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Abstract. Uncrewed aerial vehicles (UAVs) offer flexible and cost-effective access to monitoring methane sources that can be

otherwise difficult to sample, but confidence in UAV-derived fluxes requires robust validation and uncertainty characterisation.

Here, we evaluate a variant UAV-based mass-balance method using single-blind controlled-release experiments at two UK

sites: An aerodrome in Bedford and the Centre for Dairy Research (CEDAR), Reading. Controlled methane releases ranged

from 0.021 to 2.16 kg h−1 in Bedford and 8.3 to 40.6 kg h−1 in CEDAR, including point and extended source configurations.5

Methane concentrations were measured in situ using an ABB GLA133-GPC analyser mounted on a hexacopter UAV equipped

with a 2D sonic anemometer, and fluxes were derived from downwind horizontal transects.

Two validation approaches are considered: (i) using all individual flights to capture operational variability, and (ii) grouping

flights by release rate to assess underlying method performance. Overall, fluxes calculated using the method show good corre-

lation but substantial scatter at the individual flight level (CEDAR: slope = 1.01, r = 0.84, RMSE = 38.8%; Bedford: slope =10

0.71, r = 0.85, RMSE = 46.2%) and substantially improved agreement when averaged by release rate (CEDAR: slope = 1.01,

r = 0.94, RMSE = 19.9%; Bedford: slope = 0.68, r = 0.99, RMSE = 38.4%). This demonstrates that averaging reduces random

variability while preserving systematic bias.

A method variant, which accounts for incomplete near-surface sampling by extrapolating the lowest available measurements

and incorporating the associated uncertainty, substantially improves consistency, increasing the fraction of cases (46% to 72%)15

in which the known release rate falls within the one-standard-deviation uncertainty of the calculated release rate. We find

that mean wind speed is the dominant environmental factor influencing the quality of agreement, with higher wind speeds

associated with reduced bias (above 2.2 m s−1, bias ≤ 50%), likely due to reduced turbulence under such conditions. Wind

direction variability alone shows little direct influence on flux precision; instead, a wide lateral extent of the measurement plane

is noted to be critical for minimising plume sampling loss under changing wind conditions. Lower emission rates exhibit greater20

relative bias due to increased sensitivity to smaller signal-to-noise (due to both wind variability and lower plume concentration

enhancements relative to natural background variability).
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The improved performance after averaging is consistent with previous studies indicating that multiple flights per release

rate (e.g. n≥ 3) enhance representativeness by reducing the influence of environmental variability. These results demonstrate

that UAV-based mass-balance methods can provide methane flux estimates accurate to within 20%, for fluxes greater than 1025

kg h−1, under controlled conditions, but may suffer from systematic (but accountable) under-bias due to incomplete sampling.

We also offer insights on methodological and environmental requirements to deliver robust measurements.

1 Introduction

Methane (CH4) is the second-most important anthropogenic greenhouse gas after carbon dioxide (CO2) in terms of radia-

tive forcing (Etminan et al., 2016), with a 20-year global warming potential more than 80 times higher than CO2 (IPCC,30

2023). Responsible for nearly 30% of observed global warming (Shan et al., 2025), atmospheric CH4 concentrations have

increased 2.6-fold since 1750, reaching 1942 ±2 ppb in 2024 (WMO, 2025). Approximately two-thirds of emissions are an-

thropogenic in 2020, primarily from agriculture (41% of total emissions, ∼80% from livestock and manure and ∼20% from

rice cultivation), fossil fuels (33%), and landfill and waste management (19%) (Saunois et al., 2025). Global CH4 emissions

reached 608 Tg yr−1 in 2020—about 12% above the 2000-2010 average—highlighting ongoing increases in anthropogenic35

sources (Saunois et al., 2025).

Due to its relatively short atmospheric lifetime (∼9 years; Prather et al., 2012), CH4 is a key target for near-term climate

mitigation (Shindell et al., 2012; UNEP, 2021). In support of this, 159 countries have joined the Global Methane Pledge,

committing to a 30% reduction in anthropogenic emissions by 2030. Effective mitigation offers co-benefits including improved

public health and agricultural productivity (Global Methane Pledge, 2023).40

Despite progress, large uncertainties persist in the global CH4 budget. Top-down atmospheric inversions estimate 575

Tg yr−1 for 2010–2019, whereas bottom-up inventories suggest 669 Tg yr−1 (Saunois et al., 2025). Although alignment

between methods has improved, significant discrepancies remain, limiting the reliability of emission inventories and hindering

effective mitigation monitoring. For the decadal CH4 budget, sectoral uncertainties range from 20% to 35% for agriculture,

waste, and fossil fuels, ∼50% for biomass burning and wetlands, and up to 100% for other natural sources such as inland45

waters and geological seepage (Tibrewal et al., 2024; Saunois et al., 2025).

Independent observational methods are essential to constrain these uncertainties. Satellites (e.g., Pandey et al., 2021; Schuit

et al., 2023) provide daily global coverage but are limited by coarse spatial resolution and detection thresholds (∼100 kg h−1;

Cooper et al., 2022; Jacob et al., 2022). Airborne campaigns (e.g., Pitt et al., 2019) can target specific sources, but they are

costly and typically operate at high speeds and altitudes, causing the collected data to reflect averages across large horizontal50

scales, which may limit the resolution of fine-scale spatial patterns (Li et al., 2025).

Uncrewed aerial vehicles (UAVs) offer a flexible, cost-effective, and scalable approach for localised CH4 monitoring.

