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Abstract

Satellite remote sensing has become a critical tool for monitoring, measuring, and
mitigating methane emissions globally. Reliable attribution of methane plumes to
their source facility is needed to enable emission mitigation action, robust emissions
accounting, and regulatory oversight. Although experts can manually attribute
plumes to individual facilities, automated approaches are required for consistency,
scalability, and transparency. Here, we provide a methodology to automatically
estimate the source location of a plume as a spatial probability. Plume origin
estimation is an essential component of attributing plumes to their source facility.
We train a neural network to estimate a confidence region for the location of the
plume source. The model achieves good accuracy, with 65.1% predicted origin
points falling within 100 m (4 pixels) of an expert-annotated point, and a median
distance error of 64.2m (∼ 3 pixels). We demonstrate that the predicted origin
probability is well-calibrated by comparing the percentage of expert origins which
fall into different confidence region bins. We apply this methodology to methane
plumes in GHGSat satellite imagery, but the framework could be adapted to other
sensors and types of plumes.

1 Introduction

Methane emitted into the atmosphere strongly absorbs outgoing terrestrial infrared radiation and
therefore contributes significantly to climate change (IPCC, 2021). Direct anthropogenic sources
of methane include fossil fuel production (particularly in the oil and gas sector), agriculture, waste,
biomass, and biofuel burning (Saunois et al., 2025). Due to its shorter atmospheric lifetime and
higher warming potential, reducing methane emissions is seen as an effective tool to slow near-term
warming (Ocko et al., 2021).

Satellite monitoring has emerged as a promising technology for identifying sources of methane
emissions (Jacob et al., 2022). GHGSat operates a constellation of 14 satellites equipped with
short-wave infrared sensors (Jervis et al., 2021). These sensors are used to measure the enhancement
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of methane above the atmospheric background with a spatial resolution of ≈ 25m (Ramier et al.,
2025).

Areas of strong methane enhancements may indicate a plume, an event related to the release of
methane. Plumes may originate from point sources, a highly localised area of space such as an
individual piece of equipment, or from more diffuse area sources, such as landfills. The form and
size of a plume is determined by the emissions rate, atmospheric dispersion and local topography
(Jongaramrungruang et al., 2019; Jacob et al., 2022).

Once detected, reliable attribution of methane plumes to their source is needed to enable emission
mitigation action, robust emissions accounting and regulatory oversight. The first step to attribution
is to identify the origin location of the plume.

Human experts estimate the location of the point-source origin of a plume by considering the speed
and direction of the wind, the concentration gradient and form of the methane plume itself, high-
resolution visible imagery and the location of historical emissions. Two key factors make this task
particularly challenging, namely low wind speeds and turbulent atmospheric conditions that can
create plumes with diffuse and complex forms.

We estimate the plume origin as a spatial probability field rather than a single point location. A spatial
probability estimate can capture uncertainty in origin estimation and be used to probabilistically
attribute to individual facilities. Doing this at scale with human experts is challenging, as it is
time-consuming and prone to inconsistency. This motivates an automated methodology by which the
origin location of methane plumes can be estimated in a consistent and repeatable way.

2 Related Work

Several approaches for estimating the source location of plumes exist, at different scales, often in
the context of identifying sources of pollution. A combination of forward simulation of plumes
and inverse modelling is a common approach to estimate the source location of plumes. At the
meteorological microscale (<2km), Gaussian dispersion models are often used to describe the
advection of pollution from source (Stockie, 2011). Such models have been used to estimate the
source location of plumes from ground sensor measurements (Daniels et al., 2024; Kumar et al.,
2022; Newman et al., 2024).

Computational fluid dynamics (CFD) approaches such as Large Eddy Simulations capture complex
turbulence (e.g. WRF-LES)(Moeng et al., 2007) and have been used to simulate methane plumes (Fish
et al., 2025). However, such simulations are computationally expensive and difficult to parameterize;
especially when sampling parameter space for inversion. The computational cost of CFD simulations
can be reduced by using machine-learned surrogate models and have been used to give a posterior
estimate of the source location from controlled-release methane plumes (Newman et al., 2025).

