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A B S T R A C T   

The 2015 Paris agreement aims to cut greenhouse gas emissions and keep global temperature rise below 2 ◦C 
above pre-industrial levels. Reducing CH4 emissions from leaking pipelines presents a relatively achievable 
objective. While walking and driving surveys are commonly used to detect leaks, the detection probability (DP) is 
poorly characterized. This study aims to investigate how leak rates, survey distance and speed, and atmospheric 
conditions affect the DP in controlled belowground conditions with release rates of 0.5–8.5 g min− 1. Results 
show that DP is highly influenced by survey speed, atmospheric stability, and wind speed. The average DP in 
Pasquill–Gifford stability (PG) class A is 85% at a low survey speed (2–11 mph) and decreases to 68%, 63%, 65%, 
and 60% in PGSC B/C, D, E/F, and G respectively. It is generally less than 25% at a high survey speed (22–34 
mph), regardless of stability conditions and leak rates. Using the measurement data, a validated DP model was 
further constructed and showed good performance (R2: 0.76). The options of modeled favorable weather con-
ditions (i.e., PG stability class and wind speed) to have a high DP (e.g., >50%) are rapidly decreased with the 
increase in survey speed. Walking survey is applicable over a wider range of weather conditions, including PG 
stability class A to E/F and calm to medium winds (0–5 m s− 1). A driving survey at a low speed (11 mph) can only 
be conducted under calm to low wind speed conditions (0–3 m s− 1) to have an equivalent DP to a walking survey. 
Only calm wind conditions in PG A (0–1 m s− 1) are appropriate for a high driving speed (34 mph). These findings 
showed that driving survey providers need to optimize the survey schemes to achieve a DP equivalence to the 
traditional walking survey.   

1. Introduction 

Natural gas (NG), composed of 60–98% methane (CH4), is consid-
ered a cleaner energy source than other fossil fuels, such as coal. NG has 
been promoted as a transition fuel until renewable technologies can 
prove greenhouse gas (GHG) emission free energy (Alvarez et al., 2012; 
Levi, 2013; Zhang et al., 2016; Zou et al., 2018; Zhang et al., 2022). Its 
use has grown rapidly and is now a significant component of the global 
energy resource (Heath et al., 2015; Schivley et al., 2018; Zhang et al., 
2022). For example, NG provides 30% of the energy consumption in the 
U.S. and requires an extensive infrastructure including three million 
miles of NG pipeline (U.S. Energy Information Administration, 2021; 

National Academies of Sciences, 2022). Leak detection for pipeline 
systems has historically been driven primarily by concerns of public 
safety to reduce fatal and non-fatal incidents caused by pipeline leaks. 
However, more recently reducing CH4 emissions from NG systems, 
including pipelines, has been identified as a way to help mitigate climate 
change and meet the goals of the Paris agreement (Nisbet et al., 2020). 

From 2002 to 2021, the Pipeline and Hazardous Materials Safety 
Administration (PHMSA) reported 2986 NG pipeline incidents (153 
from gathering lines, 1439 from transmission lines, and 1394 from 
distribution lines), resulting in 227 fatalities (38 and 189 from trans-
mission and distribution lines, respectively) and 1030 injuries (6, 157 
and 867 from gathering, transmission and distribution lines, 
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respectively) (PHMSA, 2022). Recent studies suggest that the NG supply 
chain system in the U.S. was responsible for 6.6 Tg of CH4 emissions in 
2020, corresponding to 0.79% of the 111.2 billion cubic feet per day (bcf 
day− 1) of NG produced (~833.45 Tg NG yr− 1) (U.S. Energy Information 
Administration, 2022; U.S. EPA, 2022). CH4 has a global warming po-
tential 86 times greater than that of CO2 over a 20-year horizon (IPCC, 
2014), and the environmental benefits of using NG as a near-term 
bridging fuel would be offset if the NG supply chain emits CH4 more 
than 3.2% of the total NG production (Alvarez et al., 2012; UNFCCC, 
2022). Reducing CH4 emissions from the NG supply chain presents a 
relatively straightforward objective for GHG mitigation while improving 
public safety. 

