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| WHY METHANE? _
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METHODS & CURRENT LIMITATIONS

IS ML WORTH IT?

= SOTA: Band ratio (Multi-Band-Multi-Pass) = Threshold - IME
(Integrated Mass Enhancement) at 1.6 pm & 2.3 pm

— Each step needs specific tuning per scene (wind, reference,
limits, refinements)

— Detection limit: ~1 t/h

— Accuracy: +/- 70% in some cases (Sentinel-2)

= Motivation: ML for improved automated methane monitoring
= Challenges: Data & ground truth -> e.g. via synthetic data

= LES with turbulence models are heavy and time intensive
-> Need for lightweight simulation that are good enough

A)(CH‘l (ppm ITI) = We are aiming for a fast, automatic, generalized and robust

— Q= 7300 £ 2700 kg/h approach -> Hard to do so let's start small ©
Task 3
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SYNTHETIC DATA GENERATION
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PROPOSED LIGHTWEIGHT SIMULATION

PARTICLE SIMULATION BASED ON WIND FIELDS & GAUSSIAN
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Particle-
Based
Dispersion:
convection
(uVe)

Dissipation
via Gaussian
Spread:
Dissipation
VAYe))

Near-
Surface
Focus

Vertical
Uplift
Modelling

Point
Source
Emission

Physic
inspired
simulation

Turbulence
Approxima
tion

Boundary
Conditions

SWIR range Scaling for

of Sentinel- Emission
pi rate

5TH ECMWEF-ESA ML WORKSHOP // E. TIEMANN // OHB DC, ESA (®-LAB), TUM // 16TH APRIL 2026 // PUBLIC

“oHB

DIGITAL

Calculation of concentration at specific point
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RADIATIVE TRANSFER AND WORKFLOW
CONCENTRATIONS CH, = TOA ABSORPTION = SYNTHETIC PLUME IMAGES
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Idea: Only methane absorptions — else ideal conditions

— Realistic noise through real remote sensing images

Use Py4cATs (by DLR [3]) — 1D Radiative Transfer Model

1D slow for images = 2D adaptation

— Fixed fine spectral grid interpolation

Convolution with satellite specific spectral response function

Integration of ideal ToA methane reflectance into
ToA reflectance of real sensor observations

Theoretical 3-4 % absorption in SWIR2 at 1000 kg/h envisaged

Conversion to
atmospheric data
(1/m3)
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SUPERIMPOSED VS BASE IMAGE “OHB
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SUPERIMPOSED VS DIFFERENT TIMESTAMP « OHB
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SUPERIMPOSED VS DIFFERENT TIMESTAMP « OHB
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REAL-WORLD DETECTION DATASET
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Reference Image trimmed mean S2 observation with plume
SWIR2 band SWIR2 band
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Reference Image trimmed mean S2 observation with plume
SWIR2 band SWIR2 band
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S2 observation with plume
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Source: Public methane database - International Methane
Emissions Observatory [4]

Contains: Polygons of plumes, detected emission rate and std,
location, product name, wind information - of multiple
satellites

Plume or no plume? -> Exact detection approach &
parameters are not specified
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S2 observation with plume
SWIR2 band
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Source: Public methane database - International Methane
Emissions Observatory [4]

Contains: Polygons of plumes, detected emission rate and std,
location, product name, wind information - of multiple
satellites

Plume or no plume? -> Exact detection approach &
parameters are not specified

Many plumes on same location

— Overall, 173 location cluster, 3515 detection over land

Validation via MBMP — needs multiple observations, com-
pares bands with intensity alignment

— Usage of trimmed mean and median of +/-7 (mainly) cloud
free observations as methane free reference observation

IMEO data is well suited real-world Validation and Test set
— Filtering on land scenes

— Building ML-ready Dataset
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DATASET LOCATIONS & INFORMATION
BASED ON DETECTION FROM IMEO

e

= Training set (70%) remaining 765de417-dfbb-4771-8176-6 -ad54-0f620093845
b3-40a3-a4f9-69068f7fa40a