Equipped with lightweight sensors, they can provide high-resolution horizontal and vertical measurements that complement

satellite and aircraft data, making them well suited for leak detection, source attribution, and facility-scale quantification (Yang
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et al., 2018; Shaw et al., 2021; Souza et al., 2024). Advances in sensor technology have extended UAV capabilities to remote55

or hazardous environments, including rugged terrain, volcanic areas, and natural gas infrastructure (Li et al., 2025).

UAV-based CH4 emission quantification commonly relies on mass balance approaches that integrate downwind CH4 con-

centration enhancements (relative to the ambient background concentrations) with wind fields (Allen et al., 2018, 2019; Shaw

et al., 2021). These approaches provide a practical and flexible framework for facility-scale emission estimation, but their quan-

titative interpretation depends on how well the measurements represent the spatial structure of the plume and the prevailing60

atmospheric conditions (Fosco et al., 2024; Yong et al., 2024). More broadly, accurate methane quantification requires not only

robust measurement techniques but also representative and clearly reported uncertainties to establish confidence in derived

emission estimates. Previous work has shown that method performance depends on atmospheric variability, experimental de-

sign, and analysis choices, underscoring the need for validation against known reference emissions using controlled or blind

release experiments (e.g., Morales et al., 2022; Liu et al., 2023). Despite increasing application of UAV-based methods, the65

methane measurement community currently lacks a standardised framework for validating quantification approaches and re-

porting uncertainties, which limits comparability between studies and confidence in reported emissions (Riddick et al., 2023;

Connor et al., 2024).

Controlled-release experiments, in which emission rates and locations are independently known, provide a critical means

of evaluating uncertainties and validating UAV-based methane quantification methods (Feitz et al., 2018; Shah et al., 2020a).70

However, controlled-release evaluations of UAV-based mass balance approaches remain relatively limited, and systematic

characterisation of uncertainties across operating conditions is still lacking (e.g. Allen et al., 2018; Morales et al., 2022; Mc-

Manemin et al., 2025; Scheutz et al., 2025). Reducing these uncertainties is critical for improving emission inventories and

supporting effective mitigation.

Here, we conducted controlled-release experiments at two UK test sites over two weeks in May 2024 and September 2025,75

using a UAV equipped with a high-precision CH4 sensor and a sonic anemometer to perform downwind measurements. A mass

balance method was applied to estimate emissions, enabling evaluation of the system’s performance near its detection limit

and improving the characterisation of flux uncertainties for facility-scale monitoring.

In this paper, we present the experimental setup, UAV flight strategy, and analytical framework, and assess the performance

of mass balance CH4 quantification under controlled, yet meteorologically realistic, conditions.80

2 Data and methods

2.1 Instrumentation

2.1.1 UAV platform and payload

In this study, a DJI M600 Pro hexacopter (9.5 kg with six batteries; Fig. 1) was used. It provides up to 32 min hover time

without payload or 16 min with a 6 kg payload (DJI, 2025). As a rotary-wing UAV, the M600 Pro flies slower than fixed-wing85
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UAVs, allowing denser sampling and greater manoeuvrability—beneficial for detailed surveys in complex sites such as landfills

(Allen et al., 2019; Fosco et al., 2024; Yong et al., 2024).

Figure 1. UAV platform and payload. The DJI M600 Pro hexacopter is equipped with an ABB GLA133-GPC OA-ICOS infrared spec-

trometer, a gas sampling inlet, and a TriSonica Mini anemometer. Arrows indicate the positions of each component used for atmospheric

measurements.

The payload was an ABB GLA133-GPC greenhouse gas analyser (3 kg; Fig. 1), mounted beneath the UAV with a 0.3 m inlet

positioned above the rotor plane. This Off-Axis Integrated Cavity Output Spectroscopy (OA-ICOS) instrument measured CH4

at 5 Hz, with calibrated 1σ precision of 0.9 ppb, and transmitted real-time data wirelessly during flight to support pilot oversight90

when required. Wind was measured on board using a LI-550 TriSonicaTM Mini Wind and Weather Sensor (Fig. 1), capable of

measuring wind speed from 0–50 m s−1 with 0.01 m s−1 resolution and accuracy of ±0.2 m s−1 for speeds between 0 and 10

m s−1, ±2% for speeds between 11 and 30 m s−1, and ±4% for speeds between 31 and 50 m s−1. The sampling frequency of

the anemometer was 5Hz. Wind direction measurements for the horizontal wind components (u and v) were recorded over a

range of 0–359°with a resolution of 1.0°and an accuracy of ±1.0°. The vertical wind direction component (w) was measured95

within ±15°from the horizontal plane of the instrument, with an accuracy of ±2°. To avoid interaction with the rotor air flow,

the anemometer was mounted on a 65 cm mast above the rotor plane.

For navigation and flight planning, the ABB GLA133-GPC analyser integrated hardware and software to synchronise all

payloads, recording flight and sensor data in unified files. This ensured accurate geolocation of gas concentration and wind

measurements. Automated flight paths were pre-planned using UgCS software (SPH Engineering, 2025), providing repeatable100

surveys with constant speed, altitude, and coverage, and reducing operator bias (which can translate into emissions bias as

described in Shah et al. (2020a, b)). Flights were conducted at 3–4 m s−1; below 5 m s−1 the UAV horizontal tilt angle is
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small, negating the need for a challenging tilt correction in 2D wind measurements. Using the autopilot system maintained

smooth steady flight with no rapid motions during the transects, which reduced artifacts (compared to work reported in Yong

et al. (2024)). In addition, its use avoided over-sampling bias within plumes, improving CH4 flux accuracy in terms of the105

sampling concepts and assumptions implicit to the mass balance method (see Sect. 2.2).