Currently, walking and driving surveys are commonly used to detect 
NG leaks from pipelines (Phillips et al., 2013; Gallagher et al., 2015; 
Zimmerle et al., 2017; Weller et al., 2018; Cho et al., 2020; Li et al., 
2020; Riddick et al., 2021). In a walking survey, surveyors walk along 
the pipelines and detect enhanced CH4 mole fractions using a handheld 
instrument, such as a Bascom-Turner Gas-Rover (GR; range: 5–10,000 
ppm; accuracy: 2% ± 10 ppm; frequency: 1–2 Hz) or Heath Inc. Remote 
Methane Leak Detector (RMLD; range: 0–99,999 ppm-m; sensitivity: 
5− 10 ppm-m, frequency: 3 Hz) (Zimmerle et al., 2017; Weller et al., 
2018; Cho et al., 2020; Riddick et al., 2021). GR measures the surface 
CH4 mole fraction by drawing air from the surface onto a dual catalytic 
combustion sensor (for measuring between 0 and 2 vol % CH4) or a 
thermal conductivity sensor (2–100 vol % CH4) (Cho et al., 2020; Rid-
dick et al., 2021). RMLD uses laser technology (Tunable Diode Laser 
Absorption Spectroscopy) to measure the path-integrated CH4 mole 
fraction (reported as ppm-m) remotely within a 30 m distance of the 
pipeline (Heath Consultants, 2009). A driving survey measures the CH4 
mole fraction in the air at a distance of up to 200 m from the source using 
a trace gas CH4 analyzer, such as an ABB micro-portable greenhouse gas 
analyzer (MGGA; range: 0.01–100 ppm; precision: < 2 ppb) or Picarro 
GasScouter (range: 0–20 ppm; precision: < 0.5 ppb) (Phillips et al., 
2013; Jackson et al., 2014; Gallagher et al., 2015; Von Fischer et al., 
2017; Zimmerle et al., 2017; Weller et al., 2018; Keyes et al., 2020). The 
height of the sensor mounted on the vehicle varies between 0.3 and 4.5 
m depending on the driving survey method, and survey speeds range 
between 4 and 15 m s− 1 (9–34 mph) (Phillips et al., 2013; Jackson et al., 
2014; Gallagher et al., 2015; Zimmerle et al., 2017; Weller et al., 2018). 
Even though there is a lot of interest in these survey methods, there is 
not a clear understanding of best practices, specifically how survey 
distance, survey height, survey speed, and atmospheric conditions could 
affect the probability of leak detection. While prior studies have used 
walking and driving surveys to detect subsurface NG leaks (Phillips 
et al., 2013; Gallagher et al., 2015; Von Fischer et al., 2017; Weller et al., 
2018; Cho et al., 2020; Keyes et al., 2020), the survey detection prob-
ability (DP) was not characterized. 

Currently, there is no quantitative relationship between subsurface 
leak rate and DP for controlled belowground leak conditions. Some 
aboveground emission studies have shown that DP increases with the 
emission rate (Rella et al., 2015; Ravikumar et al., 2018; Bell et al., 
2020). Others suggested that the relationship does not always exist 
(Ravikumar et al., 2019). One recent study, using a drone with a survey 
speed of 15–20 m s− 1 (34–45 mph), showed no relationship between 
leak rate and DP (Barchyn et al., 2019). Other aboveground studies have 
found a strong relationship between downwind distance and the DP, 
where controlled single-blind detection tests using an optical gas im-
aging (OGI) camera found a power-law relationship between leak size 
and detection distance between 1.5 and 15 m of the leak source (Rav-
ikumar et al., 2018). Zimmerle et al., 2020 indicated that the experience 
of OGI surveyors significantly impacted the DP, and highly experienced 
surveyors detected 1.7 (1.5–1.8) times more aboveground leaks than less 
experienced surveyors, primarily by adjusting the survey speed. 

In addition to leak rate and survey protocols, prior studies have 
explored how atmospheric conditions, mostly wind speed, affect the DP 
(Thorpe et al., 2016; Ravikumar et al., 2018; Barchyn et al., 2019; Bell 

et al., 2020). Similar to the leak rate, the effect of wind speed on DP is 
unclear. Thorpe et al. (2016) did not find any significant relationship 
between wind speed and DP using an airborne visible/infrared imaging 
spectrometer (AVIRIS-NG) during the controlled release experiments. 
This finding was also consistent with Ravikumar et al. (2018). In 
contrast, two aboveground controlled release experiments showed that 
the drone and airplane surveys have the highest DP in moderate wind 
speeds (2–2.5 m s− 1) (Barchyn et al., 2019; Sherwin et al., 2021). A 
belowground controlled release experiment from Riddick et al. (2021) 
showed that surface CH4 mole fractions are mostly affected by atmo-
spheric stability and suggested avoiding walking surveys during strong 
winds or strong solar irradiance conditions. A recent study (Tian et al., 
2022) pointed out that subsurface leaks can be quantified using 
time-averaged downwind CH4 concentration measurements. The au-
thors know of no peer-reviewed studies that systematically investigate 
how leak rate sizes, survey protocols, and atmospheric conditions affect 
the DP of subsurface NG emissions. Thus, this study aims 1) to investi-
gate how the leak rate, survey distance and speed, and atmospheric 
conditions affect the DP of a subsurface NG emission; 2) to develop a 
validated DP model for practitioners that incorporates the leak rate, 
survey distance, survey speed, and weather conditions including atmo-
spheric stability, wind speed, and air temperature; 3) to model the 
weighted DP for walking and driving surveys using three published and 
publicly available emission rate datasets from NG distribution pipeline 
leaks. To our knowledge, this is the first time that a validated DP model 
has been developed, considering all critical parameters of the leak sur-
vey measured from belowground emission experiments. 

