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Methane is the second most important greenhouse gas contributor to climate change; at the same
time its reduction has been denoted as one of the fastest pathways to preventing temperature growth
due to its short atmospheric lifetime. In particular, the mitigation of active point-sources associated
with the fossil fuel industry has a strong and cost-effective mitigation potential. Detection of methane
plumes in remote sensing data is possible, but the existing approaches exhibit high false positive
rates and need manual intervention. Machine learning research in this area is limited due to the lack of
large real-world annotated datasets. In this work, we are publicly releasing a machine learning ready
dataset with manually refined annotation of methane plumes. We present labelled hyperspectral

data from the AVIRIS-NG sensor and provide simulated multispectral WorldView-3 views of the same
data to allow for model benchmarking across hyperspectral and multispectral sensors. We propose
sensor agnostic machine learning architectures, using classical methane enhancement products as
input features. Our HyperSTARCOP model outperforms strong matched filter baseline by over 25%

in F1 score, while reducing its false positive rate per classified tile by over 41.83%. Additionally, we
demonstrate zero-shot generalisation of our trained model on data from the EMIT hyperspectral
instrument, despite the differences in the spectral and spatial resolution between the two sensors:

in an annotated subset of EMIT images HyperSTARCOP achieves a 40% gain in F1 score over the
baseline.

Methane leak detection from anthropogenic sources has seen increasing attention, as it is regarded as one of
the most viable targets for preventing catastrophic scenarios in temperature increase due to climate change
related effects'. Given methane’s short atmospheric lifetime, its removal from the atmosphere would have a very
rapid effect in reducing global warming over the next decades. Large leaks, the so-called super-emitters, have
been shown to contribute disproportionately to the concentration of methane in the atmosphere: Lavaux et al.?
recently showed that 12% of all oil and gas (O &G) methane emissions are episodic ultra-emission events that
in many cases are caused by equipment failures in oil rigs, pipelines or well pads. Additionally, those emissions
are highly underestimated: Alvarez et al.’ reported that O &G supply chain emissions in 2015 were 60% higher
than bottom up estimates from the United States Environmental Protection Agency, and Zhang et al.* reported
that observed emissions using satellite data are two times higher than bottom-up inventories in the Permian
basin. This is due to the fact that bottom-up inventories often underestimate emissions, which can be improved
with the use of satellite-based information.

Using different multispectral and hyperspectral satellite instruments several works® have proposed methods
for detection and identification of point sources of medium to large methane emissions (>100kg/h). However
these methods still require a significant amount of manual intervention: for hyperspectral instruments, meth-
ods based on a matched filter, such as maglc'’, produce reliable enhancements, however, they are still prone
to high false detection rates. Meanwhile, methods for multispectral data have not been automated and existing
approaches®® require manual inspection by human experts looking at pre-computed spectral ratio products.
Furthermore, there is no standard dataset for the task of methane plume detection; existing works>~ report
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detection limits anecdotally and do not allow for an easy comparison between methods and sensors. Additionally,
research in machine learning models aimed at processing hyperspectral data is limited, uses very small datasets,
and usually focuses on the task of land cover classification.

With the arrival of recent satellite missions, such as PRISMA”!!, EnMAP'? and the NASA’s Earth Surface
Mineral Dust Source Investigation (EMIT)"? there is a need for a reliable automated method with low false
detection rate capable of automatically detecting methane plume leaks that would also enable methane plume
attribution. In this context, research on transferability of the knowledge from data collected from one sensor,
ideally with reliable annotations, to other novel sensors would be highly useful'*.

The aim of this paper therefore is to address these problems and to foster artificial intelligence (AI) research
in this area. For this, we improve and extend the annotation of the dataset of AVIRIS hyperspectral images from
the Permian basin aerial campaign's. We release the extended annotation with this dataset in a machine learn-
ing ready format, that can serve as a testbed for further research in methane plume detection and in general for
processing hyperspectral data with machine learning models. For a more in-depth analysis of the methane events
present in the dataset, we refer the reader to'". In our dataset, we include 1878 images of high quality with verified
plume events, which are matched with an equal number of background class samples with no observed emissions.

Furthermore, we propose small and efficient machine learning models based on the U-Net architecture'® that
use the established representations for both hyperspectral and multispectral data. Our model is also lightweight,
with only 6.6M parameters in total. For hyperspectral data, we show that, using our HyperSTARCOP model,
we can significantly reduce the false detection rate of maglc!?, while maintaining high semantic segmentation
performance. For simulated WorldView-3 multispectral data, we propose a MultiSTARCOP model that enables
automatic methane detection using existing pre-computed band ratios®®. Figure 1 shows an example prediction
of the proposed models in comparison with the existing baselines.

Finally, we demonstrate sensor agnosticism of our proposed method, by showing that the models trained on
the AVIRIS dataset work as zero-shot detectors on images from a different hyperspectral sensor such as EMIT.
These two sensors have vastly different properties, resolutions, deployment and also scope: the AVIRIS training
data is from the Permian Basin region in the US and collected aerially, while space based sensor EMIT acquires
imagery on all arid and semi-arid regions where most oil and gas fields are located. We note, that our approach
would likely work with data from other hyperspectral sensors as well.

To summarise, the benefit of having an automated methane detection system is clear in the context of the
ever-increasing size of Remote Sensing data and with the expected increased data collection cadence of the
upcoming hyperspectral satellite missions. Such an automated system would ease the work of experts in this
field, as it could sift through the vast amounts of data and propose locations of interest for manual confirmation
and release through relevant agencies. Another interesting direction would be the deployment of our system for
fully autonomous detection of methane plumes on-board of satellites to allow for increased autonomy of satellite
constellations. Suspected detections could trigger automated scheduling of follow-up observations of the same
area, potentially increasing the capture of scientifically interesting data. Finally, using the methods presented
by'7!8, it is possible to quantify methane emissions using the methane enhancement products and publicly avail-
able wind information. Using our system, one can effectively clean up typical confounders from these products,
and arrive at better estimates of plume quantities.

Background

Methane signature and enhancement methods

The methane signal in the near-infrared part of the electromagnetic spectrum is visible mainly in two spectral
ranges: between the wavelengths of 1600 and 1850 nm, and between 2100 and 2500 nm. This is relevant for the
choice of the instrument, as we likely want to capture at least one of these regions, and usually also a region
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Figure 1. Predictions on an example plume event from the AVIRIS data. On the left, we show some of the
inputs used by our models and by the baselines and, on the right, we show the comparison of the predictions
with the ground truth labels. It can be seen, that the major issue with the existing baselines is the high false
positive ratio.
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outside of these ranges, to get information about the background signal. There are several satellites capable of
observing methane concentrations with spectral bands on these ranges with various spatial resolutions’. On the
one hand, hyperspectral imagers such as AVIRIS or EMIT cover both methane ranges at narrow spectral resolu-
tion (5-8 nm). On the other hand, multispectral satellites such as WorldView-3 or Sentinel-2 have broad bands
overlapping those spectral ranges. Controlled methane release experiments have validated the retrieval methods
on both airborne and satellite instruments'®-!. Figure 2 shows the intersection of the expected signature of the
methane signal with different types of satellites referenced in this paper.

