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Abstract. High-resolution imaging spectrometers resolve anthropogenic plumes at metre to sub-metre scales, creating oppor-

tunities for emission quantification but requiring models that reproduce turbulent plume morphology at comparable resolution.

We evaluate the large-eddy simulation model MicroHH against Airborne Visible/Infrared Imaging Spectrometer (AVIRIS-4)

observations from 2024 controlled releases in France. Using site-specific wind, surface, and source parameters, we simulated

the four releases with the longest plumes at 1m horizontal resolution. Synthetic CH4 column enhancements were evaluated5

using plume structure, turbulence spectra, Gaussian cross-section statistics, along-plume flux variability, and plume power spec-

tral density. For one release with a pronounced double plume, we integrated the three-dimensional model field along the slant

illumination and viewing paths to investigate parallax effects. MicroHH reproduced the expected inertial-subrange behaviour

of turbulent kinetic energy spectra and observed plume width, intermittency, and spatial power spectra for most releases. How-

ever, modelled vertical columns were more Gaussian than the observations and did not reproduce the double plumes. The10

exploratory slant-path calculation generated a comparable double structure, indicating that observational geometry can explain

part of this discrepancy. Other differences likely reflect rapid near-source dilution at finite grid resolution, the absence of online

plume-rise and buoyancy treatments, and omitted obstacle effects on near-surface flow. Overall, MicroHH can generate real-

istic high-resolution synthetic plume imagery for retrieval evaluation and machine-learning applications when inputs are well

constrained and observational geometry is considered. This first systematic multi-metric comparison of LES plume morphol-15

ogy with metre-scale imaging-spectrometer observations provides a validation framework for other high-resolution dispersion

models.

1 Introduction

Recent years have seen a rapid increase in high-resolution airborne and spaceborne observations of anthropogenic point-source

emissions of methane (CH4) and other gases. Imaging spectrometers on satellites can now resolve plume structures at spatial20

scales of a few tens of metres. Similar spectrometers on airborne platforms can resolve plume structures at about ten times

higher resolution down to metre and sub-metre scales. This makes it possible not only to infer source strengths from observed

column enhancements, but also to attribute leaks to specific infrastructure. Together, these capabilities create new opportunities

for quantifying emissions from localised sources using top-down methods. At the same time, higher spatial resolution makes
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emission estimation more demanding. Processes such as turbulent mixing, wind shear, surface heterogeneity, and radiative25

transfer effects, including object shadows and parallax effects depending on viewing and illumination geometry, become more

visible in the observations (e.g. Meier et al., 2026; Gorroño et al., 2026). Understanding and correcting for these effects

requires physically based simulation tools that can reproduce plume evolution at the same scales that are now being observed.

The increasing number of plume observations creates a second need for model simulations: Large observational datasets

require automated approaches that can identify emission sources, segment plumes, and estimate emissions with minimal human30

intervention. Machine-learning (ML) methods are increasingly used for this purpose (e.g. Jongaramrungruang et al., 2022;

Joyce et al., 2023; Dumont Le Brazidec et al., 2023; Rouet-Leduc and Hulbert, 2024; Bruno et al., 2024; Ouerghi et al.,

2025; Plewa et al., 2025), but they require large labelled training datasets that are difficult to obtain from observations alone

because source strengths and plume masks are often subjective, uncertain or unavailable. Many recent ML models are therefore

trained on synthetic data generated by computational fluid dynamics (CFD) simulations. Their usefulness depends directly on35

the realism of the synthetic plumes used for training. If the CFD model does not represent the source characteristics, plume

morphology, and variability well, the resulting retrieval can inherit systematic biases. Such differences between synthetic

training data and real observations create a so-called domain gap that can reduce model performance on real imagery. This

gap may be reduced through more realistic simulations or addressed explicitly using domain-adaptation methods, but both

approaches require characterising the discrepancies between synthetic and observed plumes (Ganin and Lempitsky, 2015;40

Tzeng et al., 2017; Liu and Zhang, 2022). Therefore, validating synthetic plume imagery against observations is crucial.

Despite this need, systematic validation of synthetic plume realism against real high-resolution observations remains rare, and

no established set of reference metrics or acceptance criteria currently exists for this purpose. Existing synthetic-plume studies

have often tested downstream retrieval or detection workflows rather than validating the synthetic plume field itself.

Varon et al. (2018) used WRF-LES CH4 plumes at 50m resolution to evaluate GHGSat-style source-rate retrieval methods,45

and Gorroño et al. (2023) inserted WRF-LES CH4 plumes into Sentinel-2 scenes to benchmark detection limits and flux-rate

uncertainty across surface types. These studies demonstrated the value of synthetic plume imagery for downstream applica-

tions, but their evaluation metrics were detection thresholds, flux errors, wind sensitivity, and plume-mask uncertainty, rather

than independent comparisons of plume morphology and spatial statistics against observed plumes. Direct model–observation

comparisons are also limited in scope. Krol et al. (2024) compared chemistry-enabled MicroHH NO2 plumes with Sentinel-50

5P/TROPOMI observations, including comparisons after mapping simulated fields to TROPOMI pixels. However, their focus

was on NOx chemistry, NO2 lifetimes, and NOx:NO2 conversion, with pixel-wise comparisons used mainly to support that

chemical and emission analysis. This study therefore does not eliminate the need for a systematic evaluation of the two-

dimensional morphology and spatial statistics resolved by imaging spectrometers. This is a recognised gap in the field: Bue

et al. (2026) showed that ML plume detectors trained solely on WRF-LES-generated plumes generalise poorly to real observa-55

tions, attributing this to unquantified structural differences between simulated and observed plumes. Establishing whether, and

how well, high-resolution LES output reproduces observed plume structure is therefore a necessary prerequisite for using such

output with confidence, independent of the specific downstream application.
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Previous studies have used a range of atmospheric and dispersion models to generate synthetic plume data, including La-

grangian particle dispersion models such as ARTM (Hanfland et al., 2024) and mesoscale Eulerian models such as WRF (Joyce60

et al., 2023; Wolff et al., 2021; Brunner et al., 2023), COSMO-GHG (Brunner et al., 2019; Kuhlmann et al., 2019, 2021; Brun-

ner et al., 2023), ICON (Brunner et al., 2023), and LOTOS-EUROS (Koene and Brunner, 2023). These models are valuable

for large-scale transport and inversion studies (e.g. Brunner et al., 2023), but they are typically designed and configured for

grid resolutions from kilometres to hundreds of metres, and their dynamical cores, parameterisations, and forcing strategies are

therefore not optimised for resolving plume morphology at metre to sub-metre scales.65

Large-eddy simulation (LES) models provide a suitable framework for the simulation of turbulent flows because they explic-

itly resolve the dominant turbulent eddies that control plume dispersion while parameterising only the smaller scales. This al-

lows plume morphology to be represented at high spatial resolution while remaining computationally more tractable than direct

numerical simulation (DNS). Among LES models, MicroHH has proven to be a suitable candidate because of its computational

efficiency and scalability. The model was designed for modern high-performance computing architectures, including efficient70

parallelisation on CPUs and GPUs, making sub-metre-scale simulations over larger domains feasible (van Heerwaarden et al.,

2017). MicroHH was introduced as a computational fluid dynamics model for DNS and LES of atmospheric boundary-layer

flows. Its dynamical core was validated against benchmark cases covering neutral, stable, and convective regimes, as well as dry

and moist conditions (van Heerwaarden et al., 2017). Since then, the model has been validated against mobile in situ trace-gas

measurements (Ražnjević et al., 2022b), used to evaluate emission estimation methods from channel-flow simulations (Ražn-75

jević et al., 2022a), adapted with an immersed-boundary method to resolve a debris-covered glacier (Bonekamp et al., 2020),

applied to cloud–radiation interactions with 3D radiative transfer (Tijhuis et al., 2024), used to analyse convective systems

(Tijhuis et al., 2025), and applied to quantify NOx emissions from power plants (Meier et al., 2024; Hakkarainen et al., 2024),

cities (Mols et al., 2026), and ships (Riess et al., 2025). Together, these studies show that MicroHH can represent atmospheric

convection, transport, chemistry, radiative processes, and heterogeneous surface forcing at spatial and temporal scales relevant80

to high-resolution plume observations.