2. Material and methods 

2.1. Experiment and measurement approaches 

Five controlled NG release (87 ± 2 vol % CH4) experiments were 
conducted from June 21st to July 4th, 2021, with the release rate 
ranging from 0.5 to 8.5 g min− 1 (Table 1) at Colorado State University’s 
Methane Emission Technology Evaluation Center (METEC) in Fort 
Collins, CO, U.S. The release rates were chosen to represent the range of 
leaks from the underground NG pipelines observed in the field (Lamb 
et al., 2015; Von Fischer et al., 2017). The testbed used here is a rural 
testbed with short surface vegetation (average height: 0.05 m). The 
pipeline was buried at 0.9 m below the ground surface along the 
east-west direction of the site and backfilled with the native soil (sandy 
loam, U.S. Department of Agriculture Soil Texture Classification). Gas 
was injected through stainless-steel tubing (0.635 cm, model 
SS-T4-S-035-20, Swagelok, USA) into the testbed from an aboveground 
145-Liter compressed natural gas (CNG) tank. The gas flow rate was 
controlled by pressure regulators, solenoid valves, and choked flow or-
ifices. It was measured by a thermal mass flow meter (range: 0–11 g 
min− 1, accuracy: ±1%, Omega FMA1700 series). A detailed description 
of this testbed can be found in prior publications (Mitton, 2018; Ulrich 

Table 1 
General information of the five controlled belowground NG release experiments 
at the METEC site from June 21st to July 4th, 2021. The release rate ranged from 
0.5 to 8.5 g min− 1. The total number of passing was 3472 for the five 
experiments.  

Exp Date Release rate (g 
min− 1) 

Total number of 
passings 

1 June 21 to June 26, 
2021 

0.5 1282 

2 June 30 to July 01, 
2021 

0.8 434 

3 June 28 to June 29, 
2021 

1.6 318 

4 July 01 to July 02, 2021 3.5 730 
5 July 02 to July 04, 2021 8.5 708  

S. Tian et al.                                                                                                                                                                                                                                     
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et al., 2019; Cho et al., 2020). 
During each experiment, CH4 mole fraction and GPS coordinate data 

were collected while walking at distances (1, 5, 10, and 20 m) downwind 
of the emission point and perpendicular to the wind direction. CH4 mole 
fractions were measured using a high-precision gas analyzer (GasS-
couter™ G4301, Picarro, Inc.), with 0.1 ppb measurement precision at a 
1 Hz measurement interval. GPS data were collected using a Picarro 
A0946 unit with a position accuracy of <1 m and 1 Hz update frequency. 
At each distance downwind of the emission point, transects were 
measured at three heights (0.05, 0.25, and 0.5 m), which typically 
simulate both walking and driving surveys (Phillips et al., 2013; Zim-
merle et al., 2017; Cho et al., 2020; Riddick et al., 2021). The survey 
speed was 1 m s− 1 (~2 mph) on average, and the transect length was 80 
m. Here, one complete measurement per distance per height is defined 
as “one passing”, and the total number of passings was 3472 for the five 
experiments (Table 1). In order to show how survey speed affects 
detection probability, the measured CH4 mole fraction data in each 
walking passing were extended to produce a series of data simulating 
increased survey speed from 2 to 15 m s-1 (4–34 mph) using a 
down-sampling method as follows: 1) The walking survey speed is 1 m 
s-1, and the gas analyzer measures the CH4 mole fraction at 1 Hz. Thus, 
the walking survey data represent approximately 1 m intervals along the 
transect in each pass (i.e., 1 m interval in every two adjacent samples); 
2) When the survey speed increases to 2 m s-1, every other sample is 
selected to simulate a 2 m interval in each passing; 3) The 
down-sampling was repeated for other speeds from 3 to 15 m s-1 by 
selecting every 3–15 m in each passing, respectively. This approach 
assumes that the instrument has a fast response time (e.g., 1–10 Hz) and, 
therefore able to detect the CH4 emissions from the belowground 
pipeline leaks. Instruments with response times in the 1–10 Hz range are 
increasingly available in recent years, such as the Li-Cor LI-7700 open 
path CH4 analyzer (frequency: 10 Hz, precision: < 5 ppb) or the ABB’s 
LGR-ICOS™ ultrasensitive gas analyzer (frequency: 10 Hz; precision < 1 
ppb). This down-sampling approach based on a 1–10 Hz frequency in-
strument may not work well in some situations. For example, if the 
plume width is less than the sampling interval linked to a fast-driving 
speed. We also acknowledge that this assumption did not consider the 
influence of the vehicle on the plume in a real driving survey situation 
and not always driving downwind of the emission source. The 3D wind 
fields, and air temperature were measured at 8 Hz using an RM Young 
81000 Ultrasonic Anemometer installed 6 m above the ground at the 
METEC site. Previous studies (Bosveld and Beljaars, 2001; Bardal et al., 
2018) have shown that the 3D sonic anemometer measurements with 
varying sampling intervals between 1 and 10 Hz do not influence the 
average vertical flux estimate. However, the uncertainty in the flux es-
timate increases with a decrease in the sampling interval. Therefore, the 
8 Hz sampling interval used in this study will generally satisfy sampling 
rate requirements to estimate the average vertical flux and stability 
parameter (i.e., Monin-Obukhov length) accurately. 