2.1.2 Ground-based meteorological instrumentation

To assess the performance of the UAV-mounted Trisonica anemometer, wind fields were also measured using four Gill MetPak

Pro instruments mounted on a ground mast at heights of 3, 6, 9, and 12 m above ground level, recording 1-minute average

wind speed and direction. These mast-based measurements were used exclusively for comparison with winds measured by110

the UAV-mounted anemometer and were not used in the mass-balance flux calculations, which rely solely on UAV-mounted

anemometer wind data. A comparison showed reasonable temporal agreement between the mast-based and UAV-mounted

anemometer wind direction, with small remaining differences in wind speed attributed to the height of the mast versus UAV

flight altitude, and the 1-minute sampling of the mast. This provides confidence (and preference) in the use of the on-board

wind measurements for emission quantification.115

2.2 UAV-based mass balance flux method

To calculate CH4 emissions, we applied a mass balance approach (Allen et al., 2014, 2018; Shaw et al., 2021), widely used

across environments including landfills (Allen et al., 2019; Yong et al., 2024), urban areas (Pitt et al., 2019; Tong et al., 2023),

and wetlands (Barker et al., 2022). The method estimates flux by measuring concentration differences inside and outside a

defined downwind plane perpendicular to the prevailing wind.120

For each survey, flight paths were designed with respect to wind direction to ensure full plume capture. The UAV was flown

downwind of the release point and executed a vertical “ladder” pattern of stacked horizontal parallel transects at multiple

altitudes, enabling assessment of emissions across plume heights. The distance between the transects is predetermined and

kept constant.

The CH4 emission rate F (g s−1) is given by:125

F =

x2∫

x1

z2∫

z1

([CH4]− [CH4]background)U⊥ dxdz (1)

Where U⊥ is the normal component of the wind speed with respect to the measurement plane (m s−1), and [CH4] and

[CH4]background are the CH4 concentrations (g m−3) within the plume and the ambient background, respectively. In this study,

the [CH4]background was derived from measurements collected outside of the plume during each downwind survey, rather than

from separate upwind flights. Based on field experience, ambient CH4 can vary on timescales of roughly an hour, so a flight-130

specific background provides a more accurate representation of the conditions at the time of measurement. Further information

about the [CH4]background can be found in Appendix A. Equation 1 is integrated over the horizontal (x1 to x2) and vertical (z1

to z2) measurement ranges.
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To account for unsampled locations within the survey area (and flux plane), we applied kriging, a geostatistical interpolation

technique that estimates values at unmeasured points based on spatial correlations in the data (Myers, 1991). This method135

assumes that nearby observations are more similar than those farther apart, allowing for the interpolation of CH4 concentrations

and wind velocities onto a continuous grid. By using kriging to map the full extent of the plume, we minimize underestimation

of the flux and improve the spatial resolution of our mass balance calculations (Allen et al., 2015; Mays et al., 2009).

A single UAV flight survey provides a snapshot of the plume and enables the estimation of a single flux value, assuming

that the emission source strength and the plume morphology remain relatively constant during the flight (Yong et al., 2024).140

While the method assumes that the plume and emission source are stable during this time, fluctuations in CH4 concentrations

and wind conditions may introduce uncertainty in the flux estimate. Any mass balance method using an in situ sensor on a

moving platform cannot account (or reliably estimate) for dynamic sources that may vary over the length of any survey. Thus,

in previous studies, a static source is implicitly assumed. This is also the case here, and the controlled releases were static over

the course of single surveys for validation.145

Flux uncertainty was quantified by propagating the relative uncertainties of background concentration and perpendicular

wind speed, following Allen et al. (2018):

Funcertainty =

√(
σbackground

µbackground

)2

+

(
σwind

µwind

)2

(2)

where σ and µ are the standard deviation and the mean value of each component respectively. This approach accounts for

variability in both key input parameters to the flux equation, ensuring a more robust (and fully traceable) estimate of flux150

uncertainty, which is directly derived from measurable sources of environmental variability.

2.2.1 Adaptation of the UAV-Based Mass Balance Flux Method

Despite their strong applicability for methane emission monitoring and their flexibility in accessing hazardous or otherwise

unapproachable sources (Li et al., 2025), UAV-based measurements have various important limitations. A common limitation

of UAV-based flux estimates is the inability to sample very close to the ground due to safety constraints or obstacles. More155

discussion on this topic follows in Sect. 3. Since methane concentrations are typically highest near the surface, this can lead

to systematic underestimation of fluxes. To assess this, fluxes in the near-ground layer were estimated by extrapolating CH4

concentrations from the lowest sampled heights (Fig. 2).

The extrapolated contribution was not added to the flux estimate itself, but rather incorporated into the positive uncertainty

bound (as it represents an expected under-bias), resulting in an asymmetric error range. Flux uncertainty was calculated as in160

Equation 2, with the extrapolated near-ground flux term Fextrapolated added only to the upper error bar:

σ−
F = Funcertainty and σ+

F = Funcertainty +Fextrapolated (3)
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Figure 2. Example flight showing the lower transect (∼2m) used to extrapolate near-ground flux. The resulting contribution is included in

the positive flux uncertainty.

This approach retains the central flux estimate strictly based on measured concentrations, while accounting for the potential

influence of unsampled near-surface layers within the positive uncertainty range. Because near-surface concentrations are not

directly observed, their estimation relies on extrapolation assumptions that may not hold uniformly across stability regimes or165

surface conditions. Incorporating this contribution as an uncertainty term avoids introducing method-dependent bias or artificial

enhancement of emissions, preserves traceability to the measurements, and ensures methodological consistency across flights

with varying sampling constraints. This conservative treatment improves the robustness and transparency of the mass balance

framework.

