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Abstract. Quantifying methane emissions from lakes and wetlands remains a persistent challenge. Existing measurement ap-

proaches commonly sample only at distinct points (chambers) or integrate over poorly defined and meteorology-dependent

footprints (eddy covariance, flux-gradient methods). A different framework for methane-flux estimation from lakes and wet-

lands entails an aerial cylindrical mass-balance technique in which an aircraft with methane and wind sensors circumscribes

a methane source. This creates a control volume, allowing for the enclosed flux to be determined with Gauss’s divergence5

theorem. The suitability of this methodology has not been evaluated for uncrewed aerial systems (UAS). We conducted an

observing system simulation experiment (OSSE) that coupled a Gaussian-plume forward model with a simulated Gaussian

cylindrical-flux estimation over an idealized methane-emitting lake. Across three experiments, we tested the effects of (i)

receptor (points of collocated methane and wind measurements) grid resolution, (ii) methane contamination from a nearby

upwind lake, and (iii) the effects of sampling under evolving atmospheric stability, on retrieval accuracy and precision. We10

introduce nondimensional variables to represent the estimation error from these three effects for a broader set of system con-

figurations. Vertical-receptor resolution was the dominant control on retrieval accuracy, while azimuthal resolution primarily

affected precision relative to the vertical resolution. When a nearby lake (~0.1–10 km) with an upwind-methane source was

introduced to the simulation, this induced a systematic negative bias compared to the true methane flux. Under prescribed

atmospheric-stability transitions, retrieval accuracy degraded monotonically with increased mission duration, with the shortest15

flights (30 min) preserving the highest flux retrieval accuracy across all stability transitions tested. This is because shorter flights

more closely capture a snapshot of the environment before changes in the atmosphere can occur, which can skew methane-flux

estimates. However, repeating short flights and averaging the resulting source-flux retrievals improved precision over single

flights even across longer (12 h) atmospheric stability transitions. Within our nondimensional framework, signal-to-noise in-

creased retrieval accuracy, but by an amount that was determined by the geometry of the measured lake and observations. The20

OSSE framework presented here provides a quantitative basis for planning UAS methane-flux-measurement campaigns using

cylindrical mass-balance over lakes, wetlands, and possibly other heterogeneous natural methane sources.
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1 Introduction

Methane (CH4) is a major contributor to anthropogenic climate forcing and has accounted for 20% of observed warming since

pre-industrial times (Kirschke et al., 2013; Masson-Delmotte et al., 2021). A diverse array of sources contributes to atmospheric25

methane, including natural emissions (e.g., wetlands, lakes, pyrogenic sources, termites), anthropogenic emissions (e.g., rice

cultivation, ruminant livestock, oil and gas extraction, waste management), and feedback-driven emissions such as permafrost

thaw (Lan et al., 2021; Saunois et al., 2025). These sources differ markedly in magnitude, temporal dynamics, and spatial

extent. (Räsänen et al., 2021; Riquelme del Rio et al., 2024; Saunois et al., 2025; Allen et al., 2025). This poses a challenge

for accurately quantifying and modeling methane fluxes across source categories and reconciling bottom-up (e.g., chamber30

fluxes at ground level or process-based models) and top-down (e.g., atmospheric inversions) estimates (Desjardins et al., 2018;

Helmig and Caputi, 2025; Zhu et al., 2025; Basso et al., 2026). For example, measurement approaches optimized for confined

settings with high methane concentrations, such as enclosure chambers in livestock facilities or surface flux chambers, are

poorly transferable to spatially diffuse area sources (e.g., lakes and wetlands) which result in low methane concentrations

(Hristov et al., 2018; Rodríguez-García et al., 2023). Reconciling methane-flux estimation across scales demands a suite of35

measurement technologies and conceptual frameworks capable of bridging e.g., point-scale, ecosystem-scale, and regional-

scale flux estimation. Despite substantial methodological advances on this front, significant gaps remain in our ability to

accurately quantify methane fluxes across the full diversity of source types and environments (Malone et al., 2021; Allen et al.,

2025).

Lakes and natural wetlands rank among the largest natural sources of the global atmospheric methane budget where bottom-40

up estimates report 248[159− 369]TgCH4 yr
−1, or 37% of the global emissions (Saunois et al., 2025). Lakes and wetlands

produce methane due to persistently high-water saturation that generates anoxic conditions necessary to sustain methanogenic-

microbial communities (Bridgham et al., 2013). These natural systems have methane fluxes than span several orders of mag-

nitude, 0− 103mgCH4m
−2d−1 (Ortiz-Llorente and Alvarez-Cobelas, 2012). Critically, wetland landscapes often comprise

mosaics of inundated wetland, drier upland soils, open water bodies (including lakes and ponds), forested areas, and other land45

cover types (Lehner and Döll, 2004; Olefeldt et al., 2021). This environmental heterogeneity occurs on spatial scales that are

comparable to, or smaller than, the footprints of many atmospheric trace-gas flux methods, posing a fundamental challenge for

estimating both fine-scale and regional methane fluxes.

At the small spatial scale, chamber measurements capture surface–atmosphere flux at discrete points (Hutchinson and

Mosier, 1981; Rodríguez-García et al., 2023). Chamber flux measurements on shallow-lake shorelines or within individual50

wetlands often vary by orders of magnitude over distances of only a few meters, f.e. driven by peat or organic horizon depth

(Köster et al., 2017), hydrological connectivity (Rey-Sanchez et al., 2019), local energy balance (Yvon-Durocher et al., 2014;

He et al., 2025), and variability in subsurface methanogen-community structure (Arnold et al., 2023; Rozmiarek et al., 2025).

This extreme flux variability makes upscaling from discrete points to landscape-scale (~1–100 km2) problematic and has led

to widely varying empirical upscaling schemes (Forbrich et al., 2024; Zhu et al., 2025). Currently, there is little consensus on55

the sampling techniques required for robust landscape-scale flux estimates.
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Eddy covariance (EC) has proven effective in providing continuous, local-scale methane flux estimates over lakes and wet-

lands (~0.01 to 1 km2), by correlating high-frequency vertical wind fluctuations with methane concentration to resolve tur-

bulent exchange (Aubinet et al., 2012; Feron et al., 2024). However, eddy-covariance fluxes are associated with dynamic and

meteorology-dependent spatial footprints that vary with wind direction, wind speed, and atmospheric stability, often extend-60

ing beyond the nominal wetland or lake into adjacent land covers (Matthes et al., 2014). In heterogeneous lake and wetland

mosaics, or for small water bodies, the complex and time-varying EC flux footprint complicates unambiguous attribution of

measured fluxes to specific methane-emitting surfaces and processes (Metzger, 2018).

Airborne measurement platforms, including crewed aircraft and uncrewed aerial systems (UAS, i.e. drones), extend the ac-

cessible spatial domain for methane-flux estimation, while providing additional flexibility in sampling geometry. There are65

multiple options for airborne flux estimation. 1) Downward-pointing spectrometry methods employ passive imaging spectrom-

eters or active laser-based retrievals. Passive spectral retrievals may be limited by surface albedo constraints over open water

(Elder et al., 2020), while active systems offer improved performance but are currently limited to crewed aircraft (Barton-

Grimley et al., 2022). 2) Flux-gradient methods estimate vertical turbulent flux from the product of the vertical concentration

gradient and an inferred eddy diffusivity (Maier and Schack-Kirchner, 2014) but remain sensitive to footprint attribution. This70

challenge intensifies at higher flight altitudes as enhanced atmospheric mixing integrates emissions over progressively larger

areas. 3) Flux-plane methods integrate the downwind-methane flux through a vertical curtain (plane) oriented perpendicular to

the mean wind (Barkley et al., 2017; Mohammadloo et al., 2025). Such approaches partially circumvent footprint ambiguity

but introduce two additional complications: the requirement to accurately characterize a background-methane concentration

against which fluxes are measured, and the need to fully capture the lateral and vertical extent of the plume during sampling.75

To date, these methods have been applied to point-source anthropogenic sources (e.g., smokestacks, natural gas infrastruc-

ture leaks, (France et al., 2021; Mohammadloo et al., 2025) and to landscape-scale such as wetlands (~1–1,000 km2, Barker

et al. (2021)). Their suitability for small (~0.01–10 km2) area sources such as lakes and individual areas of inundation within

wetlands is not well established.

Conley et al. (2017) introduced an aerial mass-balance approach in which a cylindrical atmospheric control volume is estab-80

lished above a methane point source. Measurements taken on the cylindrical atmospheric control volume are similar to those

of flux-plane methods but distributed azimuthally around a methane source. The Conley et al. (2017) method (hereafter the

cylindrical-flux method) applies Gauss’s divergence theorem to relate an unknown surface emission to the net flux through

the lateral surface of the cylinder. Sampling both upwind and downwind sectors on the cylinder inherently removes the need

to quantify background concentrations (Conley et al., 2017). The cylindrical-flux method offers key advantages for hetero-85

geneous area sources such as lake and wetland mosaics. Unlike flux-gradient and flux-plane techniques, the cylindrical-flux

method explicitly bounds a finite control volume and simultaneously characterizes background methane mole fraction. How-

ever, the performance of cylindrical mass-balance retrievals has been demonstrated only for high-emission point sources to

date. Whether the approach holds for area sources such as lakes, nearby contaminating sources outside the control volume, or

UAS platforms operating under transient boundary-layer conditions remains largely untested.90
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To evaluate the feasibility and accuracy of the cylindrical-flux method for methane emissions from lakes, we conduct an

observing system simulation experiment (OSSE) that couples a forward representation of methane dispersion over an idealized

circular lake with a Gaussian cylindrical flux retrieval. In this OSSE, we prescribe a lake-averaged methane flux and simulate

a resulting atmospheric plume under idealized, yet meteorologically realistic conditions. We emulate UAS sampling on a

cylinder surrounding a lake and apply the cylindrical-flux method to retrieve the lake-integrated flux (Conley et al., 2017).95

We systematically quantify the accuracy and precision of lake-flux retrieval by exploring three effects: (1) the spatial and

temporal resolution of sampling, (2) contamination from downwind area sources outside the control volume, and (3) plume

perturbations due to atmospheric transience. We then abstract varying system configurations with nondimensional variables

to make error approximation generalizable to different system configurations. These analyses yield quantitative guidance for

designing UAS missions that seek to retrieve area-integrated methane fluxes from lakes and other heterogeneous area sources100

using the cylindrical-flux method.