Uniquely, as compared with other semantic segmentation tasks conducted with Remote Sensing data, the
methane plumes are not visible in any one isolated band. A vast array of different enhancement methods are
therefore used to highlight the plume inside the data. In this work, we explore these products as inputs of the
proposed models. For multispectral instruments (MSI) we explore the ratio products®®, while for hyperspectral
instruments (HSI) we use the improved matched filter approach'.

We note that, in practice, most of the mentioned approaches remain manual. A visual inspection by human
experts is needed, often with a requirement of parameter tweaking given different locations. Most of these
methods produce many false positive detections. Furthermore, it is not obvious how to use these methods in an
automated manner out of the box. In this paper, we use these classical approaches to extract relevant features of
high dimensional input data, and we use thresholding methods to explore the feasibility of their direct imple-
mentation as baselines.

Machine Learning for hyperspectral data processing

Research in machine learning for hyperspectral data processing is limited mainly because there is a lack of
relevant, large and annotated datasets with hyperspectral data, that have high spatial resolution and diverse
geographical distribution across the world*. Existing benchmarks such as Indian Pines* or University of Pavia
are based on one or very few small image acquisitions. As noted in several overview papers**~, this works par-
ticularly badly for the hyperspectral scenario, as the high dimensionality of the data, in combination with the
low number of samples, introduces severe problems connected with the curse of dimensionality for the trained
models. This is sometimes addressed by using simulated data, or private datasets®. To make matters worse, the
typically taken approach is to divide this already small data into training and test sets, and the reported scores
tend to be heavily overfitted, giving very large accuracy numbers almost regardless of the used method®. Finally,
most of the existing hyperspectral datasets focus on per pixel classification of land cover classes while other
problems where the hyperspectral signature would be more interesting are not available.

Machine learning for methane detection

Research in machine learning models to be used with remote sensing data for methane detection has been lim-
ited. A large amount of the work also remains manual. For example, the work of*” has used machine learning
models to detect methane plumes in the extremely coarse and low resolution data of the TROPOMI sensor, and
has used these automated detections for a manual search in higher resolution data. Similarly, there have been
works on researching methane enhancement products for multispectral data — using Sentinel-2 and Landsat
data>*? and using the WorldView-3 data®. However, these works still require follow-up manual intervention, and
it is difficult to estimate the performance of each of these enhancement methods in novel untested locations and
when compared against each other. There is no benchmark dataset available in this domain that would permit
fair comparison across different modalities of the data.
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Figure 2. Illustration of the presence of the methane signal (shown through the methane transmittance)

in comparison with the bands available in commonly used satellites. For clarity the hyperspectral sensors of
AVIRIS-NG and EMIT, show the central wavelengths, while for the multispectral instruments of Sentinel-2 and
the WorldView-3, we show the whole band ranges in the short-wave infrared (SWIR) region. We also highlight
the region that corresponds to water vapour absorption, which is typically excluded from the data analysis.
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There have been very recent works?*-*! applying deep learning to hyperspectral data with simulated methane

plumes. The workshop paper of*® frames the detection of methane plumes as semantic segmentation and uses
the matched filter product generated using data from the on-demand satellite PRISMA. They create a synthetic
dataset by combining the plume maps from 1000 Sentinel-2 images® with real, matched filter backgrounds from
150 plume-free PRISMA images. The work of” instead focuses on the regression task of estimating the emission
rate from methane enhancement products. They generate artificial plume shapes using the Large Eddy Simula-
tion (LES)** and mix these with the background noise of matched filter outputs from the AVIRIS data. Finally,
the preliminary work of*! combines the tasks of semantic segmentation with regression, by sequentially training
several models to first segment and later quantify the methane emissions from the PRISMA satellite images.
Similarly, as in the other instances, the annotation is made by methane plume simulations using the LES and
mixing the generated signal back into the hyperspectral data. Unfortunately none of these works provide the
datasets and data products and code and the trained models are also not open-sourced.

In our view, the contributions of our work compared to these recent works are that (i) our paper considers
a dataset made of real-world methane plumes instead of synthetic simulated plumes, (ii) our curated dataset is
larger (from 300 different AVIRIS acquisitions) although it is limited to the Permian basin area (iii) we train and
compare models from multispectral and hyperspectral views of the data iv) we show zero-shot transferability
of the proposed hyperspectral model to other sensor and v) we open-source the dataset with the curated labels,
the codebase and the trained models.

Data

One of the purposes of our study is to compare the capacity to segment methane plumes of different models on
different data modalities but under the same conditions (i.e. using the same dataset). For this, we constructed
a balanced ML-ready dataset with different image instances for each element in the dataset. Those instances
are manually annotated plume masks, CHy retrievals using the standard enhancement products, hyperspec-
tral images and multispectral images simulated using the AVIRIS-NG hyperspectral data. In order to test the
generalization capabilities of our hyperspectral model, we additionally collected a set of images from the EMIT
hyperspectral sensor with verified emissions that we also manually labeled.

AVIRIS machine learning ready dataset

The data of the Permian basin airborne campaign conducted for the study of Cusworth et al.!> was selected to
create our dataset. This campaign was conducted from September to November of 2019. 3068 individual methane
plumes were found in 564 images retrieved on 31 different days using two hyperspectral airborne instruments:
the Next-Generation Airborne Visible/Infrared Imaging Spectrometer (AVIRIS-NG) and the Global Airborne
Observatory (GAO) instrument®. Images retrieved by those instruments have an spectral resolution of 5-10 nm
and a spatial resolution of 3-10 m. The location, time of acquisition and rough plume segmentation mask of those
plumes is available at Zenodo®. Since data from the GAO sensor is not public, we used only the plumes retrieved
by AVIRIS-NG. The AVIRIS-NG flight lines of this campaign correspond to 300 level 1B hyperspectral images
with an approximate size of 6TB. For each of these images, we derive: the CH4 enhancement using the maglc
matched filter model proposed in!® and the simulation of the bands of WorldView-3 using the corresponding
spectral response function. We describe each of these in detail in the following subsections. The final dataset
size, which provides the relevant and used bands and products, is 60 GB.

We sampled chips of size 512x512 px from the available AVIRIS-NG images to create the STARCOP dataset.
In order to obtain a balanced dataset we selected all tiles containing plumes as positive examples (plume) and
sample the same amount of tiles from the pool of locations without plumes to be negatives samples (no-plume).
For the negative samples, half of them are randomly selected whereas the other half is chosen using the maglc!?
product as locations with high amount of confounders, i.e. locations where maglc output is high but there are
not plumes.