2.2. Methodology 

In this work, the subsurface leak was defined as either detection or 
non-detection for each pass along the pipeline. A pass was considered a 
detection if a 0.2 ppm CH4 mole fraction enhancement was observed 
over the 2.0 ppm background (10% change) at the METEC site. The 
background CH4 mole fraction was calculated by averaging the mea-
surements 10 m upwind of the subsurface leaks. This threshold is 
consistent with a previous study that used the driving survey to conduct 
pipeline leak detection in 15 metro areas (Luetschwager et al., 2021). 
The empirical DP was calculated as the number of detected passes 
divided by the total number of passes. 

The 5-min averaged Monin-Obukhov length (L, m) was calculated 
(Equations (1) and (2); Flesch et al., 2004; Foken, 2006; Stull, 2012) 
from the surface friction velocity (u*, m s− 1), the mean absolute air 
temperature (T, K), the von Kármán’s constant (kv = 0.41), the 

gravitational acceleration (g = 9.81 m s− 2), and 3D horizontal/vertical 
wind vectors (u, v, and w, m s− 1). In accordance with previous studies, 
the sonic temperature, approximately equal to virtual temperature, was 
used for T in calculating L (Flesch et al., 2004; Foken, 2006). Any 
resulting error in L from using sonic temperature rather than virtual 
temperature should be small as the experiments were conducted in dry 
air conditions (relative humidity: approx. 30%) (Flesch et al., 2004). The 
Monin-Obukhov length was also converted into Pasquill-Gifford (PG) 
stability class as it is more quickly recognized than L by industry prac-
titioners (Ulrich et al., 2019; Riddick et al., 2021) where PG A 
(extremely unstable) is − 100 ≤ L < 0, PG B/C (unstable) is − 500 ≤

L < − 100, PG D (neutral) is |L| > 500, PG E/F (stable) is 
500 ≤ L < 100, and PG G (extremely stable) is 0 < L ≤ 100 (Gryning 
et al., 2007; Breedt et al., 2018). 

L= −
u3
∗T

kvgw′ T’
(1)  

u∗ =
[
(u′ w′

)
2
+ (v′ w′

)
2]1/4

(2) 

The empirical DP data were randomly split into two parts, i.e., 80% 
as training data for developing the DP model, and 20% as test data for 
validating the DP model. The DP model was developed by fitting the 
training data with a multiple logistic function (Equation (3)), which is 
similar to previous studies that used a single logistic function to fit the 
empirical DP and leak rate (Ravikumar et al., 2018; Luetschwager et al., 
2021). The variables considered in the DP model include the leak rate, 
survey distance, survey speed, atmospheric stability (1/L), wind speed, 
and air temperature. A p-value of less than 0.05 was used to ensure the 
variables considered in the model are at least 95% statistically signifi-
cant. The coefficient of determination (R2) was used as a metric to 
validate the performance of the DP model by comparing modeled DP 
with the empirical DP from test data. 

DP=
1

1 + e−
(

b0+b1q+b2c+b3s+b4
L +b5U+b6T

) (3)  

where b0 is the intercept, b1, ..,b6 are the regression coefficients, q is the 
leak rate (g min− 1), c is the survey speed (mph), s is the survey distance 
(m), L is the Monin-Obukhov length (m), U is the horizontal wind speed 
(m s− 1), and T is the air temperature (◦C). 

Using the validated DP model and three publicly available NG 
pipeline emission datasets (Table 2), we modeled the weighted DP 
(Equation (4)) to quantity detection efficiency of walking and driving 
survey (Table 3) in a range of atmospheric stability and wind speed 
conditions. The emission datasets (Table 2) were directly measured by 
the surface chamber from NG distribution main and service line leaks 
across U.S. (Lamb et al., 2015; Hendrick et al., 2016; GTI, 2019). The 
total sample size is 446, characterized by a right-skewed distribution. 
Three super large emitters (16, 24, and 38 g min− 1) were removed to be 
consistent with the range of the controlled leak rates. Thus, there are 443 

Table 2 
General information of three publicly available CH4 emission rate datasets from 
NG distribution pipelines. Emission rates in these three datasets were measured 
directly using surface flux chambers, where all datasets show a right-skewed 
distribution characteristic. The total sample size used is 443. Three super 
large emission points were removed to be consistent with the range of controlled 
NG release rates in the DP model.  

Location Sample 
size 

Leak source Reference 

California 76 NG distribution mains and 
services 

GTI (2019) 

Massachusetts 113 NG distribution mains Hendrick et al. 
(2016) 

U.S. (various) 257 NG distribution mains and 
services 

Lamb et al. (2015)  

S. Tian et al.                                                                                                                                                                                                                                     
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emission rate points used in the DP model. The survey distance was 
assumed as 5 m downwind of the pipeline, based on general practice 
during the field pipeline survey. The driving survey speed was assumed 
as 11, 22, and 34 mph. These speeds are based on low, medium, and high 
speeds seen in previous field studies of driving surveys (Phillips et al., 
2013; Jackson et al., 2014; Gallagher et al., 2015; Zimmerle et al., 2017; 
Weller et al., 2018). 

f =
∑n

i=1DPiqi∑n
i=1qi

(4)  

where f is the weighted DP, DPi is the modeled DP for the ith emission 
rate qi (unit: g min− 1), n is the total number of emission points (n = 443). 