2 Methods

The OSSE couples a forward plume model with an inverse retrieval which simulates the act of measuring the plume. The OSSE

forward component used a Gaussian-plume model to generate synthetic methane concentration fields over an idealized circular

lake. In the measurement simulation, these fields are sampled at discrete points on a surrounding cylinder wall, emulating an105

orbiting UAS performing measurements of methane mole fraction with wind velocity and direction at the cylindrical boundary

(Fig. 1). A mass-balance retrieval (Conley et al., 2017) then recovers the prescribed lake flux from those simulated measure-

ments. Across our three experiments, we use a common lake geometry, plume dispersion parameterization, model for synthetic

sensor measurements, and retrieval method. Experiments differ only in the atmospheric states applied in the forward model

and the receptor (points of collocated methane and wind measurements) spatial and temporal configuration in the retrieval. The110

following subsections describe each component of the OSSE framework and then present the design of each experiment.

2.1 Cylindrical mass-balance flux retrieval

2.1.1 Derivation from the scalar continuity equation

The cylindrical mass-balance retrieval follows the approach introduced by Conley et al. (2017) for aircraft-based methane-

source quantification and is adapted here for application to area sources sampled by UAS. We begin with the integral form of115

the scalar budget equation for a passive, conservative tracer with mass concentration c in a turbulent flow field u= ûi+vĵ+wk̂.

For a fixed control volume V , the budget takes the form:

Qc = ⟨∂m
∂t

⟩+
∫∫∫

V

∇ · (cu)dV, (1)
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Figure 1. Conceptual diagram for the cylindrical-flux method. (a) Top-down schematic of the target lake and the cylindrical measurement

ring used in the method. The blue disk represents the lake surface, the dark circular outline marks the lateral control surface, and points

show discrete receptor locations sampled around the ring. The curved arrow indicates the azimuthal sampling direction and highlights that

the continuous control surface is approximated by finite angular sampling. (b) Isometric schematic of the cylindrical sampling geometry

surrounding the lake. Stacked receptor rings represent measurements at multiple heights along the lateral control surface. The green vertical

arrow represents the lake-to-atmosphere methane flux being inferred from the measured concentration and wind field on the surrounding

control surface. (c) Schematic of the cylindrical control volume used to convert measured methane enhancements and winds into a lake-scale

flux estimate. The lateral surface is divided into azimuth-height receptor cells with a top cap to illustrate numerical integration over the

control-volume boundary. Orange arrows show outward-facing lateral surface normals used to compute advective flux through each face;

gray arrows indicate the wind/transport direction.

where Qc is the net source of the tracer within V (here, the lake surface methane flux integrated over the lake area), ⟨∂m/∂t⟩ is

the time rate of change of the total tracer mass m within the volume, and the volume integral represents the total flux divergence120

of cu within V . The scalar flux divergence can be decomposed into two terms:

∇ · (cu) = u · ∇c+ c∇ ·u. (2)

The first term on the right-hand side represents advection of the scalar gradient by the wind, while the second is proportional

to the horizontal wind divergence. Conley et al. (2017) performed a scale analysis of advection and divergence using typical

convective boundary-layer parameters and showed that the divergence term is at least an order of magnitude smaller than the125

gradient term for all but the weakest sources at low wind speeds (their Fig. 2), scaling as D/L where D is the magnitude of

the horizontal divergence and L is the characteristic plume length scale. In Experiment 2, we will explicitly test the effect of

the divergence term by introducing a contaminating plume not included in their framework.

We apply a Reynolds decomposition to the scalar field. Following Conley et al. (2017), we write c= C + c′, where C is

the mean concentration around a closed flight loop at a given altitude and c′ is the departure from that loop mean. Subtract-130
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ing the loop-mean concentration does not alter the gradient term, because ∇C = 0 around any closed path. Substituting this

decomposition into Eq. (2) yields:

uh · ∇c+ c∇ ·uh = uh · ∇c′ (3)

where uh = ûi+ vĵ is the horizontal wind vector. The volume integral in Eq. (1) therefore simplifies to
∫∫∫

V
∇ · (c′u)dV .

We now apply Gauss’s divergence theorem to convert this volume integral to a surface integral over the closed surface S bound-135

ing V :

Qc = ⟨∂m
∂t

⟩+
∫∫∫

V

∇ · (c′u)dV = ⟨∂m
∂t

⟩+
∮

S

c′u · n̂dS (4)

where n̂ is the outward-pointing unit normal on S. In our cylindrical scheme, the surface S can be decomposed into three

elements: the ground surface at z = 0 (through which Qc is emitted and through which no other significant flux enters or

leaves), the lateral cylindrical wall, and a horizontal cap at z = zmax. If the cylinder extends sufficiently above the plume that140

no tracer flux crosses the cap, the surface integral reduces to a lateral integral only:

∮

S

c′u · n̂dS =

zmax∫

0

∮

l

c′uh · n̂dldz (5)

where l is the closed flight path at each altitude. Combining Eqs. (4) and (5), we obtain the working equation for the

cylindrical mass-balance retrieval:

Qc = ⟨∂m
∂t

⟩+
zmax∫

0

∮

l

c′uh · n̂dldz. (6)145

Along each closed path, the instantaneous outward horizontal flux of the concentration is computed and integrated around

the loop; summing these loop integrals over the altitude range yields the total horizontal flux divergence via Gauss’s theorem.

The storage term ⟨∂m/∂t⟩ represents the time rate of change of tracer mass within the cylinder.

In the present study, we make the quasi-steady approximation ⟨∂m/∂t⟩ ≈ 0 and assume that the vertical flux through the

cylinder cap is zero, so that Eq. (6) reduces to a balance between the surface source and the net lateral advective flux of the150

concentration perturbation:

∫∫

Alake

Fsurface dA≈
zmax∫

0

∮

l

c′uh · n̂dldz (7)
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where Fsurface is the (in general spatially varying) surface methane flux; the spatially uniform value F0 prescribed in our

experiments (Sect. 2.1.3) is the special case Fsurface ≡ F0. Equation (7) states that the area-integrated lake emission equals the

net outward horizontal flux of methane enhancement through the lateral surface of the enclosing cylinder. This formulation155

inherently resolves the ambient background concentration, because the upwind sector of the cylinder, where c′ < 0 relative to

the loop mean, contributes negative flux that offsets the enhanced downwind sector, yielding a net lateral flux proportional only

to the internal source.

2.1.2 Discrete quadrature on the cylindrical control surface

In practice, the continuous lateral integral in Eq. (4) is approximated by a finite set of receptor positions distributed as cells160

on the outer cylindrical surface. Receptors are the location of both methane and wind measurement and may be interpreted

as the average measurement values of a traveling UAS along the receptor cell. Receptors are placed on a single ring of ra-

dius Router centered on the lake at discrete azimuthal positions θj and repeated at height levels zk. The discrete lateral cell area

element represented by the receptor at position (j,k) is

∆Aj,k =Router∆θ∆zk (8)165

where ∆θ = 2π/naz is the uniform azimuthal spacing and ∆zk is the height-band thickness assigned to level k by a midpoint

rule. Under this rule, the lowest height band extends from the surface to the midpoint between the first and second receptor

levels, and the uppermost band is mirrored symmetrically above the highest receptor, so that the full column from the surface

to the cylinder top is partitioned without gaps.

The discrete lateral mass flux is then accumulated as170

Qlat =
∑

j

∑

k

ρc,j,k vr,j∆Aj,k (9)

where ρc,j,k is the methane mass concentration at receptor (j,k), obtained by converting the measured mole fraction (in

ppb) to mass concentration using the local air density and molar masses and vr,j = Uj cos(θj −wdto) is the outward radial

component of the horizontal wind. The retrieved lake-mean surface flux thus

Fret =
Qlat

Alake
(10)175

where Fret is reported in mgCH4m
−2d−1.

2.1.3 Control volume geometry

All experiments used the same idealized lake and control volume configuration. The target lake was represented as a flat circular

disk of diameter 100 m (rlake = 50 m). The outer receptor ring was placed 10 m beyond the lake edge ensuring that the receptor
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ring fully encloses the source while maintaining a practically achievable proximity for UAS operations. In temperate lakes,180

this is an appropriate choice. In boreal and Arctic lakes however, care should be taken as methane emissions are known to

persist radially outwards from a lake’s margin (Elder et al., 2020). Receptor positions are defined in a meteorological azimuth

convention relative to the lake center (0◦ = north, 90◦ = east).