2.3 Controlled-release experiments170

Controlled methane release experiments were conducted by the National Physical Laboratory (NPL) at two UK test sites:

Bedford Aerodrome (13–17 March 2024) and the Centre for Dairy Research (CEDAR), University of Reading (8–10 September

2025) (Fig. 3a and b). At Bedford Aerodrome, controlled releases were created using NPL’s miniature Controlled Release

Facility (mini-CRF), while at CEDAR the CFR, a higher emission rate system, was used. Both systems are mobile gas release

setups designed to produce accurately quantified methane fluxes under field conditions, operating on the same principle as175

arrays of mass flow controllers (Brooks Instruments) calibrated volumetrically for methane using Mesa Labs ML800 and

ML1020 piston-type flow meters. The release systems were calibrated using high-accuracy reference flow meters traceable to

national standards. Volumetric flow rates were standardised to 273.15 K and 1013.25 hPa. The volumetric emission rates were

converted to mass emission rates at these conditions (i.e. using a molar volume of 22.414 L mol−1. Each site was instrumented

with a ground-based meteorological mast (see Sect. 2.1.2).180
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For both experiments, the methane release rates were kept blind to analysts until completion of data processing, ensuring

an unbiased performance assessment. UAV-based plume sampling and flux estimation were conducted using the mass balance

method described in Sect. 2.2. This approach enabled evaluation of system performance near the lower detection limit and

characterisation of flux uncertainties under realistic operational conditions.

Further details on the experimental sites and the prevailing meteorological conditions during the campaigns are provided in185

the following subsections. An overview of the experiments conducted at each site is summarised in Table 1.

2.3.1 Bedford Aerodrome

The Bedford Aerodrome site (a former runway; Fig. 3a and c) was used to test point and elevated sources (Table 1). Release

rates ranged from 0.021 to 2.16 kg h−1 and were emitted from ground level, 1 m, and 3 m sources to represent realistic

scenarios such as manure piles and equipment leaks. Also, this flux range is consistent with methane emission rates reported190

for a range of oil- and gas-related infrastructure, including natural gas distribution systems (Lamb et al., 2015) and lower-

emission production facilities (Vollrath et al., 2024). No heat exchangers were used at this site (to equilibrate cold gas leaving

supply cylinders), but the length of hose between supply cylinders and outlets is considered to be sufficient to reach ambient

temperature on release.

In addition to the UAV-based measurements, the Bedford campaign included multiple ground-based teams conducting in-195

dependent methane surveys. Some of the ground-based measurements from this experiment are reported in Tettenborn et al.

(2025), which evaluates emission estimation methodologies using controlled releases up to 2.8 kg h−1.

For the UAV-based measurements presented here, the first two days (13-14 May 2024) were dedicated to setting up and test

flights on the site. The flights used for quantification were conducted on 15 and 16 May 2024. Weather was generally stable,

with light to moderate winds: 3.07–4.63 m s−1 on 15 May 2024, 2.32–3.91 m s−1 on 16 May 2024 (range of average on-board200

wind speed during flights).

In total, 24 flights were carried out, for seven different release rates and three different types of emission sources (Table 1).
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Figure 3. (a) Bedford Aerodrome showing methane release points (RP1–RP6), with one active at a time. (b) Aerial view of the CEDAR site.

(c) Example UAV flight path downwind of a release point, illustrating the vertical “ladder” transect pattern used for CH4 measurements. (d)

Wind rose corresponding to the same flight. Imagery: © Landsat / Copernicus, Map data: © 2026 Google.

2.3.2 Centre for Dairy Research, University of Reading

At the CEDAR site (Fig. 3b), experiments were designed to mimic distributed landfill-type emissions using a linear ground-

level source approximately 60 m in length. The source was orientated nominally perpendicular to wind direction before con-205

ducting each controlled release test. Release rates ranged from 8.3 to 40.6 kg h−1, substantially higher than those used at

Bedford, thereby extending the validation across a wider emission range representative of landfill-scale sources (e.g. Mønster

et al. (2019)). At the CEDAR site, the release system incorporated inline heat exchangers to raise the emitted gas temperature to

near-ambient conditions prior to release. Direct measurement of the outflow gas temperature was not performed; however, the

inclusion of heat exchangers ensured that the released methane was at or close to ambient temperature at the point of emission.210

Four independent UAV teams collected data during the campaign. Here, we report only the flights and measurements con-

ducted by our team.

The experiment was conducted under generally stable weather, with winds ranging from moderate to stronger speeds

(5.80–7.04 m s−1 on 08 September, 4.77–6.70 m s−1 on 09 September and 4.34-5.03 m s−1 on 10 September). During these
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Table 1. Overview of controlled release experiment sites.

Bedford CEDAR

CH4 release rate 0.021 to 2.16 kg h−1 8.3 to 40.6 kg h−1

Source characteristics Ring source at 1 m (RP2), Linear source of approx. 60 m length

linear vertical source from ground to 3 m (RP3), at ground level

and point source at 1 m (RP4)

Heat exchangers used No Yes

(Gas expected near ambient temperature)

Wind conditions 15/05/2024: 4.07 m s−1 08/09/2025: 6.35 m s−1

16/05/2024: 2.19 m s−1 09/09/2025: 5.67 m s−1

10/09/2025: 4.57 m s−1

Number of flights 24α 14

Take off and landing Manually-piloted Manually-piloted

Flight control Manually-piloted Automated way point flying

Distance from source 56-110 m 87-187 m

α RP2: 3 flights; RP3: 13 flights; RP4: 8 flights.

days, the wind was from the south, so the controlled release plume was advected toward the UAV measurement setup, while215

the slurry tanks and barn were located downwind of the sampling area. Therefore, emissions from these structures did not

influence the UAV-based CH4 estimates.