3. Results 

3.1. Empirical detection probability with different survey speeds 

Fig. 1 showed the empirical DP as a function of distance with the 
mobile survey speed ranging from 2 to 34 mph from the five controlled 
experiments (Table 1). The result showed that the empirical DP de-
creases with the increase in survey speed. The empirical DP increases 
with the leak rate near the emission point (<5 m). The empirical DP is 
between 70% and 100% at a 1 m distance for an emission rate between 
0.5 and 8.5 g min− 1 at a low survey speed (between 2 and 11 mph). DP 
decreases with the increase in survey distance, especially for the smallest 
leak (0.5 g min− 1), where the detection probability is 25% at a 20 m 
distance from the leak source (Fig. 1a). For the medium to large leak 
(0.8–8.5 g min− 1), the detection probability decreases to between 50% 
and 80% at a 20 m downwind distance at a low survey speed (2–11 
mph). When the survey speed increases (medium survey speed between 
11 and 22 mph), the empirical DP is between 25% and 75% at a 1 m 
downwind distance, and mostly between 25% and 50% at a 20 m dis-
tance. Further, the empirical DP is less than 25% at any distance 
regardless of leak size when the survey speed is high (22–34 mph). Be-
sides, compared to Exp1-4, the DP in Exp5 mostly showed an increase 
with the increase in survey distance considered here for a given survey 

speed. This is probably due to the largest leak rate (8.5 g min− 1) in Exp5, 
which is large enough to produce a broader plume at a farther down-
wind distance than that at a closer downwind distance to the subsurface 
leak source. Thus, for a given survey speed, it is more likely to grab a 
sample within the broader plume at a farther downwind distance than 
that at a closer distance when the leak rate is large enough (e.g., >8.5 g 
min− 1). 

3.2. Empirical detection probability with different atmospheric stability 
conditions 

In general, the empirical DP decreases as the atmospheric stability 
become more stable (PG: A to G) regardless of the survey speed (Fig. 2). 
The DP in PG A is between 75% and 100% for the leak rates between 0.5 
and 8.5 g min− 1 with a low survey speed (2–11 mph). With the same low 
survey speed, the DP decreases to between 45% and 90%, 40% and 85%, 
50% and 80%, and 30% and 90% in PG B/C, D, E/F, and G, respectively. 
When the survey speed increases (medium survey speed between 11 and 
22 mph), the empirical DP in PG A is between 50% and 80% for the leak 
rates considered here. The DP further reduces to between 25% and 75%, 
20% and 70%, 25% and 75%, and 15% and 70% in PG B/C, D, E/F, and 
G, respectively. When the survey speed increases to high (22–34 mph), 
the empirical DP is generally less than 25% in PG A, B/C, D, E/F, and G, 
respectively, for the range of emission rates considered here. 

Generally, each PG stability class can be roughly estimated based on 
a range of wind speeds (Pasquill, 1961). Calm (0–1 m s− 1), small (1–3 m 
s− 1), and medium winds (3–5 m s− 1) typically occur during unstable or 
stable conditions (PG A, B/C, E/F, G). Medium and large winds (5–10 m 
s− 1) generally occur during neutral conditions (PG D). Fig. 3 further 
shows the relationship between the empirical DP and the binned wind 
speed for mobile survey speeds ranging from 2 to 34 mph for the five 
controlled experiments (Exp1–5). The empirical DP generally decreases 
with an increase in wind speed. For low survey speeds (2–11 mph), the 
DP is highest in calm wind conditions (0–1 m s− 1), ranging from 70% to 
100%. With the same low survey speed, the DP is generally the lowest in 
large wind conditions (5–10 m s− 1), ranging from 30% to 90%. When the 
survey speed increases to between 11 and 22 mph (medium speeds), the 
empirical DP reduces to between 25% and 75%. When the survey speed 
increases to high speeds (22–34 mph), the empirical DP is generally less 
than 25%, regardless of wind conditions. 

3.3. Validation of the detection probability model 

All variables considered here are at least 95% statistically significant, 
with p values less than 0.05 (Table 4). The height variable did not pass 
the 95% statistically significant test and was therefore removed from the 
DP model. This is probably due to the small change in plume width for 
the height range considered in this study (0.05–0.5 m), thereby not 

Table 3 
Survey distance and speed for walking and driving surveys. The assumed driving 
survey speed is 11, 22, and 34 mph, which represents the low, medium, and high 
speeds of the field driving survey, respectively. The survey distance was assumed 
as 5 m downwind of the pipeline based on general field survey practices.  