Although MicroHH has been compared with observed plumes, for example from Sentinel-5P or in situ field measure-

ments, these comparisons have not established whether it can reproduce the spatial statistics and morphology revealed by

high-resolution plume imagery. This distinction is important because kilometre-scale observations smooth turbulent fluctu-

ations and primarily constrain bulk plume properties, whereas metre-scale imagery resolves fine-scale structures shaped by85

turbulence, wind shear, surface heterogeneity, and obstacles. Agreement at coarse resolution therefore does not demonstrate

that a model can reproduce realistic metre-scale plume morphology.

To address this gap, we use MicroHH to generate and evaluate synthetic plume imagery at 1m resolution. We perform

simulations of a controlled CH4 release experiment in France in 2024 and compare the resulting synthetic plumes with observed

CH4 column enhancements acquired by the Airborne Visible/Infrared Imaging Spectrometer (AVIRIS-4). We evaluate the90

simulations qualitatively and quantitatively by analysing plume statistics such as width, intermittency, spatial variability, and

power spectral density. This combined approach allows us to assess MicroHH’s capability to reproduce metre-scale plume

structures, which is important for improving emission estimation methods and for training realistic ML models.
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2 Data and methods

This section describes the observational data, modelling framework, and analyses used to evaluate the turbulent plume simu-95

lations. Section 2.1 presents the high-resolution CH4 observations from AVIRIS-4. Section 2.2 describes the MicroHH model

and its configuration for the controlled-release experiment, and Section 2.3 outlines the initial and boundary conditions, in-

cluding the treatment of plume rise. Section 2.5 describes the derivation of synthetic CH4 slant column densities used to assess

viewing-geometry effects. Finally, Section 2.4 introduces the complementary metrics used for the quantitative comparison:

spectral analyses of the turbulence and CH4 fields and cross-sectional statistics of plume morphology.100

2.1 AVIRIS-4 CH4 observations

The CH4 column enhancements used in this study were taken from a controlled CH4 release experiment conducted between 16

and 20 September 2024 at the TotalEnergies Anomalies Detection Initiatives (TADI) site in Lacq, France (McManemin et al.,

2026b, a). Release rates ranged from 0.02 to 350 kgCH4 h
−1, and releases were performed at different locations and heights

(0.01–6.5m above ground level), with each release lasting 45 minutes. Wind conditions were measured with a ZX 300 Doppler105

wind lidar, which provided vertical profiles of wind speed and direction up to 300m above ground at 20 s resolution. A wind

anemometer mounted at 1.5m next to the lidar system was used to correct wind directions. High-resolution plume observa-

tions were acquired with the Airborne Visible/Infrared Imaging Spectrometer (AVIRIS-4), flown at multiple altitudes between

1000 and 3700m above ground, which yielded across-track spatial resolutions of 0.5–2.0m. The along-track resolution was

0.4m, independent of flight altitude. CH4 column enhancements were retrieved with an iterative matched-filter approach, with110

additional corrections for surface albedo effects (Foote et al., 2020; Kuhlmann et al., 2025). A detailed description of the

data processing and emission estimation is provided by Meier et al. (2026). The retrieved CH4 column enhancements were

remapped to the MicroHH output grid using Climate Data Operators (CDO) conservative remapping, enabling a direct com-

parison between observed and modelled plumes. In total, 12 releases between 1.45 and 290 kgCH4 h
−1 were observed with

AVIRIS-4. However, only the four releases with the highest emission rates (52.9, 56.7, 80.1, and 290 kgCH4 h
−1) had plume115

lengths exceeding 10m. Because plume morphology and statistics are more meaningful for longer plumes, the analysis focuses

on these four releases.

2.2 MicroHH model description and setup

We used the CFD model MicroHH in large-eddy simulation (LES) mode, which is able to resolve turbulent atmospheric flows

at high spatial resolution (van Heerwaarden et al., 2017). The model solves the filtered Navier–Stokes equations using finite-120

difference methods and represents subgrid-scale turbulence with a Smagorinsky–Lilly model (van Heerwaarden et al., 2017).

For the simulations presented here, advection was computed using a second-order scheme with sixth-order interpolation,

and the Smagorinsky coefficient was set to 0.16 according to field measurements in Kleissl et al. (2006). A flux limiter was

applied to the passive CH4 scalar to ensure monotonic transport. Surface-atmosphere exchange was represented using a Monin-

Obukhov similarity theory (MOST) surface model, with no-slip boundary conditions at the lower boundary and free-slip125
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conditions at the domain top. Boundary conditions for scalar quantities such as temperature and CH4 were prescribed as surface

fluxes and zero-gradient (Neumann) conditions at the upper boundary. Lateral boundaries were periodic for momentum and

thermodynamic variables to minimise the influence of the boundary conditions on the simulated turbulence within the domain,

whereas outflow conditions were applied for CH4 to prevent recirculation of the plume.

CH4 emissions were represented as time-dependent Gaussian point sources with a standard deviation of 0.25m × 0.25m ×130

0.125m, located at the release heights listed in Table 1.

The modelled domain covered a horizontal area of 1024m × 1024m with a resolution of 1m × 1m. The vertical extent

was discretised with 512 grid levels up to 2038m, using a vertically stretched grid. This resulted in a resolution of 0.5m near

the surface, increasing to 13.7m at the top of the domain. Surface roughness lengths were set to 0.2m for momentum and heat,

representative of grassland conditions. Dry thermodynamics with an anelastic approximation was used, with time-dependent135

surface pressure and temperature profiles prescribed using ECMWF’s ERA5 reanalysis data (Hersbach et al., 2018).

To mimic the conditions during the controlled release experiment, we applied time-dependent large-scale forcing and nudg-

ing to the horizontal wind velocity and temperature fields, using the data described in Section 2.3. Time-dependent nudging

was applied with a relaxation timescale of 15 minutes.

Each simulation covered 2 hours and used a fourth-order Runge–Kutta time-integration scheme with adaptive time-stepping.140

This included a 75-minute spin-up phase followed by a 45-minute release period. Model output was sampled every 20 s, and

synthetic CH4 column enhancements were calculated as density-weighted vertical integrals of the CH4 mixing ratios. Gaussian

noise with a standard deviation of 280ppmm, or 1.84× 10−4 kgm−2, was added to mimic the noise characteristics of the

AVIRIS-4 retrievals coarsened to the MicroHH grid (Meier et al., 2026).