A total of 14 flights were conducted, for four different release rates and one source type (Table 1).

3 Results and discussion

Figure 4 shows the comparison between UAV-estimated fluxes and controlled release fluxes for Bedford and CEDAR, consid-220

ering both individual flights (a, b) and release-rate-averaged data (c, d). The error bars in the estimated fluxes are a combination

of the uncertainty of the flux and the extrapolated flux above the ground (Sect. 2.2.1). This is discussed further later in this

Section. The ordinary least-square-fit line is also included, along with the 1:1 line (y=x) which would indicate perfect agree-

ment to support data interpretation. Generally, data points below (resp. above) this line are related to an underestimation (resp.

overestimation) in the flux estimation. To quantify the performance of the comparison, the bias (in kg h−1 and %) is calculated225

and included in Table 2.

Using all individual flights (Fig. 4a, b), the comparison shows good correlation but substantial scatter at both sites. At Bed-

ford, the ordinary least squares (OLS) fit yields a slope of 0.71 with Pearson r = 0.85, indicating a systematic underestimation

and moderate dispersion (RMSE = 46.2%, bias = -38.5%). At CEDAR, the OLS slope is close to unity (1.011) with r = 0.84,

suggesting good proportional agreement, although variability remains (RMSE = 38.8%), with a small positive bias (∼2%).230
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Figure 4. Comparison of CH4 fluxes estimated from UAV-based measurements with known controlled release rates for CEDAR and Bedford,

considering individual flights (a, b) and release-rate-averaged data (c, d). In both cases, vertical error bars indicate UAV-based flux uncertain-

ties and horizontal error bars represent release uncertainties. Least-squares regression lines are shown for each panel, while the black dashed

line indicates the 1:1 relationship (y = x). Axes limits differ between panels to match the range of observed release rates.

When grouping flights by release rate and averaging multiple survey flux measurements (Fig. 4c, d), the agreement improves

substantially. At Bedford, the correlation increases to r = 0.994 with a similar slope (0.68), and RMSE decreases to 38.4%,

while bias remains comparable (-36.5%). At CEDAR, the averaged results show near-perfect agreement (slope = 1.01, r = 0.94)

and very low bias (-1.63%) and RMSE (19.9%). It is also note worthy that all of the controlled release rates are captured by

the 1σ uncertainty ranges of the release-rate-averaged UAV-based estimated fluxes. The improvement observed after averaging235

is consistent with previous studies indicating that a minimum number of repeated flights per release rate (e.g. n≥ 3 Scheutz

et al., 2025) enhances representativeness. In this study, the reduced scatter and increased correlation in the averaged results

suggest that individual flights are influenced by variability in environmental conditions, whereas aggregating multiple flights

provides a more robust estimate of the true flux.

The better agreement for CEDAR data could be due to several reasons related to the design of the experiment, as well as240

the fact that CEDAR release rates were much larger than those at Bedford (and therefore experience a better environmental

signal-to-noise in the terms of the parameters implicit to the mass balance flux equation, such as the relative importance of

natural background variability). A specific design factor is expected to be the use of automated waypoint flying at CEDAR,

compared with manually piloted flights in Bedford. The automated waypoint flying enabled repeatable and objective surveying
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Table 2. Mean bias (kg h−1, %) by known rate, including site, source type and number of flights.

Site Known rate Source type N Mean bias α Mean bias β

(flights) (kg h−1) (%)

Bedford

0.021 ± 0.012 1 m, Ring 1 -0.0077 -36.4

0.042 ± 0.013 1 m, Ring 2 -0.0073 -17.3

0.45 ± 0.041 Ground - 3 m, Linear vertical 5 -0.27 -60.5

0.88 ± 0.041 Ground - 3 m, Linear vertical 5 -0.31 -35.5

1.31 ± 0.043 1 m, Point 3 -0.54 -41.5

1.73 ± 0.045 Ground - 3 m, Linear vertical 6 -0.52 -30.4

2.16 ± 0.049 Ground - 3 m, Linear vertical 2 -0.73 -33.7

CEDAR

8.3 ± 2.1 Ground, Linear (60 m length) 5 -0.26 -3.2

16.1 ± 2.2 Ground, Linear (60 m length) 4 3.81 23.7

23.3 ± 2.3 Ground, Linear (60 m length) 2 -7.33 -31.5

40.6 ± 2.5 Ground, Linear (60 m length) 3 1.81 4.5

α Estimated flux minus controlled release flux.
β 100 × (estimated flux - controlled release flux) / controlled release flux.

by maintaining constant speed, altitude, and coverage across surveys, reducing variability and potential bias introduced by245

manual control (Shah et al., 2020a, b). Automated flight paths ensured optimized area coverage with minimal overlap or

gaps, improving data quality and comparability. The UAV speed was also set lower than in the manual flights, resulting in

more dense sampling of the plume with higher spatial resolution in the measurements. In addition, the lower UAV speed

resulted in higher measurement duration, meaning integrating more data and therefore a decrease in measurement error (Liu

et al., 2023). Another contributing factor may be the use of heat exchangers in the CEDAR site, which resulted in methane250

temperatures close to ambient conditions. Although colder-than-ambient emission at Bedford was not expected (as discussed

in Sect. 2.3.1), it cannot be ruled out. Improved plume mixing and capture may also be influenced by the distance from

the emission source. At the Bedford site, measurements were conducted at distances of 56–110 m from the source (Table

1), whereas at CEDAR the measurement distances were larger, ranging from 87–187 m. In addition, the controlled release

rates at CEDAR were substantially higher than those at Bedford. As a result, the lower release rates at Bedford were more255

sensitive to atmospheric turbulence and wind variability, particularly under the lower wind speed conditions observed during

that experiment. Furthermore, at low emission rates, small absolute differences between estimated and true fluxes can result in

disproportionately large relative (percentage) biases. This effect may therefore contribute to the higher apparent bias observed

at lower release rates.

