between the maturity of LDAQ solutions, their use cases for field deployments, and variations in

reported data. Under the current protocol, it is challenging to determine whether assessed perfor-

mance reflects the immaturity of the tested system or if the test conditions simply do not replicate

the solution’s intended application. For example, a solution may exhibit a high FNF not necessar-

ily because its algorithm is ineffective but because it is designed to detect only emissions above a

emission rate threshold larger than most of the release rates tested. Additionally, several solutions

provide facility-level monitoring and time-resolved quantification estimates, rather than detecting

and resolving individual sources. That is to say, for many LDAQ solutions, performance inter-

pretation and metrics using the current protocol are not reflective of field performance as their

application is different from what was tested.

Figure 7.2 shows the implication of the current protocol by examining the pairing of the

controlled releases with detection reports by a solution from a day of experiments during the

study in Chapter 3. Since the current protocol allowed each controlled release to be paired with

only one EmissionSourceID reported by each LDAQ solution—and each EmissionSourceID to be
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paired with only one controlled release—the detection classification process (Figure 7.3) could in-

crease/decrease the number of TP, FN, and FP notifications. This increment/decrement may occur

relative to other classification methodologies that more accurately reflect the intended applications

of an LDAQ solution. The caveat is that such detection reports reflect expected field performance

and are not due to the inefficiency of the LDAQ solutions.

Figure 7.2: The figure shows the timing and location of controlled releases conducted by the test center and

detection reports received from solution A during a 24-h period that included four experiments (Ex-1, Ex-2,

Ex-3, and Ex-4).

The first experiment (Ex-1) illustrates how the classification methodology was intended to

work. Three controlled releases from equipment groups 5W, 5S, and 4W were performed. See

Section 2.1 in Chapter 2 on how to interpret the equipment group labels. The LDAQ solution

reported two detection reports with EmissionSourceIDs localized to 5W and 5S with estimated start

and end times closely matching the controlled releases. These were classified as TP detections at

the equipment group and unit level, respectively. The third controlled release at 4W was classified

as FN since it could be paired with any detection report. The detection report was classified as a
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TP at the equipment unit level if it correctly localized the emission source to the correct equipment

unit. If the detection report failed to localize the emission source to the correct equipment unit but

instead identified the emission on an adjacent non-emitting equipment unit, it was classified as an

equipment group TP detection, as described in Figure 7.3.

Figure 7.3: The figure shows the methodology for pairing controlled release data with detection report

under the existing protocol.

The second experiment (Ex-2) shows a scenario when the classification methodology inflates

TP detection and deflates FP detection classification. In this experiment, three controlled releases

were performed, again located at 5W, 5S, and 4W. The test center received two detection reports

attributing emissions to 4T and 4F. Although these emission sources were not correctly identified

to the same equipment groups, the protocol matched these reports with two of the three controlled

releases as facility-level TP detection classification, with the remaining controlled release classified

as an FN detection. Observe that the reported detections did not accurately estimate the controlled

release duration/emission event but were classified as TPs anyway. For stricter and more accurate

applications and performance evaluation, only portions of the controlled release duration correctly

identified would have been classified as TP detection, with the remaining controlled release du-
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ration classified as FN detection classification. An alternative classification procedure for field

applications in which accurately localizing identified emission sources is priority might have re-

sulted in two FP and three FN detection classifications. Conversely, a facility-level monitoring

application would have yielded only TP detection classification.

The third experiment (Ex-3) had one controlled release on 4S, but three emission sources were

reported. The protocol’s classification process produced one facility-level TP and two FP detection

classifications. Looking closely at the timing, all three reported detections clearly overlapped with

the controlled release period. If an alternative classification methodology had been used—one that

allows multiple detection reports to be paired with a single controlled release (e.g., facility-level

monitoring)—the result would have been three TP detection classifications. However, none of

these detections would have correctly identified the emitting equipment group or unit.

The last experiment (Ex-4), with two controlled releases and two detection reports, produced

two TP detection classifications: one at the equipment group level and the other at the equipment

unit level. Given that the equipment unit level is the highest spatial resolution at which emissions

sources can be localized in the study, an application that prioritizes accurate localization perfor-

mance along with accurate detection in time might have produced a different classification result.

Another limitation of the current protocol is its assumption that LDAQ solutions infer detec-

tions whenever ambient emission concentrations exceeds a specified threshold (in this case, atmo-

spheric concentration). While this might be true for some LDAQ solutions, others implement a

wide variety of detection criteria like rolling average measurement over a specified measurement

window. For example, an LDAQ solution might attempt to perform detection after averaging 24

hours’ worth of measurement data on a rolling average basis instead of using instant concentration

enhancement measurements.

7.3 Protocol Revision Process

Recall that the current protocols for continuous monitors and survey solutions were developed

through a collaborative effort between CSU and a multistakeholder PDC. The PDC comprises
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of at least 75 members representing various sectors, including LDAQ solution developers, O&G

operators, academia, regulatory agencies, O&G associations, environmental NGOs, and consul-

tants. Figure 7.4 summarized the process and timeline exhausted in revising the protocols into one

standardized document. The process includes multiple virtual group meetings with the PDC, one

separate in-person working session with LDAQ solution developers and operators, two in-person

working sessions with the U.S. EPA, one in-person working session with TotalEnergies Transverse

Anomally Detection Initiatives (TADI), multiple working sessions within the CSU team, and one

protocol public review cycle. The structure of the meetings was intended to limit bias, encour-

age honest discussions and feedback, and allow for better management of deliberations during the

meetings.

The protocol revision process officially began with virtual meetings that took place between 13

and 31 November 2023 to reactivate the PDC and accept new members. Discussions during these

meetings centered on updates of test results using the current protocol, observed challenges and

limitations of the protocol, and general feedback from the PDC on ways to improve testing. Figure

7.5 shows the number of participants from each stakeholder group in all these meetings.

The CSU team met with approximately 30 O&G operators in Houston, Texas, on December

4, 2023, to discuss their current application of LDAQ solutions in their facilities and their expec-

tations of the solutions. Specifically, the meeting explored how next-generation LDAQ solutions

were deployed by operators to achieve their desired objectives. It also focused on identifying key

performance metrics, the types of data that support emissions mitigation goals, and potential im-

provements to test protocols to better assist operators in achieving their intended emissions reduc-

tion objectives. The meeting was organized into a presentation followed by 4 break-out groups of

about 7 members, each group moderated by a member of the CSU team. Similar to Fox et al. [119],

the presentation was used to introduce the current protocol (i.e., testing and performance metrics),

test results (both controlled and field testing), and the gap between both test results with possi-

ble reasons. Each group, deliberated on the aims of the meeting and concluded with suggestions

127



on bridging the gap between controlled and field testing results and the associated performance

metrics.

Figure 7.4: The figure shows the timeline and summarizing the protocol revision process

Figure 7.5: The figure shows the number of protocol revision meeting participants by stakeholders.
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At the end of the deliberations, all suggestions were collated and discussed with every participants

in an open forum for feedback and clarification.