Survey solution Survey distance (m) Survey speed (mph) 

Walking survey 5 2 
Driving survey 5 11 
Driving survey 5 22 
Driving survey 5 34  

Fig. 1. Empirical detection probability as a function of distance with the mobile survey speed ranging from 2 to 34 mph for the five controlled experiments (Exp1–5), 
respectively. 

S. Tian et al.                                                                                                                                                                                                                                     
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having a significant effect on DP. The leak rate is positively related to the 
DP with the regression coefficient of 0.139 ± 0.0005 (Table 4). The 
regression coefficients for survey speed, survey distance, Monin- 
Obukhov length, wind speed, and air temperature are all negative, 
with the largest ones from the Monin-Obukhov length, wind speed, and 
survey speed, respectively. The regression coefficients from air tem-
perature and survey distance are relatively low, with the values of 
− 0.0807 ± 0.0006, and − 0.057 ± 0.0002. Using the regression co-
efficients in Table 4, the DP model was rewritten as a function of the leak 
rate, survey distance, survey speed, Monin-Obukhov length, wind speed, 
and air temperature (Equation (5)). When compared with the empirical 
DP from the test data, the model shows good performance, with a co-
efficient of determination (R2) of 0.76 (Fig. 4). 

The sensitivity analysis of variables in the DP model showed that 
survey speed, atmospheric stability (1/L), and wind speed take the most 
significant effects on the DP (Fig. 5). DP reduces 20%–30% when 
changing survey speed from 2 to 34 mph, atmospheric stability (1/L) 
from − 0.2 to 0.2 m-1, and wind speed from 1 to 10 m s− 1, respectively. 
The change in DP is less than 5% when changing leak rate from 0.5 to 
8.5 g min− 1, survey distance from 1 to 20 m, and air temperature from 
15 to 30 ◦C, respectively. The increase in modeled DP from the sensi-
tivity analysis with an increase in leak rate is smaller than the increase in 
the empirical DP shown previously (e.g., Fig. 1a and e). This is because 
the empirical DP includes the impacts of other factors such as atmo-
spheric stability and wind speed. Overall, the modeled DP still reveals 
the increased trend of DP with the leak rate, which is consistent with 
observations. 

Fig. 2. Empirical detection probability as a function of the Pasquill-Gifford (PG) stability class with the mobile survey speed of 2–34 mph for the five controlled 
experiments (Exp1–5), respectively. PG stability class A denotes the extremely unstable condition, PG stability class B/C denotes the unstable condition, PG stability 
class D denotes the neutral condition, PG stability class E/F denotes the stable condition, and PG stability class G denotes the extremely stable condition. No 
observation data is available for PG stability class E/F in Exp1–2, and PG stability class D for Exp 3–5. 

Fig. 3. Empirical detection probability as a function of the binned wind speed with the mobile survey speed of 2–34 mph for the five controlled experiments 
(Exp1–5), respectively. The binned wind speed interval is 0–1, 1–3, 3–5, and 5–10 m s− 1, representing the calm, low, medium, and large wind conditions, 
respectively, according to the measured wind speed range during the experiments. 

Table 4 
Estimated mean regression coefficients and the respective p values in the fitted 
model. μ is the mean value, σ is the standard error (SE). μ and σ were calculated 
by bootstrapping the training data 1000 times. 

DP=
1

1 + e
− (5.0221+0.139q− 0.1498c− 0.057s−

12.7024
L

− − 0.4115U − 0.0807T
) (5)   

Parameter Regression coefficient (μ 

±1 σ) 

p value (μ ±1 σ) 

Intercept (bo) 5.0221 ± 0.0117 6.14761E-39 ±
3.65743E-39 

Leak rate (b1) 0.139 ± 0.0005 4.7734E-16 ±4.34151E- 
16 

Survey speed (b2) − 0.1498 ± 0.0002 1.0119E-102 ± 9.1455E- 
103 

Survey distance (b3) − 0.057 ± 0.0002 1.26593E-13 ± 1.3302E- 
13 

Monin-Obukhov length 
(b4) 

− 12.7024 ± 0.0976 1.0586E-04 ± 4.99716E- 
05 

Wind speed (b5) − 0.4115 ± 0.0021 1.5131E-07 ± 5.2156E- 
08 

Air temperature (b6) − 0.0807 ± 0.0006 4.279E-06 ± 2.45119E- 
06  
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3.4. Modeled detection probability for walking and driving surveys 