The prescribed lake-mean methane flux was spatially and temporally uniform at F0 = 50mgCH4m
−2d−1, a value represen-

tative of moderately productive boreal and temperate lakes (Bastviken et al., 2011). This uniform-flux formulation represents185

a lake-mean effective surface emission rather than explicitly resolving sub-lake heterogeneity due to littoral enhancement or

ebullition hotspots.

2.2 Gaussian plume forward model

2.2.1 Point-source kernel

Synthetic methane concentration fields were generated using a Gaussian plume model. For a ground-level point source with190

perfect ground reflection, the steady-state concentration enhancement at a receptor located at downwind distance xd, crosswind

distance yc, and height z is

C(xd,yc,z) =
Q

πσy(xd)σz(xd)U
exp

(
− y2c
2σ2

y

)
exp

(
− z2

2σ2
z

)
(11)

where Q is the emission rate, U is the reference wind speed used in plume dilution, and σy and σz are the lateral and vertical

dispersion coefficients, respectively.195

The Gaussian plume model was chosen because it provides a smooth, analytically tractable concentration field against

which the inverse retrieval can be tested under controlled conditions. The purpose of the OSSE is to probe the sensitivity of

the retrieval to sampling geometry, atmospheric stability, and contamination, not to reproduce the structure of real turbulent

plumes. For these objectives, the Gaussian plume is a well-understood forward model (Pasquill and Smith, 1983).

2.2.2 Dispersion parameterization200

Lateral and vertical dispersion were parameterized using the Pasquill–Gifford classification with Briggs rural dispersion coef-

ficients (Briggs, 1973; Turner, 2020):

σy(x) =
ay x√
1+ by x

(12)

σz(x) = az x(1+ bz x)
pz (13)

where the coefficients ay , by , az , bz , and pz are specific to each Pasquill stability class. The Briggs rural parameterization205

was selected as appropriate for the open-terrain, low-roughness environment surrounding a lake. Four stability classes were
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employed across the three experiments: class B (moderately unstable), class C (slightly unstable), class D (neutral), and class F

(moderately stable). A visualization of plume structure as a function of stability class can be seen in Supplementary Fig. S3. In

Experiments 1 and 2, the Pasquill class was held fixed within each scenario; in Experiment 3, the dispersion coefficients were

interpolated between endpoint classes as described in Sect. 2.6. For our treatement of non-dimensionalization, coefficients are210

averaged for the duration of an individual flight profile.

2.2.3 Area-source integration

The circular lake was represented as a superposition of point sources distributed across its surface. The source disk was

discretized into Nr = 20 concentric radial rings and Nϕ = 36 azimuthal sectors, and the concentration enhancement at each

receptor was computed by summing the point-source contributions from all source elements:215

Ci =

Nr∑

m=1

Nϕ∑

n=1

Cpt (xd,mn, yc,mn, zi)F0 δAmn (14)

where Cpt is the point-source kernel (Eq. (11)) evaluated at the downwind and crosswind distances from source ele-

ment (m,n) to receptor i, F0 is the prescribed surface flux, and δAmn is the area of the source element. The emission rate Q in

Eq. (11) is replaced by F0 δAmn for each element. Convergence tests confirmed that the default quadrature of 20 radial rings

and 36 azimuths (720 source elements) was sufficient to represent the concentration field to within 1% of a finer reference220

solution.

2.2.4 Meteorological conditions

All experiments prescribed a spatially uniform, height-invariant horizontal wind field with a reference speed of U = 2ms−1 and

a mean wind-from direction of 225◦ for visualization (southwesterly). A wind speed of 2 ms−1 is representative of the light-

wind conditions under which multirotor UAS operations are most practical and during which stable stratification, the regime225

that most challenges the retrieval, is most commonly encountered (Stull, 2012). The height-invariant wind assumption means

that stability effects in the forward model manifest exclusively through the dispersion geometry (Eqs. 12–13), rather than

through vertical wind shear. This is a deliberate simplification that isolates the role of plume shape in retrieval performance.

2.3 Sensor representation

Simulated UAS methane mole fraction measurements were generated by applying an instrument noise model representative of230

the LI-COR LI-7810 trace gas analyzer to the Gaussian plume. The LI-COR LI-7810 is a heavy instrument (10.5 kg) which

requires a heavy-lift drone to operate. However, it has high precision and accuracy, useful for determining the upper limit of

what is possible with portable gas samplers. The effective measurement precision at a given dwell time tdwell (the time spent

sampling at each receptor position) was modeled as

9
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σc,receptor(tdwell) = max

(
σ1s√
tdwell

, σfloor

)
(15)235

where σ1s = 0.60ppb is the 1-second precision and σfloor = 0.25ppb is the minimum precision achievable through extended

averaging. The simulated measurement at each receptor is then sampled from random Gaussian noise.

Wind measurement uncertainty was represented at the retrieval stage as Gaussian perturbations to the wind speed and di-

rection supplied by the forward model, with standard deviations of σU = 0.3 ms−1 and σwd = 10◦, respectively. These values

are consistent with the accuracy of lightweight UAS anemometry systems under moderate wind conditions (Thielicke et al.,240

2021). After perturbation, the wind speed at each height level was averaged across all azimuthal positions at that level. This

assumption is consistent with the assumption that there is minimal variation in wind across the x and y dimensions. No GPS

position error was applied.

2.4 Experiment 1: Effects from receptor resolution

2.4.1 Motivation245

During a real UAS measurement profile, azimuthal resolution along the flight path is governed by the platform’s airspeed and

the temporal averaging applied in post-processing, while vertical resolution is set by the spacing of flight levels in the ascending

or descending profile. These two dimensions of the receptor grid may have asymmetric effects on retrieval performance and

trade off differently against total mission duration. This experiment isolated the relationship between the spatial discretization

of the cylindrical control surface and the resulting retrieval accuracy and precision under a fixed, steady atmosphere, with all250

other sources of variability held constant.

2.4.2 Experimental design

The candidate receptor designs comprised the Cartesian product of seven azimuthal sampling counts (naz ∈ {8,16,24,36,48,72,96}),

six vertical level counts (Nz ∈ {5,10,20,25,40,50}), and three Pasquill stability classes (B, D, F), yielding 126 design–class

combinations. For a given Nz , vertical receptor levels were placed at the midpoints of equal-height bins spanning the column255

from the surface to Htop = 100 m:

zk =
(2k− 1)

2Nz
Htop,k = 1, . . . ,Nz (16)

so that the vertical spacing was ∆z =Htop/Nz . The Gaussian forward plume was generated once for each design–class

combination under a fixed wind speed of 2 ms−1 and wind direction of 225◦. The resulting truth field was then held con-

stant across 100 replicates, each of which applied an independent realization of sensor noise represented by the first standard260

deviation before running the cylindrical mass-balance retrieval with height-averaged observed wind.
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2.5 Experiment 2: Nearby-lake contamination

2.5.1 Motivation

In heterogeneous wetland–lake landscapes, methane sources other than the target lake may lie in close proximity to the control

volume. The cylindrical mass-balance formulation should, in principle, suppress flux from external sources that enters and265

subsequently exits the cylinder without contributing net divergence. However, because the retrieval resolves only the advective

component of the lateral flux (Eq. 4), flux that diffuses across cylinder faces orthogonal to the mean wind may not be fully ac-

counted for, producing a systematic bias. This experiment tested the control volume technique’s ability to reject contamination

from a nearby upwind lake as a function of inter-lake separation distance and atmospheric stability.

2.5.2 Experimental design270

The target lake retained a diameter of 100 m and a prescribed flux of 50 mgCH4m
−2d−1. A secondary lake of diameter

50 m was placed directly upwind of the target at an azimuth of 225◦ (aligned with the mean wind-from direction), with the

same source flux as the target lake. The center-to-center separation between the two lakes was varied from 200 to 1000 m in

increments of 100 m. Three Pasquill stability classes were tested (C, D, and F), and the receptor grid comprised 96 azimuthal

positions and 27 height levels spanning 0.1–20 m.275

For each stability class, a clean baseline retrieval was first generated using the same lake, receptor geometry, and meteorology

but with no secondary source present. For each class–distance combination, 100 replicates were then run with contaminated

truth fields that included concentration contributions from both the target and nearby lakes. To isolate the contamination ef-

fect, the same sensor noise seed was applied to both the contaminated and paired clean retrievals within each replicate. The

contamination-induced bias was defined as280

Biascontam =
Fret,contam −Fret,clean

F0
× 100%. (17)

Additionally, a lateral exit fraction was computed which partitioned the contamination flux into inward and outward compo-

nents through the cylinder wall:

fexit =

∑
i:Ccontam,i vr,i>0Ccontam,i vr,i∆Ai

|∑i:Ccontam,i vr,i<0Ccontam,i vr,i∆Ai |
× 100%. (18)

A lateral exit fraction of 100% indicates that all contaminant methane entering the control volume through the upwind face285

also exits through the downwind face, producing zero net contamination of the retrieved target-lake flux. Values below 100%

indicate that some portion of the contaminant flux is not recovered by the retrieval.
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2.6 Experiment 3: Sampling under evolving atmospheric stability

2.6.1 Motivation

The cylindrical mass-balance retrieval (Eq. 4) treats all measurements on the control surface as ‘simultaneous’ which is not290

true for a real mission. For a UAS sequentially visiting thousands of receptor positions over tens of minutes to hours, the

atmospheric state, including wind speed, wind direction, and stability, may evolve appreciably during the mission, causing the

plume structure observed at early receptor visits to differ from that at later visits. Because the retrieval collapses all observations

to a single integral, it cannot distinguish a spatial concentration gradient (which contains flux information) from a temporal

change in the plume (which does not). This experiment quantified the resulting non-simultaneity bias as a function of mission295

duration and the rate of atmospheric change, with wind measurement uncertainty disabled to isolate the temporal effect.