A similar meeting was held with approximately 20 LDAQ solution developers and vendors at

the University of Texas in Austin, Texas, on February 2, 2024. Discussions focused on 3 areas:

LDAQ solutions deployment and objectives, performance metrics, and improving testing complex-

ity. Similar to the meeting with operators, the session began with a presentation before breaking

into 3 working groups of about 7 members each. Unlike the operators, after every working session

on each topical area, all the participants reconvened to be briefed about the ideas and suggestions

from each group by their representatives. An open forum was opened to discuss the ideas and

suggestions while the CSU team documented consensus key points. The working session on de-

ployment modalities and objectives aimed to understand how LDAQ solution developers utilize

their systems in the field and the type/format of data typically provided to operators. The session

on performance metrics focused on developing a standardized detection classification methodol-

ogy and metrics that account for the diverse use cases of these solutions. Lastly, discussions on

testing complexity highlighted various testing configurations to better assess the expected field

applications of solutions.

The two-day workshop with the US EPA on February 14–15, 2024, included discussions on

the current protocol’s metrics, potential revisions, and the metrics used by the EPA for reviewing

LDAQ solutions. Additionally, the CSU team organized virtual meetings with the PDC on April

23–24, 2024, to provide updates on stakeholder discussions and gather perspectives. To advance

internationally recognized test protocols, the CSU team also met with representatives from Total-

Energies TADI in Pau, France, from September 23–27, 2024. The meeting focused on variations in

testing protocol and performance across test centers and how to develop a unified and standardized

testing and assessment framework.

On January 14 and 15, 2025, the CSU team had a two-day working session with a 5-man team

from the U.S. EPA at CSU, Fort Collins, Colorado. Discussions primarily centered on reviewing

the revised standardized testing protocol draft developed by CSU. The objective was to evaluate the
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practicality of the proposed testing methodology and determine how the protocol could be applied

to assess LDAQ solutions for approval in line with the NSPS OOOOb rules for advanced LDAQ

solutions [136].

The feedback, suggestions, and ideas from all these meetings were harmonized through multi-

ple internal working sessions by the CSU team to produce the draft document of the revised testing

protocol. The CSU team developed the document concurrently with the detection classification

algorithm, the associated performance metrics, and the software for data analysis. The protocol

document was made available on METEC’s website for 46 days to gather public contributions and

peer reviews. During this period, the protocol document received approximately 40 comments for

revision.

7.4 The Revised Protocol Framework

The revised standardized test protocol evaluates the performance of LDAQ solutions and method-

ologies designed to detect leaks/fugitive emissions. The current application of the revised protocol

is grouped into survey solutions and continuous monitors (or methods) with possible extensions

to other methods. The performance of LDAQ solutions can be assessed at two testable interfaces.

Testable interface 1 allows for a direct comparison of known emissions at the test facility with what

was reported by an LDAQ solution. Testable interface 2 allows for the assessment of an LDAQ

solution’s ability to alert an operator of specific emission events that might indicate a failure.

7.4.1 Definitions

The revised protocol introduced new terminologies to the current protocol; some of the defini-

tions are as follows:

1. Simulated Facility: Include all or a portion of a test facility, at which, during testing, the

emissions behavior and configuration of an operational real facility are simulated.

2. Baseline Emissions: Emissions that simulate normal operating conditions at the simulated

facility, i.e., emissions during no-failure conditions.
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3. Baseline Controlled Release (BCR): Controlled releases simulating baseline emissions

during testing.

4. Baseline Period: The period over which all simulated emissions are considered simulated

baseline emissions.

5. Detection: Estimated quantities indicating that an emission has been observed above an

LDAQ solution-defined threshold.

6. Analysis Spatial Extent (ASE): The spatial boundary within the test facility which will be

used for performance analysis.

7. Estimated Quantity (EQ): Direct measurements and derived quantities obtained by the

LDAQ solution.

8. Performer: A single solution testing under the protocol, including all elements in the defi-

nition of an LDAQ solution, supporting performer personnel, logistics, and other equipment.

9. Threshold: A set of criteria specified by a performer that is required to convert measured

quantities into leak detections.

10. Simulation Period: The duration when emissions include both baseline emissions and sim-

ulated failure conditions.

11. Failure Controlled Release (FCR): Controlled release which simulates a failure condition.

12. Test Program: A testing project where multiple LDAQ solutions are tested under similar

conditions by one test center to produce comparable results across multiple Solutions. A

program may include periods where multiple LDAQ solutions are deployed at the test center

simultaneously, or a series of deployments of LDAQ solutions.

7.4.2 Testing Process

Testing is divided into 3 activities: setup, operation, and reporting. The setup phase is targeted

at analogously recreating typical field deployment of LDAQ solutions at the test facility. There-
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fore, such a setup must be clearly and completely documented to allow easy comparison with field

deployments. This is because LDAQ solutions’ test results apply and extrapolate to real facilities

with context to documented and tested conditions. In other words, the use of test results to inform

field deployment decisions will rely on whether the same sensor density, sensor type, onsite per-

sonnel, version of analytics/algorithm, etc., deployed during testing is deployed in the field. At a

minimum, the performer must document the following: the model number and power configuration

of each component used onsite, the height and GPS coordinates of all fixed components/sensors,

the version number of the software installed in the components, and the thresholding conditions for

evaluating LDAQ solution data. For continuous monitors, additional information like the LDAQ

solution’s data reporting format and strategy will be required. For survey solutions, extra informa-

tion like the detailed descriptions of the system, deployment methodology, and the personnel used

by the performer during emissions surveys will be needed.

During the operation period, which can be divided into baseline and simulation periods, testing

will acquire all data necessary to calculate required and optional metrics. The protocol defined

separate timeframes for baseline and simulation periods, aligning with the testing modes required

by the NSPS OOOOb rules [136]. However, not all test programs will need baseline periods. Dur-

ing the baseline period, both the test center and the performer will independently characterize the

baseline typically as a mean value. The test center will strive to simulate baseline emissions in

terms of rates, patterns, timing, and frequency from continuous and intermittent sources to mirror

emissions conditions at similar facilities or facility types in field deployment. Testing during the

simulation period allows for the assessment of LDAQ solutions’ ability to identify failure condi-

tions at facilities with non-trivial baseline emissions, a characteristic not captured in the current

test protocol. Unlike the baseline emissions, simulated FCRs will cover a broader range of emitter

locations, release durations, rates, and frequencies than typically observed in the field. This ap-

proach aims to evaluate LDAQ solutions under diverse test conditions and environmental variables

while considering the complexity constraints of the test facility and test program duration. FCRs

will aim to address the requirements of three key performance metric categories:
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• POD: Controlled releases should vary emission rates and duration sufficiently such that

testing extends from near-zero to near-100% detection probability for all LDAQ solutions

participating in a test program.

• Quantification accuracy: Controlled releases should vary across the release rates range

required to meet the test program’s objectives.