Plume masks provided in original data'® are in a colour mapped RGB PNG format covering a 151x151 pixel
area. Our first tests with these labels found several inconsistencies such as build up areas near the plume labelled
as plume or labels covering only a circular area around the plume source - these are shown in Fig. 3. Also, our
chips are larger (512x512) which was a problem since the original labels only covered 151x151 pixels. Since
data quality is of paramount importance for ML models, we manually extended and curated the labels using the
IRIS tool (Intelligently Reinforced Image Segmentation) graphical user interface’, which was previously used
for similar tasks in*®. We mainly used the brush tool to remove label errors and extend the plume to capture the
tails. Additionally, we manually inspected all no-plume locations to make sure no plume is present in these chips
since we found a couple of large plumes not reported in the original dataset®.

In order to split the chips for training and testing, we manually selected chips coming from acquisitions of
three days (18th, 21st and 25th of October) to avoid temporal overlap. We chose these days as they are clustered
towards the end of the campaign and they have a balanced amount of plumes of different strengths. Image acqui-
sitions from other days are used for training the models. Figure 4a shows the spatial location of AVIRIS training
and testing tiles, and the statistics of training and testing chips stratified by the emission rate. For evaluation, we
label the data in the test dataset with broad categorical labels: plumes with emission rate lower than 1000 kg/h
are labelled as “strong”, while the rest is labelled as “weak”.

In order to simulate retrievals of multispectral sensors from AVIRIS-NG images, we convolve the hyperspec-
tral bands with the spectral response function (SRF) of the sensors we seek to simulate. We further converted
the radiance values to top of atmosphere (TOA) reflectance using the date of acquisition of the image, the center
location and the solar irradiance. For WorldView-3 the solar irradiance on each of the bands is obtained by con-
volving the SRF of the sensor with the Thuillier solar spectrum®. We have also experimented with the Sentinel-2
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Figure 3. Showing the limitations of the available annotation in the original labels released by'®, with a circular
mask cut out around the center of each plume. We manually refine and extend these plumes using the maglc
product as guidance.
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Figure 4. ML-ready dataset produced in this study. (a) Location of the chips of size 512x512 pixels used for
training and testing the proposed system in the Permian basin. (b) Location of the EMIT granules used for
evaluation of zero-shot detection. In the bottom table: Statistics of the number of flight lines, days and amount
of chips stratified by emission rate.

satellite as the target for the simulated data, however, even the largest of methane plumes in the Permian Basin
area were not visible in the Sentinel-2 band ratio products®®.

We note that with the released dataset we provide the community a tool to simulate synthetic data for any
target sensor working in this spectral range, given the knowledge of the properties of the captured bands such
as the spectral response function. Similar ratio products would be used. We warn that in some cases this likely
wouldn’t work with this particular set of plumes due to the low methane concentrations (as we saw in the case of
Sentinel-2). We also note that our dataset can serve as a source of information about the shapes and intensities
of methane plumes, which could be used for simulation of new labelled datasets?*-3!.

We use several data augmentation techniques on the samples in our training dataset. We apply random
rotations and extract 128x128 px tiles with an overlap of 64 px from the original 512x512 px scenes. With this
approach our final training dataset holds 167,825 images, each with all the required intermediate feature products.
Our test dataset is kept as 512x512 px scenes.

In summary, we release the final dataset with labelled methane plumes from the AVIRIS-NG sensor along-
side the refined labels, simulated multispectral products and added enhancement products (these are described
in more details in the Methodology section). The dataset contains in total 1878 plume events, which are split
between train and test datasets and samples with no plumes (from random locations and from areas with known
confounders). Our dataset is available at: https://doi.org/10.5281/zenodo.7863343.

EMIT dataset for estimation of generalisation ability across hyperspectral sensors
In order to explore the generalisation ability of our proposed models, we have tested the hyperspectral models
trained on the AVIRIS-NG data on a small dataset from another hyperspectral sensor, EMIT. Given the inputs
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used in our proposed model, we are able to extract similar image patches from another sensor, despite it having
different spatial and spectral resolutions.

Most importantly, the geographic locations where the data was collected differ - AVIRIS-NG was collected
locally in the Permian Basin area of USA, while EMIT is global, covering arid regions around the world. Addi-
tionally, the AVIRIS-NG sensor is an aerial based mission, while the EMIT sensor is deployed on board of the
International Space Station (ISS). This does have an influence on the amount of atmospheric disturbances affect-
ing the data. Both the ground and the spectral resolution between the two sensors also differs as can be seen on
Fig. 2. We are able to circumvent the dependency on one particular sensor, by using a matched filter product as
one of the inputs to our models.

‘We have annotated a small subset of the data from the EMIT sensor, which serves as an evaluation dataset.
The selection was based on the initially released labels through the EMIT Open Data Portal. In total, we have
selected and manually annotated 11 locations with known plumes and 9 locations without any reported plumes
— as shown on Fig. 4b. We use the released L1 level of processing of the EMIT data without applying orthorectifi-
cation, this is in a conscious attempt to simulate near raw data, which would be available on-board of the sensor.

Methodology

As has been discussed in the previous section, we have compiled a dataset of hyperspectral images, which allows
us to simulate multispectral views of the same data. This gives us an option to design machine learning models
operating on both types of data and to compare their performance. In this section we describe these models,
the proposed feature extraction of inputs depending on the data modality (multi or hyperspectral) as well as the
baselines that are compared against.

Feature extraction from multispectral data

Multispectral data is expected to give lower detection capabilities of methane plume detection, namely due to
the lower intersection between available bands and the methane spectral absorption signature as seen on Fig. 2.
This is typically addressed by comparing a single band that falls within the methane absorption with other bands
that serve as a background reference. From recent literature in the field, we will be using two methods that create
these methane enhancement products — we will use these both as baseline methods, and also as inputs to the
later proposed machine learning models. These can be seen as classically extracted features.

We have included two methods into our analysis, namely the band ratio method proposed by®, which we will
denote as “Varon ratio”, and the multi-linear regression (MLR) method proposed by®, which we will denote as
the “Sanchez ratio”. In practice, while these methods were tested with different multispectral satellite data, either
using the two SWIR bands of Sentinel-2 or the eight SWIR bands of WorldView-3, they remain sensor agnostic.

The work of® proposed several methane enhancement methods, we use the mono-temporal variant that looks
at the ratio between a signal band S and a background band B: VaronRatio(S, B) = (c * S — B)/B. The parameter
c is used to scale one of the bands into the range of the other band, and can be obtained as a least square fit, or
as a simplified formula ¢ = sum(B") /sum(S’), where §' and B’ corresponds to the signal and background bands
with removal of outliers.

The method of® instead uses multiple linear regression (MLR) to estimate the background information in
the signal band from a combination of other bands. The estimated band Saszr is then compared with the signal
band S: SanchezRatio(S) = VaronRatio(S, Syzr). We note that the MLR estimation of each tile is not fitted on
the whole training set, instead it uses only a single tile. The original paper uses the WorldView-3 bands, namely
the B7 or the B8 as the signal bands and bands B1-B6 as background bands.

We will use the <> symbol to refer to the Varon ratio, with first parameter being the signal band and the
second parameter the background band. We explore these three variants: (1) First variant, denoted as “Varon”,
uses the following ratios: B7<>B5, B8<>B5, and finally B7<>B6. (2) Second variant, denoted as “Sanchez”, uses
the B1-B2 and B4-B6 as background bands to compute the MLR products: B7<>B71r, B8<>B8prr, and the
SWIR band B1. (3) Finally, the third variant, denoted as “Varon+Sanchez”, is a combination of the two previous
methods - using first two Varon ratios with the first Sanchez ratio.

