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Accurate classification of methane source infrastructure across sectors is critical for building comprehensive
emission inventories and tracing emission sources. Existing approaches predominantly rely on high-resolution
remote sensing imagery to capture discriminative features, but their scalability is limited by high costs and
restricted availability. In contrast, medium-resolution imagery offers scalable alternatives with enhanced spectral
signatures, while its lower spatial resolution challenges precise characterization and facility differentiation. To
address this issue, we propose a multimodal fusion method on Sentinel-2 and Sentinel-1 data, with the aim of
exploiting the complementary characteristics of optical, infrared, and SAR imagery to improve classification
accuracy. We present a multimodal dynamic fusion network (DMFNet), which incorporates a gating module and
multimodal attention fusion modules (MAFM) to adaptively address sample variability and multimodal het-
erogeneity. Additionally, DMFNet enables tracking and interpreting the fusion process by analyzing data-driven
weights, providing deep insights into modality combinations and fusion strategies for specific facility. Experi-
ments on the METER-ML dataset demonstrate that the proposed model achieves a precision of 0.740 and a recall
of 0.757, outperforming existing single-modal and static fusion methods. Transferability experiments further
confirm the practical applicability of the proposed method and its complementarity with existing open-source

data in improving methane emission inventories.

1. Introduction

Methane is the second-largest greenhouse gas, responsible for
approximately 30 % of global temperature rise since the Industrial
Revolution (Masson-Delmotte et al., 2021; Saunois et al., 2016).
Anthropogenic activities, including agriculture, energy production, and
waste management (Jackson et al., 2020; Lee et al., 2023), are the pri-
mary drivers of increasing atmospheric methane concentrations, ac-
counting for around 60 % of annual global emissions (Kirschke et al.,
2013). Effective mitigation of these emissions requires accurate esti-
mation and attribution of methane sources. Currently, methane emis-
sions are commonly assessed through two complementary approaches:
bottom-up methods aggregate emission data from individual sources
to generate regional estimates (Saunois et al., 2016; Vaughn et al.,
2018), whereas top-down methods utilize direct measurements of at-
mospheric methane concentrations (Zhang et al., 2023). For bottom-up
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approaches, accurate source types and quantities are essential for
selecting accurate emission factors and minimizing uncertainties arising
from misclassification or omitted fugitive emissions (Chen et al., 2022).
For top-down approaches, precise facility geographic locations are
necessary to effectively link observed methane concentrations with
specific emission activities (Lauvaux et al., 2022; Schuit et al., 2023).
The Intergovernmental Panel on Climate Change (IPCC) classifies
anthropogenic greenhouse gas emission sources into six sectors: energy,
industrial processes, solvent and other product use, agriculture, land-use
change and forestry, and waste. In 2023 (IEA, 2024), agriculture was the
largest source of global methane emissions (145 million tonnes), fol-
lowed by energy (130 million tonnes) and waste (71 million tonnes).
Several publicly accessible databases currently document methane
emission sources, including oil and gas facilities and wastewater treat-
ment plants (Ehalt Macedo et al., 2022; Maus et al., 2022; Sabbatino,
2018). These databases typically integrate national, regional, and
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corporate datasets, supplemented by published literature, government
reports, and industry publications. However, limitations in data avail-
ability and delays in reporting often lead to outdated or inaccurate
spatial locations. Additionally, facilities like landfills, animal feeding
operations, and mines frequently bypass licensing requirements or
remain underregulated, especially in developing countries, exacerbating
data incompleteness and inaccuracies (Handan-Nader and Ho, 2019;
Sun et al., 2023).

To address these gaps, large-scale and timely identification of
methane-emitting infrastructure is urgently needed to improve emission
inventories and support targeted mitigation efforts. Remote sensing has
become an essential tool for monitoring energy systems and infrastruc-
ture in this context (Ren et al., 2022). Methane-emitting facilities vary
widely in type and spatial distribution, ranging from industrial sites with
concentrated layouts and distinct structural patterns (e.g., oil refineries,
processing plants) to agricultural and waste facilities characterized by
dispersed forms and less prominent features (e.g., CAFOs (Concentrated
Animal Feeding Operation), landfills). These variations in structural
composition and scene characteristics influence their detectability at
different spatial resolutions and determine the choice of data sources
and identification methods. Existing studies have leveraged multi-
dimensional features, including geometric structure, spectral proper-
ties, and spatial configuration, to develop facility identification models
across multiple scales and analytical strategies. Based on recent research
advances, remote sensing-based methane facility identification ap-
proaches can be broadly classified into three categories: feature-based
facility screening, scene-based facility recognition, and component-
based fine-scale identification.

Feature-based facility screening primarily targets large-scale, cost-
effective preliminary mapping tasks. These approaches exploit distinc-
tive spectral signatures, thermal-related information, or land use char-
acteristics of target facilities and their surroundings to enable rapid
localization and identification. They typically rely on imagery from
multispectral satellites such as Sentinel-2 and Landsat-8, analyzing
features such as high-temperature anomalies (HTAs) (Liu et al., 2021b;
Wu et al., 2024), land surface temperature (LST) (Beaumont et al., 2014;
Gill et al., 2019; Yan et al., 2014), and land use/land cover (LULC)
classifications to distinguish potential facilities (Li et al., 2022a).

For facility types with stable spatial layouts and coherent scene
structures, scene-based facility recognition methods are widely adopted.
These approaches utilize image classification or object detection models
to extract and learn discriminative scene-level features that capture
macro-scale distributions and geometric forms (Handan-Nader and Ho,
2019; Niu et al., 2023; Sheng et al., 2020). However, such methods often
face limitations in representing the detailed shapes, sizes, and complex
internal spatial relationships of facility components.

Component-based identification focuses on detecting key structural
elements within methane-emitting facilities, such as storage tanks
(Zalpour et al., 2020; Zhang et al., 2015), pond (Li et al., 2025), and
livestock barns (Robinson et al., 2022). These targets often exhibit
distinct geometric shapes and strong semantic features. By leveraging
the fine spatial detail available in high-resolution remote sensing im-
agery, combined with object detection and semantic segmentation
techniques, these methods can achieve precise recognition and locali-
zation of internal facility structures.