2.6.2 Atmospheric stability transition model

Atmospheric evolution was represented as a smooth, prescribed transition between two Pasquill stability endpoint classes

over a 12-hour window, intended to represent the diurnal stabilization of the boundary layer from midday through evening.

Pasquill classes were assigned for constructing smooth synthetic transitions; these values are not intended as observational300

class boundaries. Each Pasquill class was mapped to a Monin–Obukhov stability parameter, ζ (Golder, 1972):

ζA =−2.0, ζB =−1.0, ζC =−0.5, ζD = 0.0, ζE = 0.5, ζF = 2.0 (19)

and the stability coordinate was linearly interpolated through the transition. The same interpolation was applied to linearly

blend the Briggs dispersion coefficients (Eqs. 12–13) between the start and end classes. This stability transition model is

heuristic rather than prognostic: it does not solve the surface energy balance or evolve the boundary layer depth, and the nominal305

stability coordinates (Eq. 19) serve only to create a smooth continuum between discrete Pasquill classes in the dispersion

coefficient space. Three stability transitions were considered, representing increasingly strong shifts toward stable stratification:

B→D, C→D, and C→F.

2.6.3 Empirical wind variability from AmeriFlux

To represent realistic, stability-dependent variability in wind speed and direction during the simulated missions, we parameter-310

ized 30-minute wind statistics as functions of the ζ using eddy-covariance data from the AmeriFlux BASE network (Pastorello

et al., 2020). Half-hourly records from multiple sites at all tower heights (~2-40 m) were pooled, retaining only observa-

tions that satisfied the following quality criteria: horizontal wind speed ≥ 1 ms−1; quality-control flag ≤ 1 when available;

finite and nonzero Monin–Obukhov length L; finite lateral and longitudinal velocity standard deviations (Uσ , Vσ); turbulence

intensity TI = Uσ/U ≤ 10; and wind-direction standard deviation | σθ |≤ 90◦, calculated from (Belušić and Mahrt, 2008):315
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σθ ≈
Vσ

U

180◦

π
. (20)

The retained records were expressed in terms of ζ = z/L, clipped to the range [−5, 5], and binned into 40 equal-width ζ in-

tervals. Within each bin, the median values of Uσ and σθ were computed, and piecewise-cubic functions were fit to the bin

medians to obtain continuous relationships σu(ζ) and σθ(ζ).

At each 30-minute meteorological boundary during a simulated mission, wind speed and direction were drawn from Gaus-320

sian distributions centered on the prescribed mean values (Umean = 2 ms−1, WDmean = 225◦). Wind speed, wind direction,

and Briggs dispersion coefficients were then linearly interpolated to the exact sampling time of each receptor visit within the

30-minute interval.

2.6.4 Sequential sampling design

The default receptor grid comprised 96 azimuthal positions and 27 height levels spanning 0.1–20 m above the surface, for a total325

of Nsamples = 2592 receptor visits per mission. An adaptive vertical spacing was adopted, with finer resolution concentrated in

the lowest meters above the surface to resolve the near-surface concentration gradient that dominates the flux signal under

stable conditions. Receptors were visited in a deterministic sequence of increasing height and then increasing azimuth within

each height level. The dwell time at each receptor was calculated to match a desired mission length divided by the total number

of receptors. At each receptor, the interpolated wind speed, wind direction, and blended Briggs dispersion coefficients were330

evaluated, and the Gaussian plume model generated the instantaneous concentration enhancement at that receptor. Sensor noise

was then applied. Mission durations of 30-720 minutes were tested for each of the three stability transitions. Each transition–

duration combination was replicated 20 times with independent realizations of the stochastic wind variability to determine

precision which is reported as the first standard deviation from the mean.

2.6.5 Repeated-profile strategy335

As an alternative to a single extended mission within a changing atmosphere, a series of shorter profiles can be repeated

within the same observation window and their independent retrievals averaged. For a sub-flight duration Tsub, the 12-hour

transition window was partitioned into Nrep = ⌊Ttrans/Tsub⌋ sequential flights, each traversing the full receptor grid, indepen-

dently inverted, and the resulting flux estimates averaged. This strategy tests whether temporal averaging of multiple quasi-

instantaneous snapshots, each individually noisier but less affected by atmospheric evolution, yields better overall accuracy340

and precision than a single prolonged integration. The same set of sub-flight durations and stability transitions was evaluated

as for the single-flight analysis, allowing direct comparison of the two sampling strategies.
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2.7 Nondimensionalizing signal-to-noise and geometry

2.7.1 Motivation

We extend the range of parameterizations found in Experiments 1-3 to evaluate the expected error from different combinations345

of lake geometry, atmospheric stability, sensor precision, wind speed, and flight duration. We recast the cylindrical-flux retrieval

in terms of two nondimensional quantities. The first quantity, ΠS , describes whether the methane measurement at the control

surface is large relative to the effective measurement noise. The second quantity, ΠG, describes the size of the lateral extent

of the plume relative to the radius of the cylindrical control surface. Together, these variables provide a practical framework

to determine the expected error of a proposed lake survey within the Gaussian framework of this paper before conducting a350

measurement campaign.

2.7.2 Signal-to-noise, ΠS

The signal-to-noise coordinate ΠS is derived from a source-strength leading to a receptor ring-averaged concentration, and an

effective retrieval-noise. For a circular lake of radius rL emitting a spatially uniform lake-mean methane flux F0 with units of

mass per lake area per time, the total methane emission rate is355

Qlake = F0πr
2
L (21)

where Qlake is the total source strength with units of mass per time.

The cylindrical retrieval samples methane concentration on a control surface of radius Router surrounding the lake. We

characterize the signal as the ring-averaged concentration enhancement above background, ⟨∆C⟩. If the methane is advected

outward at mean wind speed U and has a vertical Gaussian dispersion scale σz(Router) at the ring, the effective lateral flow area360

is circumference times cylinder height:

Aeff = 2πRouter
√
2πσz(Router) (22)

where Aeff is the plume-weighted cross-sectional area through which the ring-averaged methane enhancement is transported.

The factor
√
2π comes from integrating the Gaussian vertical profile over height (Eq. 23):

∞∫

−∞

e−z2/(2σ2
z)dz =

√
2πσz (23)365

Equating the advective methane flux through the effective lateral area to the total lake source gives:

Qlake = ⟨∆C⟩UAeff (24)

14

https://doi.org/10.5194/egusphere-2026-3109
Preprint. Discussion started: 13 July 2026
c© Author(s) 2026. CC BY 4.0 License.



Solving for the characteristic ring-averaged enhancement,

⟨∆C⟩= Qlake

UAeff
=

F0πr
2
L

2π
√
2πRouterUσz(Router)

(25)

which simplifies to:370

⟨∆C⟩= F0r
2
L

2
√
2πRouterUσz(Router)

(26)

The effective sensor noise depends on the averaging time assigned to each receptor and the number of receptor locations

sampled during the flight. We modify Eq. 15 to account for instruments with different sampling rates. Let σ1Hz be the one-

sigma concentration noise at 1 Hz, fs be the sample rate, and τdwell be the dwell time at one receptor. The number of samples

averaged at one receptor is:375

Nsamples = τdwellfs (27)

the uncertainty in a receptor-mean concentration follows as:

σc,receptor =
σ1Hz√
τdwellfs

(28)

For Ntotal =NazNz receptor locations, where Naz is the number of azimuthal positions and Nz is the number of vertical

levels, independent sensor noise reduces the retrieval-level noise on the ring-averaged concentration according to380

σc,retrieval =
σc,receptor√

Ntotal
=

σ1Hz√
Ntotalτdwellfs

(29)

If the total flight duration is partitioned equally across receptors, then

τflight =Ntotalτdwell (30)

and the retrieval-level concentration noise becomes

σc,retrieval =
σ1Hz√
τflightfs

(31)385

Thus, under the white-noise and equal-dwell assumptions, the noise-limited retrieval signal-to-noise ratio depends on the

total flight time rather than on how that time is partitioned among receptors.
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The resulting dimensionless signal-to-noise ratio ΠS is

ΠS =
⟨∆C⟩

σc,retrieval
(32)

Substituting the signal and noise scales gives390

ΠS =
F0r

2
L

√
τflightfs

2
√
2πRouterUσz(Router)σ1Hz

(33)

High ΠS indicates that the ring-averaged methane enhancement is large relative to the retrieval measurement noise. Low

ΠS indicates that the retrieval is noise limited and that no geometric sampling design can reliably recover the flux without a

stronger source, longer integration time, lower wind speed, or more precise sensor.