2.3 MicroHH initial and boundary conditions145

The analysis of wind speed and direction in Meier et al. (2026) showed that ERA5 reanalysis winds (Hersbach et al., 2018)

agreed poorly with the on-site wind lidar data. The ERA5 wind direction was generally inconsistent with the observed plume

orientation. This may be related to the coarse spatial resolution of ERA5, which does not capture the fine details of the

topography at the site that influence local wind conditions. We therefore used the on-site wind lidar data to prescribe the

initial and boundary conditions for the MicroHH simulations. We applied a 15-minute rolling mean to the raw wind data to150

remove high-frequency variability, then resampled the resulting data to 1min resolution. We also smoothed the wind lidar data

vertically using a rolling average over three height levels to reduce rapid vertical fluctuations that could introduce artificial

turbulence in the model. The lidar-derived wind direction showed poor agreement with the plume orientation, likely because

the data processing did not properly account for direction ambiguity when averaging the raw data to 20 s averages (Knoop

et al., 2021). Therefore, we applied the wind direction measured by the anemometer to the full vertical profile while keeping155

the absolute wind speed measured by the lidar. Finally, we extrapolated the wind data from the highest lidar level to the top

of the model domain, assuming constant wind speed and direction. The resulting wind speed at the top of the domain closely

agreed with ERA5 wind speeds (Hersbach et al., 2018). Temperature profiles and surface pressure were taken from ERA5

using the (LS)2D Python package (van Stratum et al., 2023).
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Table 1. Parameters of the controlled CH4 releases used in this study, sorted by date and time.

Date
Start time

[UTC]

End time

[UTC]

CH4 flux

[kg h−1]

Release height

[ma.g.l.]

Internal diameter

[m]

Outlet ejection speed

[ms−1]

Plume rise

[m]

2024-09-16 09:59 10:47 56.70 1.09 0.0221 57.4 1.55

2024-09-18 09:44 10:33 52.94 1.82 0.0221 53.6 0.00

2024-09-18 13:30 14:17 290.00 1.28 0.0779 23.6 2.50

2024-09-19 12:44 13:31 80.10 1.28 0.0525 14.4 0.63

To reproduce the controlled release experiment, we prescribed the emissions in the model using the provided source loca-160

tions, CH4 fluxes, and release heights. Because the releases had considerable ejection speeds, momentum-driven plume rise

was not negligible. We estimated the plume rise ∆h using the Briggs plume-rise model with separate formulations for the near

field and the far field. The model describes plume rise as a function of downwind distance x, wind speed u, source diameter d,

and gas ejection speed vg (Briggs, 1969).

∆hnear = 1.44 · (dvg)
2/3 ·x1/3

u2/3
and ∆hfar = 3 · dvg

u
. (1)165

The final plume rise was calculated as ∆hfinal =min(∆hnear,∆hfar) and added to the release heights. The release charac-

teristics are listed in Table 1.

2.4 Quantitative metrics of plume similarity

Atmospheric turbulence inherently limits direct comparisons between models and observations because of its stochastic be-

haviour (Lorenz, 1969). A single aircraft overpass captures only one instantaneous plume realisation, as does a single model170

output, and the two therefore represent different samples from a stochastic distribution. Even when the model captures the

governing transport processes well, the exact plume structures are not expected to agree point by point. It is therefore more

meaningful to compare statistical characteristics and scale-dependent variability than the precise locations of individual plume

features (Brunner et al., 2023). Temporal averaging, as used for example by Ražnjević et al. (2022b), was not suitable here

because the simulated plume direction varied substantially over time.175

We therefore evaluate plume similarity using complementary spectral and morphology-based metrics. Turbulent kinetic en-

ergy (TKE) spectra test whether the model reproduces the turbulent energy distribution and temporal wind variability that drive

plume dispersion, independently of the CH4 field. CH4 power spectra quantify how plume variance is distributed across spatial

scales and test the balance between large-scale structure and fine-scale fluctuations without requiring individual features to be

spatially aligned. Finally, cross-sectional statistics in a plume-following coordinate system provide physically interpretable180

measures of plume shape, width, displacement, amplitude, and intermittency (Gałkowski et al., 2025). Together, these metrics

assess both the turbulent forcing and how its scale-dependent variability is expressed in plume geometry and concentration.

Because no standard set of validation metrics for high-resolution plume simulations has previously been established in the

6

https://doi.org/10.5194/egusphere-2026-5235
Preprint. Discussion started: 12 October 2026
c© Author(s) 2026. CC BY 4.0 License.



literature, we designed this combination of metrics as a general-purpose evaluation framework that can be applied beyond the

present case to other LES or CFD models and future high-resolution observational datasets.185

2.4.1 Spectral analysis of turbulence

TKE spectra were computed from the three wind components (u, v, w) at each vertical level. The staggered MicroHH velocity

components were first collocated onto the scalar grid. For each horizontal plane and wind component, the horizontal mean was

removed before applying a two-dimensional fast Fourier transform (FFT). The resulting Fourier coefficients were converted

to a discrete, variance-preserving spectrum using |û′|2/(NxNy)
2, where Nx and Ny are the numbers of grid points in the190

two horizontal directions. This normalisation follows from Parseval’s theorem for the unnormalised forward FFT convention:

summing the spectrum over all two-dimensional Fourier modes recovers the variance of the corresponding mean-removed

velocity fluctuation field (Durran et al., 2017). The TKE spectrum was then computed as

ΦTKE(kx,ky) =
1

2
(Φuu +Φvv +Φww) .

Here, kx and ky denote spatial frequencies in cycles per metre and Φ the component-wise spatial spectra. The two-dimensional195

spectrum was reduced to a radial spectrum by binning the Fourier modes into annuli in (kx,ky) space and summing the modal

variance contributions within each annulus.

Temporal TKE spectra were computed from wind-component time series at each vertical level. For the model output, the

time series were extracted at the central grid point used for the analysis, (x,y) = (512,512). For the lidar data, the observed

vertical wind profiles were used directly over the corresponding case period. For each component, a one-dimensional Welch200

power spectral density was estimated with 128-sample segments and linear detrending of each segment. The temporal TKE

spectrum was calculated as

ΦTKE(f) =
1

2
(Φuu(f)+Φvv(f)+Φww(f)) .

With the Welch density scaling, integration over frequency approximates the variance of the velocity fluctuations (Welch,

1967).205

For both the spatial and temporal wind spectra, only model levels between 0 and 300m above ground were retained, matching

the altitude range sampled by the wind lidar.

2.4.2 Spectral analysis of CH4 plumes

The spatial power spectral density (PSD) of MicroHH and AVIRIS-4 CH4 plumes was computed from column density maps

within the detected plume mask, which was cut to a plume length of 50m and a width of 75m (see Section 2.4.3). The210

spatial mean within the plume mask was removed to isolate spatial fluctuations and prevent the zero-wavenumber component

associated with the mean plume enhancement from dominating the spectrum, and missing values in AVIRIS-4 images were

replaced with zero. A two-dimensional Hann window h(x,y) was applied before the FFT to reduce spectral leakage. The

7

https://doi.org/10.5194/egusphere-2026-5235
Preprint. Discussion started: 12 October 2026
c© Author(s) 2026. CC BY 4.0 License.



two-dimensional PSD density was calculated as

Φ(kx,ky) =
|F{c′(x,y)h(x,y)}|2∆x∆y

NxNy⟨h2⟩ ,215

where c′ denotes the mean-removed plume field, Nx and Ny denote the numbers of pixels along the x and y directions, respec-

tively, ∆x=∆y = 1m is the grid spacing, and ⟨h2⟩ is the mean squared amplitude of the Hann window. The corresponding

Fourier-mode spacings are ∆kx = 1/(Nx∆x) and ∆ky = 1/(Ny∆y). Each Fourier-grid cell therefore covers an area ∆kx∆ky

in wavenumber space, and

Φ(kx,ky)∆kx∆ky220

is the contribution of that mode to the spatial variance. Consequently, summing over all modes approximately recovers the

variance of the mean-removed plume field:

Var(c′)≈
∑

kx,ky

Φ(kx,ky)∆kx∆ky.