Regarding data sources, while high-resolution imagery provides rich
texture and structural information, its high acquisition cost and limited
transferability pose considerable challenges for large-scale applications.
In contrast, medium-resolution remote sensing imagery offers broader
accessibility and higher spectral resolution, providing diverse modalities
such as visible (RGB), infrared (IR), and synthetic aperture radar (SAR).
Previous studies have effectively utilized spectral reflectance, thermal
radiation, and radar scattering characteristics to identify various
methane emission facilities. Optical imagery, particularly in the visible
spectrum, conveys detailed information on color, shape, and texture,
thus serving as a primary modality for infrastructure detection. Infrared
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imagery, a passive sensing approach, captures thermal characteristics of
facilities and their surrounding environments, offering advantages such
as day-and-night imaging and reduced susceptibility to interference
(Jiang et al., 2024). Specifically, shortwave infrared (SWIR, 1.4-3.0um)
is sensitive to high-temperature phenomena, facilitating detection of
thermal anomalies associated with fossil fuel combustion in methane-
emitting facilities (Liu et al., 2021b; Wu et al., 2024). Conversely, SAR
imagery, as an active sensing technology, mitigates optical remote
sensing limitations like cloud and weather interference (Liu et al.,
2021a). By leveraging scattering, phase, and amplitude information,
SAR has proven effective in applications such as monitoring ground
subsidence in mining areas and identifying detailed mining structures
(Guo et al., 2024a; Moon and Lee, 2021).

However, relying on a single modality often provides insufficient
information for accurately identifying diverse methane-emitting facil-
ities, particularly at medium spatial resolutions (Bansal and Tripathi,
2024). The combination of medium-resolution Sentinel-2 MSI (Multi-
spectral Instrument) and Sentinel-1 SAR data offers global coverage and
strong scalability, providing complementary spectral and geometric in-
formation. By fusing multi-modal data, we can effectively mitigate
limitations of spatial resolution by integrating these complementary
features, thereby enhancing detection accuracy. However, the perfor-
mance of fusion models largely depends on their ability to integrate task-
specific information across modalities (Li et al., 2022b). Traditional
fusion approaches extract modality-specific features and merge them at
fixed network layers (input, intermediate, or decision layers) according
to predefined algorithms or rules (Wu et al., 2022; Xu et al., 2018).
These static fusion methods assume constant data quality, making them
less adaptable to input variability or changing task demands. While
computationally efficient and straightforward to implement, static
fusion methods lack flexibility and struggle to handle redundancy in
multi-modal data.

Unlike static fusion, dynamic fusion methods offer greater flexibility
by adaptively adjusting fusion strategies during inference, effectively
leveraging variations in input features and scene complexity (Cai et al.,
2021; Li et al., 2020).Attention mechanisms are frequently employed in
dynamic fusion to emphasize the contributions of individual modalities
through learned weighting (Han et al., 2022; Jin et al., 2022). Addi-
tionally, gating mechanisms and mixture-of-experts approaches have
been explored, enabling dynamic adjustments of network structures to
reduce redundancy and improve computational efficiency (Mena et al.,
2025; Wei et al., 2024). However, applying dynamic fusion to methane
emission facility identification requires addressing both multimodal
feature heterogeneity and inter-sample variations. A single dynamic
fusion approach often struggles to simultaneously resolve these issues,
necessitating a more flexible and adaptive architecture that optimizes
fusion strategies for diverse facility types.

Hence, despite its potential, the practical application of medium-
resolution remote sensing imagery for methane infrastructure identifi-
cation still encounters significant hurdles. First, limited spatial resolu-
tion restricts models from capturing fine-grained features, hindering the
discrimination of structurally similar facilities and reducing detection
accuracy. Second, efficiently utilizing multimodal data—maximizing
complementarity while minimizing redundancy and noise—remains a
critical challenge. Finally, exploiting the flexibility and interpretability
of dynamic fusion methods to quantify individual modality contribu-
tions, clarify modality interactions, and tailor fusion strategies for
distinct facility types requires further exploration.

To address these challenges, we propose a multimodal dynamic
fusion method integrating optical, infrared, and SAR features, aiming to
improve the accuracy and robustness of methane-emitting facility
identification from medium-resolution imagery. Specifically, we intro-
duce a dynamic multimodal fusion network (DMFNet) that leverages
gating mechanisms and multimodal attention to adaptively generate
data-driven fusion strategies and network paths, enabling progressive
feature integration across modalities. Extensive comparisons with
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single-modal and static fusion approaches on public datasets demon-
strate that our method achieves superior accuracy. Additionally, by
analyzing the learned fusion weights, we quantitatively assess the con-
tributions of different modalities in the overall task and specific facility
identification, enhancing model reliability and interpretability.

The main contributions of this study are as follows:

1. We propose a multimodal approach utilizing Sentinel-2 and Sentinel-
1 imagery to classify methane-emitting facilities. By effectively
integrating optical, near-infrared, and SAR features, this method
mitigates the limitations of medium-resolution imagery and im-
proves classification accuracy

2. We develop DMFNet tailored to classifying methane emission facil-
ities. This model employs a gating mechanism to dynamically adjust
fusion pathways according to input characteristics, while MAFM
selectively emphasize complementary information and suppress
redundancy. We also provide a quantitative analysis of modality-
specific contributions, clarifying the cooperative roles of each mo-
dality in classifying distinct facility types

3. We validate the effectiveness of the proposed method using both
public and custom datasets. Results on public datasets confirm its
robustness, while its application in real-world scenarios highlights its
value in improving methane emission inventory completeness and
complementing existing methodologies

2. Dataset

We focus on key methane-emitting infrastructures within IPCC major
sectors, including concentrated animal feeding operations (CAFOs) in
agriculture; coal mines, natural gas processing plants (Proc Plants), and
refineries and oil terminals (R&Ts) in energy; and landfills and waste-
water treatment plants (WWTPs) in waste management. These facilities
are critical contributors to global and regional methane budgets due to
their high emission intensities or potential emission risks, and they
represent priority targets for mitigation strategies and inventory
development.

Our selection encompasses both known methane “super-emitters”
and facilities with lower individual emission rates but substantial cu-
mulative emissions. Beyond their emission significance, these facilities
typically exhibit distinctive geometric patterns, spectral characteristics,
or structural features in medium-resolution remote sensing imagery.
Such features make them comparatively easier to detect and distinguish
from surrounding land cover types or infrastructure classes, thereby
supporting reliable identification through image-based classification
approaches.

2.1. METER-ML dataset for model training and validation

For robust development and validation of our identification model,
we employed the METER-ML dataset, a multi-sensor dataset specifically
designed for automated methane source mapping (Zhu et al., 2022). It
consists of 86,599 georeferenced images, encompassing six types of
methane-emitting facility scenes as well as negative samples from
various landscapes and infrastructure. The dataset is divided into a
training set of 85,066 images, a validation set of 515 images, and a test
set of 1018 images. All validation and test images were manually veri-
fied by experts, ensuring high-quality reference labels for reliable
evaluation.