As the baseline method we use the Sanchez ratio computed for B8<>B8yr r thresholded by the experimentally
found value of 0.05 and post-processing the binary output with the opening morphological operation. We have
tested other ratio products as the baseline method, but the results were almost the same for all variants - the
thresholded detections are very noisy regardless of the used ratio.

Feature extraction from hyperspectral data

Hyperspectral data has very narrow wavelength windows at high spectral resolution, as can be seen on Fig. 2,
which is crucial for methane detection. In such cases, it is easier to contrast bands inside and outside of the typical
methane absorption to enhance the visibility of the plume inside the image. However, in practice, this approach
would still result in a relatively large amount of noise in the extracted features, which is why the typical state of
the art methods in this domain use matched filter approaches.

We build on top of the matched filter approach of maglc'®. A vanilla matched filter method measures, for
every hyperspectral pixel, the similarity between the pixel value minus the average surface reflectance against the
methane absorption spectrum (black line in Fig. 2). The proposal of'® improves the method by adding sparsity
regularization and an albedo correction to the target spectrum to match. Although this method significantly
reduces the amount of false positives, the retrieved image has still a high amount of noise; we found that this
happens especially in urban areas (rooftops), water bodies, and human made infrastructures (photovoltaic pan-
els, roads, etc.). As a baseline method we use the mag]lc filter with the threshold of 500 ppmxm and an opening
morphological filter to remove the speckle noise.
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Machine learning models

In this work, we propose two machine learning model variants, working with the multispectral and hyperspec-
tral data - these two models however share the same architecture design illustrated in Fig. 5, except for using a
different number of input channels.

We have chosen to use the U-Net architecture' with MobileNet-v2 encoder®. Our HyperSTARCOP model is
trained from scratch, while for the MultiSTARCOP variant, we use the encoder network pre-trained on the Ima-
geNet dataset. This limits our choice of input bands to 3 to mimic the RGB bands commonly used in computer
vision tasks, however, experimentally this led to better results with multispectral data and the MultiSTARCOP
model. We use min-max normalisation for the ratio products and selected bands, using the statistics from the
training dataset.

The MultiSTARCOP model uses ratio products computed from the WorldView-3 data. The challenge for this
model remains in learning which part of the image contains a plume, and which contains the background infor-
mation. We note that the ratio methods often highlight other structures present in the image with even stronger
signal than that of the methane plume - as can be seen on Fig. 1 with highlighted building outline. In these cases,
the signal of the methane is similar to other signatures present in the data. Our model has to learn to differentiate
between the shapes and the strength of the signal corresponding to methane plumes and the other background
classes. We also note that the strengths of different plumes vary quite significantly and, as such, the model needs
to learn how to detect both weak and strong methane plume signatures. In initial exploratory experiments, we
tried to train models on separate subsets of the data (such as data containing only strong plumes), but we saw a
decrease in performance - we hypothesise that having a dataset of diverse plume shapes and sizes is beneficial.

The HyperSTARCOP model instead aims to improve upon the limitation of the current state of the art
method of maglc, namely in reducing its false positive rate. Our model uses the maglc product with a selection
of other bands from the hyperspectral sensor as input features. The underlying assumption is that a machine
learning model should be able to learn which of the methane plumes outlined by the maglc method are true
plumes and which are just false detections. This information can be obtained either from the shape of the plume
data, where the spatial information seen by 2D convolutional layers should outperform the per pixel baseline.
We have tested two versions of this model, one relying only on the maglc data as the input, and another using
the maglc product with addition of the RGB bands from the AVIRIS data (bands with central wavelengths 640
nm, 550 nm and 460 nm). The assumption is that if a human expert can distinguish between a falsely detected
signal from a roof of a house and a real plume, then our model can learn the same.

Experimental setup

The dataset we use for training the multispectral and the hyperspectral models contains the same samples, with
just different views of the data - the original hyperspectral bands, or the simulated multispectral data correspond-
ing to the bands of the WorldView-3 satellite. Correspondingly, we have taken similar approaches when training
these two models, but in some instances, we used different hyperparameters.

For all training runs we use the Adam optimiser with learning rate of 0.001, keeping other parameters to
their default values. In addition, we use a scheduler that reduces the learning rate on plateau by multiplying it
with a factor of 0.5, with the patience parameter set to 4. Therefore, the training rate reduces only after 4 epochs
without improvement. In total, we train for 15 epochs. The exact values for these hyper-parameters have been
established experimentally. For development (training and validation), we use a n1-highmem-8 instance on
Google Cloud Platform with one NVIDIA Tesla V100 GPU, one full training and validation run takes between
6 to 8 hours (depending on the used configuration and the number of input products).

The training dataset is heavily unbalanced in terms of the number of pixels corresponding to the plumes in
contrast to the pixels corresponding to the background class. As such, we need to employ rebalancing measures.
For both models, we oversample the instances from the minor class with the function provided by the PyTorch
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Figure 5. The proposed HyperSTARCOP and MultiSTARCOP machine learning models based on the U-Net
architecture with MobileNetV?2 as its encoder network. We note that this architecture is quite lightweight and it
has only 6.6M parameters.
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library, the WeightedRandomSampler. We take additional measures, but the approach differs for the multispectral
and the hyperspectral scenario.

For training the MultiSTARCOP model we use weighted binary cross-entropy loss with the plume pixels
weighted by the value of 15. For the HyperSTARCOP model we instead introduce a novel training loss for the
context of the task of methane plume detection with hyperspectral data. We weight the loss by the maglc prod-
uct — this means that pixels with larger concentration values in the maglc product will contribute more to the
computed loss. We multiply the non-weighted binary cross-entropy loss computed over the whole tile with the
maglc product. This approach is similar to the one used in the original U-Net paper'®, where a loss weight mask
was used to prioritize pixels between individual segmented detections.

Metrics

To evaluate our models, we first explore the raw outputs of our segmentation models. Secondly, we use a simple
rule to convert these segmentation maps into classification decisions per each tile, to label them with the binary
class of either having or not having any methane plume.

The segmentation results are described with the area under the precision-recall curve (AUPRC) score, which
is independent to the used threshold, and works well in unbalanced scenarios. Each pixel of the segmentation
map is then thresholded with the value of 0.5 to produce a binary map — which is then used to compute the
F1, precision and recall statistics. For better insight into the performance of the model, we report these scores
separately for strong plumes (with emission rate larger than 1000 kg/h) and for weak plume events. Each tile in
the evaluation dataset is finally marked as containing a plume if the prediction has more than 10 active pixels.
We study the false positive rate (FPR) on the subset of the evaluation dataset that does not contain any plumes.
Additionally, we report the percentage of captured plumes stratified into several plume size categories. For a tile
in the evaluation dataset which was predicted as containing a plume, we consider this plume to be captured if
the thresholded prediction has at least 1 pixel overlap with the ground truth annotation.