To investigate further any potential relationship between the bias and the release rate, Fig. 5 shows the bias in % for all the260

flights and for different bins of controlled released rates of 0-0.1, 0.1-1, 1-10 and larger than 10. Across all flights, the average

bias is approximately -25% compared to the controlled released rates. Focusing on the different bins in Fig. 5, we see that there
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is no strong fundamental dependence on the release rate or the source type. We can conclude from this that the quantification

method is capable of capturing both small localised emissions close to the ground (ring or point emissions located at 1 m), larger

extended ground-level emissions (60 m linear sources) and vertically distributed emissions (linear vertical sources from ground265

to 3 m). Indeed, the lowest bias is observed for higher release rates (Table 2), as larger concentration enhancements relative to

background variability result in a higher signal-to-noise ratio and reduced sensitivity to turbulence and wind variability. This

leads to a more coherent plume structure and more robust flux estimation.

Previous studies have also conducted controlled release experiments to validate UAV-based mass balance methods. Among

all 45 quantifications of the TADI campaigns conducted by Bonne et al. (2024), the relative errors of all quantifications span270

-69% to +149% (relative error of -41% in terms of total emitted mass during all campaigns). A logarithmic interpolation was

performed to interpolate the values of q(z) below the lowest transect, considering zero flux at the ground level. Morales et al.

(2022) conducted controlled-release tests and reported normalized mean absolute percentage errors of 54–71%, primarily due

to systematic underestimation when the full vertical extent of the plume was not captured at greater downwind distances.

Similarly, Scheutz et al. (2025) validated a UAV-based method that simultaneously measured CH4 concentrations and wind275

vectors, achieving emission quantification errors ranging from +33% to –35% in controlled releases. The results in our work

(-36.5% at Bedford, and -1% at CEDAR) are consistent with, and in the case of CEDAR improve upon, previously reported

UAV-based validation results which supports the validity and robustness of the mass balance method for the quantification of

greenhouse gas emissions with careful sampling design and high-precision UAV-mounted sensors.

Figure 5. Box-and-whisker plots of the relative CH4 flux bias (%) derived from UAV-based quantification flights at different controlled

release rates during the NPL experiments. Each box represents the interquartile range (IQR) of the flight-level biases, with the central line

showing the median and whiskers extending to 1.5×IQR. The “All flights” box on the left summarizes the bias distribution across all release

rates. The numbers above each box indicate the number of individual flight measurements (n) included in each group.
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Table 3. Percentage of flights where the known release rate lies within the uncertainty bounds of the estimated emission rates for each site.

Site Raw data After adding extrapolated flux

Bedford 41.6 70.8

CEDAR 50.0 71.4

Combined 46.1 71.7

Nevertheless, the underestimation of emissions by UAV-based techniques due to flight restrictions (for safety reasons or280

obstacles) is now a known and prescient challenge to the measurement community. Previous studies (e.g., McManemin et al.,

2025) have already discussed the impacts of plume blowover i.e. methane escaping above or below the flight path. In their

controlled release experiment there were four UAV participants and all of them found an underestimation of the released rate

(slopes from 0.09 to 0.82). They attributed the discrepancy to the expected blowover and environmental conditions, with the

principal factor being environmental wind speed and variability. Hamedani Raja et al. (2025) found that the main reason of the285

discrepancy is underestimation in the wind speed.

To reduce the low bias in the emission quantification, it is essential to fly the UAV as low as possible, or complement

UAV-based measurements with additional surface measurements by ground-based techniques. In case this is not feasible due

to safety constraints or because it is rather complicated and (cost and logistically) expensive, it is important to develop the

measurement plane further away from the source, thus allowing sufficient mixing of the gas and reducing any near-surface290

impact due to dead sampling.

In order to deal with this underestimation issue, we extrapolated the measurements of the lowest transect to the ground

level to fill the gap above the surface (Sect. 2.2.1). Table 3 shows the percentage of flights where the known release rate lies

within the uncertainty bounds of the estimated emission rates for each site. Indeed, the agreement between the known and the

estimated fluxes has increased after this modification, as the percentage increased from 41.6 to 70.8% and from 50 to 71.4%295

for Bedford and CEDAR, respectively. However, discrepancies still remain between the known and the estimated flux.

Figure 6 shows the flight-by-flight CH4 fluxes derived from UAV measurements compared with known release rates. It is

evident that UAVs can detect fine-scale CH4 plumes down to 0.02 kg h−1, and flux trends are reliably captured (with methods

and instruments similar in precision to those used in our study). The majority of the flights agree with the controlled release

rates within calculated 1σ uncertainties, demonstrating robustness (Table 3). The largest bias of -60.5% is observed for flights300

20–24 in Bedford (Fig. 6 a), all 5 flights in this rate (0.45 kg h−1) are conducted in 16/05/2024 when the average wind

speed during the flights ranges from 2.3-3.2 m s−1, the lowest wind speed compared to the rest of the flights. Slack winds,

in combination with the lower temperature of the released CH4 compared to the ambient air might result in laminar flow and

accumulation of the gas close to the ground and at the proximity of the release location, while the measurement plane is located

approximately 100 m further way. Previous studies have also reported increased accuracy in the mass balance method when305

the winds are not weak and variable (Yang et al., 2018; Morales et al., 2022), thus it is recommended to avoid such conditions

(Fosco et al., 2024).
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Figure 6. Flight-by-flight comparison of CH4 fluxes derived from UAV-based measurements (blue) with the corresponding controlled release

fluxes (orange). Error bars represent the uncertainty in each estimate; for UAV-derived fluxes, the positive error bar includes the extrapolated

near-ground contribution. Results from the Bedford experiment are shown in panel (a), and those from the CEDAR experiment are shown in

panel (b).