At the mesoscale (2 km to 200 km), back trajectories can be used to estimate the source region of a
plume. Models such as the HYSPLIT model from NOAA use gridded meteorological data as input
(Stein et al., 2015). Back trajectories from HYSPLIT have been used to interpret methane detected
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from aircraft-based sensors (Kelly et al., 2022; Peischl et al., 2015; Ren et al., 2018). While plumes
can span large areas, for example Watine-Guiu et al. (2023) observed a plume spanning over 80 km
in length, most of the plumes seen by GHGSat satellites span several kilometers, i.e. at the border
between microscale (<2km) and mesoscale (2 km to 200 km).

Deep learning approaches using neural networks have been reported for automatically detecting
methane plumes (Joyce et al., 2023; Radman et al., 2023; Rouet-Leduc and Hulbert, 2024; Schuit
et al., 2023) and estimating their emissions rate (Bruno et al., 2024; Ouerghi et al., 2025) using
satellite imagery. A series of machine learning approaches were used to quantify the emissions rate
and estimate the source location of plumes detected in Sentinel 5P satellite imagery (Yazdinejad et al.,
2025).

Algorithm approaches that combine information from multiple plumes have been used to estimate
a source location, for example, a wind-rotation method was used to estimate the source location of
methane plumes detected in Sentinel 5P imagery (Maasakkers et al., 2022). Using wind direction,
plumes were rotated so that they aligned North, helping to narrow down a potential source location.
While this approach is effective for sources that emit regularly or are persistent, it cannot be applied
in cases where only a single plume has been observed.

2.1 Our Contribution

We present a deep learning approach to estimate the source region of methane plumes from GHGSat
imagery. The model predicts a spatial probability map of the plume origin using three input channels:
the methane signal to error ratio, a binary mask delineating the extent of a plume, and a graphical
representation of wind direction and speed. The model is trained and validated on 10,000 expert-
annotated plumes from oil and gas sites across the globe. We outline an approach to validate the
calibration of the resulting spatial probability maps.

3 Method

A computer vision model is trained to predict the origin location of a plume. The model requires
three input channels: 1) the spatial distribution of methane signal to error ratio (SER), 2) a plume
mask, and 3) a graphical representation of wind speed and direction (Figure 1). The model outputs a
single channel on the same spatial frame of reference as inputs 1) and 2).

3.1 Design and Selection of Input Channels

Figure 1: Plume origin model inputs and output.

The spatial distribution of methane is a crucial feature for localising the emission origin. Typically,
plumes exhibit higher methane column density near the origin, and lower methane column density
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downwind due to advection. For GHGSat imagery, the methane signal to error ratio is obtained by
dividing the methane concentration above background by a posterior error estimate. We use the
methane SER (signal-to-error ratio) rather than the raw methane layer because it reduces artifacts (by
construction) and therefore better reveals the true plume enhancement. The mask input channel is
included to focus the model on key features in the methane channel, for example, on a single plume
when multiple plumes are present (Figure 1). The binary mask delineates the extent of a plume and is
created by expert operators during processing. Typically a mask can be produced using segmentation
models or masking algorithms. A Gaussian blur is applied to the mask in order to make the model
more robust to different masking algorithms. The final input channel is a graphical representation of
wind direction and wind speed. Wind direction is represented by the direction of a gradient (where
wind blows from light to dark), while the speed is represented by the magnitude (Figure 1). Wind
direction is a key feature for locating the origin, especially when the methane channel lacks distinctive
features. Wind speed helps to contextualise wind direction. At very low wind speeds, methane is not
advected and the importance of wind direction is diminished. High-resolution visible imagery was
not included in the model design, as the method focuses on estimating the origin of a plume from
methane and wind information alone, without prior information from features on the ground.

3.2 Dataset Selection

Training, validation, and testing data is restricted to plumes originating from oil and gas point sources
only. Plumes that have drifted from the source are excluded from the dataset. A ground-truth dataset
is used to train the model, collected over time by expert operators at GHGSat. During annotation,
operators select a single point in space that best represents the plume origin. The operators inform
their decision using an image of the plume, knowledge of wind speed and wind direction, knowledge
of previous emissions, location of facilities, as well as high-resolution visible satellite imagery.