Experiments with generalization ability of our hyperspectral models

In the final experiment, we measure the capabilities of our model to serve as a zero-shot detector of methane
leaks on data from other hyperspectral sensor. More concretely, we use the trained HyperSTARCOP models with
inputs from the EMIT sensor. Given the knowledge of the wavelength ranges of each band in this new sensor,
we can compute the required maglc product. Furthermore, we re-normalise the RGB bands using the statistics
from the AVIRIS training dataset, moving the data into the ranges expected by the models. While the deploy-
ment of machine learning models trained on standard computer vision datasets has been tested in-the-wild with
other camera instruments (typically also RGB), the scenario with hyperspectral sensors is more complex as the
exact number and location of bands, their specific noise profile and the ground spatial resolution differ. Despite
these differences, we are able to compute similar input products, and reuse the pre-trained model in a zero-shot
manner. We note that we do not alter the ground resolution of the data from EMIT (60 m). Given the diversity
of the plumes present in our dataset, and namely their distribution across different sizes, we expect the model
had to learn to be scale agnostic.

Results

We present the results from: (1) training the MultiSTARCOP model on the simulated WorldView-3 data, (2)
training the HyperSTARCOP model with the hyperspectral data from the AVIRIS sensor, and finally (3) evaluat-
ing the HyperSTARCOP model for zero-shot detection of methane leaks in the hyperspectral data from the EMIT
sensor. The simulation of the multispectral views of the data from the original hyperspectral data is described in
more detail in Section “AVIRIS machine learning ready dataset”. The metrics we use to analyze the performance
of our models are described in Section “Metrics”

We reiterate that we use annotation from real world plume leak events, and that a comparison between the
different models is possible given the shared origin of the data. To illustrate this we show a single plume event
on Fig. 1 evaluated with our proposed models in comparison with the appropriate baselines for the multispectral
and the hyperspectral scenario. We note that the predictions of the baseline methods produce more false positive
detections (shown as blue pixels), than any of our proposed models. When comparing the prediction between
the two modalities of our proposed models, the MultiSTARCOP model is generally able to only detect the area
of the plume with the higher gas concentration, while it misses the extended plume tail. On the other hand, the
HyperSTARCOP model is capable of detecting the entire plume, including the areas of lower concentration in
the plume tail.

In Fig. 6, we show qualitative results of our models on diverse tiles from the evaluation dataset.

Performance on multispectral data

We have trained the MultiSTARCOP model with the simulated WorldView-3 view of the data with three different
enhancement product combinations. In Table 1, we show the segmentation and the classification scores of these
three model variants. All of the proposed variants outperform the baseline approach in any of the used metrics.
From the explored three variants, the model that uses the “Varon+Sanchez ratios” achieves the best performance
in terms of the AUPRC and the F1 metrics. However, we note, that these results are within the range of standard
deviation with the model that used the “Varon ratios”, which on the other hand receives the best (lowest) false
positive rate by tile. We also see that the performance of all models drops rapidly with smaller plume events,
which confirms the assumption that the detection of small methane plumes is a challenging task.
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Figure 6. Showing the qualitative results of our models evaluated on strong plume samples (in the first two
rows), on weak plume samples (in the second two rows) and finally on samples that are known as confounders
(in the last two rows). Left to right columns in each sample shows: the RGB bands of the AVIRIS-NG data,

the normalised maglc product computed from the hyperspectral data, the normalised Varon ratios between
bands B7 and B5 from the multispectral view of the data, prediction of the MultiSTARCOP model and the
HyperSTARCOP model in comparison with the ground truth label. In the first three columns we show the areas
outside of the sensor swath (no-data areas) with black background.

Performance on hyperspectral data

In Table 2 we report the results of training our HyperSTARCOP model on the AVIRIS data using two different
input configurations. We see that the proposed HyperSTARCOP model variants both outperform the baseline
approach. We see an increase in the F1 score across both strong (emission larger than 1000 kg/h) and weak
plume events, while at the same time achieving a decrease in the false positive rate. This means that the proposed
method produces better semantic segmentation of the methane plumes, while also being less sensitive to noise.
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F1 (strong) 1 F1 (weak) 1 FPR by tile | AUPRC 1
Baseline, ratio + morpho. 7.44 0.5 100.0 N/A
Our (Varon) 30.72 £2.87 10.35+1.52 87.89 +4.67 11.92 £ 1.35
Our (Sanchez) 26.59 £3.13 9.32+£1.05 94.4 £ 1.30 9.96 £ 1.43
Our (Varon+Sanchez) 31.89+2.44 11.04 +£0.75 90.51 +£4.23 13.04 £ 1.96

Table 1. Results of the multispectral models on the test set, we show results of our proposed model in
comparison with the existing baseline. We show the average results of 5 training runs of our models. Best
performing values are in bold.

F1 (strong) 1 F1 (weak) 1 FPR by tile | AUPRC 1t
Baseline, maglc + morpho. 67.45 39.95 75.43 N/A
HyperSTARCOP, only maglc 74.15 + 6.10 47.57 £ 4.17 52.11 +10.98 49.41 +5.49
HyperSTARCOP, maglc + rgb 81.96 + 3.71 43.42+5.72 43.66 +7.36 51.99 £2.76

Table 2. Results of the hyperspectral models on the entire test set, we show results of our proposed model in
comparison with the existing baseline. We show the average of training 5 runs of our models. Best performing
values are in bold.

Furthermore, we explore a more fine-grained evaluation of the proposed models using the per tile classifi-
cation scores. In Fig. 7a, we explore the percentage of captured plumes stratified by different plume emission
sizes, showing the natural trend that stronger plumes are easier to detect. Both of the proposed model variants
achieve similar performance. In comparison the maglc baseline captures more plume tiles - as it predicts more
tiles as containing plumes in general. In Fig. 7b, we show that this leads to larger false positive rate on no-plume
tiles — the baseline method gets the FPR of 75.29. Both of the proposed models are able to significantly reduce
the FPR, with the “maglc+rgb” model outperforming the “maglc only” variant. We also note that the FPR on
no-plume tiles reported in Fig. 7b is similar to the score of FPR in Table 2, which is evaluated on all tiles (includ-
ing the ones with plumes).

In summary, on no-plume tiles, the HyperSTARCOP “maglc+rgb” variant achieves the FPR score of 43.79,
reducing the FPR by over 41.83% in contrast to the baseline. Furthermore, we see better performance in the
segmentation statistics, namely increase of the F1 score for strong (by 21.51%) and weak (by 8.68%) plume
events in comparison with the baseline. When using a simple rule to convert these segmentation predictions
into per-tile classification, we see a mostly maintained performance, with a small drop in the detection capabili-
ties of the weak methane plume events. We note that this is consistent with the fact that the model was trained
on the task of semantic segmentation, and that there are likely more complex methods available for generating
per tile classifications.