To identify potential factors that most strongly influence the quality of the agreement between the estimated and controlled

release rates, Fig. 7 presents linear regression analyses between the absolute flux bias (%) and six explanatory parameters

related to wind conditions, source geometry, and release characteristics: mean wind speed, standard deviation of wind di-310

rection, distance from the source, controlled release rate, ∆θ, and the percentage of measurements outside ∆θ. We define a

source–transect angular window, ∆θ, as the angular range defined at the source by lines connecting the source to the endpoints

of the UAV measurement transect. This window represents the range of wind directions for which emissions released at the

source are advected towards and intersect the UAV sampling plane. To further assess the combined influence and relative im-

portance of these factors, a correlation matrix is shown in Fig. 8. To increase the sample size and enable a more comprehensive315

analysis, data from Bedford and CEDAR are combined.

Both the linear regression and the correlation matrix results indicate that the mean wind speed is the dominant factor in-

fluencing the bias, with a correlation coefficient of -0.35. This negative correlation indicates that the absolute bias decreases

with increasing wind speed, consistent with physical expectations and previous studies (e.g. Fosco et al., 2024; Yong et al.,

2024)). Higher wind speeds promote more laminar plume advection and reduced turbulent dispersion, reducing near-surface320

stagnation effects and improving the likelihood that the plume is fully sampled by the measurement system. Based on the linear

regression, the minimum wind speed required to achieve an absolute bias below 50% is approximately 2.21 m s−1, a threshold
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Figure 7. Absolute bias (%) as a function of six features: wind speed average, wind direction standard deviation, distance from the source,

controlled release rate, ∆θ, and the percentage of measurements outside ∆θ. ∆θ denotes the source–transect angular window (i.e. the range

of wind directions for which the plume is expected to intersect the UAV measurement plane). Linear fit (red line) is shown in each subplot.

that is broadly consistent with wind speed criteria commonly reported in other studies for reliable flux quantification (e.g. Yang

et al., 2018; Morales et al., 2022, 2.3 m s−1).

During the controlled release experiments, atmospheric conditions at both sites varied between neutral-buoyant and convective-325

buoyant. The mass balance method performed reliably under both stability regimes when sufficient horizontal wind was present

(>2.21 m s−1). However, in low-wind conditions and under convective buoyancy, the plume transport was dominated by verti-

cal turbulence rather than horizontal advection, and portions of the plume may not have crossed the downwind measurement

plane. This behaviour aligns with the wind-speed threshold identified here and highlights why conditions of near-zero horizon-

tal wind remain challenging for mass balance flux quantification.330

Interestingly, the standard deviation of wind direction exhibits little direct correlation with absolute bias, suggesting that

wind direction variability alone does not systematically degrade agreement. This does not imply that wind direction variability

is unimportant; rather, it shows that the impact of such variability depends primarily on whether the lateral extent of sampling

(as quantified by the source–transect angular window ∆θ) is capable of accommodating variations in plume location. In this

context, geometric factors describing the lateral extent of the measurement plane play a more critical role than the magnitude335

of directional variability itself.

Consistent with this interpretation, both ∆θ and the percentage of measurements within ∆θ emerge as important contribu-

tors to the agreement (correlations of -0.34 and +0.36, respectively). A larger lateral extent increases the probability that the
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Figure 8. Correlation matrix of absolute bias (%) and six features: mean wind speed, standard deviation of wind direction, distance from the

source, controlled release rate, ∆θ, and the percentage of measurements outside ∆θ.

plume remains within the sampled region (flux plane) under changing wind directions, thereby reducing plume sampling loss

and associated under-bias. When the lateral extent of sampling is insufficient (i.e. not wide enough to capture all projections of340

the plume under variable wind conditions), even moderate fluctuations in wind direction can result in portions of the plume ad-

vecting outside the measurement plane, leading to increased absolute bias. These results highlight the importance of designing

sampling configurations that are robust to potential wind direction variability by ensuring sufficiently wide lateral coverage.

In other words, it is more important to sample more dead space (meaning a greater sampling time) than to miss a part of any

plume (meaning poorer overall accuracy and bias).345

In contrast, the distance between the controlled release point and the UAV measurement plane shows a negligible correlation

with the absolute bias within the range of distances sampled in this study. This indicates that for the controlled-release ex-

periments considered here, variations in downwind sampling distance do not systematically influence the agreement between

estimated and known fluxes. This is expected for any mass-balance approach, as the integrated flux through the measurement

plane should, in principle, be conserved with downwind distance, provided that the plume remains well captured within the350

sampling cross section.

Finally, the controlled release rate shows a moderate negative correlation with absolute bias (-0.28). As discussed previously,

lower release rates mean that emissions quantified by mass balance are implicitly more sensitive to environmental variability,

particularly wind fluctuations and background variability, and small absolute deviations can translate into large relative errors
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when expressed as a percentage. At higher release rates, similar absolute deviations correspond to smaller relative biases,355

resulting in improved agreement.