To obtain a one-dimensional spectrum, the Fourier modes were grouped into annular bins. For an annulus Aj of width ∆kj

centred on kj , the radial spectrum was defined as225

Φrad(kj) =
1

∆kj

∑

(kx,ky)∈Aj

Φ(kx,ky)∆kx∆ky.

Thus, Φrad(kj)∆kj is the total variance contributed by all Fourier modes in annulus Aj . Summing these contributions over the

radial bins, or equivalently integrating Φrad(k) over k, recovers the variance represented by the two-dimensional PSD.

2.4.3 Plume statistics

For the morphology-based analysis, we used the ddeq Python package to calculate a plume-following coordinate system for230

each plume. We detected plumes with a threshold of 0.3 gm−2 and fitted a centreline to the detected plume pixels using a

Bézier curve with two control points. This centreline defined a local coordinate system for the detected pixels, with the along-

plume direction given by the tangent to the centreline and the across-plume direction by the normal to the centreline (Kuhlmann

et al., 2024). Following centreline fitting, we selected the first 50m of each plume for the analysis. To ensure consistency, the

same plume-detection and centreline-fitting parameters, including the detection method and threshold, number of centreline235

nodes, and maximum plume length and width, were applied to the observed and modelled plumes.

Next, we divided the plumes into 3m-wide cross-sections and fitted a Gaussian profile to each cross-section (Kuhlmann

et al., 2024):

g(y) =
q√
2πσ

exp

(
− (y−µ)

2

2σ2

)
+my+ b. (2)

where y is the across-plume coordinate, σ is the standard deviation, µ is the mean of the Gaussian, and my+ b is a linear240

background term. To assess whether the modelled plumes reproduce the observed plume morphology, we compared the plume
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Figure 1. (a) Simulated CH4 columns for one snapshot of the 290 kgCH4 h
−1 release, (b) cross-sections of the plume along the fitted

centreline and Gaussian fits for each cross-section, and (c) along-plume CH4 flux calculated from the Gaussian fits and wind speed at the

source height.

width σ, plume meandering µ, R2 values of the Gaussian fits, and plume amplitude A= q/(
√
2πσ), where q is the integral

of the Gaussian fit. The coefficient of determination, R2, was computed from the residual and total sums of squares as 1−
SSres/SStot. We also calculated the CH4 flux along the plume to compare plume intermittency. For this calculation, q was

multiplied by the horizontal-domain-averaged wind speed at the prescribed source height (see Table 1). These statistics were245

calculated only for cross-sections with R2 ≥ 0.5 to ensure that the Gaussian fit was meaningful. Figure 1 illustrates the cross-

section fitting and flux calculation.

Finally, we compared the spatial variability of the observed and modelled plumes by calculating the two-dimensional power

spectral density (PSD) of the CH4 column enhancements as described in Section 2.4.2.

For each release, the simulation covered the full 45-minute release period at 20 s intervals, resulting in 135 model snapshots,250

whereas the observations consisted of seven to eight AVIRIS-4 overpasses. After quality filtering, the number of valid AVIRIS-

4 observations additionally varied among along-plume cross-sections. We first compared the mean and variability calculated

from all available modelled and observed data. To assess the influence of the unequal sample sizes, we performed a sample-

size-matching sensitivity analysis. At each along-plume position, we randomly sampled valid MicroHH snapshots without

replacement to match the number of valid AVIRIS-4 observations. We then recalculated the mean and sample standard deviation255

using the matched datasets. The resulting comparison is shown in Figures A1 and A2.
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2.5 Accounting for 3D parallax effects in AVIRIS-4 CH4 column densities

As an exploratory sensitivity analysis, we derived geometry-projected CH4 column enhancements (GPCDs) for the AVIRIS-4

acquisition on 18 September 2024 at 13:33 UTC. This calculation was motivated by the double plumes observed during the

controlled-release experiment, which were attributed to parallax effects (Meier et al., 2026). Vertical column densities (VCDs),260

obtained by vertical integration, cannot capture this effect because they neglect the horizontal displacement of the plume signal

along the illumination and viewing paths (Schwaerzel et al., 2020). Accounting for the slant geometry was therefore necessary

to assess whether it could reproduce the observed double-plume morphology.

We restricted this analysis to the 13:33 UTC acquisition because it exhibited a clear double-plume structure and the modelled

and observed plumes were closely aligned. During the other acquisitions, rapidly changing wind directions often caused the265

modelled and observed plume directions to diverge. Close alignment is essential because it exhibited a clear double-plume

structure and the modelled and observed plumes were closely aligned. This alignment matters because the morphology pro-

duced by the slant-path calculation is highly sensitive to differences in plume position and orientation. Misalignment may

generate an apparent double plume where none was observed or obscure a double plume that was present. We therefore treated

the GPCD comparison as an exploratory case study and excluded it from the systematic plume evaluation.270

The three-dimensional CH4 mass-mixing-ratio fields were converted to CH4 mass densities using the MicroHH reference

air-density profile. The incoming light path was defined by the solar zenith angle (SZA = 47◦) and solar azimuth angle (SAA =

214◦), whereas the outgoing path was assumed to be nadir viewing. For each horizontal grid cell, we integrated the CH4 mass

density along the horizontally displaced incoming and outgoing rays to obtain the solar- and viewing-path slant columns, Ls

and Lv, respectively. Normally, unbiased path-wise column contributions would be obtained by dividing each path integral by275

its respective geometric air-mass factor:

Cunbiased =
Ls

sec(SZA)
+

Lv

sec(VZA)
. (3)

The AVIRIS-4 matched-filter retrieval, however, assumes that light traverses the plume along both the incoming and outgoing

paths (Meier et al., 2026). We reproduced this retrieval assumption by calculating

CMF =
Ls +Lv

sec(SZA)+ sec(VZA)
. (4)280

to generate a synthetic observation that is consistent with AVIRIS-4 observations.

3 Results

This section evaluates the MicroHH simulations against the AVIRIS-4 observations. Section 3.1 first compares the observed

and modelled CH4 plume morphology visually, and Section 3.2 assesses the resolved turbulence using spatial and temporal

TKE spectra. Sections 3.3–3.6 then quantify plume structure using Gaussian cross-section fits, along-plume flux, meandering,285

and plume power spectral density. Finally, Section 3.7 assesses the influence of viewing geometry by comparing the observed

column enhancements with the modelled vertical and slant column densities and their Gaussian-fit statistics.
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3.1 Visual comparison

Figure 2 compares CH4 column enhancements for one of the AVIRIS-4 overpasses during the 290 kgCH4 h
−1 release (top row,

red) with six consecutive MicroHH snapshots around the overpass time (lower rows, blue). The observed plume is elongated290

near the source and fans out farther downwind. This structure is reproduced well by the model snapshots at 13:55:20 UTC and

13:56:20 UTC, which show a similar plume width and a compact initial plume. The other snapshots show stronger turbulent

variability, illustrating how plume morphology can change over short time periods. This example highlights the difficulty of

comparing a single model snapshot with a single observed plume. Similar plots for all AVIRIS-4 overpasses and corresponding

MicroHH snapshots are shown in the Supplementary Material (Figures S1–S60).295

Figure 2. The top row in red shows the RGB scene at the AVIRIS-4 overpass time, the retrieved CH4 column enhancement at native resolu-

tion, and the same retrieval coarsened to the MicroHH grid. The lower panels in blue show MicroHH-simulated CH4 column enhancements

at 20 s intervals around the overpass, illustrating the evolving plume morphology and transport relative to the observed plume.