Zero-shot generalisation on EMIT

We use the HyperSTARCOP models trained on our dataset from the AVIRIS sensor in a zero-shot manner with
new data from the EMIT sensor. Table 3 shows that the performance of our proposed model outperforms the
baseline approach in F1 score by up to 40.28%. Furthermore the “maglc+rgb” variant gets better performance
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Figure 7. Results on the test set using fine grade distinction between plume sizes (average of 5 runs of our
models).
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Figure 8. Results on example plume and confounder samples from the EMIT dataset, showing the baseline
method and our HyperSTARCOP model using maglc+rgb as inputs.

F11 Precision 1 Recall ¢ AUPRC 1
Baseline on EMIT 35.25 24.08 65.8 N/A
HyperSTARCOP, only maglc 42.54 +5.22 68.93 +4.72 31.09 +5.43 46.61 + 4.61
HyperSTARCOP, maglc + rgb 49.45 +10.79 73.17 +7.40 38.78 +12.48 53.29 + 8.08

Table 3. Results of the hyperspectral models on EMIT. We show the average of training 5 runs of our models.
Best performing values are in bold.

in all metrics in comparison with the “maglc only” version. We also note that the standard deviation of these
results is quite high, which is consistent with the fact that the models have to generalise on unseen data and cope
with the associated spectral and spatial biases.

On Fig. 8 we selected few plume events and areas with typical confounders for the maglc product (urban
areas). We see that our HyperSTARCOP model is capable of detecting methane plume events, while also being
able to reject the detection falsely highlighted in the maglc product.

We note that these are highly desired properties that have been transferred from the AVIRIS dataset onto eval-
uated data from another sensor. A typical next step would be to further use our trained models and to finetune
them on labelled EMIT datasets. However, the number of labelled examples present in the EMIT dataset so far is
much lower than the number of events in the AVIRIS dataset. To summarize, we see that our model has learned
useful representations that allow for zero-shot generalisation on data from other sensors. Our models achieve
better qualitative and quantitative results, namely they improve the F1 score of the baseline approach by 40.28%.
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Conclusion

In this work, we explore semantic segmentation of methane plumes in the hyperspectral and multispectral data
with machine learning models. We publicly release a large scale and high resolution dataset of hyperspectral
images from the AVIRIS-NG sensor. We have refined the existing labels'®, improving the annotation which is
required for training machine learning models. We provide the raw hyperspectral data alongside with simulated
multispectral views of the same data, allowing for direct comparison between the two modalities of data. We
hope that this dataset will promote research in the areas of methane detection and processing hyperspectral data
with machine learning models.

We propose and evaluate models based on the small and efficient U-Net architecture with MobileNetV2
encoder with several different configurations. The resulting model architectures are lightweight, with only 6.6M
parameters. Our experiments with simulated WorldView-3 data, showcases the difficulties of detecting methane
plumes in data from multispectral instruments. On strong plume events, our MultiSTARCOP models get the
average F1 score of 31.89 outperforming the multispectral baseline which has F1 score of only 7.44. Our proposed
HyperSTARCOP model outperforms the state-of-the-art baseline approach of maglc!® obtaining better perfor-
mance in methane plume segmentation, namely increasing the F1 score for strong events by 21.51% and weak
events by 8.68%. Importantly, our model also addresses the known limitation of matched filter methods, which
produces many false positive detections. We reduce the false positive rate per tile by over 41.83% in contrast to
the baseline, at the cost of small drop in the number of captured plumes.

Finally, we show that our HyperSTARCOP model can be used for zero-shot generalisation on data from
another hyperspectral sensor. Without fine-tuning the model, we obtain a superior score to the maglc approach
on data from the new EMIT sensor, on previously unseen locations. On a small, annotated evaluation set, we
improve the F1 score on average by 40.28% over the baseline method. The initial results with the EMIT dataset
provide interesting avenues for follow-up research in zero or few-shot learning with hyperspectral data. Fur-
thermore, with the publicly released data, we provide a benchmark dataset to compare machine learning models
for hyperspectral data processing, which has been highlighted as crucial by numerous recent overview studies
and works?»4726,

As potential future research directions we see developing specific architectures for processing hyperspectral
data, for which the very recent pre-print of*’ is a promising direction. Alternatively, we would like to point
towards exploration of general, sensor-agnostic systems, that would be able to detect signals of arbitrary gas
signatures from hyperspectral data. Another avenue would be in pursuing development of lightweight models for
deployment on-board a satellite. This will allow intelligent decision making in Space for near-real time alerting.
This will require evaluating the speed of the trained models in a constrained environment with data available
directly on the device, similarly as was done in*"*? in the cases of disaster event and flood detection models.

Data availibility

We are releasing the full annotated training and test STARCOP datasets on Zenodo https://doi.org/10.5281/
zenodo.7863343%, the code and the pre-trained models alongside this paper at https://github.com/spaceml-org/
STARCOP. We further note that all figures of this paper have been produced with open source python libraries
matplotlib, rasterio and folium. Original AVIRIS-NG imagery was gathered from the AVIRIS-NG data portal.
EMIT imagery** was downloaded from the NASA Earth data portal.

Received: 5 May 2023; Accepted: 13 October 2023
Published online: 17 November 2023

References

1. Kuylenstierna, J. C., Michalopoulou, E., & Malley, C. (Benefits and costs of mitigating methane emissions, Global methane assessment
(2021).

2. Lauvaux, T. et al. Global assessment of oil and gas methane ultra-emitters. Science 375, 557-561, https://doi.org/10.1126/science.
abj4351 (2022). Publisher: American Association for the Advancement of Science.

3. Alvarez, R. A. et al. Assessment of methane emissions from the U.S. oil and gas supply chain. Science 361, 186-188, https://doi.
org/10.1126/science.aar7204 (2018). Publisher: American Association for the Advancement of Science.

4. Zhang, Y. et al. Quantifying methane emissions from the largest oil-producing basin in the United States from space. Sci. Adv. 6,
eaaz5120. https://doi.org/10.1126/sciadv.aaz5120 (2020).

5. Irakulis-Loitxate, I., Guanter, L., Maasakkers, J. D., Zavala-Araiza, D. & Aben, L. Satellites detect abatable super-emissions in one of
the world’s largest methane hotspot regions. Environ. Sci. Technol. 56, 2143-2152, https://doi.org/10.1021/acs.est.1c04873 (2022).
Publisher: American Chemical Society.

6. Varon, D. J. et al. High-frequency monitoring of anomalous methane point sources with multispectral Sentinel-2 satellite observa-
tions. Atmos. Meas. Tech. 14, 2771-2785. https://doi.org/10.5194/amt-14-2771-2021 (2021). Publisher: Copernicus GmbH.

7. Guanter, L. et al. Mapping methane point emissions with the PRISMA spaceborne imaging spectrometer. Remote Sens. Environ.
265, 112671. https://doi.org/10.1016/j.rse.2021.112671 (2021).

8. Sanchez-Garcia, E., Gorrofio, J., Irakulis-Loitxate, I., Varon, D. J. & Guanter, L. Mapping methane plumes at very high spatial
resolution with the WorldView-3 satellite. Atmos. Meas. Tech. 15, 1657-1674. https://doi.org/10.5194/amt-15-1657-2022 (2022).
Publisher: Copernicus GmbH.