3.3 Spatial Representation

The spatial domain of interest is represented as a finite grid of pixels. The choice of spatial domain
and pixel size is determined by the field of view and the resolution of the sensor. The spatial extent
of input and target images is determined using a buffer of 20 pixels (≈ 500 m) around the plume
mask and a pixel size of 25 m (the spatial resolution of GHGSat imagery). Plume masks vary in
size, therefore to maintain a consistent input dimension, inputs and targets are padded with zeros
to a size of 256 x 256 pixels before training. Padding is used instead of resizing to a fixed size to
avoid deforming patterns in the image and interpolation artifacts (Hashemi, 2019). These dimensions
correspond to a real world size of approximately 6.4 km x 6.4 km. A small proportion of inputs
with plume masks and a buffer exceeding this spatial extent are excluded from the training dataset.
Including them would require increasing the model’s input size and computational cost, even though
they only account for a small fraction of the total dataset.

3.4 Target Design and Interpretation

The probability πij that the true origin O is located within pixel Aij, for row i and column j, is defined
as:

πij = P (O ∈ Aij), πij ≥ 0,
∑
ij∈P

πij = 1.

To create the target for training, the expert-annotated origin point is mapped to a single pixel (value =
1) within the input’s spatial reference frame:

πij =

{
1, for the pixel containing O,

0, otherwise.

Using this target formulation assumes complete certainty in the annotated origin location. However,
it could be extended to encode spatial uncertainty, for example a Gaussian centred on the estimated
origin. During training and inference, the model is not constrained to preserve the normalization
condition

∑
ij πij = 1. Consequently, after inference, L1 normalization (division by the sum of
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all pixel values) is applied to the predicted output so that the resulting pixel-level probabilities sum
to one. This postprocessing step allows the model output to be interpreted as a spatial probability
distribution reflecting relative certainty across the image.

3.5 Training

The model is trained on 6667 samples and validated on 3333 samples for 20 epochs. Augmentations
are applied to training samples, including random rotations of (-30,30) degrees and flips consistently
on all three input channels. Methane SER and wind input channels are preprocessed using min/max
scaler transforms (Table 1). An Adam optimizer with batch size of 32 and learning rate of 0.001 is
used (Kingma and Ba, 2014). A binary cross entropy loss function with sigmoid activation is used.
Loss masking is applied to set the loss values in padded regions to 0. A positive class weighting of 10
is used for every sample to reduce class imbalance. A U-Net with ResNet50 backbone is initialized
with weights from an ImageNet trained model (He et al., 2016; Ronneberger et al., 2015). The U-Net
architecture is selected for its suitability for pixel-level predictions (Ronneberger et al., 2015). The
model is built with the Segmentation Models Pytorch package in Pytorch (Iakubovskii, 2019; Paszke
et al., 2019) and all training is performed on a single NVIDIA A10G (22GB VRAM) GPU. The
model from the final checkpoint was selected, as the validation loss had plateaued and showed no
meaningful divergence from the best checkpoint.

Table 1: Min/max scaler transform parameters.
Channel Min Max

Methane SER 0 Max
Wind Speed [m/s] 1 6

3.6 Defining Confidence Region

A confidence region Cα is the collection of pixels with the highest probabilities whose total prob-
ability mass sums to a specified proportion α, where 0 < α ≤ 1. This region provides both an
interpretable summary of a complex spatial probability field and a practical means of simplifying
storage, visualization, and large-scale search. In addition, confidence regions are useful for validation,
as they allow comparison of predicted spatial probability distributions against known origin locations
within a consistent probabilistic framework. To construct the confidence region, the pixels are first
sorted in order of decreasing probability π̂(m):

π̂(1) ≥ π̂(2) ≥ · · · ≥ π̂(n),

where π̂(m) denotes the m-th largest probability value across all pixels and n the total number of
pixels. The cutoff rank rα is then defined as the smallest integer such that the cumulative probability
mass reaches or exceeds the desired level α:

rα = min

{
r :

r∑
m=1

π̂(m) ≥ α

}
.