4 Conclusions

In this study, we evaluate a UAV-based mass-balance approach for methane emission quantification using single-blind controlled-

release experiments operated by the NPL at two UK sites: an isolated aerodrome in Bedford and an operational agricultural

facility, CEDAR, with measurement transects positioned downwind of the controlled release to avoid interference from adja-360

cent sources. Overall, methane releases spanned a wide range of emission rates (0.021-2.16 kg h−1 in Bedford and 8.3–40.6

kg h−1 in CEDAR) and included both point and extended source configurations representative of fugitive natural gas leaks,

agricultural (manure) and landfill emission scenarios.

Two complementary validation approaches were applied: analysis of flux results from individual flights to capture opera-

tional variability, and grouping of flights by release rate to assess underlying method performance. Overall, fluxes calculated365

using the method show good correlation but substantial scatter at the individual flight level (CEDAR: slope = 1.01, r = 0.84,

RMSE = 38.8%; Bedford: slope = 0.71, r = 0.85, RMSE = 46.2%) and improved agreement when averaged by release rate

(CEDAR: slope = 1.01, r = 0.94, RMSE = 19.9%; Bedford: slope = 0.68, r = 0.99, RMSE = 38.4%). This indicates that

averaging results from multiple flight surveys reduces random variability associated with environmental conditions while pre-

serving systematic biases. The systematic underestimation observed here is consistent with previous UAV-based studies and is370

primarily attributable to flight constraints that limit sampling in the near-surface region.

Analysis of the linear regression and correlation matrix results provides further insight into the conditions under which the

method performs most reliably. Mean wind speed emerges as the dominant environmental factor influencing agreement, with

higher wind speeds associated with reduced absolute bias, and a minimum wind speed threshold of approximately 2.2 m s−1

required to achieve biases below 50%. This highlights the importance of conducting UAV-based mass-balance measurements375

under sufficiently strong wind conditions (we recommend 2-5 m s−1 for setups similar to those in this study) to ensure effective

plume advection and sampling. By contrast, wind direction variability alone shows little direct influence on the bias; instead,

the results demonstrate that the robustness of the measurement geometry to such variability is critical. In particular, wider

lateral extent of the measurement plane significantly reduces plume loss under changing wind directions, underscoring the

need for survey sampling strategies that are tolerant to realistic wind variability.380

Within the range of experimental conditions investigated, the distance between the controlled release point and the UAV

measurement plane does not systematically affect agreement, consistent with mass conservation expectations when the plume

is adequately captured. The controlled release rate shows a moderate influence on relative bias, with lower emission rates

exhibiting greater sensitivity to atmospheric variability and measurement uncertainty, resulting in larger percentage bias errors.

Differences in precision and bias between the two experimental sites further demonstrate the importance of experimental385

design and flight strategy. Improved agreement observed during the CEDAR experiment is attributed in part to the use of auto-

mated waypoint flight paths and sampling further downwind, which enabled repeatable and objective sampling with consistent
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speed, altitude, and spatial coverage. Lower flight speeds increased plume sampling density and integration time, reducing

measurement variability and minimising the potential for wind error from anemometers onboard. Together with generally

higher release rates and stronger wind conditions, these factors contributed to improved performance relative to the manually390

flown Bedford experiment.

The improved performance observed after averaging is consistent with previous studies indicating that multiple flights per

release rate (e.g. n≥ 3) enhance representativeness by reducing the influence of environmental variability. Overall, this study

demonstrates that UAV-based mass-balance methods can provide accurate and robust methane emission estimates under con-

trolled conditions, provided that measurements are conducted under suitable wind regimes and that survey sampling strategies395

are designed to ensure sufficient spatial sampling and complete plume interception. Typical flux uncertainty using the mass bal-

ance method described in this work can be summarised as 20% for emissions >10 kg h−1, worsening to ∼40% for emissions

<2 kg h−1, based on RMSEs found for each site (and their respective emission range). In principle, this uncertainty could be

improved further for future work (should greater precision be required) with repeated measurement surveys, so long as emis-

sions can be expected to be static in time. These findings provide practical guidance for the planning of UAV deployments and400

the definition of data quality criteria for future applications targeting agricultural and landfill emission sources. To this end, we

have included a digital attachment to the paper, which includes the Python source code used to calculate fluxes in this work in

the hope that it can benefit others developing UAV mass balance approaches and build trust in emissions calculated using it by

stakeholders such as regulators, industry and those involved in greenhouse gas inventory compilation and validation.

Appendix A: Background CH4 concentration for mass balance405

To determine the background CH4 concentration, we analysed the distribution of CH4 measurements from each flight by

constructing a histogram of all recorded data points (Fig. A1). The background concentration was identified as the mode of the

distribution—the value with the highest frequency. Background measurements were obtained from the edges of the gas plume,

as the flight path was extended toward the plume’s outer limits.
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Figure A1. Histogram of CH4 measurements from Flight 16 on 15 May 2024. The modal concentration (red dashed line; 2.070 ppm) was

selected as the representative background CH4 concentration. The uncertainty range (black dashed line; 2.125 ppm) corresponds to ±1

standard deviation, visually estimated around the mode, and was used to propagate uncertainty in the flux calculations (see Sect. 2.2).
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One advantage of this approach is that it eliminates the need for upwind flights to estimate background concentrations, al-410

lowing for increased data collection within the plume itself (Yong et al., 2024). However, because both plume and background

points are included within the same dataset, the resulting distribution is skewed, making it difficult to clearly separate back-

ground from plume measurements. To address this, we manually selected the background range by identifying the point where

the left side of the distribution transitions into the tail. This range was selected to assess background variability, which allows

for estimating the uncertainty in the background concentration and, consequently, the flux calculation (see Equation 1).415
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