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Accurate monitoring of methane (CH4) emissions from oil and gas infrastructure is critical for
near-term climate change mitigation. While hyperspectral satellites like PRISMA provide
high-fidelity data, the optimal deep learning architecture for segmenting faint methane plumes
remains undetermined. This study provides the first systematic comparison of convolutional
and transformer-based models for this task.

We evaluate four architectures: an attention-enhanced U-Net++, Segformer, and two novel
hybrids — SwinV2-UPP (SwinV2 encoder + U-Net++ decoder) and SwinV2-Former (SwinV2
encoder + MLP decoder). Models are trained on 73 manually delineated methane plumes from
34 PRISMA scenes across global oil and gas basins, augmented to 1,446 patches.
SwinV2-UPP achieved the highest Fl-score of 0.834, a 4.0% improvement over the
convolutional baseline (0.802). Notably, SwinV2-Former achieved state-of-the-art precision
of 0.910 — outperforming SwinV2-UPP by 2.5% — demonstrating exceptional false-positive
minimization. In zero-shot generalization, SwinVV2-UPP maintained the highest F1 (0.725),
while SwinV2-Former achieved the best precision (0.857).

We reveal a critical architectural trade-off: SwinVV2-UPP balances precision and recall
(F1=0.834) for comprehensive plume mapping, whereas SwinV2-Former prioritizes high-
confidence detection (precision=0.910) for regulatory applications where false positives are
costly. These findings provide a framework for selecting optimal deep learning architectures
based on specific methane monitoring objectives.
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1. Introduction

Industrialization ignited a surge in anthropogenic
greenhouse gas emissions, primarily methane (CH4) and
carbon dioxide (CO2), which have driven global warming
through enhanced radiative forcing (Jones et al., 2023). This
potent CH4 is expelled from myriad human activities
spanning livestock operations, oil and gas infrastructure,
coal extraction, waste management facilities, sewage
treatment plants, and even rice agriculture (Collins et al.,
2022). As CH4's second-largest contributor after CO2,
accounting for 25% of warming since pre-industrial times,
its relatively brief atmospheric residence time of 9-10 years
renders mitigating its emissions a high-leverage strategy for
near-term climate change mitigation (Karacan et al., 2024;
Sobanaa et al., 2023a). A comprehensive understanding of
these diverse emissions sources, coupled with rigorous
monitoring and abatement measures targeting both long-
lived CO2 and short-lived CH4, is imperative to restoring
the planet's disrupted energy equilibrium and halting
temperature ascension (Cael & Goodwin, 2023; Nunes,
2023; Sobanaa et al., 2023b).