Finally, the confidence region Cα is defined as the set of pixels corresponding to these top rα
probabilities:

Cα = {A(1), A(2), . . . , A(rα)}.

The larger the choice of α, the greater the spatial extent of the confidence region. Due to the use of a
discrete pixel space, the smallest possible confidence region encompasses a single pixel. The largest
possible confidence region spans the entire image. There is no requirement for the confidence region
to be bounded by a single closed contour, instead it can consist of multiple separate regions in the
image.
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4 Results

Confidence region
Expert origin

Figure 2: The origin confidence region (red contour) is shown for two plumes over satellite imagery
from ESRI. The expert-annotated origin is shown as a red star symbol and the wind is blowing in the
direction of the arrows. Left) the plume is advected at a higher wind speed (4.2 m/s) and the origin
confidence region is small relative to the plume size. Right) the lower wind speed (1.1 m/s) results
in pooling and more ambiguity in the true source location, with two separate confidence regions
of different sizes. Map image is the intellectual property of Esri and is used herein under license.
Copyright © 2025 Esri and its licensors. All rights reserved.

4.1 Estimating Confidence Region

For practical applications, such as visualisation and computation, it is useful to define a single
confidence region. We choose the 0.8 confidence region (α = 0.8), capturing the most probable
80% of the spatial probability mass (Figure 2). Two example plumes are shown alongside the 80%
confidence regions estimated by the plume origin model. The methane signal to error ratio is overlaid
on high-resolution satellite imagery (Esri, 2025). Both plumes were observed in Turkmenistan by
GHGSat satellites. In the left example, a North Westerly wind with moderate speed (4.2 m/s) advects
the plume. In the right example, the methane enhancement is indicative of pooling at low wind speeds
(1.1 m/s). The estimated confidence region (red contour) is small compared to the plume size. The
expert annotation is shown by the red star. In both examples, the expert annotation is inside of the
80% confidence region (α = 0.8).

4.2 Validation with Point Estimation

In order to assess accuracy through a distance-based error metric with respect to the expert-annotated
origin, we extract an origin point from the spatial probability distribution. We define the predicted
origin as the expectation of the probability distribution. The probability expectation (centre of mass)
(µx, µy) is computed as:

µx =
∑
x,y

xπ̂x,y, µy =
∑
x,y

yπ̂x,y (1)

The Euclidean distance between this expectation point and the expert annotation is computed in
meters. As this work introduces both a novel method and a new proprietary dataset, direct quantitative
comparison with prior approaches is not possible. Model performance is therefore evaluated against
an internal non-machine learning baseline, where the centre of the pixel with the highest methane
signal to error ratio intensity is selected as the origin location.
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Figure 3: a) Example of Methane SER for a plume with three origin points: expert origin, predicted
origin (pixel with the probability expectation from the plume origin model), and baseline (max SER)
origin; b) Boxplot showing inter-quartile range (IQR) of distance (m) between the expert origin and
the predicted origin and the baseline origin for held out test samples (N=3333). The box shows
the IQR, whiskers extend to furthest data point lying within 1.5 × the IQR from the box. Extreme
outliers are not shown.

An example methane plume is shown in 3a. The predicted origin (orange circle) is closer to the expert
origin (red star) than the baseline origin (blue triangle).

Figure 3b show box plots for the distance (in meters) between the predicted origin and expert-
annotated origin. For reference, a box plot of distance between the baseline origin and expert-
annotated origin is also shown. The box shows the interquartile range (IQR) and whiskers extend
to farthest data point lying within 1.5 × the IQR from the box. Extreme outliers are not shown.
The median distance of the plume origin model was considerably lower (64.2 m) than the baseline
(122.2 m). Likewise, 40.7% and 65.1% of predicted origins were within 50 m and 100 m of the expert
origin, respectively, compared with only 24.9% and 44.2% for the baseline.

Table 2: Summary statistics comparing the distance between the predicted origin and expert origin
with the distance between the baseline origin and expert origin.