METER-ML includes 19 spectral bands from three image sources:
Sentinel-2, Sentinel-1, and NAIP (National Agriculture Imagery Pro-
gram). For this study, we selected six bands from the Sentinel-2 imagery,
including three 10-m resolution visible bands (Bands 2-4), one 20-m
resolution narrow near-infrared (NIR) band (Band 8A, centered at
865 nm), and two 20-m resolution SWIR bands (Bands 11 and 12).
Additionally, we used the 10-m resolution VV and VH bands from
Sentinel-1 imagery. Aerial imagery from NAIP was not used in this
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study.

During preprocessing, problematic samples were removed from the
dataset, and additional negative samples were added to the test set to
enhance evaluation robustness. We adopted the original split configu-
ration of the METER-ML dataset, in which the training set is substan-
tially larger than the test set. This split strategy has been adopted and
validated in recent studies (Berg et al., 2023; Berg et al., 2024; Irvin
et al., 2023), as it ensures comprehensive model learning while main-
taining rigorous evaluation, supported by a high-quality, expert-vali-
dated test set. Table 1 summarizes the sample distribution across
different facility types in the METER-ML dataset after preprocessing.

2.2. Data for transportability experiments

We assessed the generalization and transferability of the proposed
model by applying the best-performing model trained on the METER-ML
dataset to identify methane-emitting facilities in Los Angeles County.
Sentinel-2 and Sentinel-1 imagery, covering the administrative bound-
ary of Los Angeles County with less than 5 % cloud coverage, was ob-
tained from Google Earth Engine (GEE) for the period of May to
September 2023. The Sentinel-2 imagery used corresponds to atmo-
spherically and geometrically corrected Level-2A products, with cloud-
contaminated pixels removed using the QA60 quality mask. To reduce
temporal inconsistency, Sentinel-1 and Sentinel-2 scenes with the
closest possible acquisition dates were paired. Across the study area, the
median time difference between paired scenes was 1.267 days, with all
pairs within 10 days. Although exact synchronization was not always
feasible due to acquisition schedules and cloud constraints, such short
time differences are unlikely to significantly affect facility observability,
as most facility types maintain stable structural and radiometric char-
acteristics over these timescales.

Methane point source emission data for Los Angeles was obtained
from Carbon Mapper for comparison with the model’s identification
results. Carbon Mapper’s large-scale detection system utilizes hyper-
spectral sensors, including the Planet Tanager constellation and NASA’s
EMIT sensor, to monitor point-source methane emissions at high tem-
poral frequencies. The Level 4B Source Emissions dataset, available
through Carbon Mapper’s open data platform, provides methane emis-
sion records from January 2016 to December 2024, including source
locations and sector classifications within Los Angeles County.

2.3. Characteristics of methane source infrastructure in RGB, IR and SAR

This section analyzes distinctive features captured by RGB, IR, and
SAR imagery (Fig. 1), highlighting their unique contributions to iden-
tifying various methane-emitting facilities.

RGB imagery effectively represents surface reflectance characteris-
tics, capturing clear object shapes, boundaries, and reflectance con-
trasts. Facilities with well-defined geometries and clear boundaries are
easily distinguishable in RGB images. For example, barns in CAFOs
typically appear as rectangular or elongated high-reflection features,
sharply contrasting with surrounding farmland or pastures (Fig. 1al).
Similarly, storage tanks and structural elements in Proc Plants, R&Ts,

Table 1
Sample distribution of the METER-ML dataset across categories and data splits
(training, validation, and test sets).

Category Train Valid Test Total
CAFOs 24,957 47 92 25,096
Landfills 3918 43 111 4072
Coal Mines 1768 40 72 1880
Proc Plants 1836 38 107 1981
R&Ts 3891 58 108 4057
WWTPs 14,501 40 129 14,670
Negatives 33,974 249 647 34,870
Total 84,845 515 1266 86,626
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Proc Plants R&Ts WWTPs

Fig. 1. Representative Sentinel-2 and Sentinel-1 imagery features of methane-emitting facilities. (Top row: Sentinel-2 true color imagery [RGB: Bands 4/3/2]; Middle
row: Sentinel-2 false color imagery [RGB: Bands 12/11/8A]; Bottom row: Sentinel-1 SAR imagery [RGB: VV/VH/VV-VH ratio]).

and WWTPs are distinguishable from adjacent bare soils or buildings
due to their higher reflectivity (Fig. 1d1-f1). However, RGB imagery is
less effective for identifying facilities with complex terrain or minimal
reflectance differences, such as coal mine pits that blend into the
background environment (Fig. 1b1).

IR imagery is sensitive to high-temperature thermal emissions, as
well as surface moisture and material composition, making it particu-
larly effective for identifying facilities that exhibit distinct thermal or
spectral anomalies. For example, flare burners in Proc Plants often
appear as circular or elliptical high-intensity spots in the SWIR bands,
representing high-temperature anomalies (HTAs) caused by industrial
flaring, and are typically located at facility edges or within isolated bare
areas surrounded by safety buffer zones (Fig. 1d2). In contrast, for fa-
cilities such as CAFOs and wastewater treatment plants, IR imagery
captures spectral reflectance differences associated with liquid manure
ponds or wastewater basins, which show clear contrasts with sur-
rounding land cover (Fig. 1a2, f2). However, facilities with minimal
thermal activity or subtle spectral differences, such as landfills or coal
mines, often lack distinctive signatures in these bands, making their
identification more challenging.

SAR imagery reflects surface roughness and structural characteris-
tics, making it ideal for identifying facilities with strong scattering fea-
tures. For instance, the edges of coal mine pits and mining traces appear
as distinct linear or striped patterns, clearly delineating excavation
boundaries and structures (Fig. 1¢3). Metal storage tanks at refineries
and oil terminals also produce strong backscatter signals, resulting in
prominent high-scattering features, particularly noticeable with spher-
ical tanks (Fig. 1e3). However, SAR imagery is highly sensitive to surface
roughness; facilities with smoother surfaces, like certain WWTP struc-
tures, generate weaker backscatter signals and are therefore more
challenging to distinguish.

Each modality offers unique advantages and inherent limitations,
and thus no single modality alone fully addresses the identification re-
quirements across all facility types. Integrating the spatial detail of RGB,
the thermal sensitivity of d, and the structural insights of SAR is there-
fore essential for improving the accuracy and robustness of methane
source identification.

3. Methodology
3.1. Construction of dynamic multimodal fusion model
3.1.1. Overall structure of DMFNet

The DMFNet architecture is guided by the need for an adaptive and
effective fusion framework that optimally integrates multimodal

features for methane source infrastructure classification. As illustrated
in Fig. 2, DMFNet consists of three parallel ResNet-50 branches, inde-
pendently extracting modality-specific features to avoid cross-modal
interference and preserve distinct characteristics. To accommodate
varying input complexities, we introduce a dynamic fusion mechanism
based on gating. The convolution gating module flexibly adjusts the
fusion decision based on the specific characteristics of each input sample
and selects one of five fusion paths for them. Furthermore, stacked
MAFMs progressively enhance cross-modal interactions by selectively
emphasizing complementary features and suppressing redundancy.
Thus, DMFNet provides an adaptive, multi-level fusion framework that
leverages modality-specific strengths, dynamically optimizing feature
integration according to the distinct characteristics of facilities.

