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Motivation

Methane is the second most impactful anthropogenic greenhouse gas after carbon dioxide. It also contributes to
the formation of tropospheric ozone, a potent greenhouse gas and harmful air pollutant. Due to its high global
warming potential (86 times that of CO, over a 20-year period) and a relatively short atmospheric lifetime (911
years), reducing methane emissions is a highly effective strategy for near-term climate mitigation [1].
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Current Challenges in Methane Detection

Recent advances in Machine Learning (ML) have significantly improved the speed and accuracy of methane
detection and quantification. However, these models face a major bottleneck: limited access to diverse, high-
quality training data.

Some studies rely on manually annotated masks [2] or simulated data [3], which often lack diversity in e.g.
backgrounds and terrain, geographic locations, amount of training data or plume shapes and dynamics
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Controlled release experiments [4] are rare and expensive. Meanwhile, Large Eddy Simulations (LES) like WRF-LES, ” 000 e TR 2%! Define atmospheric
though realistic, are computationally intensive and difficult to scale. - (1/m3) > layer

Our Approach

To address these limitations, we propose a novel, computationally efficient method for generating training data:

 We simulate methane dispersion using a 3D particle-based model.

 Plumes are modelled with Gaussian distributions, allowing for fast generation of realistic emission scenarios.

* This approach enables the creation of large, diverse datasets with variations in environmental and emission
parameters—ideal for training robust ML models.

Retrieve Satellite
data

J

Copernicus
Dataspace

JCRIEHNTRIEWSIEIZUN 1-D using
scene atmosphere Py4CAtS [5]

Assumptions
J Particle-Based Dispersion: Methane is modelled as discrete particles transported by wind and influenced by density-driven Ra(z::r\:e E?:esﬁir of 1-D using
convection -> convection (uVc). eachpscene Py4CAtS [5]
(] Dissipation via Gaussian Spread: Each particle carries a Gaussian distribution of methane mass. Over time, the spread
increases to simulate dissipation -> Dissipation (Ac).
J Point Source Emission: Emissions are assumed to originate from a single point source, forming a plume structure typical of @
many real-world scenarios. Superimpose Plume Post-processing for
[ Vertical Uplift Modelling: Due to the initial emission velocity, increased temperature of methane at release and surface heat into image training /27
flux we modelled enhanced vertical uplift below 100m. I " @
(d Near-Surface Focus: The simulation is limited to close-to-surface emissions. It does not account atmospheric chemical
reactions or atmospheric mixing.
d Turbulence Approximation: Eddies are approximated by introducing random distortions in the wind field. Wind Field at Time Step 599
(J Boundary Conditions: Particles exiting the simulation domain are treated as outflow, with no re-entry or reflection. 001 77 TN N T
J Limiting to SWIR range 001 = </ TN | N —_
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J Wind Field Components: Wind information: U, V, W and stochastic distortions.
(d Emission Rate: Controlled by the number of particles emitted per time step and mass inherited by each particle. NN
(J Gaussian Spread (Z):Determines the dispersion radius of each particle’s methane mass. 00{ | YN 4 RGN Ry 4 RS g
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Figure 3: 2D Projected Wind field for
Simulation.

Figure 4: Particle Distribution after Simulation
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approaches with respect to satellites, locations, plume sizes etc.

With this dataset we will train ML algorithms for plume segmentation and emission rate
estimation using diverse range of models (e.g. vision transformers, foundation models,

Attention U-nets...)
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Techniques 16.10 (2023): 2627-2640.
[4]: Sherwin, Evan D., et al. "Single-blind test of nine methane-sensing satellite systems from three continents." Atmospheric Measurement Techniques 17.2 (2024): 765-782.
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Figure 1: 2D Projections of simulation results showing concentration in colour intensity and shape 100 100 200
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This approach is scalable and fast to compute world-wide training data for machine learning
models providing plume masks and emission rate ground truths. Figure 5: Superimposed plume into Sentinel-2 Images. Left: SWIR2 (2300nm) band with plumes,
Next, we will build up a benchmark dataset with Sentinel-2 and Landsat 8/9 for public use. Middle: Plume mask, Right: RGB image of the scene
As current works are hard to compare this dataset may serve as a basis for comparing
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