2.7.3 System geometry, ΠG395

The second nondimensional variable, ΠG, describes the lateral extent of the methane signal relative to the control-volume ra-

dius. For a circular source, the signal width on the receptor ring is controlled by both source-receptor geometry and atmospheric

dispersion. A useful envelope scale for the plume width wplume at the receptor ring is:

wplume(Router)≈ 2rL +2σy(Router) (34)

where σy(Router) is the lateral dispersion scale at the ring. Normalizing by the diameter scale of the control surface gives400

ΠG =
wplume

2Router
=

rL +σy(Router)

Router
(35)

Values of ΠG ≈ 1 indicate that the signal envelope is comparable to the radius of the control surface. Values above one

indicate that lateral signal extent is large relative to the ring radius and that mass may be poorly bounded by the sampled

cylinder. Values much smaller than one indicate a narrower signal, but not necessarily a uniformly better retrieval, because

narrow plumes can be more sensitive to azimuthal sampling and wind-direction variability.405

2.7.4 Nondimensional parameter sweep setup

To evaluate the relationship of nondimensional parameters ΠS and ΠG to a variety of different lake and retrieval situations,

we sweep across parameters in a changing atmosphere as in Experiment 3. The dimensionless sweep used a receptor design of

96 azimuths and 27 height levels. We varied lake flux F0 from 5 to 500 mgCH4m
−2d−1, lake radius rL from 10 to 1000 m,

wind speed U from 2 to 5 ms−1, and mission duration τflight from 30 to 90 min. We assign Router as a ratio to rL from 1.01 to410

3. A Cartesian product of these combination results in 236,250 system configurations. Each configuration used a single flight
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beginning at the start of an atmospheric stability transition. We use the same LI-COR LI-7810 trace gas analyzer to define σ1Hz

and set fs = 1. Similar to Experiment 3, we include B–D, C–D, and C–F stability transitions. Reverse transitions F–D and D–B

are considered in Supplementary Fig. S6.

Calculated ΠS and ΠG from the parameter sweep were then summarized for each atmospheric-transition case within 20×20415

bins for each nondimensional variable (Fig. 6). Within each bin, retrieval RMSE for each ΠS and ΠG combination from a set

of parameters was calculated between retrieved and prescribed lake-mean flux, F0. We additionally calculate the standard

deviation within each bin, but only for bins containing at least five ΠS and ΠG cases. Thus, each ΠS and ΠG bin represents the

aggregate retrieval performance of all dimensional lake, flux, wind-speed, ring-radius, and flight-duration combinations that

map to that region of nondimensional space.420

3 Results and discussion

3.1 Quadrature error from receptor cell resolution

In our first experiment, we evaluated quadrature error, defined here as the relationship between the spatial resolution of the

control-volume receptor grid and the resulting precision and accuracy of the retrieved flux. During a real measurement profile

using a UAS platform on a cylindrical control volume, methane mole fraction is typically measured at a fixed instrument425

cadence, so the operator must decide how to average the resulting data stream through time. Consequently, the spatial-sampling

resolution along the UAS flight path is set by the airspeed of the UAS together with any temporal averaging applied in post-

processing of the methane data. In contrast, the vertical resolution of UAS orbits on the cylindrical control volume alters the

spatial resolution beyond that of airspeed and temporal averaging. We therefore distinguish the number of azimuthal-sampling

increments (as defined from the center of the cylindrical control volume), which relates to the time the UAS spends translating430

along an orbit (e.g., if the UAS is moving slowly, more azimuthal-sampling increments can be defined, while the reverse is true

if traveling fast), from the number of vertical levels used to discretize the 100 m cylindrical control volume.

The sensitivity of flux retrievals to receptor-cell resolution is shown in Fig. 2. In general, both accuracy and precision

improved with increasing receptor resolution, but the scaling of accuracy and precision differed between azimuthal and vertical

refinement. Increasing the number of azimuthal increments primarily increased precision at fixed vertical resolution (e.g., for435

stability class B at 50 vertical levels on a 100 m cylindrical control volume, ±6.03 mgCH4m
−2d−1 (1σ) at 8 azimuthal cells

versus ±3.57 mgCH4m
−2d−1 (1σ) at 96 azimuthal cells). For a given number of vertical levels, the retrieval tended to slightly

underestimate the true flux, with a similar bias of -4.37 ± 0.68% (1σ), -3.08 ± 1.30%, and -29.17 ± 1.22% across all azimuthal

resolutions tested for stability class B, D, and F respectively. One reason for this has to do with midpoint-rule calculations at the

lowest vertical level. The Gaussian-plume mole fractions are highest near the surface, and because we define the lowest vertical440

level as extending from the surface to the midpoint between vertical levels 1 and 2, the midpoint rule assigns a single measured

value to represent a layer whose true mole fraction increases monotonically toward the ground. Hence, the midpoint value

underestimates the mean mole fraction in the lowest vertical level, and since this is the layer that contributes most to the total

lateral flux, the retrieval is biased low. Variations in the vertical resolution strongly affected retrieval bias and its dependence
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Figure 2. Effect of receptor spatial resolution on whole-lake methane flux retrieval under constant atmospheric conditions. (a) Represen-

tative measured methane enhancement for a 100 m diameter lake emitting 50 mgCH4m
−2d−1, shown for the highest-resolution receptor

configuration used in the sweep. Points indicate receptor measurements on the cylindrical retrieval surface, with color showing methane

enhancement. (b) Retrieved flux as a function of receptor cell area for Pasquill stability classes B, D, and F. Lines show the mean retrieved

flux across 100 replicates, ribbons show ± 1 standard deviation, and the dashed line indicates the true lake flux. Smaller receptor cell areas

generally reduce bias, especially under stable conditions where the plume is vertically compressed and more sensitive to receptor spacing.

on stability class: at coarse vertical resolution (10 m spacing), the retrieval underestimated true flux by almost 50% under445

unstable and near-neutral conditions and by nearly 100% under stable conditions. Under stable conditions, further increasing

vertical resolution systematically increased the magnitude of the negative bias (e.g., from -28.30% to -40.55% when decreasing

from 50 to 40 vertical levels), whereas in near-neutral conditions comparable changes in vertical resolution produced a smaller

change in bias (-2.10% to -4.22%). A visualization of retrieval precision as a function of total receptor-cell count, independent

of whether resolution is gained azimuthally or vertically, is provided in Supplementary Fig. S2.450

The number of vertical levels on the cylindrical control volume strongly affects quadrature error, which has several im-

plications for UAS flight-plan design. First, since azimuthal-sampling increments are relatively unimportant once a moderate

receptor-cell density is achieved, then modifying the UAS velocity is less important than achieving a sufficient number of ver-

tical levels on the cylindrical control volume. Under the stability regimes we explored, the key operational decision becomes

the choice of dwell time per measurement rather than the number of azimuthal sampling increments. In this paper, dwell time455

was set to ensure that the instrument operated long enough to achieve its precision floor, so the trade-off between increased
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dwell time and reduced spatial resolution (azimuthal or vertical) is not explored in this experiment. The strong influence of

vertical-level resolution partly depends on the stability-dependent vertical structure of the plume. In stable conditions, the

plume remains more confined near the surface, so raising the height of the lowest vertical layer discards a larger fraction of the

flux, whereas in neutral and unstable conditions the plume is lofted and near surface flux is less affected by truncation.460

These results suggest several practical strategies for mitigating quadrature error, particularly under stable stratification. One

option is to increase the radial distance between the lake margin and the cylindrical control volume so that the plume has

more space to rise and spread before intersecting with the control-volume surface. This approach would be similar to the

optimization of control-volume radius for methane-flux calculations from point sources discussed by Conley et al. (2017).

However, in the case of area sources (as in this paper), upwind lake emissions can be transported aloft over longer distances465

at a given wind speed, increasing the risk that a non-negligible portion of the flux escapes through the top of the cylinder,

violating the assumption of zero flux on the top surface of the cylinder (Supplementary Fig. S3). If the atmosphere is known

to be stable in the region below the top surface of the cylinder, an operator can safely increase the distance between the lake

margin and the cylindrical control volume to reduce quadrature error in the lowest vertical level while still retaining most of the

plume within the control volume. A complementary strategy is to employ an adaptive vertical discretization that concentrates470

vertical levels in the lowest meters above the surface, thereby resolving the near-surface plume while limiting the total number

of vertical levels overall (i.e., more vertical levels near the surface and fewer levels higher in the atmosphere). Motivated by

these considerations, we adopt an adaptive vertical-discretization scheme in Experiments 2 and 3 to minimize quadrature error.

3.2 Suppressing contamination by nearby sources

In our second experiment, we assessed how effective a cylindrical control volume suppresses contamination from a nearby475

methane source, such as another nearby lake. In complex, heterogeneous landscapes, enclosing an area source within a control

volume isolates that area’s flux from nearby emissions. In lake and wetland landscapes, saturated soils and open-water patches

that emit methane likely coexist at distances on the order of the length scale of a plume, before the plume’s methane concen-

tration becomes indistinguishable from background. In our simulation, we represented contamination as a smaller nearby lake

with a similar methane flux of 50 mgCH4m
−2d−1, as the primary larger lake. The smaller lake’s methane plume partly inter-480

sected the primary lake’s control volume on the same axis as the wind direction. The resulting contaminant plume is illustrated

in Fig. 3a, and the associated retrieval bias as a function of distance between the lakes centers is shown in Fig. 3b. Across

all three atmospheric stability regimes, the contaminant-methane source consistently induced a negative bias in the retrieved

flux, with the stable-atmosphere case exhibiting the weakest bias at a lake-center separation of 200 m (-0.40%) and the more

neutral- and unstable-atmosphere cases showing larger negative biases (-3.81% and -7.52%, respectively).485

The systematic negative bias induced by the contaminant-methane source from the smaller lake arises from the assumption

of purely advective transport in the cylindrical-flux method. By neglecting the turbulent diffusive term in the divergence of

the flux, the method underestimates any component of contaminant flux that diffuses across the control volume boundary

orthogonal to the advective flow. Conceptually, consider the schematic in Fig. 4: a contaminant plume enters an octagonal

control volume under a uniform horizontal wind field. The retrieved flux is the dot product of the local concentration and wind490
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Figure 3. Nearby-lake contamination effects on methane flux retrievals by lake separation distances. (a) Representative top-down plume

view at z = 0.1 m for a 50 m diameter nearby lake located 200 m from the center of a 100 m diameter target lake under Pasquill D stability.