9. Jacob, D.]. et al. Quantifying methane emissions from the global scale down to point sources using satellite observations of atmos-
pheric methane. Atmos. Chem. Phys. 22, 9617-9646, https://doi.org/10.5194/acp-22-9617-2022 (2022). Publisher: Copernicus
GmbH.

10. Foote, M. D. et al. Fast and accurate retrieval of methane concentration from imaging spectrometer data using sparsity prior.
IEEE Trans. Geosci. Remote Sens. 58, 6480-6492. https://doi.org/10.1109/TGRS.2020.2976888 (2020). Conference Name: IEEE
Transactions on Geoscience and Remote Sensing.

11. Cogliati, S. et al. The PRISMA imaging spectroscopy mission: overview and first performance analysis. Remote Sens. Environ. 262,
112499. https://doi.org/10.1016/j.rse.2021.112499 (2021).

Scientific Reports |

(2023) 13:19999 | https://doi.org/10.1038/s41598-023-44918-6 nature portfolio


https://doi.org/10.5281/zenodo.7863343
https://doi.org/10.5281/zenodo.7863343
https://github.com/spaceml-org/STARCOP
https://github.com/spaceml-org/STARCOP
https://avirisng.jpl.nasa.gov/dataportal/
https://search.earthdata.nasa.gov/search?q=C2408009906-LPCLOUD
https://doi.org/10.1126/science.abj4351
https://doi.org/10.1126/science.abj4351
https://doi.org/10.1126/science.aar7204
https://doi.org/10.1126/science.aar7204
https://doi.org/10.1126/sciadv.aaz5120
https://doi.org/10.1021/acs.est.1c04873
https://doi.org/10.5194/amt-14-2771-2021
https://doi.org/10.1016/j.rse.2021.112671
https://doi.org/10.5194/amt-15-1657-2022
https://doi.org/10.5194/acp-22-9617-2022
https://doi.org/10.1109/TGRS.2020.2976888
https://doi.org/10.1016/j.rse.2021.112499

www.nature.com/scientificreports/

12. Guanter, L. et al. The enmap spaceborne imaging spectroscopy mission for earth observation. Remote Sensing 7, 8830-8857. https://
doi.org/10.3390/rs70708830 (2015).

13. Green, R. O. et al. The earth surface mineral dust source investigation: An earth science imaging spectroscopy mission. In 2020
IEEE Aerospace Conference, 1-15. https://doi.org/10.1109/AERO47225.2020.9172731 (2020).

14. Mateo-Garcia, G., Laparra, V., Lépez-Puigdollers, D. & Gémez-Chova, L. Transferring deep learning models for cloud detection
between Landsat-8 and Proba-V. ISPRS J. Photogramm. Remote. Sens. 160, 1-17. https://doi.org/10.1016/j.isprsjprs.2019.11.024
(2020).

15. Cusworth, D. H. et al. Intermittency of large methane emitters in the permian basin. Environ. Sci. Technol. Lett. 8, 567-573. https://
doi.org/10.1021/acs.estlett.1c00173 (2021). Publisher: American Chemical Society.

16. Ronneberger, O., Fischer, P. & Brox, T. U-net: Convolutional networks for biomedical image segmentation. In International Confer-
ence on Medical image computing and computer-assisted intervention, 234-241 (Springer, 2015).

17. Duren, R. M. et al. California’s methane super-emitters. Nature575, 180184, https://doi.org/10.1038/s41586-019-1720-3 (2019).
Number: 7781 Publisher: Nature Publishing Group.

18. Gorrono, J., Varon, D. ], Irakulis-Loitxate, I. & Guanter, L. Understanding the potential of Sentinel-2 for monitoring methane point
emissions. Atmos. Meas. Techn. Discussions, 1-25, https://doi.org/10.5194/amt-2022-261 (2022). Publisher: Copernicus GmbH.

19. Thorpe, A. et al. Mapping methane concentrations from a controlled release experiment using the next generation airborne visible/
infrared imaging spectrometer (aviris-ng). Remote Sens. Environ. 179, 104-115. https://doi.org/10.1016/j.rse.2016.03.032 (2016).

20. Sherwin, E. D., Chen, Y., Ravikumar, A. P. & Brandt, A. R. Single-blind test of airplane-based hyperspectral methane detection via
controlled releases. Elementa Sci. Anthropocene 9, 00063, https://doi.org/10.1525/elementa.2021.00063 (2021).

21. Sherwin, E. D. et al. Single-blind validation of space-based point-source detection and quantification of onshore methane emis-
sions. Sci. Rep. 13, 3836, https://doi.org/10.1038/s41598-023-30761-2 (2023). Number: 1 Publisher: Nature Publishing Group.

22. Thompson, D. R. & Brodrick, P. G. Realizing machine learning’s promise in geoscience remote sensing. EOS 102, https://doi.org/
10.1029/2021E0160605 (2021).

23. Baumgardner, M. E, Biehl, L. L. & Landgrebe, D. A. 220 band aviris hyperspectral image data set: June 12, 1992 indian pine test
site 3, https://doi.org/10.4231/R7RX991C (2015).

24. Paoletti, M., Haut, J., Plaza, J. & Plaza, A. Deep learning classifiers for hyperspectral imaging: A review. ISPRS J. Photogramm.
Remote. Sens. 158, 279-317 (2019).

25. Signoroni, A., Savardi, M., Baronio, A. & Benini, S. Deep learning meets hyperspectral image analysis: A multidisciplinary review.
J. Imaging 5, 52 (2019).

26. Gewali, U. B., Monteiro, S. T. & Saber, E. Machine learning based hyperspectral image analysis: a survey. arXiv preprint arXiv:
1802.08701 (2018).

27. Schuit, B. J. et al. Automated detection and monitoring of methane super-emitters using satellite data. Atmos. Chem. Phys. Discus-
sions 1-47 (2023).

28. Ehret, T. et al. Global tracking and quantification of oil and gas methane emissions from recurrent sentinel-2 imagery. Environ.
Sci. Technol. 56, 10517-10529. https://doi.org/10.1021/acs.est.1c08575 (2022). Publisher: American Chemical Society.

29. Jongaramrungruang, S., Thorpe, A. K., Matheou, G. & Frankenberg, C. MethaNet - An Al-driven approach to quantifying methane
point-source emission from high-resolution 2-D plume imagery. Remote Sens. Environ. 269, 112809. https://doi.org/10.1016/j.rse.
2021.112809 (2022).

30. Groshenry, A., Giron, C., Lauvaux, T., dAspremont, A. & Ehret, T. Detecting methane plumes using prisma: Deep learning model
and data augmentation. arXiv preprint arXiv:2211.15429 (2022).

31. Joyce, P. et al. Using a deep neural network to detect methane point sources and quantify emissions from PRISMA hyperspectral
satellite images. EGUsphere 1-22. https://doi.org/10.5194/egusphere-2022-924 (2022). Publisher: Copernicus GmbH.