3.1.2. Convolution gating module

The gating module dynamically adjusts the fusion strategy and path
by processing the global view of the multi-modal features of the input
samples. For “simple” samples, the gating mechanism prioritizes low-
level features for quick prediction, skipping the complex fusion pro-
cess to avoid unnecessary computation. On the other hand, for “com-
plex” samples, the gating mechanism gradually merges features from
different modalities in multiple stages to extract deeper information.

Specifically, as shown in Fig. 3, feature maps from the RGB, IR, and
SAR modalities are first concatenated along the channel dimension to
form a global view, x. This global view is then fed into the gating module
G(x) for processing. Through convolution operations, the gating module
extracts local information from the input feature maps and learns low-
level features between different modalities. The resulting feature maps
are then passed through a global average pooling layer for dimension-
ality reduction, capturing global semantic information. This process not
only reduces computational complexity but also preserves important
contextual information. Finally, the extracted features are processed by
a linear layer and mapped to a sparse decision space, generating a de-
cision vector g that provides effective input for the subsequent fusion
decisions.

As a hard gating mechanism, the output g of the gating module is
represented as a five-dimensional sparse one-hot vector:

5
8= (81,82,8.81,8), & €{0,1}, > & =1 ¢h)

i=1

where each dimension g; corresponds to a MAFM of each stage and
determines the fusion strategy. Specifically: when g; = 1, fusion is per-
formed up to and including the i-th MAFM, after which further fusion is
halted. The fused representation from the selected stage is retained for
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Fig. 2. Architecture of the proposed DMFNet. (Pre-trained ResNet-50 branches extract RGB, IR, and SAR features; the convolutional gating module generates

adaptive fusion decisions; MAFM dynamically integrates multimodal features.)

subsequent feature processing and classification.

It is important to note that the gating vector g is generated through a
learning and discretization process during the second-stage fine-tuning,
where the gating module is jointly optimized with the main network.
Specifically, the gating module first outputs a five-dimensional contin-
uous vector, where each value is learned by minimizing the overall loss
function to represent the relative importance of each fusion stage for a
given input sample. This continuous vector is then processed through a
one-hot encoding operation, converting it into a sparse binary vector,
where g; takes a value of 1 at the selected fusion stage and 0 elsewhere.
This mechanism defines five distinct dynamic fusion paths, allowing the
model to adaptively adjust the fusion process based on input charac-
teristics.

The fusion process follows the gating vector configuration, dictating
where multimodal feature integration occurs. The fused representation
Y, serving as the input to the final classifier, is computed as:

Y=g eFB 4 (X{”“d) 4@ eFBy 4 (X’;”“d) g5 eFBy 4 (XQ‘“‘*) g

o FBy (X5!) + g5 o XL @
X[ = MAFM, (X298, XIR, XSAR) €)
x[ed — MAFM, (XﬁiﬁB,Xffl,xfff,icfffd) i€{2,3,4,5) )
X = FB (X (5)

where i denotes the stage index of the MAFM (ranging from 1 to 5).
FB;_4( o) denotes the fusion block spanning from stage i to stage 4. X{m ed

and X{‘ffd are the fused feature generated at the ™ and (i — 1)™ MAFMs,

respectively. )?{Lf fd represents the fused output from the previous stage
after being processed by the corresponding fusion block FB;_; (e ), which
ensures spatial and channel alignment with the modality-specific fea-
tures. Specifically, for stage i = 1, there is no prior fusion input, so
MAFM; directly fuses the initial features from the three modalities. For
stages i > 1, each MAFM,; integrates both the current modality-specific

features and the aligned fused representation )??f fd.

For example, when g = (0,1, 0,0, 0), fusion occurs in the first two
MAFM stages, allowing both early-stage and intermediate-level feature
integration. Unimodal features are first fused in the first MAFM to obtain
the initial fused representation. These features, along with the unimodal
outputs processed by their respective blocks, are then further fused in
the second MAFM. The fused features in the second stage are processed
by fusion block and classifier to get the result. This process can be
expressed as follows:

X{Lued — MA FM] (XgGB,XgR, X.SAR) (6)
X" = FBy (%) @
xied — MAFM, (XfGB,X’lR7XfAR,)~(TBEd) ®)

d
b Y =By 4 (X3') (9)
where: XE8 XIR XSAR represent the input features from the three
modalities. XR°B XIR X$4R are the modality-specific features extracted

after processing through Blockl. X{”“d, X’;’”ed are the fusion feature
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b. Visualization of fusion paths generated by convolutional gating networks
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Fig. 3. Convolutional gating module and dynamic fusion path examples. (a) Structure of the convolutional gating module. (b) Sample-specific fusion paths: negative
samples (“simple”) utilize early fusion, while complex samples (e.g., Proc Plant) require progressive, multi-stage fusion.)

representations obtained at the first and second MAFM stages, respec-
tively.

When g = (0,0,0,0,1), fusion is performed at all five MAFM stages,
meaning that unimodal information is continuously integrated
throughout the network. This results in the most comprehensive fusion
representation, maximizing the utilization of multimodal information:

Xt — MAFM, (XfGlB,X{Rl,XfAf,){”‘l ) i—23,45 10)
~fused e

x5 =By (in‘lfld> an
Y = xfused 12)

3.1.3. Multimodal attention fusion module(MAFM)

Effective multimodal fusion must balance complementarity and
redundancy while adapting to hierarchical feature extraction in dy-
namic networks. Traditional fusion methods typically operate at fixed
network stages, limiting their ability to progressively refine multimodal
features or dynamically adjust modality contributions. Simple

concatenation or summation may amplify redundancy, whereas rigid
fusion strategies overlook variations in modality relevance at different
depths.

MAFM addresses these challenges by progressively refining and
integrating multimodal representations through three sequential stages:
channel attention, modality attention, and spatial attention. Unlike
CBAM (Woo et al., 2018), which applies channel and spatial attention
sequentially within a single feature map, MAFM extends this paradigm
to the multimodal setting by explicitly modeling cross-modal relation-
ships and incorporating fused representations across stages (Fig. 4).
Formally, let

X = {XRGB,XIR,XSAR7XﬁEed} c RCXHXW (13)
where XRGB xR X5AR are modality-specific features, and X is the
intermediate fused representation.