Given the right-skewed distribution of emissions from the pipeline 
leaks (Lamb et al., 2015; Hendrick et al., 2016; GTI, 2019), here we 
modeled the DP for the small and large leaks across different survey 
speeds, atmospheric stabilities, and wind speed conditions (Fig. 6). 
Modeled DP is higher than 90% under the conditions of PG stability class 
A, low survey speed (2–11 mph), and calm to medium wind speed (0–5 
m s− 1), regardless of leak rate. However, when the PG stability class 
changes to G, modeled DP is less than 50%, and 70% for the small and 
large leak, respectively, under such a low survey speed and wind speed 
condition. Modeled average DP reduces about 5%–25% with the in-
crease in wind speed and survey speed, regardless of PG stability class 
and leak rate. Generally, as the atmosphere changes from PG stability 

class A to G, the CH4 plume becomes more narrow and concentrated, due 
to the decrease in the gas dispersion (Riddle et al., 2004; Leelőssy et al., 
2014; Tian et al., 2022). Also, wind speed has been shown to influence 
the plume shape and size (Carpenter et al., 1971; Thorpe et al., 2016). 
During high wind speed conditions, the plume has a longer length and 
narrower width, but it is shorter and wider during low wind conditions 
(Thorpe et al., 2016). Thus, it is expected that DP is higher in a wider 
plume than in a narrower plume for each downwind transect survey 
along the pipeline because one is more likely to collect at least one 
sample within the plume. That is, for a certain plume width and fixed 
sample frequency, a higher survey speed results in coarse CH4 sampling 
points during each transect, therefore DP is lower in high survey speed 
than in low survey speed. 

Further, using the publicly available subsurface emission rates 
measured across the U.S., we modeled the weighed DP to inform the 
overall detection efficiency of walking and driving surveys on a national 
scale (Fig. 7). The weighted average DP in all PG stability class condi-
tions is 83% on average for the walking survey at a calm wind speed 
(0–1 m s− 1). But it reduces to 67%, 42%, and 19% for the driving survey 
with a low, medium, and high survey speed, respectively. For a high 
wind speed that typically occurs in PG D (5–10 m s− 1), the weighted 
average DP is less than 37% for all surveys considered here. With the 
increase of survey speed, the options of favorable weather conditions (i. 
e., PG stability class and wind speed) are rapidly decreased for having a 
high DP. For example, the walking survey has a DP higher than 50% in 
the PG stability class ranging from A to E/F and calm to medium wind 
speed conditions (0–5 m s− 1). However, this can only be achieved at a 
calm to low wind speed (0–3 m s− 1) for a driving survey at a low speed of 
11 mph. When the driving survey speed increases to 34 mph, there is 
only calm wind in PG A favorable for a DP higher than 50%. 

Our results show that DP highly depends on survey speed, atmo-
spheric stability, and wind speed. A higher DP tends to be achieved 
when surveying at a lower survey speed, atmospheric stability (1/L), 
and wind speed conditions. The average DP in all weather conditions 
(PG A to G, calm to large winds) is about 66% for the walking survey, 
which is close to the assumed 85% detection probability for quantifying 
the CH4 emissions from the U.S. NG distribution pipelines (Campbell 
et al., 1996; Lamb et al., 2015). For a driving survey with low to medium 
speed (11–22 mph), the average DP in all weather conditions is about 

Fig. 4. Modeled DP vs Empirical DP. The empirical DP is from the test data. 
The red dashed line is the 1:1 line. The blue line is the fitted equation between 
Modeled DP and Empirical DP where y is Modeled DP, and x is Empirical DP. 
The coefficient of determination (R2) between Modeled DP and Empirical DP is 
0.76. (For interpretation of the references to colour in this figure legend, the 
reader is referred to the Web version of this article.) 

Fig. 5. Sensitivity analysis of each variable in the 
model on modeled DP. a)–f) shows the effect of 
changing leak rate, survey distance, survey speed, air 
temperature, wind speed, and 1/L input, respectively, 
while keeping other variables the same as the base 
case. In the base case, the leak rate is 0.5 g min− 1, 
survey speed is 2 mph, survey distance is 1 m, air 
temperature is 15 ◦C, wind speed is 0.1 m s− 1, and 1/ 
L is − 0.2 m-1. The value of each variable in the base 
case is the lower limit of the data used for developing 
the DP model. The maximum value of each variable 
in a)–f) is the upper limit of the data used for devel-
oping the DP model.   
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35%, with the highest DP (>80%) under PG A and calm to low wind 
conditions (0–3 m s− 1). Similar to this survey speed range, the field 
campaign from Weller et al. (2018) showed that their mobile survey 
method could detect 75% of pipeline leaks, but only 35% were suc-
cessfully located by local distribution company field crews. As no 
weather information was provided, it is unknown if their mobile surveys 
corresponded with the weather conditions tested in this study. Overall, 
the walking survey has a wide range of favorable weather conditions 
ranging from PG stability class A to E/F and calm to medium winds (0–5 

m s− 1) to get a high DP (e.g., at least 50% likely to detect a leak when 
one is present). The driving survey has limited favorable weather con-
ditions to achieve an equivalent DP. A driving survey with a low speed 
(11 mph) should survey under the calm to low wind speed (0–3 m s− 1) 
and PG stability class A to E/F conditions to have an equivalent DP to a 
walking survey. When the survey speed increases to a medium speed (22 
mph), the optimum weather condition is limited to the PG stability class 
A and calm to medium wind speed conditions (0–3 m s− 1). Only calm 
wind conditions in PG A (0–1 m s− 1) are favorable to get an equivalent 