Method Median Distance [m] < 50 m < 100 m

Baseline Origin 122.2 831 (24.9%) 1474 (44.2%)
Predicted Origin 64.2 1356 (40.7%) 2169 (65.1%)

4.3 Validation with Confidence Region

The second validation approach takes into account the full probability distribution function, rather
than a single point. To compare model predictions with the expert-annotated origin O it is convenient
to define the metric αO, the smallest confidence region to contain O. Let rO be the rank of the pixel
containing O, and m = 1 be the highest ranking pixel (largest probability value across all pixels),
then:

αO =

rO∑
m=1

π̂(m).

A lower αO indicates the expert-annotated origin lies within a region of high predicted probability,
reflecting a confident and well-localised model prediction (see Figure 5). Higher αO implies that
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the origin is only captured within a larger confidence region, indicating lower model confidence or
spatial accuracy in the vicinity of the true location (see Figure 6).

Figure 4: Validation of confidence region by comparing the estimated confidence region with the
percentage of expert origins which fall within that region.

The calibration performance of the model is assessed by computing the cumulative proportion of
samples with αO less than or equal to a series of confidence thresholds. Figure 4 shows the cumulative
proportions expressed as percentages across ten equal-width confidence bins (N=3333). A perfectly
calibrated model would follow the 1:1 line (grey), meaning that, for example, 80% of expert origins
are expected to fall within the 80% bin and only 20% of expert origins would fall in the 20% bin. In
contrast, the empirical results lie consistently above this ideal line. For instance, 26.8% of expert
origins fall within the 20% bin and 89.9% fall within the 80% bin. This indicates that although the
model is broadly well-calibrated, probability estimates are, if anything, slightly conservative, leading
to larger confidence regions and less localised predictions. Potential approaches for refining and
recalibrating the model are discussed below.

5 Discussion

Our results establish that a U-Net model trained on methane signal-to-error ratio, plume shape,
and wind information can localise plume origins with accuracy comparable to expert annotation,
with 65.1% of predictions falling within 100m (four pixels) of the expert annotations. The model
outperforms a non-machine learning baseline for which only 44.2% of predictions fall within 100m
of expert annotation (Figure 3). The model performed best for samples with clear plume structures
that were well aligned with wind direction, strong wind speeds and with high intensity signal to
error ratios over the origin (Figure 5). Other challenging examples include samples where the plume
in the observation is diffuse (see Figure 6) and the wind speed is low, or the source is intermittent.
Generally, higher wind speeds, especially above 5 m/s, produced plumes with simpler structures and
therefore more agreement between model predictions and expert annotations (Figure 7). In contrast,
there was no clear relationship between wind direction and model performance (Figure 8).

A small number (5.9%) of samples showed a very large error (> 500 m) between the expert and
predicted origin point, also illustrated by the long tailed distribution in the box plot (Figure 3).
Inspection revealed that the worst performing samples were often associated with certain measurement
errors. In some cases, an observation of a plume may include artifacts, a plume may be detected in
the vicinity of other plumes, or a plume may be cut off at the edge of an observation. Wind direction
and speed are obtained from atmospheric reanalysis models, which are gridded with relatively coarse
spatial and temporal resolutions (e.g. ERA5, 9 km × 9 km, hourly) (Hersbach et al., 2020). The
accuracy of these models varies spatially, meaning wind estimates carry greater uncertainty in regions
where local measurements are unavailable for validation. The probability density function for some
plumes exhibited multiple local maxima, such as elongated plumes with no clear directionality (for
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example, see Figure 6). In such cases, using the spatial expectation value to predict a single origin
point may not be suitable as it can yield a point located between local maxima. Where a single origin
point is required, this could be resolved by instead selecting the centre of the pixel with the highest
probability value as the origin estimate (Figure 9).

Even expert annotated points carry some degree of error or uncertainty, a fact which is not represented
in our training on a single target pixel. While the model is not constrained to make a single pixel
prediction, exploring other representations of uncertainty during training could be advantageous.
For example, aleatoric uncertainty could be represented during training by having multiple experts
annotate the same plume, ambiguity in the true location would lead to a spread of target points.
Alternatively, experts could annotate plumes with a plausible area, helping to capture some of the
ambiguity.