We first apply a channel attention mechanism to adaptively reweight
informative channels across modalities:
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Stage1

RGB Feature Channel Attention

International Journal of Applied Earth Observation and Geoinformation 144 (2025) 104876

Stage2 Stage3
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2D Conv1x1

[

2D Convix1
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Fusion Feature

&

Low-level Fusion Feature Channel Attentio

Fig. 4. Internal structure of the MAFM. (Three-stage adaptive fusion: channel attention enhancement, modality attention fusion, and spatial attention refinement.)

X, =M(X) X (15)
where GAP( o) denotes global average pooling, W;, W, are learnable
parameters, § is ReLU, and ¢ is the sigmoid activation, and ® denotes
element-wise multiplication. The output X, represents the channel-
refined feature.

Next, in the modality attention fusion stage, to balance the contri-
butions of different modalities, a modality attention vector is intro-
duced:

~RGB

X = Concat, (XC ,iﬁR,XfAR>§:5 ed) 16)

a = softmax(Convy;+ (6(Convi+ (X)))) = [args, AR, AsAR, Aused a7)

= ~k

Xm = i ® Xc (18)
ke{RGB,IRSAR fused}

where «a is the modality attention vector that adaptively weights the
contribution of each modality.

Finally, spatial attention is applied to emphasize informative regions
in the fused feature:

M, (S(m) - g(fm ( [Angool (;?m) - MaxPool <§m> ])) 19)

Xuars = My (Xn ) © X 20)
where f7*7 is a convolution with a 7 x 7 kernel.

In summary, CBAM enhances single-modality features via channel
and spatial attention, whereas MAFM introduces an additional modality
attention stage to explicitly weight and integrate multiple modalities
(RGB, IR, SAR) and fused representations from previous stages. This
design not only refines modality-specific information but also adaptively
balances cross-modal contributions, enabling more effective multimodal
classification.

3.2. Analysis of fusion routes and contributions based on multimodal data

Due to the diversity among methane emission facilities, optimal
multimodal data combinations and fusion strategies vary significantly
by facility type. To address this issue, we propose an adaptive strategy
within the multimodal dynamic fusion framework that outputs fusion
paths and corresponding fusion weights for each sample during the post-
hoc analysis stage. Specifically, the gating module outputs a five-

dimensional one-hot encoded vector representing the adaptive fusion
path chosen for each input sample, enhancing traceability and inter-
pretability of the fusion process. Additionally, the MAFMs provide
modality-specific fusion weights via a SoftMax layer, allowing quanti-
tative assessment of modality contributions. By systematically visual-
izing fusion paths and analyzing these learned fusion weights, we
explicitly track the contributions and interactions of individual modal-
ities in the identification process.

3.3. Locating facility in transferability experiments

Applying the trained model to real-world facility location involves
additional considerations, including appropriate image patch selection,
determining facility locations, and validation procedures. This section
details the implementation steps for transferability experiments.

Selecting an appropriate patch size is crucial since overly large
patches introduce unnecessary noise, while excessively small patches
risk fragmenting facilities. Considering the optimal balance between
spatial context and resolution, we adopted a patch size of 720 m x 720
m, consistent with prior studies demonstrating optimal model perfor-
mance at this scale (Zhu et al., 2022). All image bands were resampled to
a unified 10-meter resolution via bilinear interpolation, resulting in
29,382 image patches covering the Los Angeles area. Although bilinear
interpolation does not guarantee complete semantic consistency across
modalities, it preserves spatial correspondence and retains sufficient
spectral and structural information for classification. The processed
patches are then fed into DMFNet to obtain predicted probabilities. Class
labels are assigned using a probability threshold optimized for the
highest AUPRC (Area Under the Precision-Recall Curve) value (0.778).

Since the predicted positive patches do not always align precisely
with actual facility locations, additional steps are required to refine the
mapping. Although prior research (Robinson et al., 2022) proposed
combining Class Activation Maps (CAM) and K-means clustering to
determine facility coordinates within patches. However, at a 10-meter
resolution, CAM results exhibit high variability across facility types,
limiting the reliability of this automated approach. Therefore, we
manually reviewed all positive predictions, cross-referencing historical
imagery from Google Maps and Google Earth to exclude false positives.
Adjacent patches classified as the same facility type were merged, and
the centroid of the merged area was taken as the estimated facility
location.

For validation, identified facilities were compared against methane
point source data from Carbon Mapper. Table 2 outlines how our facility
types correspond to the IPCC-defined sectors used by Carbon Mapper. A
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Table 2
Methane source infrastructure categories and corresponding IPCC sectors.

Methane source infrastructure
categories

Corresponding IPCC sectors

Concentrated Animal Feeding
Operations (CAFOs)

Enteric Fermentation (4A), Manure
Management (4B)

Landfills Solid Waste Disposal on Land (6A)
Coal Mines A Coal Mining (1B1)
Natural Gas Processing Plants (Proc 0Oil and Natural Gas (1B2)

Plants)

Refineries and Oil Terminals (R&Ts)
Wastewater Treatment Plants (WWTPs)

Petroleum Refining (1A1b)
Waste Water Handling (6B)

predicted facility was confirmed as correctly identified if a corre-
sponding Carbon Mapper methane emission source fell within the
boundary of the positively detected patch.

3.4. Implementation and training detail

We employ Gumbel SoftMax with a two-stage training strategy,
consisting of pretraining and fine-tuning, to jointly optimize the dy-
namic network and gating module (Jang et al., 2016; Xue and Marcu-
lescu, 2023). During pretraining, the gating module adopts random path
selection to ensure sufficient training of all dynamic paths prior to active
gating decisions. In the fine-tuning stage, the gating module dynami-
cally generates fusion paths, enabling end-to-end optimization of the
entire framework and achieving optimal fusion strategies.

All experiments are implemented in Python 3.8 using PyTorch and
accelerated by an NVIDIA GeForce RTX 3080 10G GPU. We initialize the
model with ImageNet pretrained weights for faster convergence. A batch
size of 64 and an initial learning rate of 0.001 are used. During pre-
training, the model is trained for 100 epochs. In the fine-tuning stage,
the Gumbel SoftMax temperature parameter (t) decays exponentially
from 1 to 0.0001 over 100 epochs, while other hyperparameters remain
unchanged. We adopt a weighted cross-entropy loss to address class
imbalance in the 7-class classification task. The loss function is defined
as:

N 7
Lwee = — Z w, e y;log (?u) 21
=)

c=1

2=

s

where N is the number of training samples, ¢ € {1,2, ---, 7} indexes the 7
classes, y; € {0,1} denotes the one-hot encoded ground-truth label for
sample i, ¥i. € [0,1] is the predicted probability for class c, weight w,
assigned to each class is computed based on the inverse of its relative
frequency in the training set:

we= e 22)

=7.0/9)

with f; is the proportion of class ¢ samples in the training data. To further
stabilize training and prevent overfitting, we apply weight decay regu-
larization with a coefficient of 1e-4, and employ a cosine annealing
learning rate schedule throughout the training process.