The raster shows nearby-lake CH4 contamination at the lowest receptor height, dashed circles mark the lake boundaries, and the dotted

circle marks the cylindrical measurement receptor cells. Receptor colors show the nearby-lake contamination flux-vector contribution, where

positive and negative values indicate outward and inward contributions through the control surface. (b, c) Mean contamination bias and lateral

exit fraction as a function of lake-center separation from 200 to 1000 m for Pasquill C, D, and F stability. Lines show means and ribbons

show ± 1 standard deviation across 100 repetitions. Both lakes emit 50 mgCH4m
−2d−1.

vector with the outward normal at each receptor cell, so cells whose normals are perpendicular to the wind contribute zero flux

for the portion of the plume that has diffused into them. Similarly, plume flux that enters through the upwind face and later

diffuses into faces that are oblique to the mean wind vector is reduced in proportion to the cosine of the angle between the

local normal and the advective direction. The most strongly diffused components of the plume therefore contribute the smallest

fraction of the total accounted flux, and the net lateral-exit fraction (Eq. 18) recovered by the cylindrical-flux method becomes495

a function of plume geometry, wind speed, and stability class.

The simulated plume geometry is characterized by the Gaussian parameters in Eq. 11, including the mean wind speed, wind

direction, and the dispersion parameters σy and σz (which control lateral and vertical diffusion). These σ values increase more
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Figure 4. Conceptual top-down schematic of plume loss from diffusion through control-volume faces. A 100 m diameter lake is represented

as an area methane source in stability class F atmosphere, producing a downstream analytical Gaussian plume under steady 2 ms−1 wind.

Identical octagonal Conley control volumes are translated along the plume centerline. Colored face bands and arrows show the integrated

face-normal plume flux through each control volume face, with arrow length and face band scaled by flux magnitude. Blue and purple

indicate plume entering through the direct upwind and oblique upwind faces, respectively; green indicates plume leaving through the opposite

downwind face; orange indicates plume leaving through lateral/oblique faces. Gray arrows mark faces with zero normal flux on account of

being perpendicular to the wind field. Bar plots beneath each control volumes summarize total initial plume input and output as relative flux,

illustrating that as atmospheric diffusion broadens the plume, an increasing lateral fraction (out/in) exits through non-opposing faces and is

therefore represented as control-volume loss rather than direct downwind transfer.

rapidly in unstable conditions than in neutral or stable conditions, leading to broader plumes and stronger diffusion at a given

downwind distance. Wind speed modulates how much diffusion is able to occur within the control volume. Higher wind speeds500

cause faster advection of the plume, limiting the time for diffusion within the control volume. Lower wind speeds, in contrast,

allow for greater diffusion within the boundaries of the receptor cells, in which case the plume can spread to more oblique

receptor cells, incurring a more significant flux retrieval underestimation. Further, wind direction determines whether and

where the contaminant plume intersects with the control cylinder. In our simulations, wind direction was aligned to maximize

intersection with the control volume. In contrast, a wind direction that causes the plume to partially intersect with the control505

volume would have a fractional effect. Taken together, the net effect of contamination is governed by the amount of the plume

that both enters the control volume and then diffuses away from the strictly advective path while still inside it.

When we varied the separation between the primary lake and the contaminant lake in unstable and neutral atmospheres, flux

retrieval accuracy improved with increasing distance between the lakes. Contamination-induced bias decreased from -7.52%

at 200 m lake-center separation to -0.40% at 1 km separation as the plume approached the background signal in an unstable510

atmosphere. In stable conditions, the contamination induced bias was initially small at 200 m lake-center separations, because

σy and σz were small and the contaminant plume remained narrow. The bias increased at intermediate distances which allowed

diffusion of the plume within the control volume to reach a maximum, however if lake separation continued to increase, the bias

reduces, trending towards the plume becoming indistinguishable from background at large distances. Lake area also modulated

the contaminant effect. We chose the contaminant lake to be smaller than the primary lake, which resulted in relatively large515

diffusion gradients at the primary lake’s control-volume boundary and thus the potential for diffusive loss. As the contaminant
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lake gets larger, the upwind source increasingly resembles a spatially uniform background field as it passes through the control

volume. For an upwind-contaminant source area that is infinitely large, the diffusion gradient vanishes entirely. Besides this, an

additional means of producing greater contamination is a greater methane flux at the contaminant source. Since the Gaussian

plume forward model scales linearly with flux, the contamination bias scales linearly as well for the same lateral-exit fraction520

which is only determined by plume geometry.

These contamination effects have important implications for UAS sampling campaigns in heterogeneous environments that

produce methane emissions. The contamination bias is maximized for small-area contaminant methane sources (or point

sources) at intermediate distances from the control volume, and the bias is minimized for large or distant sources whose

plumes effectively converge on the background signal. In our simulations, contaminant plumes within unstable and near-525

neutral atmospheres became indistinguishable from background (<1% bias) at distances of >2 km upwind of the primary lake’s

control volume (Supplementary Fig. S4), consistent with the expectation that unstable and near-neutral atmospheres are rela-

tively well mixed at multi-kilometer scales (Stull, 2012). With stable atmospheres, influential contaminant sources can occur at

lake-separation distances where the signal would have already diffused to background in unstable and neutral atmospheres. In

practice, the most robust mitigation of the contamination effect is to perform measurements so that known contaminant sources530

lie downwind of the primary lake, ensuring that their plumes do not intersect the control volume.

3.3 Flying longer reduces accuracy in a changing atmosphere

Up to this point, we have assumed constant atmospheric stability, wind speed, and wind direction, and varied only the receptor

and source geometry to diagnose flux-retrieval uncertainty. In our third experiment, we relax the assumption of constant atmo-

sphere and impose a transient atmosphere. In reality, the atmosphere evolves continuously, so choices about how long to sample535

and how many receptors to occupy will be a trade off with errors introduced by a changing plume. Atmospheric variability

can span many time scales, for example, large turbulent eddies can modulate wind speed and direction from second-to-minute

scales (which perturb the wind inputs to the cylindrical-flux method), while diurnal changes in surface heating and synoptic

forcing can drive transitions between stability regimes over hours (Stull, 2012). An intuitive response to second-to-second at-

mospheric variability is to increase dwell time at each receptor but this comes at the cost of sampling over a longer time interval540

during which the background state and plume structure may evolve appreciably.

We examined flux retrievals under prescribed transitions between three archetypal stability-class pairs that occur across a

12-hour period (Fig. 5b). Across all three stability transitions, moderately unstable-neutral (B–D), slightly unstable-neutral (C–

D), and slightly unstable-moderately stable (C–F), the highest flux-retrieval accuracy was obtained with the shortest flight (30

min). Note that for any flight duration (i.e., 30 min, 1 h, etc.), the flight starts at the beginning of the 12-hour period. Compared545

to the true lake flux of 50 mgCH4m
−2d−1, 30 min flights resulted in retrieved fluxes of 47.85 ± 0.89 mgCH4m

−2d−1,

49.19 ± 0.97 mgCH4m
−2d−1, and 49.17 ± 1.12 mgCH4m

−2d−1 (1σ) for atmospheric stability transitions B–D, C–D, and

C–F, respectively. As flight duration increased and more time was spent at each receptor, accuracy systematically degraded

because the plume shifted with the changing atmospheric stability. Starting with an unstable atmosphere and transitioning

towards a neutral or stable atmosphere shifts the plume downwards over the 12-hour period. Since the UAS samples the lowest550
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height levels first (when the plume is unstable and well-mixed), by the time the UAS reaches the upper levels of the profile, the

atmosphere has transitioned toward a more stable atmosphere, and the plume has contracted toward the surface (Fig. 5a). In this

case, the UAS measured well-mixed methane on the lower portions of the control volume but then measured lower methane

at the top of the control volume than would have been measured at the beginning of the flight. When the shape and vertical

extent of a plume is changing in time, the cylindrical-flux method cannot distinguish the transitory nature of the plume, instead555

implicitly assuming it represents a snapshot. This results in a temporal bias in the methane-flux retrieval (lower flux than truth),

because the plume was contracting while the UAS was ascending. In the converse case, where the atmosphere starts stable

and becomes unstable (such as stability transitions F–D or D–B; Supplementary Fig. S5), a rising plume with an ascending

UAS results in an overestimation in the retrieval flux. The loss in accuracy (-12.30% for B–D, -5.65% for C–D, and -13.74%

for C–F) scaled with the magnitude of the change in ζ of the underlying stability transition. Flux retrieval precision improved560

with total flight time but exhibited diminishing returns; for example, in the C–D transition, extending measurement time from

30 min to 2.5 h reduced the flux retrieval standard deviation over 20 repetitions of the profile from ±0.97 mgCH4m
−2d−1

to ±0.43 mgCH4m
−2d−1, whereas a further extension to 12 h yielded only a marginal gain to ±0.23 mgCH4m

−2d−1.

The marginal gain results from increasing the measurement time at each receptor cell. A 30 min flight resolving 96 azimuth

increments and 27 vertical levels corresponds to sampling near the 1 Hz measuring rate of the instrument, while a 12 h flight565

implies roughly 17 s of averaging per receptor, which easily achieves the assumed methane precision floor of the instrument.

Within the range of stability transitions tested over 12 h, flying as fast as possible preserved the highest accuracy. The modest

reduction in flux retrieval precision of short flights relative to longer flights was smaller than the magnitude of accuracy loss

from flying longer in a changing atmosphere.