Identifying and quantifying methane emissions, a
pivotal greenhouse gas, from sources like landfills could
pave the way for atmospheric concentration control and
mitigation strategies (D. Cusworth et al., 2024; Da Silva et
al., 2025). Cutting-edge developments in remote sensing
capabilities have revolutionized our ability to observe and
track methane releases globally from space-based platforms.
Methane's unique spectral signatures necessitate specialized
gas-sensitive detectors for identification. However,
observations from satellites equipped with shortwave
infrared (SWIR) bands offer potential for point source
quantification (Huang et al., 2025; Kim et al., 2024,
Meshcherinov et al.,, 2024; Zhang et al., 2023). The
shortwave infrared region between around 1600-2500nm
contains two absorption bands specific to methane, allowing
measurements of solar radiation reflected from the Earth's
surface in this part of the electromagnetic spectrum to detect
methane (Jacob et al., 2022a; Tahmasbian et al., 2025;
Varon et al., 2021a). Fortuitously, multispectral satellites
like Sentinel-2 and Landsat-8, though unintended for
methane monitoring, serendipitously capture methane's
absorption bands. This coincidental sensitivity enables
frequent mapping and columnar measurements of localized
methane plumes despite suboptimal sensor configurations
(Pandey et al., 2022; VVaron et al., 2021b; Zhao et al., 2025).
Nonetheless, hyperspectral instruments such as PRISMA
and EnMAP yield more precise methane retrievals by their
heightened ability to discern minute concentration
variations. Yet, these advanced sensors are constrained by
limited swath widths of just 30km and necessitate targeted
acquisition requests, resulting in restricted data availability
over broad areas compared to wider-ranging multispectral
platforms (Guanter et al., 2021; Jacob et al., 2022b; Roger
et al., 2024; Valverde et al., 2024). Guanter et al. (2021)
focused on the retrieval of atmospheric methane (CH4)
using PRISMA satellite observations (Guanter et al., 2021).
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They developed an algorithm specifically for PRISMA data
and conducted a validation study comparing the retrieved
CH4 values with other datasets. The study demonstrates the
algorithm's effectiveness in accurately estimating CH4
concentrations and highlights the potential of PRISMA
satellite observations for monitoring methane levels in the
atmosphere. In addition, Cusworth et al. (2021) used
PRISMA methane retrievals and Planet Labs satellite
imagery to estimate methane emissions from Louisiana
Haynesville shale gas production. The study aimed to
provide accurate measurements of emissions from oil and
gas operations in the region (G. Cusworth et al., 2021).
Moreover, Varon et al. (2022) utilized high-resolution
satellite observations and meteorological data to quantify
methane point source emissions (Varon et al., 2022). By
combining PRISMA methane retrievals with wind
information, they detected localized methane plumes and
calculated emission rates for the corresponding point
sources. Jongaramrungruang et al. (2022) proposed
MethaNet, a convolutional neural network (CNN) designed
to quantify methane point-source emissions directly from
high-resolution 2-D plume imagery without requiring
ancillary wind speed measurements. Trained on large eddy
simulation (LES) data with realistic noise over agricultural,
desert, and urban environments, MethaNet achieved a mean
absolute percentage error (MAPE) of 17% for emission rate
prediction — a significant improvement over physics-based
methods that rely on wind information. Validation against a
controlled-release experiment confirmed agreement within
precision error estimates. While MethaNet targets airborne
AVIRIS-NG data (1-5 m resolution) rather than satellite
observations, its core concept — using deep learning to infer
emission rates directly from plume morphology — is directly
relevant to our work. However, MethaNet addresses
regression (emission rate quantification), whereas our study
focuses on segmentation (plume detection and delineation),
representing a complementary but distinct task.

Over the past few years, there has been remarkable
progress in the field of deep learning, particularly with the
rise of convolutional neural networks (CNNs). CNNs have
proven to be highly successful models for image analysis, as
they possess the ability to extract diverse features at different
levels of abstraction (Chen et al., 2021; Sun et al., 2017;
Tian, 2020). These networks are adept at capturing both
fine-grained details and complex patterns, allowing for a
comprehensive understanding of images. The versatility and
effectiveness of CNNs have propelled their widespread
adoption across various domains and applications. In this
context, Joyce et al. (2022) utilized a CNN model trained on
synthetic plume images to identify and quantify methane
point source emissions from PRISMA hyperspectral satellite
data (Joyce & Boesch, 2022). Their deep learning approach
leveraged PRISMA's high resolution to pinpoint and
estimate emission rates of localized methane hotspots from
point sources like oil/gas operations and landfills. Vaughan
et al. (2024) introduce CH4Net, a deep-learning model for
monitoring methane super-emitters using Sentinel-2 data
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(Vaughan et al., 2024). The model achieves high accuracy
(0.83 scene-level, 0.77 pixel-level) and demonstrates
effectiveness in identifying new super-emitter locations,
with accuracies of 0.92 and 0.96, while also providing an
open-source dataset of 925 methane plume masks. Most
recently, Liu et al. (2025) proposed kMetha-Mamba, a novel
architecture based on Mamba's selective state-space
modeling, achieving 88.69% accuracy on AVIRIS-NG data
with exceptionally low false positive rates (0.0466%),
suggesting that state-space models may offer a promising
alternative to both CNNs and transformers for methane
plume segmentation.