— Either real detections — ~2500 plume samples dddadd-276-45EE
82335aaa-fad6-4cb0-8119-4ee

6-cal8-485a-b66b-51c501ce3fll
— or synthetic plumes — randomized plume, random location
of 33k overall scenes -dbd1

= Validation set 527 plume samples 256580d0-baf- VNN

a/d8a974-cc4b-4804-

— 53 plumes from 2 geographic clusters 20-4e67-218:

— 474 plumes randomly sampled
[ ] Test Set 528 plume samples f62059d0-1de3-45ch-a5fa-139) ¥ -4d0d-ac
— 53 plumes from 3 geographic clusters

— 475 plumes randomly sampled 2445774e-0bd3-4032-b5¢9-e58

= Background flat, sandy
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ML APPROACH AND RESULTS
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MACHINE LEARNING APPROACHES
PLUME SEGMENTATION AND EMISSION RATE ESTIMATION

= About 15 publications apply ML to methane monitoring
— Mostly CNN-based architectures using U-net
= Benefits:
— Better detection limit (esp. for low SNR)
— More robust (lower uncertainty)
— Automatic processing (no parameter tuning needed)
= Challenges:
— Few training datasets
— Intensive work for manually annotation of plumes
— (Nearly) no ground truth for emission rates

— Missing common ground for model comparison
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ML APPROACH & DATA AUGMENTATION

DIGITAL

= Treating synthetical plume integration into images as

data augmentation Difference Mask Prediction

= Suitable with Kornia for augmentation on GPU

= Flexible with simulated plumes — simulation + radiative
transfer needed

= Qur approach: Change Detection on two images
— Flexible & data driven approach Reference Image Query Image MBIMP
— Allows integration of auxiliary data

= 1ststep: Segmentation of plume (later emission rate)

= Comparison of models:

— Siamese U-net with Ensemble Channel Attention Module
(ECAM) (SNU-net) Difference Mask Prediction

— Fully-convolutional Siamese Concatenation / Difference
(FC-Siam-conc / FC-Siam-diff)

5TH ECMWEF-ESA ML WORKSHOP // E. TIEMANN // OHB DC, ESA (®-LAB), TUM // 16TH APRIL 2026 // PUBLIC



PRELIMINARY RESULTS “oOHB
WORK IN PROGRESS DIGITAL

= No hyperparameter tuning, only binary segmentation

= Fcsiamconc, Fcsiamdiff pretrained backbone on Imagenet

I N e e )

FcSiam-conc [7] Real dataset 0.731 0.555 0.447
(resnet50)

FcSiam-diff [7] Real dataset 0.805 0.436 0.299
(resnetl8)

SNU-net 16 [8] Real dataset 0.719 0.555 0.452
SNU-net 16 Synthetic dataset 0.280 0.151 0.175
SNU-net 16 Synthetic + real (2/27) 0.542 0.351 0.259
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CONCLUSION & FUTURE WORK
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CONCLUSION

Dataset for real-world & synthetic methane plumes based _,'
on Sentinel-2 has been created “~

Good first results for ML-based detection on real data

First promising detection results with training on synthetic
data

Integration of synthetic data into training process needs Real plumes Synthetic
to be investigated (e.g., domain adaptation)

Adaptation of synthetic plumes to real-world conditions

Generate more diverse synthetical data with standard
atmospheres

Models are based on U-net — denoising of plume? W '
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= Direct estimation of emission rate from observations
= Timeseries analysis for improved detection in a given scene

= |nclusion of other data such as CAMS & wind information

= Planned publication:
— Detailed information on data generation

— Data of absorption per pixel, IMEO derivative S2 Scenes,
masks, reference image

— Baseline models

Update of V1 Dataset [9]
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THANK YOU!

Enno Tiemann
PhD candidate / Systems Engineer
OHB Digital Connect GmbH

Mail: enno.tiemann@ohb.de
Web: https://ohb-dc.de/
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