• Localization accuracy: If localization metrics below the facility level are to be assessed,

controlled releases should be clustered in specific sub-sections of the simulated facility to

allow localization metrics computation.

FCRs during the simulation periods will be conducted single-blind (i.e., emitter location, tim-

ing, and release rate are unknown to the performers) and may include single or multiple controlled

releases that may be asynchronous, intermittent, and with variable emission rates as illustrated in

Figure 7.6. Simulation periods will also include times with no FCRs, and FCRs will be additive to

ongoing BCRs, as the commencement of an FCR will not cause a BCR to stop emitting.

Figure 7.6: The figure shows the structure of controlled releases using the revised testing protocol. Con-

trolled releases are asynchronous with varying release rates over each release duration. The total FCR rate

at any time and simulated baseline emission are also shown.
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This implies that the total release rate at any time during testing is the sum of ongoing FCRs

and BCRs at that given time. This controlled release profile mirrors the key emissions behaviors

common across the natural gas supply chain, which were previously overlooked in the current

testing protocol. They are O&G facilities typically exhibit normal operational non-zero emissions,

and emissions are highly variable in both emission rate and timing. To be able to account for

interruptions or system failures while testing during performance analysis, the test center must

maintain a record of operational exclusions, documenting the timing of controlled releases that do

not comply with the revised protocol’s standards, as well as facility downtime due to maintenance,

planned outages, or extreme weather conditions.

7.4.3 Test Facility Data Exclusion

To account for interruptions or system failures during performance analysis, the test center

must maintain a detailed record of operational exclusions. This includes documenting the timing

of controlled releases that do not comply with the revised protocol’s standards, as well as any

facility downtime caused by maintenance, planned outages, or extreme weather conditions.

7.4.4 Data Reporting

Performers must electronically submit observation reports for each observation to the test cen-

ter during testing, using computer-readable format(s) specified by the test center. Under the revised

protocol, observation reports can be periodic or episodic. Periodic observation reports are contin-

uous time series data analyzed over a defined period, while episodic observation reports capture

discrete time intervals with gaps in-between. Most continuous monitors, particularly point sensor

networks, provide continuous time series data (disregarding system downtime), often displayed

on a web-based dashboard showing concentration or volumetric measurements over time. In con-

trast, survey- and camera-based LDAQ solutions typically report observations episodically, either

through snapshots or short-duration emission measurements which may be arbitrarily spaced. To

support the wide range of LDAQ solution types testable under the revised protocol, two reporting

modes are supported, as shown in Figure 7.7:
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• Mode 1: In this mode, LDAQ solutions report estimated quantities. This is typically useful

for emissions accounting applications where estimated quantities like quantified emission

rates are important or a priority.

• Mode 2: In this mode, LDAQ solutions report yes/no based on the outcome of performer-

defined thresholding criteria. Most detection alerts by LDAQ solutions in the field operate

in this mode.

Each observation report is independent with a unique identifier (ObservationReportID), in-

cludes a location specifier (a 3D enclosed volume) that indicates the spatial extent over which the

report is valid, and may overlap in time and space with other observation reports. Observation

reports must also include the start and end time (StartEnd), the gas species measured for detection

(Gas), and whether the report will be used for sample-based or integrative metrics or both.

Figure 7.7: The figure shows the revised protocol data reporting and thresholding application process.

Sample-based metrics compare observations over a performer-specified period with test center

data from the same period. This approach is useful for applications that rely on a small number of
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observations to trigger actionable decisions, such as dispatching a field crew with OGI cameras to

investigate a detection alert. Integrative-based metrics compare the time-weighted sum of obser-

vation reports with the time-weighted sum of test center data over a defined period. Many O&G

operators use time-integrated emissions data, often on an annual basis, to comply with emissions

regulations in the U.S. and Canada [156], hence the potential interest in this metrics category.

Under reporting mode 1, performers provide the estimated emission rate (EmissionRate) for

each observation. Under reporting mode 2, a yes/no indicator (Detection) is submitted based on

the thresholding result from Testable Interface 2 in Figure 7.7. As highlighted earlier, unlike

the current protocol, the revised protocol requires performers to submit their detection criteria

or algorithms to the test center. These criteria are then used to apply thresholding to both the

observation reports (Mode 1) and the test center’s data (regardless of the reporting mode). For

example, as a thresholding criteria, the detection value of an observation report or test center data

is "yes" if the estimated emission rate/release rate is > x kg CH4/h above baseline emissions;

otherwise, the value is "No".

When necessary, performers are also required to report offline records stipulating the period

during which an LDAQ solution is unable to detect and/or estimate emissions. Operating parame-

ters differ substantially between solutions, resulting in both planned and unplanned offline periods.

Typical offline reasons include system failure, loss of data communication, or inoperable envi-

ronmental conditions including insufficient light (imaging solutions), winds outside operational

parameters, or precipitation. For LDAQ solutions reporting episodically, offline reports must be

provided for gaps in between observations. This ensures that all metrics reflect the performance of

the tested LDAQ solution only when it is online and the test center is operational.

7.4.5 Detection Classification

Metrics require comparison, at some time interval, between observations made by the solution

and release measurements made by the test center. Additionally, development of probability of

detection requires that both the test center data and Mode 1 observation reports must be thresholded
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based on the performer-provided criteria, as shown in Figure 7.7. Unlike the current protocol,

this approach is designed to reflect the detection inference methodology used by LDAQ solutions

during actual field deployments, allowing for more accurate extrapolation of test results to their

typical operational objectives. To standardize the detection classification process and subsequent

metric calculations, several data analysis requirements and steps are imposed on all input data, as

illustrated in Figure 7.8.

1. Spatial filtering: An ASE is defined for every analysis, representing either the entire test

facility or a subset. Only test center data and observation reports with location specifiers that

overlap with the ASE are included in the analysis. While metrics are defined for one ASE,

results from multiple ASEs may be aggregated to report metrics for similar applications. For

example, the performance of an equipment unit-specific LDAQ solution could be evaluated

for multiple ASEs, each of which encloses exactly one equipment unit.

Figure 7.8: The figure shows the methodology for pairing controlled release data with detection report

under the revised testing protocol.
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2. Temporal resolution: The test center determines the time step or resolution for the testing

program and analysis (typically set to 1 minute). Observation report start and end times

from step 1 are rounded to the nearest test center timestamps before being segmented into

the same time steps as the test center data. The test center generates data for each emission

location and time step defined for the test program/analysis. For example, if the test center

conducted a 1000-minute test program at 1-minute resolution using 10 emission locations,

then 10,000 test center data points will be generated.

3. Data exclusion: Time-resolved test center data and observational reports from step 2 are

processed to eliminate offline periods and test center downtimes. Every observation report

that temporally overlaps with any offline report is completely removed, while only the por-

tion of the observation report duration overlapping the test center downtime is removed. For

test center data, only the portion of the time interval overlapping the test center downtime

or solution offline period is excluded. As stipulated earlier, performers reporting episodi-

cally must provide offline records for periods in between observations for accurate detection

classification and metrics assessment.