4. Results
4.1. Accuracies of the proposed DMFNet model

4.1.1. Performance comparison of models on METER-ML test set

We conducted experiments on the METER-ML dataset to evaluate the
necessity of multimodal data fusion and verify the effectiveness of the
proposed dynamic fusion approach. Specifically, we compared single-
modality models with various static and advanced multimodal fusion
methods. Models 1-3 used ResNet-50 as the backbone architecture,
taking RGB, IR, or SAR images as single-modal inputs, respectively.
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For Models 4-9, we evaluated six static multimodal fusion methods,
all of which incorporated three modalities (RGB, IR, SAR) as inputs:
Model 4: Pixel-level fusion, where images from different modalities were
stacked along the channel dimension and fed directly into ResNet-50.
Model 5: Feature-level fusion (Liang et al., 2021), which extracted fea-
tures from each modality-specific ResNet-50 stream and fused them
before classification. Model 6: MI-Matrix fusion (Jayakumar et al.,
2020), which fused modality features through mutual information
maximization to enhance complementary information integration.
Model 7: Dense Fusion (Hong et al., 2021), employing a densely con-
nected fusion module to hierarchically aggregate multimodal features.
Model 8: An MHSA-enabled CNN architecture (Bansal and Tripathi,
2024), incorporating multiple dual-scale convolutional and multi-head
self-attention blocks. Model 9: CGINet (Zhao et al., 2024), a fusion
model that combines global context and part-level discriminative fea-
tures. To further evaluate the effectiveness of dynamic fusion, we tested
Models 10-13, which explored different modality combinations using
the proposed dynamic fusion strategy. All models were trained under
consistent environments and parameter settings to ensure fair
comparisons.

Table 3 summarizes performance on the METER-ML test set. Among
unimodal models, the RGB-based model (Model 1) performs best (F1-
score: 0.648; AUPRC: 0.685), indicating that RGB imagery provides
richer spatial-textural cues for single-modality classification, whereas
the SAR-based model (Model 2) performs the worst among unimodal
approaches.

For static multimodal fusion (Models 4-9), most methods outperform
the unimodal baselines, confirming the benefit of complementary mo-
dalities. Early fusion (Model 4) attains high recall (0.750) but low pre-
cision (0.444), suggesting that naive channel stacking introduces
redundancy and noise. The MHSA-enabled CNN (Model 8) and CGINet
(Model 9) further improve results, with Model 8 reaching an F1-score of
0.734 and AUPRC of 0.761.

For dynamic fusion (Models 10-13), the proposed DMFNet (Model
13) achieves the best overall performance across recall, macro-F1, and
AUPRC. Relative to static method (Model 8), DMFNet increases preci-
sion by 1.1 percentage points, recall by 1.9 points, macro-F1 by 1.1
points, and AUPRC by 1.7 points, indicating more effective suppression
of redundancy and exploitation of cross-modal complementarity.
Although CGINet (Model 9) has slightly higher precision (0.742 vs.
0.740), DMFNet attains higher recall (0.757 vs. 0.719), macro-F1 (0.745
vs. 0.730), and AUPRC (0.778 vs. 0.758). Given the class imbalance and
our workflow with expert verification of model candidates, we prioritize
recall and macro-F1/AUPRC to minimize missed facilities (false posi-
tives can be screened during review, whereas false negatives are typi-
cally unrecoverable). Accordingly, DMFNet is preferred overall.

Table 3

Macro-averaged model performance on the METER-ML dataset. (Models 1-3:
Unimodal; Models 4-9: Static multimodal fusion; Models 10-13: Dynamic
multimodal fusion; Model 13: Proposed DMFNet.)

No  Method Modal Precision  Recall F1 AUPRC
1 Unimodal RGB 0.654 0.662 0.648 0.685
2 Unimodal SAR (VV, VH) 0.510 0.489 0.475 0.505
3 Unimodal IR (NIR, 0.687 0.615 0.622 0.679
SWIR1-2)
4 Early Fusion RGB, SAR, IR 0.444 0.750 0.558 0.641
5 Late Fusion 0.697 0.676 0.662 0.714
6 MI-Matrix 0.662 0.667 0.651 0.701
7 Dense Fusion 0.723 0.721 0.713 0.722
8 MHSA- 0.729 0.738 0.734 0.761
enabled
9 CGINet 0.742 0.719 0.730  0.758
10 DMFM RGB, SAR 0.722 0.724 0.721 0.751
11 DMFM RGB, IR 0.732 0.749 0.737 0.768
12 DMFM SAR, IR 0.691 0.663 0.663 0.729
13 DMFM RGB, SAR, IR 0.740 0.757 0.745 0.778
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Moreover, compared with dynamic models using only two modalities
(Models 10-12), the three-modality dynamic fusion of DMFNet (Model
13) consistently performs best, reinforcing the value of integrating all
modalities for facility identification.

Fig. 5 presents the confusion matrix, highlighting key misclassifica-
tion patterns. Overall, the model achieved high accuracy across most
categories; however, notable confusions occurred between facility types
with similar features. Specifically, Proc Plants and R&Ts were frequently
misclassified as each other, reflecting their overlapping industrial
structures (Fig. 5 ¢ and d), while Landfills and Mines also showed
considerable confusion due to similar exposed surface materials and
geometric layouts (Fig. 5e). Additionally, some negative samples were
misclassified as facility types, such as bare soil classified as Landfills and
port areas identified as R&Ts (Fig. 5 e and f).

4.1.2. Ablation experiment

We conducted an ablation study on the METER-ML dataset to assess
the individual contributions and combined effectiveness of the Gating
module and the Multimodal Attention Fusion Module (MAFM). The
initial baseline model (BASE) comprises three modality-specific ResNet-
50 branches, with the extracted features directly concatenated after
global average pooling and passed to the classifier—without any cross-
modal fusion or interaction mechanism. To independently evaluate the
Gating module, we removed the MAFM and retained the gating mech-
anism to dynamically select one of the predefined fusion paths. Within
each selected path, features from different modalities were merged using
element-wise addition to maintain feature dimensionality and ensure
compatibility with downstream layers. Conversely, to isolate the effect
of the MAFM, we removed the Gating module and adopted a random
path selection strategy in its place. In addition, we tested each of the five
predefined fusion paths (Path 1 to Path 5) individually to examine
performance sensitivity to specific fusion configurations.