While these studies have successfully demonstrated the
efficacy of Convolutional Neural Networks (CNNSs), the
high dimensionality and complexity of hyperspectral data
suggest that more advanced architectures may offer superior
performance. This paper extends the existing body of work
by conducting a systematic comparative analysis of state-of-
the-art deep learning frameworks for methane plume
segmentation in PRISMA imagery over oil and gas
facilities. We investigate not only a robust convolutional
baseline (Attention-Enhanced U-Net++) but also cutting-
edge Vision Transformer (ViT) architectures (Segformer,
SwinV2). The primary contributions of this work are
twofold: first, the introduction of two novel hybrid
architectures, SwinV2-UPP and SwinV2-Former, which
synergize  transformer  encoders  with  advanced
convolutional and MLP decoders; and second, a detailed
analysis of the performance trade-offs between these
different architectural paradigms. Our central hypothesis is
that the global self-attention mechanisms inherent to
transformers can more effectively model the diffuse,
complex spatial-spectral patterns of methane plumes than
locally-focused CNNs. By comparing these distinct
frameworks, we aim to identify the optimal architecture for
precise, automated methane detection from high-fidelity
hyperspectral data.

2. Material and methods

Figure 1. An overview of the research workflow
employed in this study. The methodology is organized into
three principal stages: (1) data preparation, which involves
identifying potential emission sites from public sources,
processing satellite imagery to retrieve methane
concentrations, and generating an augmented training
dataset through manual delineation; (2) Model
Development, where four distinct deep learning
architectures are constructed by systematically pairing state-
of-the-art transformer and convolutional components; and
finally, (3) Training and Assessment, in which the models
are trained and their segmentation performance is
quantitatively and qualitatively evaluated.
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Figure 1. shows the overall flowchart of this study
2.1. Dataset

This investigation leverages hyperspectral data from the
PRecursore IperSpettrale della Missione Applicativa
(PRISMA) satellite to analyse methane (CH4) plumes from
oil and gas production facilities. Launched by the Italian
Space Agency in March 2019, PRISMA provides publicly
available, targeted imagery at a 30 m x 30 m spatial
resolution, with each scene covering a 30 km x 30 km area.
Its instrument captures a broad spectral range from 400 to
2500 nm with a resolution of approximately 10 nm, making
it exceptionally well-suited for point-source methane
detection (Irakulis-Loitxate et al., 2022a; Joyce et al., 2023).

The satellite's utility for this task is primarily due to its
sensor's high signal-to-noise ratio (SNR) and its sensitivity
across methane's key shortwave infrared (SWIR) absorption
bands—a weaker feature at 1650-1750 nm and a stronger
one at 2200-2400 nm, as illustrated in Figure. 1. Our study
targets major hydrocarbon-producing basins known for
significant methane emissions, utilizing top-of-atmosphere
(TOA) radiance datasets from PRISMA. The geographical
distribution of the PRISMA scenes acquired is depicted in
Figure 2, highlighting key infrastructure in the Permian
Basin (United States), Korpeje (Turkmenistan), and various
sites across the Middle East. Initial site identification was
guided by peer-reviewed literature and publicly available
emission reports from sources such as the GHGSat Spectra
websitet (Irakulis-Loitxate et al., 2022b; Schuit et al., 2023).
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Figure 2. show distribution detected methane in Oil and
Gas sectors around the world

2.1. Methane Retrieval and Training Data Generation

A high-quality, labeled dataset is foundational for
training a supervised deep learning model. The process of
creating our training data began by converting the raw
PRISMA radiance data into methane concentration maps.
For this, we employed the robust matched filter (MF)
algorithm, a technique widely applied in remote sensing for
target detection (Thorpe et al., 2013; Thompson et al., 2015;
Irakulis-Loitxate et al., 2021). Our pipeline specifically
incorporates the MAGI1C (Matched filter with Albedo
correction and reweighted L1 sparsity Code)
implementation, whose performance has been previously
validated for PRISMA data (Irakulis-Loitxate et al., 2021).
The retrieval is governed by Equation (1):

_ G-y

tTZ_lt (])

In this equation, o represents the retrieved CH4
concentration in parts-per-billion (ppb), is the spectrum of
the pixel being analyzed, is the target CH4 spectrum, while
and denote the mean and covariance of the background
radiance, respectively (Guanter et al., 2021b; Roger,
Guanter, et al., 2024).