Under changing atmospheric stability, one might choose to repeat short flights multiple times to approximate an average570

plume over a certain time period. We evaluated this strategy by repeating profiles of varying duration within the same 12 h

window, for example, flying a 30 min profile 24 times in the 12-hour period or a 1 h profile 12 times in the 12-hour period.

Since shorter flights permit more repetitions, individual short flights have lower precision of flux retrieval than intermediate-

length flights (as discussed in the prior paragraph). When we repeated profiles across B–D, C–D, and C–F stability transitions,

flux retrieval precision was broadly similar across flight durations between 30 min and 2 h and was substantially improved575

relative to a single flight that began at the start of the 12-hour period. Across 20 repetitions of the multi-profile flights, the

average standard deviation of flux retrieval improved to ±0.30 mgCH4m
−2d−1 for 30 min to 2 h flights. Accuracy also

improved slightly compared with single 30 min flights, with mean bias reduced by 2.21%, 2.21%, and 0.61% for the B–D,

C–D, and C–F transitions, respectively. The dependence of bias on flight duration within the repeated-profile strategy mirrored

the single-flight behavior: C–D exhibited the smallest increase in bias with longer individual flights from 30-90 min (0.61%580

versus 0.17%), followed by B–D (0.68% versus 0.36%) and C–F (2.21% versus 1.62%). Across all single and multi-profile

flight simulations, the best-performing approach was to fly 30 min profiles, corresponding to approximately ~1 s averages per

receptor cell and a ground speed of ~20 kmh−1, and to repeat 30 min profiles as much as possible during the 12-hour period

rather than extending single flights to multi-hour duration. However, the marginal gain in accuracy of multiple 30 min flights
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Figure 5. Flux retrieval sensitivity to sequential sampling during a changing atmosphere. (a) Representative measured CH4 enhancement

field for a 12 h B–D stability transition for a 12 h mission. Points show sequential receptor measurements from the cylindrical sampling

surface. (b) Retrieved flux from single sequential missions of increasing duration which start at the beginning of the measurement period (c)

Retrieved flux when repeated full-profile measurements are made over the 12 h transition window and are averaged; point shape indicates

the number of full profiles included in the mean. Panels in b and c show primary transitions B–D, C–D, and C–F. Lines are means, ribbons

are ± 1 standard deviation across 20 repetitions, and the dashed horizontal line marks the true flux of 50 mgCH4m
−2d−1.

(a change in bias of 0.68%) relative to performing a single 30 min flight may not be worth the extra time in real world field585

campaigns.

3.4 Retrieval-error regimes in nondimensional space

Nondimensional analysis was designed as a practical approach to build an expectation of cylindrical-flux method accuracy

under different source, environmental and system configurations. For a proposed lake and UAS payload under different atmo-

spheric conditions, a user can estimate F0, rL, R, U , τflight, fs, and σ1Hz, choose representative atmospheric change, compute590

ΠS and ΠG, and then locate the case in the retrieval error bins (Fig. 6a). The bins should be interpreted as expected error

regimes rather than deterministic predictions of retrieval accuracy, because the bins contain physically different scenarios

which results in a common nondimensional value but with some variability on the resulting retrieval accuracy (Fig. 6b).

The signal-to-noise nondimensional parameter ΠS showed significantly increased accuracy performance systematically as

it increased (Table 1). Cases with ΠS < 1 had a median absolute error of approximately 106% and only 12% of scenarios were595

retrieved within 25% of the true flux. For ΠS ≥ 50, the median absolute error decreased to approximately 10%, and approxi-

mately 70% of scenarios were retrieved within 25% of the prescribed flux. This monotonic improvement supports interpreting

ΠS as the primary indicator of the connection between measurement uncertainty and methane flux available to measure.
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Table 1. Retrieval performance grouped by ΠS across the full wind-speed sweep. RMSE is reported relative to the prescribed lake-mean

methane flux.

ΠS RMSE (%) Median absolute error (%) Within 25% RMSE (%)

ΠS < 1 690 106 12

1≤ΠS < 5 286 48 30

5≤ΠS < 10 167 27 47

10≤ΠS < 50 93 14 66

ΠS ≥ 50 45 10 70

However, the ΠS ≥ 50 region still retained a substantial high-error tail, indicating that signal detectability by measurement is

necessary but not sufficient for accurate retrieval.600

The geometric nondimensional variable ΠG represents the width of the plume at the receptor cell boundary relative to

the receptor distance from the lake center. This geometric relationship probes the extent of diffusive loss downwind like

shown for a contaminant lake in Experiment 2. The ΠG value for a system also interacts non-linearly with quadrature error

as the plume moves through an evolving atmosphere as in Experiment 3. The resulting relationship to retrieval accuracy was

less interpretable than ΠS . After filtering for sufficient signal-to-noise (ΠS > 10), no ΠG boundary separated accurate and605

inaccurate retrievals in a simple way. This does not invalidate ΠG as a nondimensional coordinate. Rather, it reinforces that

lateral spread interacts with signal strength, wind-direction variability, stability-transition pathway, and source geometry. For

a given ΠG, the relationship for retrieval accuracy versus ΠS can be defined. Thus, ΠG is most useful as a coordinate for

deconvoluting the system geometry between lake area and receptors to select an appropriate ΠS , but cannot be used as a cutoff

for cylindrical-flux method accuracy performance.610

The atmosphere stability transition had varying importance after nondimensionalization. In the transitions, stability classes

B–D, C–D, and C–F (Fig. 6) had similar retrieval RMSE in ΠS–ΠG space. The F–D case presented in Supplementary Fig. S6,

showed substantially larger negative bias and higher error even within the higher ΠS region, with RMSE of approximately

112% and only 53% of scenarios within 25% of the true methane flux. Outside of the F–D case, similar performance across the

other atmospheric stability shifts indicates that the same nondimensional variables can be predictive of cylindrical-flux method615

accuracy regardless of how atmospheric stability evolves during the flight.

The ΠS and ΠG statistics reported within bins are useful for communicating feasibility, but they should be interpreted prob-

abilistically. Across all 236,250 combinations of parameters we explored in the nondimensional parameter sweep, 61.9% of

retrievals were within 25% of the true flux. Restricting to the nominal favorable region with ΠS > 10 and ΠG < 1 increased

this fraction to 69.7% and reduced the median absolute error from 15.1% to 9.6%. The improvement demonstrates that the620

nondimensional variables provide useful survey-design information, but do not define a strict accuracy guarantee. The vari-

ability in RMSE across different ΠS and ΠG is higher than the effects presented in Experiments 1, 2 and 3 because changing

nondimensional variables explores varying a higher number of experimental setups but does not directly explore the causes of

the underlying error on cylindrical-flux method accuracy.
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Figure 6. Dimensionless retrieval-error framework for the atmosphere stability transition cases. Rows show B–D, C–D, and C–F atmospheric

stability transitions. The left column (a) shows flux-retrieval RMSE, expressed as percent error relative to the prescribed lake-mean flux,

binned in 20 bines each for ΠS and ΠG. The right column shows the within-bin spread in standard deviation of bins for bins with at least

five values. The vertical dashed line marks ΠS = 5, a practical low-detectability reference, and the horizontal dashed line marks ΠG = 1,

the theoretical transition where lateral signal extent is comparable to the control-volume radius. RMSE is presented in logarithmic scale and

standard deviation in linear scale.

As a working example for evaluating estimate error for a system configuration, consider a 200 m radius lake emitting F0 = 25625

mgCH4m
−2d−1, sampled on a 220 m radius ring during a 60 min flight with a 1 Hz sensor precision of 0.6 ppb and a 4 ms−1

wind. Using neutral Briggs dispersion gives σy(220 m) = 17.4 m and σz(220 m) = 11.4 m at the receptor ring edge. These

values yield ΠS ≈ 33.2 and ΠG ≈ 0.99. This case falls in a moderate-to-high signal-to-noise regime. In the bins of the current

sweep, the primary B–D, C–D, and C–F transitions at this coordinate had RMSE values of approximately 24%, 43%, and

41%, respectively. The F–D transition at the same coordinate was much less favorable, with RMSE of approximately 189%630

and median absolute error of approximately 37%. The system’s ΠG defines the relationship between accuracy and increasing

signal-to-noise as shown in Fig. 7. Should an analogous system produce F0 = 75 mgCH4m
−2d−1, the resulting accuracy

follows to be approximately 17%, 25%, and 26% in a B–D, C–D, and C–F transitions, respectively. This example illustrates

how the nondimensional framework can be used as a screening tool: a proposed survey can be mapped into ΠS–ΠG space, but

the atmospheric-transition context remains necessary for interpreting the expected RMSE.635
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Figure 7. Retrieval RMSE as a function of the signal-to-noise nondimensional group, ΠS , for scenarios falling within the ΠG bin containing

the worked-example value (ΠG = 0.99; selected bin range 0.955-0.994). Points show binned RMSE (%) relative to prescribed lake-mean

flux, F0 = 25 mgCH4m
−2d−1, for differing atmosphere stability transitions. Error bars show the within-bin standard deviation of retrieval

error.

3.5 Limitations of the OSSE and additional measurement considerations

There are several limitations of the forward-model and flux retrieval calculations. First, representing atmospheric transport with

a Gaussian plume is a significant simplification of the boundary-layer fluid dynamics that actually affect methane transport over

a lake. The Gaussian formulation yields a smooth, time-averaged concentration field that does not capture the intermittent,

filamentary-structure characteristic of real plumes (Gifford Jr, 1959; Mylne and Mason, 1991). Real plumes meander on time640

scales much faster than the 30 min observational windows we considered in our simulations from AmeriFlux observations.

