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BSTRACT

1 I

Methane is the second most important driver of climate change, and its mitiga-
tion is considered a critical near-term strategy for slowing global warming. An-
thropogenic activities constitute the dominant source of methane emissions, a
significant portion of which originates from facility-scale point sources. While
bottom-up inventories are valuable, they often suffer from spatial and tempo-
ral gaps. Top-down methods using remote sensing can effectively complement
these limitations. The complex characteristics of different methane emitters pose
significant challenges for feature-annotation-based object detection algorithms.
Here, we present a novel remote sensing detection framework based on vision-
language multimodal AI and introduce a Multi-scale Adaptive Sliding Window
(MASW) strategy for global-scale identification of anthropogenic methane emit-
ters. Applying this approach globally to satellite imagery, we construct a top-down
global inventory comprising 51,076 precisely geolocated facilities across all ma-
jor emission categories, which far exceeding the coverage of existing bottom-up
inventory. We further analyze the spatial distribution of these sources and re-
veal distinct, development-stage-dependent patterns in emission profiles across
economies, thereby elucidating the fundamental distribution patterns of global
methane emitters. This inventory and its derived insights provide a critical evi-
dence base for targeted monitoring, verification, and mitigation efforts, supporting
the implementation of global climate goals.

NTRODUCTION

Methane is the second largest driver of climate change after carbon dioxide, contributing roughly
one-third of total warmingEtminan et al. (2016), and it also degrades air quality via tropospheric
ozoneZhang et al. (2017). Rapid methane mitigation is therefore a critical near-term pathway for
limiting warming to 1.5°CJones et al. (2023); Harmsen et al. (2020). The Global Methane Pledge
targets at least a 30% reduction from 2020 levels by 2030Cael & Goodwin (2023); Malley et al.
(2023). Yet anthropogenic methane sources—many of them facility-scale point sources—remain
poorly characterized and precisely locatedKirschke et al. (2013); Karakurt et al. (2012); Miller et al.
(2013); Yusuf et al. (2012), hindering effective governance and mitigationJackson et al. (2020);
Chandra et al. (2021). Here, we define an Anthropogenic Methane Emitter as an emission source at
the individual facility scale.

Bottom-up inventories remain incomplete and weakly attributed, leaving many facility-scale emit-
ters unmappedOmara et al. (2023); Yang et al. (2024); Jiang et al. (2016). This motivates top-down,
remote-sensing-based approaches that can localize emitters at scale and provide actionable geoloca-
tion and categorization for monitoring and mitigationSchwietzke et al. (2016); Karakurt et al. (2012).
Multimodal vision–language models enable richer scene understanding in remote sensingSun et al.
(2022); Yao et al. (2023); Radford et al. (2021); Kirillov et al. (2023); Brown et al. (2025). Leverag-
ing these capabilities, we develop a multimodal AI framework for global tracking of anthropogenic
methane emitters and identify 51,076 facility-scale sources with precise geolocation. The inventory
spans major sectors, including surface coal mines (4,405), coke plants (862), oil and gas extrac-
tion areas (22,209), oil and LNG terminals (1,208), solid waste dumpsites (15,046), and wastewater
treatment plants (7,346). Relative to GMET (18,023 facilities), our approach expands the number of
localized emitters by 183.4%, providing an actionable basis for source attribution and mitigation.
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Figure 1: Satellite imagery of major global anthropogenic methane emitters and global distribution
of HR remote sensing imagery data a. Surface coal mines; b. Solid waste dumpsites; c. Coke plants;
d. Wastewater treatment plants; e. Oil and liquefied natural gas (LNG) terminals; f. Oil and gas
extraction areas.

2 METHODS

2.1 DATASET AND GLOBAL TRACKING

We built a global training dataset from high-resolution (HR) remote sensing imageryZhao et al.
(2021); Yu & Gong (2012) and used bottom-up inventories to guide annotation and benchmarking.
Because Google Earth imagery is mosaicked from multiple sensors (e.g., WorldView/GeoEye), both
spatial resolution and revisit frequency vary across regionsGorelick et al. (2017); we therefore as-
sembled a global composite at zoom level 17 (2.15 m), totaling 6,243,816 scenes (Fig.1). We further
use the Global Methane Emitters Tracker (GMET; 18,023 facilities) as both an annotation prior and
a benchmark for evaluating detection performancede Jong et al. (2025).

2.2 MODEL ARCHITECTURE AND TRAINING DETAILS

Building on the CLIP architecture, we developed a remote sensing image-text alignment model as
the core module of our framework (Fig.2). Training samples were manually curated from existing
asset-level inventories of anthropogenic methane emitters, ensuring global representativeness across
geographic regions. The resulting dataset comprises 5,900 methane-emitting facilities, including
400 coal mines, 800 coke plants, 1,600 oil and gas extraction areas, 600 oil and LNG terminals,
1,500 solid waste dumpsites, and 1,000 wastewater treatment plants. These source categories were
selected based on their established significance in the anthropogenic methane emission literature.
All samples are derived from zoom level 17 high-resolution remote sensing imagery. During dataset
construction, we extracted both the complete facility extent and representative sub-regions, yield-
ing a final set of 18,600 image samples. Each sample was annotated with a structured text prompt
following the format category name + detailed description, enabling the model to learn both cate-
gorical and fine-grained visual features. Samples with similar visual characteristics shared the same
textual description to streamline annotation. We initialized the model using the pre-trained ViT-B-
32 weights and fine-tuned it to function as an Image-Text Similarity Computation module within
our framework, leading to improved recognition performance on remote sensing imagery of anthro-
pogenic methane emitters. Model training was performed on eight NVIDIA A100 GPUs with an
initial learning rate of 1×10-4 and a weight decay of 0.1. A linear warm-up schedule was applied
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Figure 2: Multi-scale Adaptive Sliding Window (MASW) strategy and detection pipeline.

over the first 10,000 steps to stabilize early training. This configuration supported efficient GPU
utilization and stable convergence throughout the optimization process.