Each resulting concentration map was then visually
inspected to identify distinct methane plumes. Plumes that
met our criteria were manually delineated using polygons,
with boundaries drawn in consideration of prevailing wind
directions. To ensure the model learns spectral features
rather than spurious surface correlations, we applied strict
exclusion criteria, discarding any plumes that were clearly
visible in standard RGB imagery or coincided with obvious
albedo artifacts. The confirmed plume regions were then
extracted as 112 x 112 patches.

34 images were confirmed to contain distinct methane
plumes suitable for model training. To mitigate the data
scarcity inherent in targeted satellite acquisitions and to
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enhance model generalization, we implemented two data
augmentation strategies. The first technique applied random
rotations (90°, 180°, 270°) to the image patches. The second
involved shifting the window to create a patch that plume is
not only in the center. These augmentation procedures
expanded our initial set of 73 unique plumes into a final
training dataset of 1446 patches.

2.3. Methodology

The semantic segmentation of methane plumes from
hyperspectral imagery presents a unique challenge,
requiring models that can interpret high-dimensional data
and capture faint, large-scale spatial patterns. Our
methodology is centred on a comparative analysis of deep
learning models, systematically adapting and hybridizing
state-of-the-art convolutional and transformer architectures
to this specific task.

2.3.1. Foundational Architectures

The dataset is divided into training (70%) and testing
(30%) Our investigation leverages several powerful,
publicly recognized architectures as foundational
components, which have been customized to our specific
task.

e Swin Transformer (SwinV2): This vision
transformer architecture computes self-attention
within non-overlapping, shifted local windows.
This design achieves high efficiency and focuses
on hierarchical feature extraction, capturing both
fine-grained local details and global contextual
information as the windows are shifted across
layers. Its capacity for modelling long-range
dependencies is particularly hypothesized to be
effective for detecting the diffuse nature of
methane plumes (Liu et al., 2021).

e Mix Transformer (MiT-B4) and Segformer: The
Segformer model consists of a Mix Transformer
(MIT) encoder and a lightweight MLP decoder.
The MiT encoder is a hierarchical transformer that
generates multi-scale features without requiring
positional encoding, making it computationally
efficient. The simple MLP decoder then aggregates
these features, providing a powerful yet fast
segmentation framework (Xie et al., 2021).

e U-Net++: This is an advanced convolutional
architecture characterized by nested, dense skip
connections. These pathways aim to reduce the
semantic gap between encoder and decoder feature
maps, enabling the aggregation of features at
multiple scales and leading to more precise
segmentation, especially at object boundaries
(Mohammadi, 2025).



A Novel Hybrid Deep Learning Model for Methane Plume Detection in Oil and Gas Sectors Using PRISMA Satellite

2.3.2. Model configurations and novelty

Our primary novelty in model architecture lies in the
strategic hybridization of these components and the
integration of attention mechanisms to create models
tailored for methane detection. We implemented and
evaluated four distinct configurations:

1. ResNet18 UPP: To establish a strong convolutional
baseline, we employed a U-Net++ model with a
ResNet-18 encoder. We augmented its decoder
with a Spatial and Channel Squeeze & Excitation
(scSE) attention module. This addition allows the
network to dynamically recalibrate feature maps,
emphasizing salient spectral and spatial features
relevant to methane while suppressing background
noise.

2. Standard Segformer (MiT-B4): We utilized the
Segformer architecture with a MiT-B4 encoder as
a robust transformer-based baseline. Its inherent
efficiency and multi-scale feature fusion provide a
strong benchmark for transformer performance on
our task.

3. Hybrid SwinV2-UPP: Our first novel hybrid model
combines the powerful SwinV2 encoder with the
dense, feature-aggregating U-Net++ decoder (also
enhanced with scSE attention). This configuration
tests the hypothesis that a state-of-the-art
transformer encoder can enhance the performance
of a proven convolutional decoder by providing it
with a richer, more context-aware set of initial
features.