4. Aggregation: Since some test center data points from Step 3 may share common time se-

ries due to some FCRs having overlapping release durations, the overlapping time steps are

aggregated into a single, unified time series with unique timestamps. The same process is

applied to observation reports from Step 3, ensuring a unified and comprehensive time series

dataset. While aggregation typically involves summation for test center emission rates and

estimated emission rates (for Mode 1 reporting), alternative statistical operations — such

as computing the mean, minimum, or maximum values — may be applied depending on

the data of interest. For example, if an analysis requires test center wind speed data during

testing, then averaging wind speed values associated with overlapping time steps may be the

most appropriate method to obtain representative wind data for each unique test center time

step.
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5. Thresholding: This applies performer-defined detection criteria to classify test center data

and mode 1 observational reports from Step 4 as either detected (yes) or not detected (no).

This process is essential for computing all detection-based metrics. While the test center can

provide default thresholding criteria, performers are expected to submit criteria of reasonable

complexity. These criteria may be provided as a set of conditions or as software integrable

with the test center’s data analysis infrastructure. To ensure consistency and prevent data

mismatches during detection classification, the same thresholding criteria must be applied

to both test center data and observation reports at the same stage of analysis. Examples are

informative:

• Simple thresholding: Each observation is examined separately, and an emitter is de-

tected if the reported emission rate is above a set value; the same criterion can be

applied to the test center data. For a solution reporting on a 15 minute interval, this pro-

duces a series of 15-minute detect/non-detects from observations that can be matched

with thresholded test center data at the processing data rate - typically 1 Hz.

• Persistence thresholding: The solution defines a more complex classification algorithm

that requires examination of multiple reports. For example, a detection may be defined

as 3 hours where every emission report (12 total if reporting at 15 minute intervals)

is two standard deviations above the mean baseline emission rate estimated by the so-

lution. In this case both the baseline mean and the baseline standard deviation were

set during examination of the baseline period. Periodic observations are marked as

detected retroactively: The detection is calculated 3 hours after the start of elevated

emissions, and the 12 reports that contributed to that determination are marked as ’de-

tected’ retroactively when a detection is triggered. Again, the same algorithm can be

applied to the test center data.
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6. Detection classification: Thresholded test center data and observation reports from step 5

are compared for every timestep to produce detection classification results summarized in

Table 7.1.

Table 7.1: Summary of detection classification.

Thresholded Test Center Data
Thresholded Observation Report

Not Detected (No) or Null Detected (Yes)

Not Detected (No) True Negative (TN) False Positive (FP)

Detected (Yes) False Negative (FN) True Positive (TP)

Since observation report timestamps are rounded up to the nearest test center data timestamp,

edge cases may arise where certain time steps present in the test center data are absent from

the observation reports, resulting in null thresholding values.

7.4.6 Performance Metrics

One key improvement in the metrics under the revised protocol is their alignment with the

operational objectives defined by LDAQ solutions rather than those set by the test center. This

shift helps explain the gap between controlled test results under the current protocol and field trial

outcomes of the same LDAQ solutions [154]. By emphasizing performer-defined operational ob-

jectives, the revised protocol improves the applicability of test results and ensures more reliable

and representative extrapolation to field conditions, assuming similar deployment characteristics

and facility configurations between the test center and the field. For example, the revised protocol

improves field representation by decoupling localization from the detection classification algo-

rithm, which previously led to non-representative localization estimates. Instead, localization is

now based on the ASE defined for a given analysis, allowing for a more robust assessment of lo-

calization performance independent of the detection classification process. Some of the metrics

captured in the protocol are summarized below:

1. Sample-based metric
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• POD: This evaluates the ability of an LDAQ solution to detect emissions and alert a

user of the solution that a response may be required. POD will be represented as a curve

(for a single independent variable) or a surface (for multiple independent variables),

fitted to binary detection outcomes (e.g., TP/FN) on the dependent axis. The curve

should asymptotically approach 100% detection as emission rate tends to infinity.

• Quantification Accuracy: This evaluates the accuracy of emission rate estimates by

comparing each observation report estimate with the controlled release rate it is paired

with during the detection classification process.

• Time to Detection (TTD): This metric evaluates the delay between the start of a de-

tected emission event and the moment an LDAQ solution identifies it. Unlike the cur-

rent protocol, it is based solely on the detection timing of the LDAQ solution and does

not account for transmission delays to the test center. The methodology, illustrated in

Figure 7.9, compares the start of a detection by the test center and an LDAQ solution.

The analysis produces a list of TTD values, which can be presented as a histogram.

Figure 7.9: The figure shows the evaluation of time to detection under the revised protocol.

• Time to Alert (TTA): Evaluates the delay between the start of a detected emission

event and when the test center receives the first observation report identifying it.
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2. Integrative metrics

• Total Quantification over Time: Compares aggregate emissions estimated by an

LDAQ solution to those released by the test center over a specified duration.

3. Operational metrics

• Offline Time: The fraction of the test center’s total online (i.e., active and operational)

time during which an LDAQ solution was offline.

• Reporting Delay: The delay between the end of an observation and the test center’s

receipt of that observation report.

• Survey Time: For survey LDAQ solutions only, survey time is the duration between

the test center’s initiation of FCRs and the performer’s completion of a survey.

4. Localization metrics: The localization performance of LDAQ solutions will be evaluated

by computing the same metrics for different ASEs within the simulated facility. Metrics can

be aggregated across multiple ASEs of a similar type to assess localization characteristics of

interest to performers.

7.5 Challenges and Limitations of the Revised Protocol

1. The revised protocol is designed to assess the performance of LDAQ solutions deployed at

O&G facilities across all sectors of the natural gas supply chain. However, like the current

protocol, it does not evaluate individual system components—such as sensors or analyt-

ics—in isolation. Instead, it assesses LDAQ solutions as integrated systems, which includes

sensing infrastructure, analytics, deployment, data communication, and human support re-

quired for operationalization.

2. Since the protocol accounts for all emissions during implementation, it does not cover chal-

lenge testing or field trials where unknown operational emissions may be present at real

O&G facilities.
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3. The extrapolation of test results obtained using this protocol is valid and applicable only

if the LDAQ solution proposed for field deployment matches the tested configuration. This

includes maintaining the same sensor density, sensor type, deployment approach, on-site per-

sonnel, algorithm revision, and other key factors. Deploying additional or higher-performance

sensors, improved analytics, increased human supervision, or slower survey speeds during

testing may compromise the applicability of results. Such deviations from typical field de-

ployment conditions could invalidate the results for method certifications, contracting, regu-

latory applications, or other intended uses.

7.6 Requirements of the Test Center

Controlled test results from any given test center are only as relevant and applicable as the

extent to which the center accurately simulates conditions at a real O&G facility. If the test center

fails to replicate field conditions, the results—though computed for the tested scenario—will have

limited applicability to actual field deployments. Therefore, accurately reflecting field conditions

during testing is essential; however, it requires careful consideration of both cost implications and

the capabilities of the test center. Establishing baseline and simulation periods demands extensive

and accurately metered gas releases, as well as complex logistics, which can be cost-prohibitive, es-

pecially over long durations. These challenges may be more manageable for test centers equipped

with advanced, automated emissions control systems than those without such capabilities.