Additionally, individual sites exhibit wind variability tied to local topography and surface-energy balance that may alter the

optimal sampling strategy (Mylne and Mason, 1991; Mahrt, 1999; Warhaft, 2000).

Second, we adopted a horizontally and vertically uniform wind field rather than a wind profile that varies with height. Instead,

a wind field that follows the Monin–Obukhov similarity theory (MOST) with height would be more physically realistic. A645

MOST wind-profile would reduce the signal-to-noise ratio of airborne wind measurements near the surface, where wind speeds

are lowest (Monin and Obukhov, 1954; Stull, 2012). Lower wind signal-to-noise is most consequential near the surface under

stable stratification, where plume concentrations are greatest and retrieval accuracy is most sensitive to wind uncertainty. One

practical mitigation is simply to fly more profiles (as in Experiment 3), capturing more “snapshots” of the atmosphere across

the relevant range of wind variations and other conditions. A more rigorous alternative to the simulation of methane flux as650

a Gaussian plume would be the use of a large-eddy simulation (LES) as the forward model, which would more faithfully

represent turbulent transport, plume intermittency, and wind shear (Ražnjević et al., 2022). However, the computational cost of

LES precludes a wide exploration of atmospheric conditions and flight configurations that were used in the OSSE approach in

this paper.
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Third, a further simplification in this OSSE is the assumption of spatially uniform and temporally constant lake emissions.655

Real-lake methane fluxes are heterogeneous across multiple dimensions: a) spatially, between littoral and pelagic zones (Kyzi-

vat et al., 2022; Tanentzap et al., 2026), b) temporally, through daily cycles driven by surface temperature and gas transfer

velocity (Sieczko et al., 2020), and c) episodically through ebullition (bubbling) events (Bastviken et al., 2004; Praetzel et al.,

2021). In many methane-productive lakes, ebullition (bubbling) dominates the total methane budget (Wik et al., 2016). Individ-

ual bubble-release events are common and generate transient, intense, and near-point-source releases, similar to the transitory660

problem of a changing plume under varying atmospheric stability that we examined in Experiment 3. In our simulations, a

strong ebullition event occurring during one segment of a flight could be aliased as a spatial anomaly in the retrieved flux field

rather than as a discrete pulse. More simply, the cylindrical-flux method can only measure the total flux passing through its

sampling boundary, it cannot resolve how emissions vary within that volume. In the worst-case scenario, the plume associated

with an ebullition event might occur during a flight but after the UAS has ascended beyond the plume associated with the ebul-665

lition, which would contribute unquantified sampling bias to the retrieved flux. Further, in real turbulent atmospheric flows,

the geometry of the methane source – even within the control volume – contributes to how those emissions are transported

(Pasquill and Smith, 1983), and our OSSE framework cannot capture that transport.

The OSSE framework presented in this paper was predicated on a hypothetical UAS observing platform. The methane ana-

lyzer (LI-COR LI-7810) used as the basis for our simulated sensor has a mass of approximately 10.5 kg, which exceeds the lift670

capacity of many types of UAS. Lighter methane instruments than the LI-7810 have been deployed on UAS but typically offer

lower precision and are challenged by signal-to-noise constraints arising from atmospheric transport uncertainty our Gaussian

plume forward model does not evaluate (Shah et al., 2019; Martinez et al., 2020; Shaw et al., 2021). Wind measurement also

presents difficulty. Rotor wash from multirotor-UAS platforms introduces systematic errors in the measurement of wind speed

and direction, though these can be partially addressed through numerical correction schemes (Jin et al., 2024) or through careful675

sensor placement away from the rotor-influence zone (Thielicke et al., 2021). As a final consideration, while the flight speeds

considered in our simulations are operationally feasible, deploying an expensive instrumented aircraft at low altitude and high

speed over topographically complex terrain introduces nontrivial safety and operational risk.

Despite these limitations, the plume geometry over lakes, particularly under stable stratification, creates opportunities for

complementary measurement schemes. The weak sensitivity of methane-flux-retrieval precision to azimuthal resolution sug-680

gests that a small number of fixed towers (such as eight in total) instrumented with methane analyzers at multiple heights could

capture a substantial fraction of the relevant flux signal across a wide range of wind directions. Or, instead of towers, deploy-

ment of multiple UAS platforms at the same time could increase the density of concurrent measurements on a control volume,

reducing error relative to the use of a single UAS. Multi-platform approaches, including towers or additional UAS, would intro-

duce additional calibration uncertainty across instruments, but offer a path to reducing errors attributable to transient emissions685

and rapidly evolving atmospheric transport.
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4 Conclusions

The heterogeneity of methane emissions from natural systems such as lakes and wetlands has contributed to these systems

remaining poorly constrained in global atmospheric inversions and bottom-up inventories of natural-methane sources. A central

obstacle is the absence of measurement approaches capable of resolving the spatial variability of methane flux at the scale of690

individual landscape features (e.g., lakes and wetlands) in complex natural settings.

To quantify methane flux from point-source emissions, Conley et al. (2017) presented an airborne flux-measurement method

based on the flux divergence through a cylindrical-control surface. The ability of a closed control volume to isolate a source

from contributions outside its boundary, as described by Conley et al. (2017), makes the method a compelling approach to

quantify methane flux from heterogeneous natural systems (i.e., systems that are not just a single point source, but rather695

many sources or an area source). In this paper, we explored whether the Conley et al. (2017) approach was possible using an

uncrewed aerial system (UAS) over an area source of methane such as a lake, as well as how contamination from a nearby

source of methane, such as a smaller lake, could bias results.

We evaluated area-source emissions through an Observing System Simulation Experiment (OSSE) in which we applied a

cylindrical-flux method to an idealized methane-producing lake under a range of atmospheric conditions. Three experiments700

addressed distinct sources of retrieval uncertainty: (1) the effect of receptor-grid resolution on quadrature error arising from the

discrete approximation of a continuous concentration field around the lake; (2) the resilience of the retrieval to contamination

from a nearby external methane source; and (3) the impact of changing atmospheric variability on retrievals over the course of a

12-hour sampling day. Across all three experiments, we derived recommendations for operators implementing the cylindrical-

flux method for lake-scale or wetland methane flux estimation.705

From Experiment 1, we found that receptor resolution (the size of a single unit of discretized surface from which flux is

calculated) plays a modest role in retrieval precision but a significant role in accuracy, because vertical resolution determines

how well the control volume captures plumes that are confined near the surface, especially for a stable atmosphere. Exper-

iment 2 demonstrated that the retrieval method can partially suppress contributions from nearby source contamination, but

that a residual negative bias persists because the cylindrical-flux method formulation accounts for advective transport only and710

cannot recover flux lost through turbulent diffusion across the control-volume boundary. This bias diminished with increasing

separation of the contamination source from the primary lake, with the contaminating plume converging toward a background

signal and dropping out of the divergence integral. Experiment 3 showed that retrievals under a changing atmosphere are most

accurate when flight duration is minimized, as shorter flights better approximate the quasi-steady-state assumption underly-

ing the method. Instead of a single flight, repeating flight profiles many times improved both accuracy and precision, but the715

marginal gain did not strongly justify the additional flight time.

The idealized assumptions underlying our experiments limit how broadly the results can be generalized. We introduce

nondimensional variables which target both methane measurement signal-to-noise and the lake-receptor geometry. The result-

ing relationships allow for the determination of cylindrical-flux method uncertainties discussed in Experiments 1-3 in a broad

span of system configurations. Even with the nondimensional treatment, real lakes exhibit transient, episodic, and spatially720
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heterogeneous emissions, including ebullition, whose covariance with atmospheric transport cannot be evaluated within our

constant-flux framework. The Gaussian plume model we use captures the mean behavior of dispersion but does not represent

the intermittent filamentary structure of real boundary-layer plumes, and our prescribed meteorological scenarios do not fully

resolve the site-specific variability in wind and stability driven by local topography and radiative forcing. Furthermore, while

we modeled sensor and platform characteristics at the limits of current technology, the specific combination of a high-precision725

methane analyzer, wind measurement system, and UAS airframe required to execute a sampling mission will vary with specific

applications and scientific goals, and as technology progresses, the simulations in this paper should be repeated to ensure the

best scientific outcomes. It is better to simulate potential outcomes and adjust the sampling strategy before a field deployment,

rather than trying to adjust in real time during that field deployment.

Significant gaps remain in our understanding of how real-world emission heterogeneity and turbulent transport affect flux730

retrieval fidelity under more complex conditions. In future research, the OSSE presented in this paper could be improved in

three ways. First, it could employ an Large eddy simulation-based forward model to represent realistic turbulent transport

and plume intermittency. Second, the emission field could be partially constrained by lake-scale methane fluxes measured by

eddy covariance, anchoring the source term in observations rather than prescribed constants. Third, it could explicitly model

an existing UAS platform and sensor suite (rather than the hypothetical platform and sensors we put forward in this paper).735

In this way, the existing platform and sensors can be tested under the OSSE approach to ensure that the field-measurement

campaign will be successful, including considerations of quantifying the practical trade-offs among flight speed, payload mass,

measurement precision, and total measurement platform cost. Once the UAS platform and sensor are validated by the OSSE,

then a much higher confidence in the results of the field campaign will help to ensure successful scientific outcomes.
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