4. Proposed SwinV2-Former Architecture: Our
principal proposed architecture, the SwinV2-
Former, couples the SwinV2 encoder with the
lightweight Segformer MLP decoder. We posit this
is the most effective combination. It leverages the
superior hierarchical feature representation and
global context modelling of the SwinV2
transformer ~ while  benefiting  from  the
computational efficiency and effective feature
fusion of the Segformer decoder. This synergy is
expected to yield a model that is not only highly
accurate but also computationally tractable for
large-scale remote sensing applications.

2.3.3. Training protocol and loss function
2.3.3.1. Optimization Strategy

We employed the Adam optimizer, a widely adopted and
effective algorithm for deep learning applications, with an
initial learning rate of 0.0001. To facilitate stable
convergence and fine-tuning, the learning rate was
dynamically managed by a ReduceLLROnPlateau scheduler.
This scheduler monitors the F1-score on the validation set
and reduces the learning rate by a factor of 0.5 if no
improvement is observed after 5 consecutive epochs. This

strategy allows the model to make large initial progress and
then take smaller, more precise steps as it approaches an
optimal solution.
2.3.3.2. Composite loss function

The segmentation of methane plumes is challenged by
significant class imbalance (plumes constitute a small
fraction of pixels) and often indistinct boundaries. To
address this, we designed a composite loss function that
combines three distinct loss functions, each targeting a
different aspect of the segmentation task. The total loss () is
a weighted sum of Dice Loss, Focal Loss, and standard
Binary Cross-Entropy.

The final loss is calculated a s:

L 0.3L + 0.4L

Total = Y*3LDice

; + 03Lgp 2)

Focal

Dice Loss: This loss is an overlap-based metric that
directly optimizes the F1-score, making it highly effective
for imbalanced datasets. It evaluates the spatial overlap
between the predicted mask and the ground truth. It is
defined as:

N
) 23 Py, te )
=1 - 3
Dice
Db+ Xlg e

where is the predicted probability for pixel, is the ground
truth label (0 or 1), is the total number of pixels, and is a
small smoothing constant to prevent division by zero.

Focal Loss: Originally proposed for object detection,
Focal Loss is an enhancement of the standard cross-entropy
loss that addresses class imbalance by down-weighting the
loss assigned to well-classified examples. This forces the
model to focus its learning on harder, misclassified
examples, such as faint plume edges. It is formulated as:

N
iz [a(l - pi)ygi log(p,) +
TN L a-apla-g)l
where v is the focusing parameter (we use y = 2) that adjusts
the rate at which easy examples are down-weighted, and o
is a balancing parameter.

Binary Cross-Entropy Loss: This is the standard pixel-
wise logarithmic loss for binary classification tasks. It
provides a stable and reliable gradient for the fundamental
task of classifying each pixel as either methane plume or
background. The formula is:

N

“

1
Lpcg = ;Z[(gi logp) + (1 = p)(A - g)] 5)
i=1
By combining these three functions with a higher weight
on Focal Loss, our training objective robustly handles the
class imbalance, improves the localization of plume
boundaries, and ensures stable convergence.
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3. Result

The quantitative performance of the four evaluated model
architectures across different spectral band configurations is
presented in Table 1. The models were evaluated using F1-
score, Precision, and Recall on both a standard test set and a
zero-shot generalization set.

Overall, the models incorporating the SwinV2 encoder
demonstrated superior performance. The Hybrid SwinV2-
UPP model achieved the highest overall F1-score of 0.834,
registered when utilizing only the SWIR2 band subset. This
was closely followed by the SwinV2-Former architecture,
which obtained a peak F1-score of 0.828, also with the
SWIR2 bands.

A key finding emerged in the precision metric, where the
SwinV2-Former model significantly outperformed all other
architectures, achieving a state-of-the-art precision of 0.910.
The Segformer model served as a strong transformer-based
baseline, attaining a commendable F1-score of 0.827 with
the SWIR2 bands. The attention-enhanced U-Net++ model,
representing the pure convolutional approach, recorded a
maximum F1-score of 0.802 when using all available
hyperspectral bands.