7.7 Implications of the Protocol Revision

While testing under the current protocol has significantly improved the understanding of next-

generation LDAQ solutions, controlled testing results still do not represent performance during

deployments at real O&G facilities. The revised standardized protocol developed in this study

marks a significant step toward bridging the gap between controlled testing and field performance

of LDAQ solutions.
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To address key limitations in the current protocol, the revised protocol introduces several funda-

mental changes. Most notably, performers are now required to explicitly define how their solutions

are intended to be used so that testing can be tailored accordingly. This includes determining the

criteria for defining a detection, the spatial scale for emission source localization, and the frequency

of reporting—responsibilities that previously fell to the test center. Shifting these responsibilities

to the performer helps in addressing a major shortcoming of the current protocol: the difficulty

in determining whether poor performance reflects the actual capability of the solution or due to a

mismatch between how the solution was tested and how it is intended to be used.

Since the revised protocol tests LDAQ solutions in a manner that mirrors field applications

and under conditions representative of real O&G facilities, O&G operators can reliably evaluate

cost-performance trade-offs—an inevitable consideration in actual field deployment—based on

controlled test results. By contextualizing performance with deployment characteristics such as the

number and type of sensors and auxiliary equipment deployed, personnel requirements, frequency

of survey flights, etc., users including O&G operators can better determine whether a solution

offers an attractive balance between cost and performance.

For test centers, capability requirements have not increased dramatically to support more re-

alistic emissions and potentially much more extended test periods to accumulate sufficient data

for metrics. However, test programs must consider the additional cost implications and test center

limitations before implementing the revised test protocol. If a test center is unable to replicate real

O&G facility conditions, then the controlled test results generated cannot be reliably extrapolated

to reflect actual performance in real O&G facilities.

As LDAQ solutions evolve and improve, there is growing advocacy for using these solutions

as alternatives to traditional, regulatory-backed techniques like OGI camera surveys for emissions

mitigation programs. Currently, the stakes are high in reliably predicting the likely performance

of LDAQ solutions in field deployments based on controlled test results. While this revised stan-

dardized protocol aims to achieve this objective, regular protocol revisions are encouraged to keep

pace with the rapidly changing O&G and LDAQ solution development sectors.
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Chapter 8

CONCLUSIONS AND RECOMMENDATIONS

8.1 Overview

This study conducted controlled testing of next-generation LDAQ solutions using standard-

ized protocols to evaluate their performance. Based on observed limitations and feedback from

stakeholders in the O&G industry, the test protocols were subsequently revised to better reflect

field conditions and deployment applications. In detail, this work started (as discussed in Chap-

ter 3) with the use of a standardized testing protocol developed for continuous monitors to test

16 LDAQ solutions for the first time at METEC. Recall, continuous monitors are LDAQ solutions

that operate autonomously and collect sensor readings of ambient data near-continuously for an ex-

tended period. METEC is an outdoor testing facility at CSU that mimics emissions behavior from

O&G production facilities. Tested continuous monitors were broadly categorized as point sensor

network and scanning/imaging LDAQ solutions depending on the ambient concentration sensing

methodology. Point sensor network continuous monitors consist of multiple point concentration

measurement sensors, typically positioned along the fenceline of an O&G asset. Scanning/imaging

continuous monitors, on the other hand, utilize open-path integration, scanning lasers, or short- and

mid-wave infrared cameras to monitor for emissions.

Performance was assessed based on the ability to detect (i.e., POD), quantify (i.e., quantifi-

cation accuracy), and localize emissions (i.e., localization accuracy). The study results indicated

that the performance of tested continuous monitors varied widely across assessed metrics. For

detection performance, results indicated that only two solutions achieved DL90s within the tested

range, failed to detect ≤ 40% of the controlled releases, and had ≤ 40% of their reported detec-

tions classified as false alerts. More than half of the continuous monitors failed to detect at least

50% of the controlled releases (i.e., FNF ≥ 50%). Similarly, more than half of the continuous

monitors had over 25% of their detection reports classified as false alerts (i.e., FPF ≥ 25%). For
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localization performance, scanning/imaging continuous monitors outperformed other continuous

monitors in identifying emission sources. For quantification performance, most solutions esti-

mated the total controlled releases aggregated over the test durations with low relative error and

associated uncertainty within a quantification factor of 2. However, estimates of single sources

showed high inaccuracies and wide uncertainties, ranging from underestimations by a factor of 50

to overestimations by a factor of 46, for the tested range.

Chapter 4 examined the use of standardized testing protocol designed for survey LDAQ solu-

tions to evaluate 12 survey LDAQ solutions at METEC. These solutions consisted of 4 handheld

OGI camera solutions, 4 advanced handheld solutions, and 4 mobile solutions (i.e., drone- and

automobile-based). Only detection and localization performances were assessed using the same

metrics defined for continuous monitors. An additional metric, survey time, was also investigated.

It captures the duration required for a survey solution to complete an emissions inspection sur-

vey of a defined area. In contrast to continuous monitors, survey LDAQ solutions exhibited more

performance variation based on the solution category (e.g., handheld or mobile) than between the

individual survey LDAQ solutions tested. Essentially, Handheld OGI camera solutions exhibited

high accuracy and repeatability in detecting and localizing small fugitive emissions, while mobile

survey solutions generally surveyed O&G assets quicker than other solution categories.

Chapter 5 focused on the performance assessment of the QOGI system (i.e., by FLIR and Prov-

idence Photonics) to recommend a deployment approach to achieve near-optimal performance with

the solution at real O&G facilities. Until this study, previous chapters of this work only examined

the state of the art of LDAQ solutions based on defined metrics without recommending how these

solutions should be deployed in the field for near-optimal performance. The QOGI system was

selected for this study because it addressed a major limitation of traditional OGI infrared cameras

at the time of testing—the inability to quantify detected emissions. The QOGI system, an add-on

tool to the OGI camera, addresses this limitation by enabling quantification of detected emissions.

Study results showed that low wind speeds, viewing the emissions plume against a clear sky, and

observing the plume from a distance were favorable conditions for obtaining relatively accurate
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quantification results. Findings also suggested that the experience level of the OGI camera user

could influence quantification performance. However, to increase the reliability of estimates dur-

ing field deployments, it was recommended to use the mean of estimates obtained from multiple,

carefully selected perspectives of the plume.

Chapter 6 examined how the performance of LDAQ solutions evolved over time. Four con-

tinuous monitors and three survey LDAQ solutions, previously tested in Chapters 3 and 4, were

tested again at METEC between 3 and 13 months after their initial tests using the same protocol.