The confidence region validation (Figure 4) demonstrates that the model produces well-characterized
spatial probability estimates, capturing not only the most likely origin location but also the spatial
extent of uncertainty around it. It suggests a higher proportion of expert origins are found in
smaller confidence regions than expected, i.e. the origin model may be overly conservative in
uncertainty estimates. The positive class weighting is a key hyperparameter for controlling calibration
performance. With a single pixel target and a fixed input size of 256 × 256 pixels, the fraction of
positive pixels is very low (0.0015%). As mentioned in the methods, a positive class weighting is used
to reduce imbalance. Keeping the model in native resolution is also important to maintain control
of this class balance. For example, resizing small images will stretch the target pixel and introduce
interpolation artifacts. Given that loss masking is applied to ignore padded regions, smaller samples
that do not fill the full 256 × 256 extent will have a higher target to background pixel ratio. Using
separate positive class weightings for each sample could help to mitigate this effect and requires
more exploration. While rare in this particular dataset, large plumes that exceed the input size would
require a further exploration and would require an alternative tiling or resizing strategy.

In this paper, we focused on plumes observed by GHGSat satellites; however, the approach is suitable
for other satellites with a similar spatial resolution such as Sentinel-2 (European Space Agency),
Tanager-1 (Carbon Mapper), Landsat, EMIT, PRISMA, EnMAP, WorldView-3 (Duren et al., 2025).
Beyond methane, this approach could be adapted to other use cases, such as determining the origin
of smoke plumes in visible imagery. This study benefits from an abundance of annotated data for
training, validation, and testing. Such data is unlikely to be available for all sensors. In the absence of
real training data, an equivalent model could be trained on simulated plumes from a known origin
point. Synthetic data could be generated using Gaussian dispersion models or CFD simulations
such WRF-LES, as has been done previously for plume quantification and detection models (Varon
et al., 2018; Jongaramrungruang et al., 2021). Finally, this study addressed point emitters, but the
framework could be adapted for area emitters, such as landfills and open-pit coal mines.

One major application of representing the origin location as a spatial probability estimate is to enable
the probabilistic attribution of methane plumes to source facilities or equipment. Methane plumes can
span multiple source locations, whether facilities or individual pieces of equipment. In dense areas
such as the Permian basin, there are many facilities in close proximity. Likewise, a single facility
can contain many pieces of equipment in a small area. A single point estimate, whether from expert
annotators or from automatic methods, cannot represent the uncertainty needed for this attribution.
The quantitative use of spatial probability density functions to attribute methane plumes to individuals
or pieces of equipment will be explored in future work.

6 Conclusions

We introduce a novel machine learning approach that gives spatial probability estimates of plume
origin locations. The model uses satellite imagery of the methane signal to error ratio, a mask of the
plume, and a graphical representation of wind direction and speed. We train and validate on 10,000
real-world plumes from oil and gas infrastructure around the globe and test on a further 3,333. The
model achieves good accuracy, with 65.1% of predicted origins falling within 100 m (four pixels)
of an expert-annotated point. Furthermore, we develop a validation framework using confidence
regions to demonstrate that model predictions are well-calibrated with respect to expert-annotated
points. Future work will address several key areas: (1) improving model calibration to further reduce
uncertainty for emission source localisation, (2) expanding the approach to different sensors to enable
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emissions monitoring at various spatial and temporal scales, and (3) expanding the approach to
different emission source types such as area sources to improve generalizability for other sectors.
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Figure 5: Examples of plume origin predictions that are localised near the expert origin point. For
each example, the smallest confidence region that contains the expert origin is comprised of few
pixels.
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Figure 6: Examples of plume origin predictions that are not localised near the expert origin point. For
each example, the smallest confidence region that contains the expert origin is comprised of several
pixels. In some examples, the confidence region consists of multiple regions.
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Figure 7: Distance error (m) as a function of wind speed (m/s) on the test set, showing smaller
distance errors for higher wind speeds above 5 m/s.

Figure 8: Distance error (m) as a function of wind direction (degrees) on the test set. No clear
relationship between wind direction and model performance.
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Figure 9: Distance error (m) to expert origin, comparison between expectation and maximum
probability method for single origin point prediction (test set). The comparison shows that the median
distance error is larger for the probability expectation method than the probability maximum method.
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