3.2 Turbulence statistics

The upper row in Figure 3 shows that the mean spatial TKE spectra of the modelled wind fields at the final simulated time

step closely follow the theoretical −5/3 slope within the inertial subrange (Kolmogorov, 1941; Kaimal et al., 1972). This

indicates that MicroHH reproduces the expected turbulent energy cascade over the resolved inertial scales. At the lowest

wavenumbers, the spectra roll off at a wavelength of approximately 500m before reaching the energy-containing range. At300

the highest wavenumbers, the spectra roll off near 0.25m−1, which indicates that turbulent motions are only reliably resolved
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down to wavelengths of about 4m (λ= 1/k), while the formal Nyquist limit of the 1m grid is 0.5m−1, corresponding to a

two-grid-cell wavelength. The modelled temporal TKE spectra in the second row of Figure 3 agree well with the wind-lidar

spectra for the 57, 53, and 80 kgCH4 h
−1 releases. For the 290 kgCH4 h

−1 release, the modelled spectra have slightly lower

energy than the observed spectra at lower frequencies.305

Figure 3. First row: vertically averaged modelled three-dimensional TKE power spectral density between 0 and 300m above ground and

the theoretical −5/3 slope (black dashed line) within the inertial subrange for the last simulated time step. Second row: comparison of the

vertically averaged modelled temporal TKE spectrum (blue) with the observed TKE spectrum derived from wind lidar data over the same

altitude range (red), including the theoretical −5/3 slope (black dashed line). Shading indicates the vertical standard deviation. Each column

corresponds to one simulated release.

3.3 Gaussian fitting of across-plume cross-sections

Building on the visual comparison in Section 3.1, the Gaussian-fit statistics provide a quantitative comparison of the modelled

and observed plume cross-sections.

The top row of Figure 4 shows that the modelled cross-sections generally have higher R2 values and are therefore closer

to Gaussian in shape than the observed cross-sections. The modelled R2 values are highest near the source and decrease310

with along-plume distance, whereas the observed values are more variable, are often lowest near the source for the 290 and

80 kgCH4 h
−1 releases, and approach the modelled values farther downwind. The middle row shows that the fitted plume

widths agree close to the source, but the observed plumes are generally wider and more variable along the plume. The bottom

row shows that the fitted maxima decrease with along-plume distance in both datasets. The maxima agree well for the 57 and

53 kgCH4 h
−1 releases, whereas the modelled maxima are generally higher for the 80 and 290 kgCH4 h

−1 releases. When all315

available snapshots are included, the modelled statistics also appear less variable than the observed statistics, particularly for

these latter two releases.
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The systematic differences among all three metrics can largely be attributed to the parallax effect (Section 3.7). Viewing

and illumination geometry can split the observed enhancement into two branches, producing a double-peaked cross-section

with a lower R2, a greater fitted width, and a lower fitted maximum than the corresponding modelled vertical column. Farther320

downwind, the branches spread and overlap, making the observed cross-sections more Gaussian and causing their R2 values

to approach those of the modelled plumes. Thus, several apparent model–observation differences reflect both the observed

double-plume morphology and the limitations of representing this structure with a single Gaussian.

The apparent lower variability and intermittency of the modelled plumes is largely a sampling effect. The comparison

using all available data includes 135 model snapshots but only seven to eight observed overpasses, with as few as one valid325

observation at some along-plume positions after quality filtering. When MicroHH was randomly subsampled at each position to

match the number of valid AVIRIS-4 observations, the means and variability of the Gaussian-fit statistics became much more

comparable (Figure A1). The results therefore do not provide robust evidence that MicroHH systematically underestimates

plume intermittency.

Figure 4. Gaussian-fit statistics for all across-plume cross-sections as a function of along-plume distance for modelled MicroHH (blue) and

observed AVIRIS-4 (red) plumes. Rows show the R2 values (top), standard widths (middle), and maxima (bottom) of the fitted Gaussian

curves; columns correspond to the four controlled releases. Lines and shading indicate the mean and ±1 standard deviation, respectively.

This comparison uses all available snapshots. A sample-size-matched comparison is shown in Figure A1.

3.4 Along-plume flux330

Figure 5 shows that the mean modelled flux remains nearly constant for all four releases, whereas the observed flux shows

large variations along the plume. The apparent difference in flux variability is, however, strongly influenced by the unequal

sample sizes. As mentioned in Section 3.3, the comparison between MicroHH and AVIRIS-4 observations includes 135 model

snapshots, but only seven to eight observed overpasses. After MicroHH was subsampled at each position to match the number

of valid AVIRIS-4 observations, the mean fluxes and their variability became much more comparable (Figure A2). Thus, the335
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full-sample comparison does not indicate a systematic underestimation of plume intermittency by MicroHH. The remaining

offsets in mean flux, particularly for the 290 kgCH4 h
−1 release, may partly reflect differences in the wind speeds used to

convert the integrated Gaussian enhancements to fluxes, as we used the wind speed at source height, neglecting plume rise.

Figure 5. Computed CH4 flux for all cross-sections along the plume for modelled (blue) and observed (red) plumes, using all available

snapshots. A sample-size-matched comparison is shown in Figure A2.

3.5 Meandering

The lateral displacement µ of the centre of each Gaussian fit from the fitted plume centreline provides a measure of plume340

meandering and curvature. Figure 6 shows that the meandering distribution is generally less Gaussian for the observed plumes

(upper row) than for the modelled plumes (lower row). This partly reflects the limited number of AVIRIS-4 overpasses, with

seven to eight overpasses per release and 16 cross-sections per overpass. It also reflects the more complex morphology of the

observed plumes, which leads to larger displacements from the fitted centreline. The fitted Gaussian distributions show that the

observed plumes have a larger absolute mean displacement, suggesting that they are more curved than the modelled plumes.345

This may partly reflect the smaller observational sample size: with only a few overpasses, the observed plumes can by chance

be curved preferentially in one direction, whereas the larger set of model snapshots is more likely to include plumes curving

in both directions, which compensates for the mean displacement. The difference may also be related to surface heterogeneity

and obstacles near the release site (see Section 4). Because these effects are not explicitly represented in the current model

setup, they may increase the lateral variability of the observed plumes and contribute to the larger mean displacement. Overall,350

the comparison suggests that the observed plumes contain more irregular lateral structure than the modelled plumes.

3.6 Plume power spectral density

Figure 7 shows that the two-dimensional power spectral densities (PSDs) of the observed and modelled plumes have similar

spectral shapes, including similar slopes in the inertial subrange between 2∆x and the plume length L of 50m. For the 53, 290,

and 80 kgCH4 h
−1 releases, the modelled PSD values are slightly higher than the observed values, with the largest difference355

occurring for the 80 kgCH4 h
−1 release. These higher PSD values primarily reflect the larger amplitudes and spatial variance

of the modelled CH4 enhancements because spectral power is proportional to the squared Fourier amplitude. As the prescribed

emission rates were identical to the measured release rates, the larger modelled amplitudes can be explained by the lower wind

speeds in the simulations for these three releases (see Figures S45–S60). For the 290 and 80 kgCH4 h
−1 releases, parallax
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Figure 6. Distributions of the lateral displacement of the Gaussian-fit centres from the fitted plume centreline for observed (top row) and

modelled (bottom row) plumes, calculated using all 3m-wide cross-sections along the entire 50m plume length. The dashed lines show a

fitted Gaussian distribution for comparison.

effects in the observations additionally contributed to the differences in plume amplitude and PSD. Overall, the similar spectral360

shapes indicate that MicroHH reproduces the scale-dependent distribution of turbulent plume variability well, despite small

differences in absolute variance.