Table 4 summarizes the ablation results. Incorporating the gating
module alone improved precision by 1.2 %, recall by 1.4 %, and F1 by
1.3 % compared to the baseline. Replacing addition with MAFM and
using random path selection (No. 3) further enhanced performance,
achieving an F1 of 0.729. Among the fixed fusion paths (No. 4-8), Path 3
(MAFM1-3) yielded the highest performance (F1: 0.732), suggesting
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that deeper fusion generally benefits classification. However, the pro-
posed dynamic gating strategy (No. 9) achieved the best overall results,
with precision, recall, and F1 improvements of 2.7 %, 4.8 %, and 4.3 %,
respectively, relative to the baseline. These results demonstrate that the
dynamic gating strategy outperforms the best fixed path configuration,
highlighting the gating module’s ability to adaptively select optimal
fusion paths based on input characteristics rather than relying on a
single pre-defined path. This adaptability enables the model to fully
exploit modality complementarity under varying data conditions.
Overall, these findings confirm the complementary roles of the gating
module and MAFM, where the gating module dynamically determines
effective fusion routes, while the MAFM enhances cross-modal feature
interactions.

4.2. Explanation of multimodal dynamic fusion mechanisms

4.2.1. Analysis of multimodal data contribution

The contribution of multimodal data in identifying different
methane-emitting facilities was analyzed based on the MAFM. As shown
in Fig. 6, MAFM assigns higher weights to the optical modality (RGB) in
the early fusion stage (Stage 1), indicating that visible light information
remains dominant in facility identification. As the network depth in-
creases, the weight assigned to the fused features progressively in-
creases, while the weights of the three unimodal inputs decrease. This
trend suggests that multimodal data synergy becomes more pronounced
in deeper network layers, with fused features contributing most to the
final decision, while unimodal features serve as auxiliary information to
support recognition.

4.2.2. Dynamic fusion path visualization and analysis

Data-driven fusion weights highlight modality-specific contributions
for different facility types. For R&Ts and Proc Plants, the model assigns
higher weights to RGB and IR, as IR effectively captures thermal radi-
ation from flares and heating units, while RGB provides clear spatial
structure information. Conversely, landfills exhibit lower IR weights due
to minimal thermal signatures. Coal mines primarily rely on RGB and
SAR modalities, as SAR effectively captures structural patterns and
surface roughness, while RGB provides clear visual context. WWTPs

CAFOs 1 0 0 0 7 9
Landfills - 0 g 12 1 0 8 11
Mines - 0 9 43 3 q 10 1
©
% Proc Plants 4 0 1 4
|
]
=
=
= R&TSs 0 3 0
R&Ts - Proc Plants
WWTPs{ 12 3 0 ()
Negatives{ 15 10 1 9 10

CAFOs Landfills Mines Proc Plants R&Ts

Predicted Label

WWTPS Negatives

Landfills - Mines

Negatives - Landfills

True Label - Predicted Label

Fig. 5. Confusion matrix showing classification performance and examples of common misclassifications between similar facility types and negative samples.
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Table 4
Ablation study results of DMFNet with different fusion strategies and paths.
No Baseline Gate module Fusion method Fusion path Precision Recall F1 AUPRC
1 v / / 0.686 0.665 0.675 0.712
2 v v Addition Dynamic 0.725 0.723 0.715 0.759
3 v MAFM Random 0.733 0.734 0.729 0.764
4 v MAFM Path 1 0.682 0.690 0.678 0.725
5 v MAFM Path 2 0.711 0.725 0.713 0.747
6 v MAFM Path 3 0.735 0.739 0.732 0.758
7 v MAFM Path 4 0.736 0.737 0.731 0.757
8 v MAFM Path 5 0.720 0.735 0.722 0.755
9 v v MAFM Dynamic 0.740 0.757 0.745 0.778
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Fig. 6. Multimodal contribution analysis across facility types. (Stacked bars show proportional modality contributions at each fusion stage; lines illustrate modality

weight variations across fusion stages.)

exhibit a more balanced reliance on RGB and IR, likely because they
contain both highly reflective infrastructure and water bodies, as well as
aeration and anaerobic digestion tanks with noticeable temperature
variations.

In DMFNet, Paths 1 to 5 represent dynamic fusion pathways adap-
tively determined by the gating module. As the path number increases,
the frequency of multimodal feature interactions grows, enhancing the
model’s complexity and representational capacity. Shallow fusion paths
(Path 1-3) capture primarily low-level texture and shape features, while
deep fusion paths (Path 4-5) extract high-level semantic information.
Statistical analysis (Fig. 7) shows notable differences in fusion path se-
lection among facility types. CAFOs predominantly utilize Path 3 (81.52
%), suggesting mid-level feature fusion sufficiently captures their
structural characteristics. Landfills and Coal Mines mainly adopt Path 2
and Path 3, yet Coal Mines exhibit a higher frequency of deeper fusion
(Path 4: 25.11 %) compared to Landfills (14.42 %), highlighting their
greater structural complexity. Proc Plants, R&Ts, and WWTPs,
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characterized by complex layouts and functional diversity, heavily
depend on deeper fusion paths (Path 4 and Path 5) to effectively
distinguish semantically similar components.

4.3. Detection results of model deployment

In the transferability experiment, the model initially identified 228
positive image tiles across Los Angeles. Following manual verification
using Google imagery, 171 tiles were confirmed as true positives,
yielding an overall precision of 0.75, while 57 tiles were discarded as
false positives. After merging adjacent positive tiles, we identified 116
methane-emitting facilities (Table 5), comprising 51 R&Ts, 45 landfills,
15 WWTPs, and 5 Proc Plants (Fig. 8). R&Ts constitute the largest fa-
cility group (43.9 %), primarily concentrated in industrial and port
zones in southern Los Angeles. Due to the absence of a comprehensive
reference inventory, per-category recall and Fl-scores could not be
calculated for the detection results.
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Table 5
Transferability experiment results: facility-wise initial detections, validated
detections, precision, and merged facility counts in the target region.