The same performance metrics from the initial tests were applied to assess and compare changes

in performance. Study results indicated that LDAQ solutions tend to improve with repeat testing,

suggesting the likely importance of regular, third-party testing in their development. Regular test-

ing often provide high-quality ground truth data used by LDAQ solution developers to refine and

enhance the performance of their systems.

Chapter 7 discussed the revision of the test protocols to address limitations identified in the

current protocol. These include, but are not limited to, discrepancies between controlled test con-

ditions and those at real O&G facilities, as well as misalignments between the tested use cases of

LDAQ solutions and their actual field applications. These limitations were underscored by find-

ings from an independent field trial [154] involving some of the solutions tested in Chapter 3. The

revised protocol introduced three critical improvements to the current protocol. First, the revised

protocol now includes baseline emissions into the testing process to simulate routine operational

emissions typically observed at real O&G facilities. Second, the revised protocol accounts for

the rapid variability in emission rates, locations, and durations during testing, better reflecting the

emissions dynamics at actual O&G facilities. Finally, performance metrics in the revised pro-

tocol are based on the operational objectives defined by performers rather than those set by the

test center. With these revisions, test results obtained using the revised protocol can be reliably

extrapolated to real O&G facility operations if test and field deployment conditions are similar.
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8.2 Conclusions

Findings from this work showed that LDAQ solution performance varied substantially between

individual solutions (for continuous monitors, except in localization) and across solution categories

(for survey solutions), and generally improved with repeat testing. Assessed performance, likely

reflect best-case scenario outcome due to the relatively simplistic nature of controlled testing con-

ditions, or may not accurately represent some solutions’ capabilities if test conditions did not align

with the solutions’ intended field application.

Recent NSPS OOOOb regulations, which established performance criteria (e.g., detection

thresholds, action levels, operational downtime, etc.) for granting regulatory approval to LDAQ

solutions, were not in effect when the controlled tests in this study were conducted. However,

they now provide a benchmark for interpreting performance results of LDAQ solutions. If de-

tection thresholds are interpreted as equivalent to the DL90 values evaluated in this study—and

assuming solutions were tested in alignment with their intended field deployment—then none of

the continuous monitors tested would meet the regulatory detection threshold requirement of 0.4

kg CH4/h or lower if controlled test results are extrapolated as best-case performance achievable at

real O&G facilities. Performance in terms of action level—a time-weighted average that triggers

an investigative analysis to identify the cause(s) of an exceedance—could not be assessed, as the

release rates tested were below the action level defined for the relevant period (i.e., a rolling 7-day

average of 15 kg CH4/h above the site-specific baseline). More importantly, the intended applica-

tion of continuous monitors has evolved with the new regulations. Whereas the current protocol

was designed to assess source-level detection and localization capabilities, the regulations now

emphasize facility-level monitoring. As discussed in Chapter 7, this shift underscores the need

for a revised testing protocol. Despite these limitations, the controlled test results from this study

remain informative. For instance, findings from this study suggest that scanning/imaging continu-

ous monitors are well-suited for facility-level monitoring of large emitters (e.g., super-emitters: ≥

100 kg CH4/h) and can reliably identify source(s) of identified emissions, enabling more effective

and timely field responses. In addition, the majority of the tested continuous monitors can oper-
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ate and collect ambient data near continuously for extended periods with less than 10% operation

downtime (i.e., 90% operational factor) as specified in the regulation.

Despite the emergence of several next-generation survey LDAQ solutions with varying per-

formance claims, handheld OGI cameras still demonstrate superior performance in detecting and

localizing small emission sources compared to next generation handheld and mobile LDAQ so-

lutions with similar value propositions. Also, the integration of quantification capability through

the QOGI tool, which demonstrated narrower quantification uncertainty compared to continuous

monitors, underscores the potential of handheld OGI cameras as a reliable method for character-

izing small fugitive leaks at O&G facilities. Depending on the application, other next-generation

handheld LDAQ solutions (i.e., advanced handhelds) that did just as well as handheld OGI cam-

eras in some areas—like localization and survey speed—and have similar deployment demands

(e.g., survey period, personnel, etc.), might have a marginal deployment cost advantage over hand-

held OGI camera solutions. In addition, just like the handheld OGI cameras, the DL90 of most

advanced handheld LDAQ solutions met the NSPS OOOOb final rule’s minimum detection thresh-

old requirement for quarterly monitoring (≤ 1 kg CH4/h) at well sites and centralized production

facilities using alternative technologies. On-site survey LDAQ solutions (i.e., mobile solutions)

with deployment demands—including cost—comparable to handheld OGI cameras may be more

advantageous when faster emissions survey is a priority, offering potential cost-saving benefits

during field deployment. Despite the promising performance of handheld OGI camera solutions,

limitations in terms of scale of application persists, which carries high cost implications. Survey-

ing for emissions using handheld OGI cameras—which are expensive (normally ≥ $100,000 for

regulatory-approved models)—typically requires facility access and proximity to potential emit-

ters, often spread across extensive spatial scales. Hence, achieving meaningful emissions mitiga-

tion with OGI cameras necessitates deploying thousands of personnel equipped with these cameras

at regular intervals which can be labor-intensive and cost-prohibitive.

Since no individual LDAQ solution or category of LDAQ solutions achieved all desired perfor-

mance levels across the metrics assessed in this study, selecting a LDAQ solution or combination of
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LDAQ solutions will depend on those that demonstrates favorable trade-offs between performance

and the following factors:

1. Coverage and Access: As highlighted earlier, the use of handheld LDAQ solutions—including

traditional LDAR techniques—requires surveyors to be near potential leak sources, making

these methods effective for source-level emissions detection and localization. In contrast,

continuous monitors are not subject to such proximity constraints; however, their deploy-

ment over large spatial areas can be limited by cost. At scales beyond a single facility or a few

small facilities, deploying continuous monitors may become cost-prohibitive. Automobile-

based LDAQ solutions are capable of covering larger areas, but their effectiveness can be

limited by the availability and accessibility of roads in and around target sites. Drone-based

LDAQ solutions, which are not dependent on access roads, can be used to survey inaccessi-

ble areas and assets that may be unsafe for other methods, such as sources on tall platforms.

However, the spatial coverage of drone-based LDAQ solutions is constrained by drone spec-

ifications—including type (e.g., fixed-wing vs. rotary), weight, and power requirements.

2. Observation Time: Although most continuous monitors tested in this study had higher

DL90s, FNF, and FPF than handheld survey solutions, continuous monitors can detect large

emissions—an important source category—faster and often at a higher success rate than

other methods. This helps reduce the risk of prolonged emissions that might otherwise

be missed between periodic surveys with mobile solutions and regulatory LDAR inspec-

tions. Field studies have shown that large, episodic, and unpredictable emission events often

account for a disproportionately large share of total emissions at O&G facilities. While

survey solutions and traditional LDAR methods offer short-duration observations, often de-

pendent on timing and prevailing weather conditions, continuous monitors can provide near-

continuous emissions observations at all times and across most weather conditions.