Figure 7. Power spectral density of detected observed and modelled plumes. The dashed line shows the theoretical −5/3 slope for the inertial

subrange between 2∆x and the plume length L.

3.7 Influence of viewing geometry on plume statistics

Figure 8 compares the observed CH4 column enhancements with the MicroHH-simulated CH4 VCDs and GPCDs for the

AVIRIS-4 overpass at 13:33 UTC on 18 September 2024. The observed plume shows a double-plume structure, which is not365

reproduced by the modelled VCDs. However, the derived GPCDs show a double-plume structure very similar to the observa-

tions, demonstrating that viewing geometry can account for much of the observed morphology. Moreover, the cross-sections

along the fitted centreline in panels (b)–(e) show that the GPCDs reproduce the observed cross-sectional plume structure much

better than the VCDs, which are too narrow and exhibit a higher peak than the observations.
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Figure 8. (a) Map view of the AVIRIS-4 overpass at 13:33 UTC on 18 September 2024, showing the retrieved CH4 column enhancement

(first row), the corresponding MicroHH-simulated CH4 VCDs (second row), and the GPCDs (third row). (b)–(e) Cross-sections of the

observed and modelled plumes along the fitted centreline for the first four cross-sections.

This is also evident in Figure 9, which displays the R2 values, standard widths, and maxima of the fitted Gaussian curves for370

all cross-sections along the plume. In comparison to the VCDs, the GPCDs exhibit much better agreement with observations

across all three metrics, highlighting the importance of viewing geometry in accurately reproducing plume morphology and

statistics. Notably, the lower R2 values of the GPCDs near the source support the hypothesis that the low observed R2 values

result from the double-plume structure. These values increase along the plume as it fans out and the two branches merge. Only

the standard width of the GPCDs is overestimated. This may partly result from the simplified treatment of plume rise: the375

source height was prescribed as the physical release height plus the calculated final plume rise (Table 1), thereby representing

plume rise as an instantaneous vertical displacement of the entire plume. This approximation is inaccurate close to the source,

where the plume is still rising, and may bias the parallax-induced horizontal displacement and thus the apparent width of the

GPCD plume.

Figure 9. (a) R2 values of Gaussian fits for all cross-sections along the observed (red) and modelled (blue) plumes for the AVIRIS-4 overpass

at 13:33 UTC on 18 September 2024. (b) Standard widths of the Gaussian fits. (c) Maxima of the fitted Gaussian curves.
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4 Discussion380

The results highlight several important aspects of MicroHH’s ability to simulate metre-scale CH4 plumes observed by AVIRIS-

4. Although MicroHH has already been used to simulate turbulent plumes in previous studies (e.g., Ražnjević et al., 2022b),

this study moves to a much finer spatial resolution and, to our knowledge, is the first to systematically evaluate LES-simulated

plume morphology and spatial statistics against high-resolution two-dimensional imaging-spectrometer observations using a

complementary suite of spectral and morphological metrics. This complements previous comparisons that validated single385

aggregate quantities, such as flux accuracy (Jongaramrungruang et al., 2019) or in situ concentrations measured during flights

(Koene and Brunner, 2023; Brunner et al., 2023; Yuvaraj et al., 2026b). Overall, the model reproduced the main characteristics

of turbulent plume dispersion, including spatial and temporal energy spectra and the overall plume morphology. The spatial

TKE spectra agree with the theoretical −5/3 slope, indicating that MicroHH reproduces the expected turbulent energy cascade

over the resolved inertial scales, while the temporal TKE spectra show that the model captures wind variability at the relevant390

scales, although slightly underestimating it for two of the releases. Taken together, these results suggest that, when driven by

realistic boundary conditions and source parameters, MicroHH can generate synthetic datasets that resemble real observations

at high spatial resolution.

The comparison using all available snapshots initially suggested that the modelled plumes had less variability and intermit-

tency than the observed plumes. However, the sample-size-matched sensitivity analysis produced much more similar Gaussian-395

fit and along-plume flux statistics for MicroHH and AVIRIS-4 (Figures A1 and A2). The apparent difference in variability is

therefore largely attributable to the much smaller observational sample rather than clear evidence that MicroHH systematically

underestimates plume intermittency. This result highlights the importance of matching effective sample sizes when comparing

statistics from large simulation ensembles with a limited number of observed plume realisations.

Achieving this level of realism, however, required careful attention to the input data. MicroHH can be driven with ERA5400

reanalysis data, but Meier et al. (2026) showed that ERA5 wind fields were biased at this site and did not represent the local

wind conditions well. On-site wind lidar data were therefore crucial for realistic plume simulations that could be compared to

AVIRIS-4 observations. The controlled-release experiment also provided detailed source information, including release height,

ejection speed, and source diameter, which helped to represent plume rise and the effective wind speed at the source.

The analysis of GPCDs shows that accounting for radiative and geometric effects can bring the MicroHH simulations even405

closer to the AVIRIS-4 observations. Integrating the three-dimensional CH4 field along the solar illumination and sensor view-

ing paths reproduced aspects of the observed double-plume structure that were absent from the vertical columns. An elevated

plume intersects the incoming and outgoing rays at different horizontal locations such that their contributions can appear as

two branches: a displaced plume-shadow branch along the incoming path and a source-plume branch along the reflected path to

the sensor. When these branches are spatially separated, each is dominated by only one path contribution but is normalised by410

the total two-way air-mass factor (see Equation 4). Its apparent CH4 enhancement is therefore underestimated, consistent with

the geometric retrieval effect identified in the AVIRIS-4 observations (Meier et al., 2026) and illustrated in Figure B1. Con-

sequently, differences between modelled vertical columns and retrieved images cannot be attributed to atmospheric transport
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alone. These geometry-induced biases are difficult to remove from observations because doing so would require the unknown

plume height at each pixel. They can, however, be reproduced in synthetic imagery. For comparisons with AVIRIS-4 or other415

imaging spectrometers, three-dimensional model fields should therefore be converted to GPCDs using the acquisition-specific

illumination and viewing geometry rather than compared as VCDs. Depending on the application, the forward modelling should

also represent surface reflectance, shadows, instrument response, and retrieval effects. Synthetic data generated this way can

expose downstream methods, including ML-based emission retrievals, to the same geometric biases as real observations and

thereby improve their evaluation and robustness.420

Even after this post-processing, retrieved AVIRIS-4 images can contain systematic, scene-dependent biases that are unrelated

to atmospheric plume transport. For example, cast shadows can produce retrieval artefacts, while spectral features of some

surface materials can overlap or interfere with the CH4 absorption signal and generate spatially structured biases (Meier

et al., 2026; Gorroño et al., 2026). Such effects are difficult to reproduce using fully synthetic backgrounds. For downstream

applications such as ML training and retrieval evaluation, post-processed MicroHH plumes should therefore be embedded into425

real AVIRIS-4 background observations. This has also been done for ML applications with AVIRIS-NG, PRISMA, Sentinel-2,

and GHGSat imagery (Jongaramrungruang et al., 2022; Joyce et al., 2023; Rouet-Leduc and Hulbert, 2024; Bruno et al., 2024;

Ouerghi et al., 2025). Such hybrid images preserve realistic surface variability, noise, and retrieval artefacts while retaining

known plume properties, thereby helping to reduce the domain gap.