Remote sensing images frequently exhibit uneven resolution distribution, a challenge particularly
pronounced in regions of anthropogenic methane emitters, where variability in imaging conditions
leads to substantial heterogeneity in the size and shape of analogous targets. This complicates de-
tection under a fixed spatial scale.

To address this, we design a detection pipeline that integrates the fine-tuned CLIP model as an
image–text similarity computation module and introduces a Multi-scale Adaptive Sliding Window
(MASW) strategy (Fig.2). Let I denote the input high-resolution remote sensing image, and let
T = {Tk}Kk=1 be the set of textual prompts describing K categories of anthropogenic methane
emitters. A fine-tuned CLIP model, MCLIP(·, ·), computes a similarity score s ∈ [0, 1] for a given
image patch and text prompt.

The MASW performs a hierarchical scan over the entire image using a set of window sizes W =
{Wm}Mm=1 with W1 > W2 > · · · > WM . At each scale m, the image is tiled into a set of patches
{Pm,i}Nm

i=1 by a sliding window of size Wm ×Wm with stride δm. The maximum similarity score
for each patch is computed as:

sm,i = max
Tk∈T

MCLIP(Pm,i, Tk). (1)

Regions with high similarity scores are identified as high-confidence areas. The framework progres-
sively focuses on these zones to locate concentrated high-score Regions of Interest (ROIs) through
a dynamic thresholding scheme. A scale-dependent threshold θm is applied, with θ1 < θ2 < · · · <
θM , to enforce progressively stricter confidence requirements. The ROIs at scale m are selected
recursively:

ROIm =

{P1,i | s1,i > θ1}, m = 1,

{Pm,j | Pm,j ∈ N (ROIm−1), sm,j > θm}, m ≥ 2,
(2)

where N (ROIm−1) denotes the spatial neighbourhood around the ROIs obtained at the previous
scale. This hierarchical filtering first uses a low threshold during the initial large-window scanning
phase to ensure high recall and broadly capture potential ROIs. Within these candidate regions, the
window size is progressively reduced while the score threshold is simultaneously raised, enabling
finer-scale localization with higher precision.
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Figure 3: Global map of methane emitters.

After processing the finest scale M , the geographic centroids of the patches in ROIM form a set of
candidate detections:

Dauto = {locj}Jj=1. (3)

Finally, all candidate detections undergo manual verification to confirm their geographic correspon-
dence and classification accuracy, yielding the final validated inventory:

Dfinal = {loc ∈ Dauto | Vhuman(loc) = True}. (4)

This hierarchical workflow balances global coverage with local precision, making it suitable for
systematic identification of targets across large-area, multi-resolution remote sensing imagery.

3 RESULTS

A global survey using our detection framework yielded a total of 51,076 precisely geolocated an-
thropogenic methane emission sources, as shown in Fig.3. The inventory spans the full spectrum
of major anthropogenic source categories, comprising 4,405 surface coal mines, 862 coke plants,
22,209 oil and gas extraction sites, 1,208 oil and LNG terminals, 15,046 solid waste dumpsites, and
7,346 wastewater treatment plants.

The high-resolution, facility-level inventory fundamentally transforms the paradigm for methane
mitigation by enabling a decisive shift from sector-level estimates to facility-level accountabil-
ityKarakurt et al. (2012); Frankenberg et al. (2005); Yusuf et al. (2012),. This granular spatial
data moves beyond regional or national averages, allowing regulators, operators, and researchers to
attribute emissions to specific industrial assets. Such precision is a prerequisite for implementing
transparent monitoring, reporting, and verification (MRV) frameworks, which are essential for car-
bon markets, regulatory enforcement, and corporate sustainability pledgesJacob et al. (2016); Spahni
et al. (2011). For mitigation, the inventory enables a shift from sector-level to facility-level account-
ability. The precise geolocation of sources allows for direct monitoring of emission trends over time,
prioritization of high-density clusters for inspection and repair, and assessment of mitigation policy
effectiveness at the sub-national scale. By distinguishing between source types with fundamentally
different mitigation pathways, the dataset supports the development of tailored, high-impact reduc-
tion strategies. These regionally heterogeneous emission patterns complicate methane governance
and highlight the need for spatially explicit inventories. By leveraging multimodal, zero-shot scene
understanding, our approach enables scalable tracking of complex remote sensing targets and com-
plements gaps in existing datasets, thereby improving source attribution and emission estimation.
This global facility-level inventory provides an evidence base for targeted, cost-effective mitigation
to support the Global Methane Pledge and 1.5°C pathways.
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