The choice of spectral bands had a notable impact on
model performance. For the three highest-performing
models (Hybrid SwinV2-UPP, SwinV2-Former, and
Segformer), the most effective configurations utilized
focused band subsets (primarily SWIR2), rather than the
complete hyperspectral cube. In contrast, the baseline U-
Net++ model achieved its best result with all 239 bands.

In the zero-shot evaluation, all models exhibited a
predictable decrease in performance, highlighting the
challenge of domain generalization. The Hybrid SwinV2-
UPP model maintained the highest F1-score in this scenario
(0.725), though the SwinV2-Former demonstrated robust
generalization when supplied with both SWIR-1 and SWIR-
2 bands (0.717).

Table 1. Comparative Performance of Model Architectures and Band
Selections

ResNet18 UPP

Test \ Zero Shot
SWIR | All | SWI SWIR All SWiI
2 Ban R-1 2 Ban R-1
ds ds
swi sSwi
R-2 R-2
FI 0774 0802 0783 0.658 0.682 0.710
Precisi  0.840 | 0.829 | 0.816 0.711 0.765 0.830
on
Recall 0717 0777 0752 0612 0616 0.620
Segformer
F1 0.827 | 0.791 0811 0.701 0.683 0.715
Precisi = 0.882 | 0.874  0.867 0777 0.786 0.814
on
Recall 0778 0723 0761 0638 0.604 0.637

Hybrid SwinV2-UPP

56

F1 0.834 0.824 0.799 @ 0.697 | 0.720 | 0.714
Precisi | 0.885 | 0.861 | 0.859 | 0.805 | 0.829 | 0.821
on
Recall 0.789 ' 0.790 0.746 @ 0.614 | 0.636 0.632
SwinV2-Former
F1 0.828  0.803 0.810 @ 0.688 | 0.698 @ 0.717
Precisi | 0.910 | 0.904 | 0.894 | 0.832 | 0.846 | 0.857
on
Recall 0.760 @ 0.723 0.741 @ 0.587 | 0.594 0.616

Figure 3, highlights significant variability in their ability
to accurately identify multiple regions of interest within a
single scene. The Hybrid SwinV2-UPP model (C)
demonstrates the highest fidelity to the ground truth,
successfully segmenting both the larger, elongated structure
and the smaller, crescent-shaped object with clean
boundaries. In contrast, the other models exhibit partial
detection failure. While Segformer (A) accurately delineates
the larger structure, it completely fails to identify multiple
regions of interest within a single scene. The Hybrid
SwinV2-UPP model (C) demonstrates the highest fidelity to
the ground truth, successfully segmenting both the larger,
elongated structure and the smaller, crescent-shaped object
with clean boundaries. In contrast, the other models exhibit
partial detection failure. While Segformer (A) accurately
delineates the larger structure, it completely fails to identify
the smaller one. Conversely, SwinV2-Former (B)
successfully segments the smaller object but overlooks the
larger structure entirely. The ResNet18 UPP model (D)
produces the most divergent result, characterized by a highly
fragmented and noisy prediction for the primary object and
a complete failure to detect the secondary object. This visual
evidence underscores the superior capability of the Hybrid
SwinV2-UPP architecture in handling scenes with multiple,
disconnected objects of varying scales in this specific
instance.
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. r -‘
Figure 3. offers a qualitative comparison of segmentation
performance between four deep learning models:

Segformer (A), SwinV2-Former (B), Hybrid SwinV2-UPP
(C), and ResNet18 UPP (D).

4. Discussion

The experimental results provide several key insights into
the architectural requirements for effective methane plume
segmentation from hyperspectral data. Our findings confirm
the central hypothesis that advanced transformer-based
models, particularly those leveraging the SwinV2 encoder,
offer a significant performance advantage over purely
convolutional approaches. However, the results also reveal
a nuanced and unexpected trade-off between architectural
design and performance metrics.

4.1. Architectural determinants of segmentation precision:
contextual awareness vs. boundary fidelity

A key and somewhat counter-intuitive finding were the
superior precision of the SwinV2-Former architecture over
the Hybrid SwinV2-UPP. While U-Net architectures are
renowned for high-precision boundary delineation, our
results suggest that for diffuse, low-contrast targets like
methane plumes, the primary challenge for precision shifts.
Rather than meticulously refining a well-defined edge, the
task becomes the confident identification of the faint signal
itself from a noisy background.