Importantly, however, realistic backgrounds alone do not guarantee that synthetic training data are representative of real430

plumes. Bue et al. (2026), for example, trained convolutional neural network plume detectors exclusively on synthetic CH4

plumes generated by WRF-LES. Although instance-detection F1 scores approached 1.0 when evaluated on further WRF-LES-

generated plumes, they fell below 0.3 for real AVIRIS-NG observations, despite the synthetic plumes having been injected

into observed background scenes. The authors attributed this generalisation gap partly to unresolved temporal variability in

wind speed and direction during plume evolution and to the absence of diffuse area-source emissions in the training data.435

They also noted that synthetic plume datasets used for ML are commonly evaluated against further synthetic data rather than

independently assessing whether the simulated plume structures themselves resemble real observations.

The multi-metric evaluation performed here addresses this issue directly for MicroHH. Rather than assuming that LES-

generated plumes are sufficiently realistic for downstream use, the comparison tests whether their spatial and spectral structure

is consistent with independent observations. This type of validation can identify deficiencies in processes such as plume-rise440

dynamics, source representation, or turbulent dispersion before synthetic data are used for retrieval development, emission

quantification, or ML training, thereby reducing the risk that systematic model deficiencies are propagated into these applica-

tions.

Because no published reference values or acceptance thresholds currently exist for such systematic, multi-metric compar-

isons at metre scale, the metrics and results presented in Section 3 also provide an initial reference point for future intercom-445

parisons of LES and CFD models and for assessing their suitability for specific downstream applications.
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4.1 Limitations

The results demonstrate that MicroHH can already produce realistic metre-scale plume images, while also identifying several

aspects of the present configuration that can be refined further. The modelled plumes are generally more Gaussian-shaped than

the observed plumes. This is partly due to the source representation used here, which is at least one grid cell wide, whereas the450

actual source diameter was only 2.2–7.8 cm. Numerical diffusion can also contribute to plume widening. Resolving this source-

scale structure directly would require a much finer grid, ideally closer to the size of the release equipment, and would therefore

strongly increase both computational cost and model output size. More generally, a grid spacing of 1m does not imply an

effective resolution of 1m, as indicated by the TKE spectrum, because numerical models resolve structures reliably only when

they span multiple grid cells. Ideally, the simulations would therefore oversample the observational resolution by a factor of455

2–4 and subsequently be coarsened to the observed resolution before comparison. However, AVIRIS-4 is commonly operated

at flight altitudes of approximately 7000 ft above ground during operational campaigns, yielding an across-track resolution

of about 1m. The 1m simulations used here are therefore already at the high-resolution end of what is required to represent

typical operational AVIRIS-4 observations, and a moderately coarser model grid may be sufficient for many applications.

To keep the simulations computationally feasible at 1m resolution, we used a domain size of 1024m × 1024m, which460

is smaller than that used in several previous MicroHH studies (e.g., Ražnjević et al., 2022b; Ražnjević, 2023; Krol et al.,

2024). This choice represents a practical trade-off between domain size, spatial resolution, and output volume. Very large

boundary-layer eddies can span a substantial fraction of the planetary boundary layer (PBL), so a larger or nested domain

would be preferable to fully represent the largest scales of atmospheric variability. However, sensitivity tests using domains

of 640m × 640m, 1280m × 1280m, 2560m × 2560m, and 5120m × 5120m at 10m resolution produced comparable465

turbulence statistics at the lowest wavenumbers for all but the smallest domain (see Figure C1). This suggests that the domain

used here was sufficiently large to capture the main energy-containing part of the turbulence spectrum. Moreover, during the

controlled-release experiment, the horizontal domain size was comparable to the vertical extent of the PBL (see Figure C2).

Any larger-scale wind variability not explicitly resolved within the domain was partly represented through the time-dependent

boundary conditions derived from smoothed wind lidar data. Because the largest atmospheric eddies are much larger than the470

observed plume extent, they are expected to have only a limited influence on the short-range plume morphology considered

here.

The influence of both grid resolution and domain size can be mitigated through open-boundary and two-way nesting capa-

bilities, which are currently under development for MicroHH. These extensions will complement the model’s existing high-

resolution capabilities by making it easier to combine larger domains with fine resolution in the region of interest without a475

proportional increase in computational cost.

Beyond adequate grid resolution and domain size, representing site-specific objects and topography is another important

requirement for generating realistic turbulence and plume morphology at metre scales, because these features may contribute

to specific morphological differences, including the non-Gaussian structure, branching, and meandering observed in individual

plumes. For example, Yuvaraj et al. (2026b) showed that including terrain in high-resolution CH4 plume simulations had a480
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strong effect on plume height, vertical extent, and modelled TKE. They also found that, at higher wind speeds, turbulence

generated by obstacles or the release structure itself can substantially alter plume dynamics. MicroHH already includes an

immersed-boundary feature in DNS mode (Ražnjević, 2023; Bonekamp et al., 2020). Extending this capability to computa-

tionally efficient LES configurations will enable more detailed representation of obstacles in applications such as the present

one.485

The treatment of source dynamics provides another opportunity for refinement. Accurately representing the source flow

is important not only for momentum-driven plume rise, but also because high exit velocities or large volumetric flow rates

can generate source-induced turbulence that modifies near-source mixing and plume intermittency. In the present setup,

momentum-driven plume rise was represented indirectly by adjusting the effective source height. This captures the initial

vertical displacement of the release, although not its detailed downwind evolution or source-induced turbulence. For the con-490

trolled releases considered here, this simplification is unlikely to dominate the results because the computed momentum rise

was modest (0–2.5m) and comparable to the release-height scale (1.1–1.8m). Buoyancy effects were also omitted because

release temperature information was not available. Their importance depends strongly on source type: CH4 from pressurised

leaks can cool during adiabatic expansion, reducing buoyancy, whereas emissions from coal mine ventilation shafts can be

warmer than ambient air. Yuvaraj et al. (2026b) showed that for small-pipe, low-momentum sources similar to the controlled495

releases studied here, terrain topography dominates plume shape and remains important up to 40m from the source. Exit tem-

perature has a smaller but still relevant influence, particularly at high exit velocities, where cold or hot releases can alter plume

height and morphology. In contrast, Yuvaraj et al. (2026a) found that, for high-momentum, large-area sources such as coal mine

ventilation shafts, exit velocity and the volumetric flow rate of the vented air are the main controls on plume behaviour, while

high-resolution terrain and building data are less critical. An online treatment of buoyancy-driven plume rise is currently under500

development and will extend the range of buoyant sources that can be represented directly in MicroHH. Because plume-rise

calculations are highly sensitive to model resolution (Yuvaraj et al., 2026b), the current development of nesting capabilities

will be an important asset for making such simulations computationally feasible.

4.2 Recommended applications

The results of this study, together with previous work, suggest three main use cases for generating synthetic plume images with505

MicroHH.

First, the model is well suited for plumes over homogeneous or moderately heterogeneous terrain, where surface features can

be reasonably approximated and where boundary conditions, such as wind profiles, surface roughness, and source parameters,

are well constrained. Under these conditions, MicroHH can simulate atmospheric plumes and turbulence at spatial scales

ranging from several kilometres down to the metre level, provided that sufficient computational resources are available (e.g.510

Ražnjević et al., 2022b; Krol et al., 2024; Koene and Brunner, 2023). The current main version of MicroHH is already highly

capable in these settings, as demonstrated by the realistic plume morphology obtained here. Complex terrain, large obstacles,

subgrid-scale source diameters, and strong momentum or buoyancy effects require additional parameterisation or finer-scale
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treatment. The obstacle, nesting, open-boundary, and online plume-rise developments described above are intended to extend

MicroHH’s applicability to these more demanding cases.515

Second, MicroHH is useful when synthetic imagery is needed for reactive trace gases rather than passive tracers alone.