32. Matheou, G. & Chung, D. Large-eddy simulation of stratified turbulence. part ii: Application of the stretched-vortex model to the
atmospheric boundary layer. J. Atmos. Sci. 71, 4439-4460 (2014).

33. Asner, G. P. et al. Carnegie airborne observatory-2: Increasing science data dimensionality via high-fidelity multi-sensor fusion.
Remote Sens. Environ. 124, 454-465. https://doi.org/10.1016/j.rse.2012.06.012 (2012).

34. Cusworth, D. Methane plumes for NASA/JPL/UArizona/ASU Sep-Nov 2019 Permian campaign, https://doi.org/10.5281/zenodo.
5610307 (2021).

35. Mrziglod, J., & Francis, A. (Intelligently Reinforced Image Segmentation graphical user interface (IRIS, 2019).

36. Francis, A., Mrziglod, J., Sidiropoulos, P. & Muller, J.-P. Sensei: A deep learning module for creating sensor independent cloud
masks. IEEE Trans. Geosci. Remote Sens. 60, 1-21. https://doi.org/10.1109/TGRS.2021.3128280 (2022).

37. Thuillier, G. et al. The Solar Spectral Irradiance from 200 to 2400 nm as Measured by the SOLSPEC Spectrometer from the Atlas
and Eureca Missions. Sol. Phys. 214, 1-22. https://doi.org/10.1023/A:1024048429145 (2003).

38. Ruzicka, V. et al. STARCOP dataset: Semantic Segmentation of Methane Plumes with Hyperspectral Machine Learning Modelshttps://
doi.org/10.5281/zenodo.7863343 (2023).

39. Sandler, M., Howard, A., Zhu, M., Zhmoginov, A. & Chen, L.-C. Mobilenetv2: Inverted residuals and linear bottlenecks. In Pro-
ceedings of the IEEE conference on computer vision and pattern recognition, 4510-4520 (2018).

40. Kumar, S., Arevalo, L, Iftekhar, A. & Manjunath, B. Methanemapper: Spectral absorption aware hyperspectral transformer for
methane detection. arXiv preprint arXiv:2304.02767 (2023).

41. Ruzicka, V. et al. RaVAn: unsupervised change detection of extreme events using ML on-board satellites. Sci. Rep. 12, 16939.
https://doi.org/10.1038/s41598-022-19437-5 (2022).

42. Mateo-Garcia, G. et al. Towards global flood mapping onboard low cost satellites with machine learning. Sci. Rep. 11, 1-12 (2021).

43. Green, R. EMIT L1B At-Sensor Calibrated Radiance and Geolocation Data 60 m V001. Distributed by NASA EOSDIS Land
Processes Distributed Active Archive Center (2022). Accessed 2023-09-19.

Acknowledgements

This work has been enabled by Trillium Technologies and has been funded by ESA Cognitive Cloud Com-
puting in Space initiative project number STARCOP I-2022-00380. G.M.-G. and L.G.-C. have been partially
supported by the Spanish Ministry of Science and Innovation (project PID2019-109026RB-100, MCIN/
AEI1/10.13039/501100011033) and the European Social Fund. L.G.-C. and L.G. acknowledge support from the
GVA PROMETEO programme (project CIPROM/2021/056). The authors would like to thank Rochelle Schneider,
Nicolas Longépé and Gabriele Meoni (ESA) for discussions and comments throughout the development of this
work, to James Parr and Jodie Hughes from Trillium Technologies for their support of the project and to Cesar
Luis Aybar for his help with the IRIS annotation tool.

Author contributions
V.R. is responsible as the first and corresponding author, he was responsible for proposing the machine learning
models, conducting and evaluating the experiments and publishing the code repository, results and writing the

Scientific Reports|  (2023) 13:19999 | https://doi.org/10.1038/s41598-023-44918-6 nature portfolio


https://doi.org/10.3390/rs70708830
https://doi.org/10.3390/rs70708830
https://doi.org/10.1109/AERO47225.2020.9172731
https://doi.org/10.1016/j.isprsjprs.2019.11.024
https://doi.org/10.1021/acs.estlett.1c00173
https://doi.org/10.1021/acs.estlett.1c00173
https://doi.org/10.1038/s41586-019-1720-3
https://doi.org/10.5194/amt-2022-261
https://doi.org/10.1016/j.rse.2016.03.032
https://doi.org/10.1525/elementa.2021.00063
https://doi.org/10.1038/s41598-023-30761-2
https://doi.org/10.1029/2021EO160605
https://doi.org/10.1029/2021EO160605
https://doi.org/10.4231/R7RX991C
http://arxiv.org/abs/1802.08701
http://arxiv.org/abs/1802.08701
https://doi.org/10.1021/acs.est.1c08575
https://doi.org/10.1016/j.rse.2021.112809
https://doi.org/10.1016/j.rse.2021.112809
http://arxiv.org/abs/2211.15429
https://doi.org/10.5194/egusphere-2022-924
https://doi.org/10.1016/j.rse.2012.06.012
https://doi.org/10.5281/zenodo.5610307
https://doi.org/10.5281/zenodo.5610307
https://doi.org/10.1109/TGRS.2021.3128280
https://doi.org/10.1023/A:1024048429145
https://doi.org/10.5281/zenodo.7863343
https://doi.org/10.5281/zenodo.7863343
http://arxiv.org/abs/2304.02767
https://doi.org/10.1038/s41598-022-19437-5

www.nature.com/scientificreports/

paper. V.R. and G.M.-G., share the conceivement of the experiments and coding, they were also responsible for
collection and processing of the dataset. L.G.-C. and L.G. were the main domain supervisors for the project. A.M.
provided supervision in the field of machine learning, aiding in scoping several future directions for research.
All authors reviewed and contributed to the manuscript.

Competing interests
The authors declare no competing interests.

Duplicate publication statement

An initial and shorter version of this work was previously presented at the ESA-ECMWF workshop of 2022 as
an oral presentation (publicly available here). This paper has been significantly updated since the presentation,
with the evaluation on the EMIT sensor.

Additional information
Correspondence and requests for materials should be addressed to V.R.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2023

Scientific Reports |

(2023) 13:19999 | https://doi.org/10.1038/s41598-023-44918-6 nature portfolio


https://events.ecmwf.int/event/304/contributions/3628/attachments/2152/3811/ECMWf-ESA-ML_Ruzicka.pdf
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Semantic segmentation of methane plumes with hyperspectral machine learning models
	Background
	Methane signature and enhancement methods
	Machine Learning for hyperspectral data processing
	Machine learning for methane detection

	Data
	AVIRIS machine learning ready dataset
	EMIT dataset for estimation of generalisation ability across hyperspectral sensors

	Methodology
	Feature extraction from multispectral data
	Feature extraction from hyperspectral data
	Machine learning models

	Experimental setup
	Metrics
	Experiments with generalization ability of our hyperspectral models

	Results
	Performance on multispectral data
	Performance on hyperspectral data
	Zero-shot generalisation on EMIT

	Conclusion
	References
	Acknowledgements