Fig. 6. Modeled DP as a function of survey speed under different PG stability classes and wind speed conditions. a)–e) is the modeled DP for a small leak (q: 0.5 g 
min− 1). f)–j) is the modeled DP for a large leak (q: 8 g min− 1). The survey distance is 5 m, air temperature is 25 ◦C (average temperature during the experiments). 
The calm wind is 0–1 m s− 1, the low wind is 1–3 m s− 1, the medium wind is 3–5 m s− 1, and the high wind is 5–10 m s− 1 according to the measured wind speed range 
during the experiments. The value of 1/L is − 0.2, − 0.05, 0.001, 0.05 and 0.2 m-1 for PG stability class A, B/C, D, E/F and G, respectively. The error bar is ±1 standard 
deviation. Note, calm, small, and medium winds typically occur during unstable or stable conditions (PG A, B/C, E/F, G). Medium and large winds generally occur 
during neutral conditions (PG D) (Pasquill, 1961). 

Fig. 7. Weighed DP for walking and driving surveys 
under different PG stability and wind speed condi-
tions. The survey distance is 5 m, air temperature is 
25 ◦C (average temperature during the experiments). 
The emission rate is from three publicly available 
emission rate datasets (Table 2). The calm wind is 
0–1 m s− 1, the low wind is 1–3 m s− 1, the medium 
wind is 3–5 m s− 1, and the high wind is 5–10 m s− 1 

according to the measured wind speed range during 
the experiments. The value of 1/L is − 0.2, − 0.05, 
0.001, 0.05 and 0.2 m-1 for PG stability class A, B/C, 
D, E/F and G, respectively. The assumed driving 
survey speeds are 11 and 22, 34 mph, representing 
the field survey’s low, medium, and high driving 
speeds, respectively (Table 3). The error bar is ±1 
standard deviation. Note, calm, small, and medium 
winds typically occur during unstable or stable con-
ditions (PG A, B/C, E/F, G). Medium and large winds 
generally occur during neutral conditions (PG D) 
(Pasquill, 1961).   
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DP at a high driving survey speed (34 mph). 

4. Conclusions 

4.1. Leak detection 

This work characterizes the probability of mobile survey solutions to 
detect underground pipeline leaks using a comprehensive approach. Our 
results showed that the empirical DP decreases with the increase in 
survey speed, survey distance, atmospheric stability (1/L), wind speed, 
and air temperature, but is positively proportional to the leak rate. 
Survey speed, atmospheric stability, and wind speed significantly 
impact the DP. For subsurface leak rates (0.5–8.5 g min− 1) considered 
here, the average empirical DP in PG A is 85% at a low survey speed 
(2–11 mph) and 68%, 63%, 65%, and 60% in PG B/C, D, E/F, and G 
respectively. As the survey speed increases to 22–34 mph, the average 
DP is generally less than 25%, regardless of PG stability class conditions 
and leak rates considered here. The sensitivity analysis showed that the 
average modeled DP has a decrease of 25% with an increase in survey 
speed from 2 to 34 mph, atmospheric stability (1/L) from − 0.2 to 0.2 m- 

1, and wind speed from 0.1 to 10 m s− 1, respectively. 
The findings of this study emphasize the importance of the leak rate, 

survey protocols (i.e., survey distance, and speed), and weather condi-
tions (i.e., atmospheric stability, wind speed, air temperature) in influ-
encing the detection efficiency of leak survey solutions. Our work 
presents a validated DP model for driving survey solution providers to 
optimize survey conditions to have an equivalent DP to the traditional 
walking survey. 

4.2. Implications for leak detection solutions 

The driving survey has been increasingly used to detect and/or assess 
the NG pipeline leaks (Von Fischer et al., 2017; Zimmerle et al., 2017; Li 
et al., 2020; Weller et al., 2020; Defratyka et al., 2021). The primary 
advantage of the driving survey is that one can cover more areas more 
rapidly than a walking survey. However, there is no robust evidence 
proving that a driving survey is at least as effective in detecting sub-
surface leaks as the traditional waking survey. Thus, gaps remain in our 
understanding of the effectiveness of driving survey efforts in detecting 
subsurface leaks. 

This study analyzed the DP of walking and driving surveys in a 
comprehensive fashion using data from both a newly developed sub-
surface leak data set and previous studies available in the literature. Our 
results showed that with the increase of survey speed, the options of 
favorable weather conditions (i.e., PG stability class and wind speed) 
rapidly decrease when trying to achieve a high DP (e.g., >50%). The 
walking survey has a wider range of weather conditions for high DP, 
ranging from PG stability class A to E/F and clam to medium winds (0–5 
m s− 1). The driving survey with a low survey speed of 11 mph can only 
be conducted under calm to low wind speed conditions (0–3 m s− 1) to 
have an equivalent DP to a walking survey. When driving survey speed 
increases to 34 mph, only calm wind conditions in PG A (0–1 m s− 1) are 
favorable to get an equivalent DP. The driving survey solution providers 
need to choose a suitable survey speed under different weather condi-
tions to achieve a DP equivalence to the traditional walking survey. 
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