3. Observation or Survey Speed: Faster survey or observation times can result in signifi-

cant cost savings during field deployments, particularly when operations are scaled across
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multiple facilities. While a trained or certified surveyor using an OGI camera or other hand-

held LDAQ solution may achieve survey times comparable to some mobile solutions, this

performance is highly dependent on the size of the facility and the number of facilities sur-

veyed. As facility size and survey workload increase, detection performance and survey

speed for handheld surveyors often decline due to fatigue. In contrast, mobile solutions can

cover larger spatial areas faster with more consistent performance, even when operated by a

similar number of personnel as handheld solutions.

4. Personnel Requirement: When deployed, continuous monitors operate autonomously

and generally require human intervention only for maintenance or during periods of system

downtime. In contrast, survey solutions—including handheld/traditional LDAR and mobile

solutions—typically require a two-person crew, with responsibilities divided between driv-

ing or flying and operating the LDAQ solution during surveys. In some cases, additional

personnel may be involved to assist with miscellaneous tasks and the documentation of mea-

surement results.

5. Deployment Cost: Next-generation LDAQ solutions offer the potential for more cost-effective

emissions mitigation compared to traditional LDAR methods, such as handheld OGI cam-

era surveys. These cost benefits are primarily realized through reduced labor costs when

deployments are scaled across multiple facilities or over extended durations. For instance,

automobile- or drone-based (i.e., mobile) LDAQ solutions may provide a non-trivial cost ad-

vantage over handheld OGI camera deployments due to their lower labor intensity and faster

survey completion times, even though both approaches typically require comparable initial

capital investments. This cost gap could widen when comparing other handheld LDAQ solu-

tions or traditional LDAR methods, as their initial capital investments are often substantially

lower than those of OGI cameras. For continuous monitors, the cost benefit—depending on

the scale of deployment—is realized through savings on personnel and operational costs that

would otherwise be incurred if traditional LDAR methods or handheld/mobile LDAQ solu-

tions were deployed frequently to match the monitoring capabilities of continuous systems.
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Overall, this work has demonstrated that next-generation LDAQ solutions are capable of detect-

ing, localizing, and quantifying emissions, though performance varies based on the field readiness

level and intended use case of LDAQ solutions. Field readiness level reflects the maturity of an

LDAQ solution in terms of sensor performance, effectiveness of data analytics, and deployment

approach. Variation in performance based on field readiness was evident across all tested LDAQ

solution. To illustrate these variations, results have been categorized into three scenarios:

1. LDAQ solutions with poor performance across all or the majority of assessed metrics:

Solutions in this category are typically at an early developmental stage at the time of test-

ing. Poor sensor quality, underdeveloped data analytics, and an unoptimized deployment

strategy often lead to poor detection performance (i.e., high FNF and FPF values) and sig-

nificant quantification errors with wide uncertainties. These results indicate that substantial

development efforts are required to enhance the readiness of this class of solutions for field

deployment.

2. LDAQ solutions with performance trade-offs across assessed metrics: Solutions in this

category often exhibit performance trade-offs due to ineffective data analytics. For example,

the modification of some these LDAQ solutions’ algorithm by increasing detection sensitiv-

ity (i.e., likely reducing FNF) could increase the difficulty in distinguishing small fugitive

emissions from background noise, thereby increasing false detections (i.e., likely increasing

FPF). Conversely, reducing detection sensitivity (i.e., likely increasing FNF) could result in

fewer false detections (i.e., likely reducing FPF). These trade-offs in performance can have

significant cost implications, especially for continuous monitors with high FPF, if follow-up

investigations by a ground team are initiated for every detection alert received by the user.

3. LDAQ solutions with good performance across all or the majority of assessed metrics:

Solutions in this category demonstrate high field readiness for deployment—provided that

their test results are replicable in real-world conditions and applicable to facilities similar to

METEC.
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Likely variation in performance based on the intended use case was evident in the differences

in detection, localization, and survey time between handheld and mobile survey solutions. As the

results showed, tested handheld solutions generally exhibited higher detection sensitivity and lower

FPF values but required more time to complete surveys. In contrast, mobile solutions typically

had lower detection sensitivity and higher FPF values, but they completed surveys more quickly.

It is important to note, however, that the poor performance of some LDAQ solutions may not

necessarily stem from their immaturity, but could instead be influenced by testing conditions that

did not align with their typical operational objectives. The inability to make this distinction is a

key limitation of the current protocol as highlighted and discussed in Chapter 7.

With numerous LDAQ solutions competing for commercial market share, independent, com-

prehensive, and transparent validation of vendor performance claims is essential for supporting

decision-making regarding field deployment of LDAQ solutions. Given the growing interest in

using LDAQ solutions for emissions mitigation, there is an increasing reliance on measurement re-

sults from these solutions in various programs. These range from O&G operator-internal emissions

mitigation efforts to regulatory programs with financial penalties, underscoring the need for a field-

representative, standardized controlled testing protocol. Such a protocol is crucial for accelerating

industry-wide adoption and regulatory approval of next-generation LDAQ solutions.

As next-generation LDAQ solutions continue to evolve, testing must also advance in rigor and

complexity to accurately characterize their current use and state of the art capabilities. Therefore,

if controlled testing effectively mirrors field deployment conditions, test results can be reliably

extrapolated to field applications. However, this is only possible if the operational objectives of

LDAQ solutions are well-characterized through performance metrics and the intended deployment

environment closely aligns with tested conditions.

8.3 Recommendations and Future Work

The first recommendation based on the findings of this work is to evaluate the same LDAQ

solutions in controlled testing using the revised standardized protocol, followed by field trials under

153



similar deployment conditions to compare performance. The reliability of extrapolating test results

obtained using the revised protocol to real-world facilities will ultimately depend on the extent to

which the gap between these test results is minimized. For a scenario where the gap remains wide,

further comprehensive protocol revisions is encouraged to enhance alignment between controlled

testing and real-world application of LDAQ solutions.

Other frontiers to be explored include assessing the impact of deployment strategies on solu-

tion performance. This involves varying factors such as survey height, survey speed, the number of

sensors installed, and the proximity of detection sensors to emission sources. Additionally, com-

prehensive research on improving the inversion models used for emissions quantification is crucial.

These models are integral to any LDAQ solution’s analytics. Given the persistent wide uncertainty

in single estimates observed throughout this work, enhancing the quantification accuracy of LDAQ

solutions remains a key area for further research.
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Appendix A

Equipment and Setup at METEC

Figure A.1: Shows the gas chromatography device used to identify and analyze the species and chemicals

that make up the gas supply at METEC. The figure also shows the canisters used to collect gas samples

from the onsite gas storage cylinders for species composition analysis.
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Appendix B

Variations in Performance of Continuous Monitors

With Testing Complexity.

Table B.1: The table summarizes the rank-biseral correlation between FNFs evaluated per experiment and

if an experiment had single or multiple controlled releases.