The model includes atmospheric chemistry, including a condensed scheme for the coupled evolution of NO, NO2, O3, and

related species in turbulent plumes (Krol et al., 2024). This capability is particularly relevant for NOx emission studies because

observed NO2 columns do not scale linearly with emitted NOx: the relationship depends on chemical conversion, photo-

chemical loss, entrainment, background O3, radiation, plume age, and the spatial scale of the observation (Meier et al., 2024;520

Hakkarainen et al., 2024; Krol et al., 2024). MicroHH can therefore be used to generate process-resolving synthetic NO2 and

NOx plume images for testing satellite emission retrievals, deriving NO2-to-NOx conversion factors, and evaluating applica-

tions for power plants, cities, and ships (Krol et al., 2024; Meier et al., 2024; Hakkarainen et al., 2024; Mols et al., 2026; Riess

et al., 2025).

Third, MicroHH is especially attractive when many plume realisations and long simulation periods are needed. A key525

practical advantage is its high computational efficiency, particularly on GPU architectures (van Heerwaarden et al., 2017).

In the setup used here, the GPU implementation achieved an average utilisation of 95%, demonstrating that the code pushed

the hardware (in this case an extremely powerful NVIDIA GH200 Grace Hopper Superchip) to its limits. This makes the

model well suited for generating large ensembles of synthetic plume data for ML applications, such as plume segmentation

and emission retrieval, where many realistic but not necessarily site-perfect realisations are needed. By contrast, if the main530

objective is to reproduce a single plume as realistically as possible at a specific site, models that explicitly resolve local terrain,

obstacles, and detailed source-scale dynamics may be more appropriate despite their higher computational cost.

Beyond these specific use cases, the validation approach applied here also addresses a broader need: because this appears to

be the first systematic, multi-metric comparison of LES-simulated plume structure against metre-scale imaging-spectrometer

observations, no published reference values or acceptance thresholds currently exist against which such simulations can be535

judged. The metrics and results presented in Section 3 therefore provide an initial reference point that can support future

intercomparison of CFD models.

5 Conclusions

Synthetic plume images from numerical models are increasingly used to develop and test emission-retrieval methods, but

their value depends on how well they reproduce observed plume morphology. Here, we evaluated the ability of the LES540

model MicroHH to simulate metre-scale CH4 plume images by comparing simulations with AVIRIS-4 observations from a

controlled-release experiment in France. To our knowledge, this is the first study to systematically evaluate LES-simulated

plume morphology against metre-scale imaging-spectrometer observations using a combination of spectral and morphological

metrics, providing both a specific assessment of MicroHH and a transferable framework for validating high-resolution plume

simulations more generally.545
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MicroHH reproduced several key plume characteristics when boundary conditions and source parameters were well con-

strained, including width, mean concentration structure, turbulence spectra, and spatial CH4 power spectra. Although the

comparison using all 135 model snapshots initially suggested that the simulated plumes were less intermittent than the obser-

vations, this difference was strongly reduced when the model output was subsampled to match the number of valid AVIRIS-4

observations. The sample-size-matched Gaussian-fit and along-plume flux statistics showed comparable variability, indicat-550

ing that the apparent lack of model intermittency is largely a sampling effect. The observed plumes nevertheless exhibited

more complex and non-Gaussian structures, some of which were related to viewing and illumination geometry. The remain-

ing differences likely stem from finite grid resolution, simplified surface and obstacle representation, simplified treatment of

momentum-driven plume rise, and omitted buoyancy effects.

Overall, MicroHH is already a highly capable and computationally efficient model for generating realistic synthetic plume555

images, including large ensembles for retrieval benchmarking and ML training, as well as simulations of trace gases such

as CH4. The present evaluation shows strong agreement with metre-scale observations across complementary morphological

and spectral metrics. Ongoing developments in open-boundary conditions, nesting, and online buoyancy-driven plume-rise

treatment, together with future work on surface and obstacle representation, would further broaden the range of environments

and source types that can be represented and improve the capture of the finest-scale plume variability.560

Code availability. The code and packages used in this study are publicly available: the MicroHH model (version 2.0.1) is hosted on GitHub

(https://github.com/microhh/microhh); the (LS)2D module (version 1.0), used to generate large-scale forcing from ERA5, is available on

GitHub (https://github.com/LS2D/LS2D); and the ddeq package (version 1.1) for plume morphology analysis can be found on GitLab

(https://gitlab.com/empa503/remote-sensing/ddeq).

Data availability. The initial conditions and initialisation files for running MicroHH, the simulated CH4 column data, and the processed565

results are available in a Zenodo data repository (https://doi.org/10.5281/zenodo.22029716). The retrieved AVIRIS-4 CH4 maps, wind and

source data, and estimated emissions are also available on Zenodo (https://doi.org/10.5281/zenodo.16410532) (Meier et al., 2026).
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Appendix A: Influence of unequal sample sizes

Figure A1. Sample-size-matched comparison of Gaussian-fit statistics for MicroHH (blue) and AVIRIS-4 (red) for the four controlled

releases. Rows show the Gaussian-fit R2 values (top), standard widths (middle), and maxima (bottom). At each along-plume position, valid

MicroHH snapshots were randomly sampled without replacement to match the number of valid AVIRIS-4 observations remaining after

quality filtering. Lines show the mean, and shading indicates ±1 sample standard deviation. Compared with the unequal-sample comparison

in Figure 4, the sample-size-matched datasets exhibit substantially more similar variability.
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Figure A2. Sample-size-matched comparison of along-plume CH4 flux for MicroHH (blue) and AVIRIS-4 (red) for the four controlled

releases. At each along-plume position, valid MicroHH snapshots were randomly sampled without replacement to match the number of valid

AVIRIS-4 observations remaining after quality and Gaussian-fit filtering. Lines show the mean, and shading indicates ±1 sample standard

deviation. The matched comparison shows that much of the apparent difference in flux variability in Figure 5 is sensitive to the unequal

sample sizes.
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Appendix B: Comparison of modelled VCDs and GPCDs

Figure B1. Comparison of unbiased and biased MicroHH geometry-projected CH4 column densities (GPCDs). The left panel shows the

unbiased GPCD calculated according to Equation 3, the middle panel shows the biased GPCD calculated according to Equation 4, and the

right panel shows the difference between the two fields.
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Appendix C: Sensitivity to domain size570

Figure C1. Sensitivity of the simulated turbulence to the horizontal domain size for the 57 kgCH4 h
−1 release. The simulations used

horizontal domain sizes of 640, 1280, 2560, and 5120m at a horizontal grid spacing of 10m and a common vertical extent of 2000m.

Panels show (a) vertical turbulent kinetic energy (TKE) profiles, (b) spatial TKE spectra, and (c) temporal TKE spectra compared with the

wind-lidar spectrum. Shading indicates the variability over the dimensions used for averaging, and the black dashed line in panel (b) shows

the theoretical −5/3 slope.
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Figure C2. ERA5 planetary boundary-layer height and MicroHH domain height during the four simulated releases. The blue lines show the

ERA5 boundary-layer height, the black dashed lines show the vertical extent of the MicroHH domain, and the grey shading indicates the

simulation periods.
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