Herein lies the architectural divergence. The
convolutional U-Net++ decoder operates on a more local
receptive field. It excels at boundary refinement but can be
more easily misled by localized spectral artifacts, potentially
leading to false positives. In contrast, the Swin
Transformer's  self-attention mechanism is explicitly
designed to model long-range dependencies and build a
global, contextual understanding of the entire scene. This

ability to build contextual confidence appears to be more
effective at filtering out false positives for this specific
problem, resulting in the SwinV2-Former 's state-of-the-art
precision.

4.2. Synergistic performance of the hybrid transformer-CNN
architecture

Despite the SwinV2-Former's superior precision, the
hybrid SwinV2-UPP model delivered the highest overall F1-
score. This indicates a better balance between precision and
recall, suggesting it successfully identified more true
plumes. The strength of this hybrid model aligns with a
growing body of work demonstrating that combining
transformer encoders with CNN-based decoders can
leverage the strengths of both paradigms.

The SwinV2 encoder provides the global context
necessary to identify large, diffuse plumes. The U-Net++
decoder, with its dense skip connections, then leverages
these rich feature maps to excel at its inherent strength:
precisely delineating boundaries. The hybrid SwinV2-UPP,
therefore, succeeds as the best "all-rounder™ by combining a
transformer's global view with a convolutional network's
local specialization, making it robust to variations in plume
size and concentration.

4.3. The impact of spectral dimensionality on decoder
performance

A significant finding was the detrimental effect of using
all available bands on the MLP-based decoders (Segformer
and SwinV2-Former). Both models saw a notable drop in
performance when moving from a focused SWIR subset to
the full 239-band hyperspectral cube. This phenomenon,
where an excess of features can degrade the performance of
certain classifiers, is a well-documented challenge in
hyperspectral analysis, often referred to as the Hughes
phenomenon [35]. Our results suggest that the convolutional
filters and feature aggregation pathways in U-Net++ are
inherently more robust to this high dimensionality. This
finding has practical implications, suggesting that for
efficient architectures with lightweight decoders, a
deliberate band selection strategy is not just a computational
shortcut but a requirement for optimal performance.

4.4. Model generalization and future research directions

The performance drop in the zero-shot scenario was
expected and underscores the challenge of domain shift in
remote sensing applications. However, the observation that
the SwinV2-Former generalized best when using both
SWIR-1 and SWIR-2 bands is noteworthy. It suggests that
while a SWIR-1 may be optimal for a specific data
distribution, a richer feature set including both absorption
windows may be key to building more robust and
generalizable models for global monitoring.

In conclusion, our work demonstrates that hybrid
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transformer-CNN architectures, particularly the Hybrid
SwinV2-UPP, provide a state-of-the-art balance of precision
and recall for methane plume segmentation. The SwinV2-
Former, however, emerges as a specialist model for high-
confidence applications where minimizing false positives is
the primary objective. Future work should explore dynamic,
attention-based band selection mechanisms and investigate
the training of specialist models for plumes of varying sizes
to potentially combine their strengths in an operational
ensemble.

5. Conclusion

This study evaluated deep learning models for methane
plume segmentation from PRISMA data, demonstrating that
hybrid architectures using the SwinV2 transformer encoder
significantly outperform pure convolutional approaches.
Our novel SwinV2-UPP and SwinV2-Former models
yielded state-of-the-art results, revealing a critical trade-off
between architectural design and monitoring objectives.

The SwinV2-UPP, pairing the transformer with a U-
Net++ decoder, provided the best all-around performance
with the highest F1-score, making it ideal for comprehensive
plume mapping. In contrast, the SwinV2-Former, using a
lightweight MLP decoder, achieved state-of-the-art
precision, establishing it as the superior choice for high-
confidence detection where minimizing false positives is the
priority. This work also underscores the importance of
strategic band selection for optimizing performance.
Ultimately, these findings provide a clear framework for
operators to select the optimal deep learning tool based on
their specific operational needs, whether for balanced
detection or high-precision verification.
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