Continuous Monitors Survey Solutions

ID Category Coefficient pValue Category Coefficient pValue

A Point sensor network 0.26605 0.00000 Mobile 0.46939 0.08903

B Scanning/imaging 0.04352 0.50259 Handheld OGI 0.64706 0.27958

C Point sensor network 0.31990 0.00000 Advanced Handheld 0.23239 0.30607

D Point sensor network 0.50031 0.00000 Mobile 0.67442 0.25429

E Point sensor network -0.05325 0.15594 Handheld OGI 0.29861 0.20175

F Point sensor network 0.39845 0.00000 Mobile 0.90625 0.00296

G Scanning/imaging 0.12476 0.04145 Handheld OGI 0.18182 0.39591

H Scanning/imaging -0.15408 0.00042 Advanced Handheld 0.37037 0.12110

I Scanning/imaging -0.06437 0.29858 Mobile 0.50000 0.08427

J Scanning/imaging -0.36549 0.00000 Advanced Handheld 0.03326 0.85973

K Point sensor network -0.00990 0.13423 Advanced Handheld 0.21429 0.40982

L Scanning/imaging 0.12915 0.13280 Handheld OGI 0.18182 0.27790

N Point sensor network 0.35290 0.00000

O Scanning/imaging 0.09886 0.20391

P Point sensor network 0.39563 0.00000

Q Point sensor network 0.11035 0.10273
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Table B.2: Summary of the FNF evaluated for all continuous monitors under different testing complexity.

Solution Time C.R. Count Height

ID Category Night Day Single Multiple Tanks Non tanks

A Point sensor network 20.69 32.17 19.3 35.98 26.13 32.18

B Scanning/imaging 47.27 63.33 55.47 63.96 54.88 62.81

C Point sensor network 53.45 66.53 42.04 74.19 46.73 69.54

D Point sensor network 29.31 42.64 17.54 51.36 22.52 45.79

E Point sensor network 0.00 13.67 16.37 10.53 12.61 12.20

F Point sensor network 20.69 31.40 12.87 37.72 19.82 32.83

G Scanning/imaging 93.10 96.67 84.21 97.37 97.14 95.98

H Scanning/imaging 91.30 90.77 93.92 88.79 96.15 89.42

I Scanning/imaging 0.00 92.05 91.11 92.18 90.91 92.36

J Scanning/imaging 0.00 75.96 82.35 74.58 58.50 94.29

K Point sensor network 100.00 99.73 100.00 99.62 99.46 99.82

L Scanning/imaging 18.18 37.18 31.88 36.90 33.33 36.27

N Point sensor network 57.14 56.30 21.21 62.96 42.06 61.29

O Scanning/imaging 62.86 38.20 35.53 41.99 29.11 43.88

P Point sensor network 32.61 32.93 11.69 36.38 30.97 33.41

Q Point sensor network 76.09 70.06 59.74 72.34 73.45 69.82
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Figure B.1: Shows the plot of reported emission rates against actual (or controlled) emission rates for

all point sensors network continuous monitors that tested quantification capability. The plot focuses on

estimates when an ongoing emission event contains one controlled release. The black solid line represents

the 1:1 line; data points along this line illustrate that the reported equals the actual emission rate. The black

dotted lines highlight the region where the single estimates are within a quantification factor of 3 of the

actual emission rates (i.e., relative error from -67% to 200%)

181



Figure B.2: Shows the plot of reported emission rates against actual (or controlled) emission rates for all

scanning/imaging continuous monitors that tested quantification capability. The plot focuses on estimates

when an ongoing emission event contains one controlled release. The black solid line represents the 1:1 line;

data points along this line illustrate that the reported equals the actual emission rate. The black dotted lines

highlight the region where the single estimates are within a quantification factor of 3 of the actual emission

rates (i.e., relative error from -67% to 200%). The R2 illustrates the correlation between the reported and

actual emission rates.
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Figure B.3: Shows the plot of reported emission rates against actual (or controlled) emission rates for all

point sensors network continuous monitors that tested quantification capability. The plot focuses on esti-

mates of controlled releases that occurred during night time (Fort Collins Colorado, USA). The black solid

line represents the 1:1 line; data points along this line illustrate that the reported equals the actual emission

rate. The black dotted lines highlight the region where the single estimates are within a quantification factor

of 3 of the actual emission rates (i.e., relative error from -67% to 200%). The R2 illustrates the correlation

between the reported and actual emission rates.
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Figure B.4: Shows the plot of reported emission rates against actual (or controlled) emission rates for all

scanning/imaging continuous monitors that tested quantification capability. The plot focuses on estimates

of controlled releases that occurred during night time (Fort Collins Colorado, USA). The black solid line

represents the 1:1 line; data points along this line illustrate that the reported equals the actual emission rate.

The black dotted lines highlight the region where the single estimates are within a quantification factor of

3 of the actual emission rates (i.e., relative error from -67% to 200%). The R2 illustrates the correlation

between the reported and actual emission rates.
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Figure B.5: Shows the plot of reported emission rates against actual (or controlled) emission rates for all

point sensors network continuous monitors that tested quantification capability. The plot focuses on esti-

mates when an ongoing emission event contains multiple controlled releases. The black solid line represents

the 1:1 line; data points along this line illustrate that the reported equals the actual emission rate. The black

dotted lines highlight the region where the single estimates are within a quantification factor of 3 of the

actual emission rates (i.e., relative error from -67% to 200%). The R2 illustrates the correlation between the

reported and actual emission rates.
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Figure B.6: Shows the plot of reported emission rates against actual (or controlled) emission rates for all

scanning/imaging continuous monitors that tested quantification capability. The plot focuses on estimates

when an ongoing emission event contains multiple controlled releases. The black solid line represents the

1:1 line; data points along this line illustrate that the reported equals the actual emission rate. The black

dotted lines highlight the region where the single estimates are within a quantification factor of 3 of the

actual emission rates (i.e., relative error from -67% to 200%). The R2 illustrates the correlation between the

reported and actual emission rates.
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Figure B.7: Shows the plot of reported emission rates against actual (or controlled) emission rates for

all point sensors network continuous monitors that tested quantification capability. The plot focuses on

estimates of controlled releases that occurred during day time (Fort Collins Colorado, USA). The black solid

line represents the 1:1 line; data points along this line illustrate that the reported equals the actual emission

rate. The black dotted lines highlight the region where the single estimates are within a quantification factor

of 3 of the actual emission rates (i.e., relative error from -67% to 200%). The R2 illustrates the correlation

between the reported and actual emission rates.
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Figure B.8: Shows the plot of reported emission rates against actual (or controlled) emission rates for all

scanning/imaging continuous monitors that tested quantification capability. The plot focuses on estimates

of controlled releases that occurred during day time (Fort Collins Colorado, USA). The black solid line

represents the 1:1 line; data points along this line illustrate that the reported equals the actual emission rate.

The black dotted lines highlight the region where the single estimates are within a quantification factor of

3 of the actual emission rates (i.e., relative error from -67% to 200%). The R2 illustrates the correlation

between the reported and actual emission rates.
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