Category Initial False Validated  Precision  Facility
detections positives count

CAFOs 2 2 0 / 0

Landfills 82 20 62 0.756 45

Coal 6 6 0 / 0
Mines

Proc 8 2 6 0.750 5
Plants

R&Ts 98 16 82 0.837 51

WWTPs 32 11 21 0.656 15

Total 228 57 171 0.750 116

We validated our detection results against the Carbon Mapper Level
4B dataset, which includes 65 methane point sources within Los
Angeles, comprising 8 solid waste, 24 petroleum refining, 26 oil and
natural gas, 4 wastewater treatment, and 3 unspecified sources. Our
method successfully detected 100 % of wastewater treatment sources,
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95.8 % of petroleum refining sources, 62.5 % of solid waste sources, and
15.4 % of oil and natural gas sources (Table 6). Additionally, one un-
specified source coincided with a landfill identified by our model. As
shown in Fig. 9, missed detections in the oil and gas sector were pri-
marily associated with methane releases from upstream and down-
stream components such as wellheads, pipelines, and urban gas
distribution networks. These emissions often originate from fugitive
leaks or venting in oilfields and gas fields, including associated gas
flaring or venting at well sites, as well as aging pipeline infrastructure
and faulty equipment in residential and industrial end-user systems.
However, these sources are typically very small in size and lack distinct
geometric or spectral characteristics at 10-meter resolution, making
them difficult to detect using a facility-oriented classification approach
that relies on visible infrastructure patterns in remote sensing imagery.
Three missed solid waste facilities were small, irregularly shaped urban
landfills, difficult to detect in medium-resolution imagery. One refinery
source was also missed due to the absence of characteristic storage
tanks, leading to negative classification. Notably, our method identified
80 potential methane-emitting facilities not listed by Carbon Mapper,
including 40 landfills, 28 R&Ts, 11 WWTPs, and 1 Proc Plant.
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Fig. 8. Detected methane-emitting facilities in Los Angeles. (Left: Overall facility distribution; Right: Enlarged views of facility types. Background imagery: Sentinel-

2 true-color composite [RGB: Bands 4/3/2]).

Table 6
Statistics on methane source infrastructure detected by DMFNet and compari-
son with Carbon Mapper.

Solid Oil & Petroleum Waste Other
waste gas refining water
Total Detections 45 5 51 15 0
Coverage of 62.5 % 15.4 % 95.8 % (23/ 100 % 33.3%
Carbon (5/8) (4/26) 24) (4/4) (1/3)
Mapper
Outside Carbon 40 1 28 11 0
Mapper

5. Discussion

5.1. Advantages and limitations of medium-resolution imagery for
identifying methane source infrastructure

Recent research on methane emissions has primarily focused on
regional emission quantification (Shen et al., 2023; Vanselow et al.,
2024), methane plume segmentation (Jahan et al., 2024; Rouet-Leduc
and Hulbert, 2024), and leak detection at individual sources (Pandey
et al., 2023; Watine-Guiu et al., 2023). Although these approaches
significantly advance methane emission monitoring, they rely heavily
on direct methane concentration measurements, which often introduce
uncertainties in source attribution (Zhang et al., 2023). Complementing
concentration-based methods, our approach emphasizes identifying
methane emission infrastructure directly from remote sensing imagery,
providing essential information such as facility types, quantities, and
spatial distributions. This infrastructure-level perspective is critical for
building more comprehensive and reliable emission inventories, ulti-
mately supporting targeted policy interventions and mitigation
strategies.

High-resolution imagery has conventionally been the preferred
choice due to its superior spatial detail, enabling precise facility iden-
tification and plume attribution at the facility scale. However, its prac-
tical application remains limited by high acquisition costs,
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computational burdens, and constrained spatial coverage, particularly
when applied over large geographic extents. In this context, medium-
resolution imagery offers a practical balance between resolution and
scalability, capturing diverse features including visible, thermal, and
radar scattering information. Leveraging multimodal medium-
resolution imagery, our study demonstrates that accurate facility
recognition is achievable even without the cost and resource burdens of
high-resolution data, exemplified by notably high AUPRCs for CAFOs
(0.926) and R&Ts (0.881). This highlights the potential of medium-
resolution imagery to facilitate large-scale methane infrastructure clas-
sification, addressing scalability constraints identified in previous
studies.

Nonetheless, limitations remain, particularly in identifying coal
mines and natural gas processing plants, where the 10 m spatial reso-
lution limits boundary delineation and increases confusion with visually
similar surfaces such as urban bare soils and reflective rooftops. More-
over, while the model performed well within the training region, its
transferability to other geographic areas may be limited due to differ-
ences in background environments, facility sizes, structural layouts, and
construction materials. Adapting the model with region-specific training
data and fine-tuning will likely be necessary to maintain detection ac-
curacy in new regions. Future improvements could focus on expanding
the geographic diversity of training datasets to enhance generalization
across regions. Additionally, integrating supplementary information to
refine facility categorization (Li et al., 2022a) and leveraging multi-
temporal imagery for time-series observations could further enhance
the model’s ability to accurately detect and dynamically monitor
methane-emitting facilities.

5.2. Effectiveness of multimodal dynamic fusion strategies

The proposed DMFNet introduces a novel multimodal dynamic
fusion strategy by combining gating and attention mechanisms, adap-
tively adjusting fusion pathways based on input characteristics. This
adaptive approach allows the model to selectively utilize discriminative
modality features tailored to each methane-emitting facility type,
effectively addressing inter-sample variations and mitigating
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—|- Origin of methane source emissions from the Carbon Mapper dataset

Fig. 9. Comparison between detected facilities and methane point sources. (a) Successful identifications covering point sources; (b) Missed point sources; (c) Po-

tential methane-emitting facilities not listed as point sources.

redundancy or critical feature loss common in traditional fixed fusion
methods. The quantitative analysis enabled by learned fusion weights
further reveals distinct modality contributions for different facility cat-
egories, providing valuable insights into the multimodal synergy. For
example, while optical imagery consistently dominates across facility
types (Ren et al., 2022), IR imagery is specifically beneficial for
detecting combustion-related facilities (e.g., R&Ts, Proc Plants), align-
ing well with recent findings (Liu et al., 2023). Despite its demonstrated
effectiveness, DMFNet remains relatively complex regarding network
architecture and training strategy. Future research could pay attention
to developing more lightweight and efficient network designs to further
optimize model performance in methane-emitting facility identification.
Additionally, enhancing model interpretability through techniques such
as SHAP (Chu et al., 2024; Lundberg and Lee, 2017), prototype network
(Guo et al., 2024b), and attention-based explainability methods (Mena
et al., 2025) could provide deeper insights into the decision-making
process, improving the model’s transparency and reliability.

6. Conclusion

In this study, we proposed DMFNet, a novel multimodal dynamic
fusion model that adaptively integrates optical (RGB), infrared, and SAR
data from medium-resolution Sentinel-2 and Sentinel-1 imagery for
classifying methane emission facility. By leveraging complementary
spectral, thermal, and radar scattering features, the proposed dynamic
fusion mechanism significantly improves classification accuracy, effec-
tively addressing limitations of single-modality methods and traditional
static fusion approaches. Additionally, quantitative analyses of learned
fusion weights reveal modality-specific contributions, clarifying how
multimodal features collaboratively enhance facility-type recognition.
Real-world transferability experiments further demonstrate our model’s
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effectiveness and complementarity with existing methane emission da-
tabases, supporting improved emission inventory construction. Future
research could explore the integration of multi-platform remote sensing
sensors to further enhance detection fidelity, as well as incorporate
temporal modeling techniques to enable dynamic, near-real-time facility
monitoring.
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